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Abstract 

Risk for mental health traits can vary based on where people live, however it is unclear how 
this may be reflected in the underlying aetiology. There may be both aetiological 
interactions with geographical environments (GxE) and genetic influences on geographical 
environments, known as gene-environment correlation (rGE). Identifying such interactions 
and correlations would be useful for identifying environmental risk factors and causal 
inference. I have used a number of quantitative genetic methods to investigate the 
existence of both of these. To examine geographical GxE I have used both weighted twin 
analyses and polygenic risk score analyses with outcomes of ASD and ADHD. To examine 
geographical rGE I have conducted genome-wide association studies (GWAS) of 
geographical environments.  

My findings suggest that geographical GxE is present on both national and local scales, in 
different populations, for both ASD and ADHD. The twin analyses suggest both GxE and also 
interactions of geographical environments with the non-shared environment. The polygenic 
risk score analyses suggest interactions of geographical environments with known genetic 
influences on ASD and ADHD. I also present a novel method, using twin analysis, to 
investigate whether a non-geographical gene-environment interaction can vary 
geographically. Additionally, results from the GWAS suggest that rGE does exist in terms of 
geographical environments. 

These findings will help us to identify environments or risk factors for ASD and ADHD that 
can draw out or mask genetic influences in different contexts, such as local versus national 
scales and across countries. The GWAS results can be used in Mendelian Randomisation 
analyses for causal inference. This could be applied to a range of mental health outcomes 
and geographical environments to see if they are causally related. 
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Chapter 1: Introduction 

1.1 General aim and overview 

The aim of this thesis is to investigate geographical differences in the aetiology of mental 

health traits in different locations, using a variety of geographical and genetic methods. To 

do this, I have used data from four cohorts; the Child and Adolescent Twin Study in Sweden 

(CATSS), a sub-study of the Swedish Twin Registry (STR) (Anckarsäter et al., 2011; 

Magnusson et al., 2012), the Twins Early Development Study (TEDS) (Haworth, Davis and 

Plomin, 2013) based in the United Kingdom (UK), UK Biobank (Sudlow et al., 2015; Bycroft et 

al., 2017) and the Avon Longitudinal Study of Parents and Children (ALSPAC) (Boyd et al., 

2013; Fraser et al., 2013). The first two are longitudinal twin cohorts and I will use these 

data for twin modelling analyses. ALSPAC is a longitudinal birth cohort and UK Biobank is a 

large population-based cohort. Both include genetic data which I will use in analyses.  

Data from these cohorts will be used to address the following aims in this thesis: 

1. To investigate geographical differences in the aetiology of autism spectrum disorders 

(ASD) and attention deficit hyperactivity disorder (ADHD). To do this I will map the 

aetiology of ASD and ADHD over Sweden and the UK, using twin data.  

2. To investigate geographical variation in genetic influences on ASD and ADHD in a 

single city location. To do this I will map the associations of polygenic risk scores for 

ASD and ADHD in the Bristol area with their respective outcomes. 

3. To allow investigation of geographical variation in gene-environment and 

environment-environment interactions, I will develop a method that uses 

geographically weighted continuous moderator models with twin analyses.  

4. In order to assess whether geographical environments are genetically influenced, 

indicating gene-environment correlation, I will conduct genome-wide association 

studies (GWAS) of geographical environments in UK Biobank. 
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For the first two aims I will specifically look at ASD and ADHD traits as these are both 

neurodevelopmental disorders which may have geographically related influences as 

outlined in this chapter. Data for these traits were also available in multiple cohorts and so 

it was possible to study these in multiple locations. In conducting these analyses, the aim is 

to help identify where and what these geographical differences are in trait aetiology and 

how the results from the different methods used compare and come together to increase 

our understanding of the aetiology of mental health traits. Within this thesis I have used the 

word “we” to highlight that the research has been collaborative in terms of study design 

and interpretation. In addition, for the second aim, I worked closely with the ALSPAC team 

to make sure data was linked and anonymised appropriately. However, I have personally 

conducted these analyses and written this thesis. 

1.2 Background 

The focus of this thesis is on mental health outcomes. Mental health problems represent a 

large proportion of the contribution to the global burden of disease (Kessler et al., 2009), 

affecting both the individual and society. Even then, the global burden of mental health 

disorders is thought to be underestimated (Vigo, Thornicroft and Atun, 2016). A systematic 

review of 174 studies looking at the prevalence of mental health disorders found that 29.2% 

of 829,673 respondents met lifetime prevalence for common mental health disorders (Steel 

et al., 2014). In addition, mortality amongst those with mental health disorders is higher 

than the general population and years of potential life lost is also greater, with a median of 

10.1 years lost (Walker, McGee and Druss, 2015).  Because of this, it is crucial to improve 

our understanding of mental health problems and their aetiology to allow us to attempt to 

decrease their prevalence and burden. 

It is not possible to investigate all mental health outcomes within the context of this thesis. 

However, based on previous literature, outlined below, and the data available I have 

selected to examine symptoms of ASD and ADHD for my thesis, with the hope that the 

methods used could also be extended to other mental and physical health outcomes. As risk 

factors for these neurodevelopmental traits, which may vary geographically, may have an 

impact in pregnancy or early childhood, it is important to study potential geographical 



 3 

variation in genetic and environmental influences on these traits. Findings from this 

research could be useful in informing policy around such risk factors on these traits. 

ASD and ADHD are neurodevelopmental conditions that manifest in childhood. ASD is 

generally characterised by persistent difficulties with social communication and repetitive 

behaviours. Reported prevalence of ASD varies, with systematic reviews suggesting a 

prevalence of 0.76% globally (Baxter et al., 2015), although this is likely to be an 

underestimate, as many countries will be unable to estimate prevalence accurately. In 

developed countries the prevalence is estimated to be between 1-1.5% (Brugha et al., 2011; 

Idring et al., 2015; Lundström et al., 2015; Lyall et al., 2017) and this recorded prevalence 

has increased over the past few decades (Idring et al., 2015; Lundström et al., 2015; Lyall et 

al., 2017). Factors such as diagnostic criteria, age, time of study and location of study may all 

contribute to this heterogeneity. ADHD is characterised by inattention and hyperactivity 

behaviours and has a prevalence of around 5.0 to 7.9 per 100 (Polanczyk et al., 2007; 

Willcutt, 2012; Thomas et al., 2015). Both ASD and ADHD have a significant impact on child 

development, with ASD often including language difficulties and other co-occurring 

conditions which may persist into adulthood (Seltzer et al., 2004) and ADHD associated with 

poorer academic performance (Loe and Feldman, 2007; Daley and Birchwood, 2010), 

reducing a child’s opportunities in later life (Harpin, 2005; Brod et al., 2012). 

The aetiology of these conditions reflects both genetic and environmental influences. Twin 

studies suggest that genetic differences between people explain around 80% of the 

population variance for both ASD and ADHD (Rietveld et al., 2004; Larsson et al., 2014; Tick 

et al., 2016; Faraone and Larsson, 2018). Most studies suggest that the remaining 20% 

variance is explained by variation in the non-shared environment. That is, environmental 

influences that do not contribute to similarity within families. Some studies suggest that the 

shared environment (environmental influences that make members of a family more 

similar) may play a role in ASD aetiology (Tick et al., 2016). However, these studies make 

different assumptions about prevalence and oversample dizygotic (DZ) concordant pairs and 

therefore are likely to overestimate shared environmental influences. In addition, a recent 

study of over 3.5 million twin and sibling pairs in Sweden found that 83% of the variance is 

explained by genetic differences and 17% by non-shared environmental influences (Sandin 
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et al., 2017). Another study across 5 different countries (Sweden, Finland, Denmark, 

Western Australia and Israel) estimated heritability for ASD to be around 80%, using data 

from whole populations, although there was variation between countries (Bai et al., 2019). 

This variation might be explained by the different criteria used to define ASD in these 

reports or the different environmental contexts, for example different countries in which 

the studies took place. Methodological flaws or differences in conducting these studies such 

as misclassification of twins or different prevalence estimates may also result in variation. 

We have used continuous measures of ASD and ADHD for our analyses, as most common 

disorders can be considered extremes of quantitative traits (Plomin, Haworth and Davis, 

2009). This is supported by studies that show substantial genetic and non-shared 

environmental overlap for autistic traits and diagnostic categories of ASD (Colvert et al., 

2015; Robinson et al., 2016); genetic overlap has also been reported between ADHD and 

ADHD traits (Demontis et al., 2019). The heritabilities of ASD and ADHD traits do not change 

as a function of severity (Ronald et al., 2006; Robinson et al., 2011; Lundström et al., 2012) 

and genetic links have been identified between extreme and sub-threshold variation in ASD 

and ADHD (Ronald et al., 2006; Robinson et al., 2011; Larsson et al., 2012).  

Specifically, the aim is to investigate the geographical differences in genetic and 

environmental causes for these traits. Previous research has indicated that genetic and 

environmental influences on phenotypic variation can change with time (Haworth and 

Davis, 2014) and space (Davis et al., 2012). However, the full implications of this are yet to 

be explored and it is unclear how this varies internationally. I will explore this in further 

detail. First, I will give an overview of the literature on geographical variation in mental 

health outcomes generally and then explore some more specific areas, where much of the 

research has focused. Then I will discuss potential reasons for this variation, including the 

question of causality, risk factors that are mentioned frequently in the literature and gene-

environment correlations and interactions. Finally, I will outline the different methods used 

in spatial epidemiology before introducing the methods I have opted to use for spatial 

analyses. 

1.3 Geographical differences 
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1.3.1 General geographical differences 

There are a number of studies that look at geographical differences for mental health traits 

phenotypically. For example, with ASD a number of hotspots or clusters of increased 

risk/prevalence of ASD have been found in Salt Lake County in Utah (N=28,631, including 

1,090 cases), which was also associated with socioeconomic status (SES) (Bakian et al., 

2015), in Northern Taiwan (Chen et al., 2008), in areas of California at birth and time of 

diagnosis (Mazumdar et al., 2010, 2013) (N=23,366, including 11,683 cases and N=38,396, 

including 3,703 cases, respectively) and in areas of North Carolina (N=11,566, including 532 

cases), which the authors suggest could be explained by maternal factors influencing 

diagnoses (Hoffman et al., 2012). However, no geographic variability was found in a follow-

up study, in the same population, five to six years later (Hoffman, Vieira and Daniels, 2014). 

In addition, location at birth and at age six was associated with a 1.5 times increased 

prevalence in New England and a decreased risk in the south east areas of the United States 

(US) (N=13,507, including 486 cases) (Hoffman et al., 2017). Finally, a study in Greater 

Glasgow in Scotland identified variation in prevalence across the city, which the authors 

speculate is possibly due to local service variation (N=584) (Campbell et al., 2011).  

Geographical differences have also been observed for ADHD, for example one study found a 

decreased prevalence in areas with higher solar intensity (N=84,545, across two studies) 

(Arns et al., 2013), whilst another found a decreased prevalence at higher altitudes 

(N=73,123 and 40,242 over two studies) (Huber et al., 2015). However, authors from 

another study, which found geographical variation within the UK and higher incidence in the 

south east compared to areas in the north argue that this is evidence against the solar 

intensity study conclusions, as solar intensity would be higher in the south east of the UK 

compared to the north (N=10,284 new cases in 10 year study period) (Hire et al., 2018). This 

study also reported increased incidence in areas of higher deprivation at both patient and 

general practice level, which is supported by a similar study, using the same data source 

(the clinical practice research datalink in the UK) but different methods (N=495,212, 

including 5,196 cases) (Prasad et al., 2018). They also found a similar pattern of geographical 

variation.  
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In addition, prevalence of ADHD was found to vary geographically in Eastern Wisconsin, with 

a hotspot found in the north and east of the airport in Milwaukee County in the US 

(N=50,463, including 6,833 cases) (Baumgardner et al., 2010).  A much smaller study 

(N=573), found higher scores on a continuous ADHD measure in three different areas in 

New Bedford, although sociodemographic factors may largely explain these findings (Vieira 

et al., 2017). In Denmark, a study looking at incidence of ADHD over the whole country, 

using Danish registers, found clusters of high and low incidence of four different measures 

of ADHD (diagnosed cases, medication use with and without a diagnosis and a measure 

combining all of these). Whilst there was variation depending on the measure used, there 

were some more general findings, such as more populated areas generally having higher 

incidence compared to less populated areas (Madsen et al., 2015). Finally, in Catalonia, 

Spain, two clusters of ADHD diagnosis were found in the centre and southern areas of the 

region, near agricultural and traffic route areas, which the authors use as proxies for 

pesticide and air pollutant exposure, respectively (N=5,193, including 116 cases) (Saez et al., 

2018). Further multivariate analyses revealed increased risk of ADHD when living closer to 

these areas and decreased risk when residing in areas near forests or woodland and 

grassland areas compared to urban areas, so these factors may be important to consider as 

risk factors for geographical variation in ADHD prevalence. 

There are other studies which investigate geographical variation for other mental health 

disorders, for example, one paper examining psychosis found that there were increased 

odds of having schizophrenia or another non-affective psychosis if participants were born in 

the north or east of Finland compared to those born in the south west (N=8,028, including 

283 cases of any psychotic disorder) (Perälä et al., 2008). In addition, in south Granada, in 

Spain, a hotspot for schizophrenia was found, where accessibility to mental health services 

was lower than that in other areas (N=774) (Moreno et al., 2008). Another study which 

looked at depression in Spain, observed a greater risk of depression in central areas 

compared to the north and also in areas with higher temperatures, a greater number of 

daylight hours and less rainfall (N=13,938) (Henríquez-Sánchez et al., 2014). Suicide rates 

(which also included undetermined deaths) in men aged 15 to 44 in England and Wales, 

from national statistics, were higher in inner-city areas and in remote and rural areas, 

although SES explained most of association for inner-city areas (Middleton, Sterne and 
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Gunnell, 2006). This geographical variation in mental health traits indicates a need to study 

the reasons behind this further. 

1.3.2 Impact of the urban environment on mental health  

Whilst there have been a number of studies looking at more general geographical 

differences, a lot of the research in this area has focused on urban-rural differences. In 

general, living in rural areas or near green spaces as opposed to urban areas is associated 

with a decreased prevalence of mental health problems and better mental health. 

For example, living in rural areas as opposed to urban areas (based on number of residents 

in an area) is associated with decreased odds of having mental health problems in the 

health survey for England (N=12,962), despite adjusting for area-level deprivation and social 

cohesion (Riva et al., 2011). Additionally, a meta-analysis of 20 studies examining urban-

rural differences found that the prevalence of ‘any disorder’ (with regards to psychiatric 

disorders), mood disorders and anxiety disorders was higher in urban areas compared to 

rural areas, although this was not the case for substance use disorders (Peen et al., 2010). 

Using linked health data, a recent study looking at common mental health disorders in 

Denmark (N=2,894,640), found that incidence rate ratios (IRRs) were higher in more urban 

areas at birth for all the disorders they investigated, except for intellectual disability and 

behavioural and emotional disorders (Vassos et al., 2016). Higher rates of psychiatric 

morbidity, as assessed by the revised clinical interview schedule, alcohol dependence and 

drug dependence were also found to be more prevalent in urban areas compared to semi-

rural and rural areas, when using data from the household survey of the national morbidity 

survey of Great Britain (N=9,777). This was not found for service or medication use and the 

associations mentioned were attenuated, but still evident for psychiatric morbidity when 

including a range of social demographic variables, but not for alcohol and drug dependence 

(Paykel et al., 2000). Therefore, social and demographic factors may explain associations to 

some extent but not completely and thus other factors should be considered.  

Furthermore, this association seems to be somewhat linear, as found in a population study 

in Scotland, in that as the environment becomes more urban (based on population size and 
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accessibility of area), the percentage of mental health problems increases (with medication 

prescriptions for anxiety, depression or psychosis used as a proxy for mental health 

problems in this study), even when controlling for SES (McKenzie, Murray and Booth, 2013). 

Finally, when investigating urban-rural differences for a number of mental health outcomes 

in North Carolina (N=3,921), it was found that this varied by disorder, for example 

depression and agoraphobia were more common in urban areas, whereas cognitive deficit, 

antisocial personality disorder and schizophrenia showed no differences between areas and 

alcohol abuse was more common in rural areas. In addition, a female-urban interaction was 

observed for dysthymia and an urban-race interaction for obsessive-compulsive disorder 

(Blazer et al., 1985). This indicates that research looking at specific mental health outcomes 

may be more useful than looking at a number of disorders together. 

When investigating more specific aspects of mental health and disorders of mental health, 

similar relationships are found. For example having access to green space (including gardens 

and allotments) in the vicinity of the home and also being able to view and visit such areas 

was found to decrease perceived stress levels (N=405) (Ward Thompson et al., 2016). 

Furthermore, a systematic review of 11 papers (10 different cross-sectional studies) found 

that depression and anxiety were less prevalent in areas with green space nearby and 

depression was more prevalent in areas with more urban features such as new housing, 

flats with long corridors, no garden, poor walkability and shared recreational space. This 

review also found that psychological distress was more prevalent in areas with more urban 

features such as more traffic and industrial land (Gong et al., 2016).  

A realist review of 14 papers, also found evidence to suggest a relationship between 

neighbourhood deprivation and depression, possibly due to greater exposure to stressors, 

poorer social structures, disorder, lack of control and fear, exacerbating symptoms (Blair et 

al., 2014). Female depressive disorder, according to International Classification of Diseases 

10th revision (ICD-10) diagnosis, was investigated in the outcome of depression international 

network study (N=12,702) in urban and rural areas in four countries (UK, Ireland, Finland 

and Norway). They found a greater prevalence in urban areas in the UK and Ireland for 

females only and when they adjusted for a number of socio-demographic factors, these did 

not explain all of the association (Lehtinen et al., 2003). In addition, a study in Canada 
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(N=31,321) found higher depression rates and increased use of mental health services in the 

last 12 months in urban areas, although they did not find any differences for panic disorder, 

social phobia and agoraphobia (Romans, Cohen and Forte, 2011).  

However, there are a number of studies that have found contrasting results to those 

described above. One study found a lack of evidence to support differences in the 

prevalence of mood disorders in the past year (major depression, manic episode and 

dysthymia) in Ontario between urban and rural areas, despite being slightly higher in urban 

areas (N=9,953). The study also found that service use for those with mood disorders did 

not differ between urban and rural areas, which the authors highlight, contrasts with 

previous findings on service availability and use (Parikh et al., 1996). Furthermore, a study of 

Chinese university students (N=1,145) found that, in contrast to the findings discussed 

above for other mental health outcomes, suicidal ideation as well as depression were 

associated with having a rural residency prior to attending university (Meng et al., 2013).  

However, another two studies looking at suicide in the UK found different trends. One 

found that suicide standardised mortality rates were higher for males in more rural areas 

(based on population density) and for females in more urban areas, using data from the 

Office for National Statistics (ONS) by local authority districts (Saunderson, Haynes and 

Langford, 1998). The other study, also using ONS data by electoral wards and including 

undetermined deaths, found that in the early 1980s suicide rates were higher in urban than 

rural areas and by the 1990s this difference had decreased and in some cases the pattern 

was reversed. They found that for females aged 15-24 years over this time period, rates in 

rural areas increased the most (Middleton et al., 2003). Another study using data from the 

national survey of drug use and health in the US and information on urbanicity (split into 

large metropolitan, small metropolitan, semi-rural and rural) found that there was no 

difference between the prevalence of major depression in adults (N=116,459) in the large 

metropolitan and rural areas, but prevalence was higher in small metropolitan and semi-

rural areas. In addition, they found that other serious mental illnesses were less prevalent in 

large metropolitan areas than other areas and found no differences for either in 

adolescents. However, the authors did find a slightly higher prevalence of both in small 

metropolitan areas compared to rural areas. In the same study, for adolescents (N=55,583) 
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they found no association between urbanicity and major depression (Breslau et al., 2014). 

Finally, prevalence of depression as assessed by the composite international diagnostic 

interview short form, was higher in rural areas in unadjusted analyses than urban areas in 

the US, but this was not the case after adjustment for health and resource variables 

(N=30,801) (Probst et al., 1999).  

Therefore, the findings regarding urban-rural differences are hardly consistent, particularly 

for depression and suicide. However, it does seem as though most research points towards 

poorer mental health outcomes such as anxiety and stress in more urban areas. 

On the other hand, there are more consistent findings for psychosis and schizophrenia. For 

example, lifetime prevalence of psychotic disorders and symptoms were increased, with a 

greater level of urbanicity, in a sample of 7,076 individuals interviewed at home using the 

psychosis sections of the composite international diagnostic interview (van Os et al., 2001). 

In addition, a meta-analysis of 10 studies found that rates of schizophrenia in urban areas 

were double those in rural areas (Krabbendam and Van Os, 2005). Another meta-analysis of 

four studies (plus another four using a broader criteria) found an odds ratio (OR) of 2.37 

(2.38 for all eight studies) for urbanicity on schizophrenia (Vassos et al., 2012). A final meta-

analysis, considering a total of 68 studies, found greater incidence rates in urban compared 

to mixed (urban and rural) areas (McGrath et al., 2004). A large population study looking at 

IRRs of affective, non-affective and all psychoses in urban and rural France found greater 

rates in the urban area compared to rural for all disorders (standardised IRR of 1.86 for all 

psychoses in the urban area and 1 in the rural area, with affective psychoses being slightly 

higher than non-affective). Furthermore, when the rural areas were decomposed into three 

smaller areas of increasing urbanicity, rates were higher in the more urban areas (Szöke et 

al., 2014). This relationship has generally been found in high-income countries, with more 

varied findings in low-income countries, which could be due to real differences or 

limitations in methodological approaches in low-income countries (Solmi, Dykxhoorn and 

Kirkbride, 2017). 

These urban-rural patterns have also been observed for ASD. For example, the rate of 

infantile autism or autistic-like conditions was greater in an urban area (7.5 per 10,000, 
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N=42,886) compared to a rural area (5.6 per 10,000, N=35,527) in Sweden, although the 

authors commented that these differences were small (Steffenburg and Gillberg, 1986). 

Urbanisation at birth (living in the capital) in Denmark was associated with a two-fold 

increase in the risk of autism compared to all other places of birth, using linked data for the 

population (Lauritsen, Pedersen and Mortensen, 2005). Furthermore, using the same data 

sources, IRRs for ASD were higher for children born in and currently residing in the capital 

(the highest of five levels of urbanisation) and for those that had been born in rural areas 

but had moved to the capital. This study also found that the more times a child had moved 

between levels of urbanisation the higher their risk was for ASD, when moving to higher 

levels, but the IRR was decreased for those moving out of the capital, indicating that factors 

such as greater availability of healthcare services in urban areas may be important for this 

association (Lauritsen et al., 2014).  

In Taiwan, using a national health insurance database, help-seeking for children with autism 

was examined, by urbanicity (N=17,459, including 3,495 cases). They found that 40% of 

cases were in urban areas and that there were differences with regards to service utilisation 

between children in urban and non-urban areas, with diagnoses being received when 

children were younger and there being a shorter diagnosis process in urban areas (Chen et 

al., 2008). Another study in Taiwan, using published data, found a greater prevalence of ASD 

in urban areas but also that the urban-rural gap was decreasing over time. The authors 

suggest that this could be due to greater awareness in all areas, but urban areas still having 

greater prevalence due to service availability. However, as this study used published data, 

the authors were unable to confirm cases and highlight that they may be underdiagnosing 

cases in Taiwan as prevalence is less than that in western countries (Lai et al., 2012). 

Therefore, these results could be considered less reliable for these reasons, but they are in 

line with other studies.  

In addition, a study looking at green space in California in 543 school districts found that 

there was a higher prevalence of autism in areas with more urban land and greater road 

density and prevalence was negatively associated with grassland, forest and average tree 

canopy (green space), indicating it could either be the green space aspect of rural areas that 

are important or aspects of the urban environment, for example, road density (Wu and 
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Jackson, 2017). One study investigated the exploration of an urban virtual environment (VE) 

on a desktop computer in 16 children with ASD compared to 16 controls. There were two 

tasks, one for free exploration of the unfamiliar VE and one for finding objects. Children 

with ASD visited less areas, spent less time moving and visited a less visible zone less 

compared to the control group in the free exploration task. However, in the second task 

there were no differences between the groups. The authors concluded that children with 

ASD explored the unfamiliar urban VE less than controls (Fornasari et al., 2013). Overall, 

these studies all seem to point towards greater prevalence in more urban areas and suggest 

that factors such as service availability could be contributing to this. 

Unlike ASD, urban-rural differences in prevalence for ADHD are less clear. A large cohort 

study in Denmark (N=2,894,640) did not find any urban-rural differences with IRRs for ADHD 

(Vassos et al., 2016). However other smaller studies have observed differences. For 

example, two birth cohorts in Germany were used to examine the effect of urban green 

spaces on children with behavioural problems, as assessed by the strengths and difficulties 

questionnaire (SDQ) (N=1,932). The participants either lived in or around the city of Munich 

and they used the distance between their location and the nearest urban green space in 

analyses. They found that a larger distance was associated with an increased risk of 

hyperactivity, inattention and peer relationship problems in males only. This association was 

slightly higher for those residing in the inner city. In addition, they did not find this 

association when looking at distance to forests or surrounding green areas, indicating that it 

is specifically urban green spaces that are important (Markevych et al., 2014). A much 

smaller study (N=12) in the Netherlands found that two groups of children with ADHD 

performed better in a cognitive task in a wooded area than in a town area. However, with 

regards to behaviour and emotional functioning, the two groups differed in which area they 

found better. This is a small sample so the findings may not be representative, but they 

indicate that the natural environment may be beneficial for those with ADHD for attention 

symptoms (van den Berg and van den Berg, 2010). However, the previously mentioned 

study in Wisconsin found urban-rural differences, but in the opposite direction, with 

increased prevalence in less populated areas. Therefore, further research into how ADHD 

varies by location is needed. 
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Longitudinal studies also provide similar evidence to the cross-sectional studies above and 

suggest that there may be a causal pathway. In a study using data over a three-year period 

from the Swedish population (N=4,400,000) there was evidence that as the level of 

urbanisation increased the rates of psychosis and depression, based on hospital admissions, 

increased. The authors suggest that this could be due to stressful life events and poor social 

networks (Sundquist, Frank and Sundquist, 2004). Furthermore the number of years lived in 

each level of urbanisation during upbringing was found to be associated with schizophrenia 

risk, in a dose-response relationship in a Danish population study, where continuous or 

repeated exposure was important (Pedersen et al., 2001). Although, when this was 

investigated in the same manner for bipolar disorder they found that living in an urban area 

at age 15 was associated with an increased risk of bipolar disorder, but there was no 

indication of a dose-response relationship and the authors suggest the association at age 15 

could be due to diagnostic differences (Pedersen and Mortensen, 2006). 

Another study found that movers to greener areas had improved mental health for each of 

the three years post-move (N=1,064) (Alcock et al., 2014). In addition, the risk of 

schizophrenia was found to be increased in those born in an urban environment in the 

Netherlands, regardless of exposure to the urban environment at time of illness onset, 

indicating that exposure at birth is the most important (Marcelis, Takei and van Os, 1999). 

However this finding could be an indication of the effect of an urban upbringing throughout 

childhood as opposed to just at birth, as growing up in an urban environment is associated 

with childhood psychotic symptoms, independent of confounders (N=2,054) (Newbury et 

al., 2016). General health questionnaire (GHQ)-12 data from the British household panel 

survey (N=10,168) was associated with green space, such that GHQ decreased with greater 

green space and wellbeing increased when looking at data over 18 years (White et al., 

2013). The same data were used to look for linear and curvilinear trajectories with green 

space for males and females separately. They found that for men, green space was 

associated with lower GHQ scores in a linear fashion, with the greatest benefit in early 

adulthood. However for women, a moderate amount of green space was most associated 

with the GHQ score in their mid-40s (Astell-Burt, Mitchell and Hartig, 2014). Furthermore, 

these data were used to look at urban-rural differences and the study found that episode 

onset (met criteria in second wave of data but not first wave) and maintenance (met criteria 
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at both waves) using a dichotomised GHQ score (>3 for meeting criteria) were higher in 

urban areas (N=7,659) (Weich, Twigg and Lewis, 2006). Finally, in a five to six-year 

longitudinal study in Southern Sweden (N=9,230), also using GHQ scores, it was observed 

that green qualities in a neighbourhood were not directly associated with mental health 

outcomes. However, there did seem to be an interaction between green qualities and 

physical activity which was associated with better mental health in females, but not males 

(Annerstedt et al., 2012).  

1.3.3 Causality 

Despite these longitudinal studies, the direction of causality is still unclear. For example with 

urban-rural differences, for psychosis and schizophrenia some authors argue that individuals 

at risk of these disorders are more likely to move to urban areas, known as the drift 

hypothesis (Pedersen, 2015). This could be due to common genetic influences between 

schizophrenia and neighbourhood deprivation, such that the increased chance of living in a 

deprived neighbourhood in those with schizophrenia may be explained by a genetic liability 

of schizophrenia (Sariaslan et al., 2016). This type of drift could be due to factors such as SES 

causing those with or at risk of developing schizophrenia to move to more deprived areas or 

it could be due to intergenerational drift where families with an underlying genetic risk for 

schizophrenia move to more urban areas (Solmi, Dykxhoorn and Kirkbride, 2017). However, 

others argue that this relationship is not due to the drift hypothesis, but that the urban 

environment is involved in the development or exacerbation of these disorders. This is 

supported by findings from studies that have adjusted for genetic risk and still found an 

association and also because urban upbringing is thought to be of importance (van Os et al., 

2001; Krabbendam and Van Os, 2005). In general, it is unclear whether geographical 

differences are causal for phenotypic variation in traits or whether individuals with these 

disorders seek out these different environments, or whether it is a combination of both. 

Genetically informative samples may be useful for overcoming the problems of reverse 

causation (traits of interest playing a causal role in the choice of place of residence) and 

selection (choosing a place of residence based on genetics and environment), because 

genetics and shared environments such as family upbringing and childhood exposures can 
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be controlled for. The use of twins in such studies has been regarded as being particularly 

useful to control for these factors. Furthermore, using a cross-lagged design can help 

overcome the issue of reverse causation (Duncan et al., 2014). An example of this is a twin 

study which found an inverse relationship between exposure to green space and 

depression, even when controlling for genetic and shared environmental factors through 

the use of twins (Cohen-Cline et al. 2015). Genetic data can be used to assess causality using 

methods such as Mendelian Randomisation (MR). For example, a study using 94 single 

nucleotide polymorphisms (SNPs) for schizophrenia, suggested that genetic risk for 

schizophrenia has a positive causal association on population density. However, they also 

found that potentially living in more densely populated areas could be causal for 

schizophrenia, suggesting a bidirectional relationship, although there was less evidence for 

the latter relationship. (Colodro-Conde et al., 2018). A recent study using polygenic risk 

scores for schizophrenia found associations between social fragmentation at birth and 

negative symptoms in adolescence and between population density at birth and psychotic 

experiences in adolescence. This was the case even after adjusting for polygenic risk scores 

for schizophrenia, which may suggest that these environments are causal for these 

outcomes (Solmi et al., 2019). 

1.4 Potential risk factors 

1.4.1 Overview of potential risk factors 

The studies described in the sections above suggest a number of risk factors which may be 

involved in some of the associations for the mental health outcomes described above, 

mainly with regards to urban-rural differences and these will be described in greater detail 

in this section. There may be similar or completely different risk factors for other 

geographical differences, but the ones outlined here are a good starting point for further 

research, as they are already hypothesised to be involved in prevalence differences. 

Specifically, this section will look at neighbourhood deprivation, SES, air pollution and green 

space as these tend to be the most frequently discussed in the literature for a number of 

mental health outcomes. 
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1.4.2 Neighbourhood deprivation 

Area-level or neighbourhood deprivation has been adjusted for in many analyses looking at 

the association between mental health outcomes and residing in urban or rural areas. Some 

studies indicate that the association changes or is attenuated when adjusting for area level 

deprivation measures, for general health and prescriptions for medications for anxiety, 

depression and psychosis (Mitchell and Popham, 2007; McKenzie, Murray and Booth, 2013). 

However other studies indicate that the associations with suicide, common mental 

disorders and childhood psychotic symptoms remain similar even when accounting for 

deprivation (Middleton et al., 2003; Riva et al., 2011; Newbury et al., 2016). 

1.4.3  Socioeconomic status 

SES is another variable that is discussed frequently in this research. It seems as though when 

adjusting for SES, most studies find that the association of mental health outcomes, 

including major depressive disorder, psychiatric morbidity, psychosis, depression and 

childhood psychotic symptoms, with urban-rural differences is largely unaffected (Blazer et 

al., 1985; Paykel et al., 2000; Sundquist, Frank and Sundquist, 2004; Newbury et al., 2016). 

However, in some cases the association is affected, for example with wellbeing, and seems 

to explain away much of the association (Houlden, Weich and Jarvis, 2017). Therefore, the 

evidence for SES explaining these urban-rural differences is inconclusive. 

1.4.4 Air pollution 

Air pollution has been investigated in a number of studies, specifically when looking at the 

association with autism. In many studies, an association has been found between exposure 

to air pollution and increased risk or prevalence of autism (Palmer, Blanchard and Wood, 

2009; Becerra et al., 2013; Roberts et al., 2013; Volk et al., 2013; von Ehrenstein et al., 2014; 

Dickerson et al., 2015; Kalkbrenner et al., 2015; Raz et al., 2015; Suades-González et al., 

2015; Lam et al., 2016). However this has not always been the case (Guxens et al., 2016). It 

is important to highlight a number of considerations for these associations. Firstly, the 

associations found, vary by pollutant, for example particulate matter 2.5 has been found to 
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be associated in many studies (Becerra et al., 2013; Volk et al., 2013; Raz et al., 2015), but 

other pollutants are also found in some studies (Becerra et al., 2013; Volk et al., 2013; von 

Ehrenstein et al., 2014; Suades-González et al., 2015). The associations also vary by time of 

exposure, with exposure during pregnancy, particularly the third trimester having stronger 

associations (Volk et al., 2013; Raz et al., 2015; Weisskopf, Kioumourtzoglou and Roberts, 

2015). However, Lam et al suggest that many studies have issues with measurement, for 

example being unable to disentangle the effects of specific pollutants or using a range of 

sources and proxy measurements. In addition, the study designs vary substantially making 

the findings potentially questionable (Lam et al., 2016). Finally, the studies described here 

are not looking specifically at urban-rural differences, but it seems sensible to consider air 

pollution as a potential risk factor that could explain some of the urban-rural association. In 

addition, there does seem to be evidence that for autism at least, there may be an 

association with air pollution and it may even play a causative role (Weisskopf, 

Kioumourtzoglou and Roberts, 2015). 

1.4.5 Green space 

Finally, green space is another factor that appears frequently in the literature, but it is 

considered to be protective. For example, one study (N=4,529) found that green space 

within 3km of the home may act as a buffer between stressful life events and general health 

(van den Berg et al., 2010). A UK study based on census data also found a positive 

association between green space and self-reported health with variation depending on the 

level of urbanicity and deprivation (Mitchell and Popham, 2007). GHQ scores were found to 

be higher in more urban areas, but when adjusting for green (and blue) space evidence for 

this association decreased (N=7,797) (de Vries et al., 2003). Further studies demonstrate 

similar findings of an association of better mental health where there is more green space, 

be that in an urban environment or more generally (White et al., 2013; Alcock et al., 2014; 

Cohen-Cline, Turkheimer and Duncan, 2015; McCormick, 2017; Tillmann et al., 2018; 

Dadvand, Gascon and Markevych, 2019). However, other studies have not found a direct 

association (Annerstedt et al., 2012) or they have found associations at different times of 

life and for males and females (Astell-Burt, Mitchell and Hartig, 2014). 
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1.4.6 Summary of potential risk factors 

There are a number of existing risk factors suggested for the association between urbanicity 

and mental health, as described above, although there will be other unknown risk factors 

which may explain geographical differences. The work in my thesis will be useful for 

confirming existing and identifying unknown geographical risk factors, although this will be 

for aetiology which may have different risk factors than for prevalence differences. 

1.5 Geographical gene-environment correlations for mental health traits  

Whilst most studies looking at geographical variation in mental health have been 

investigating this phenotypically, there has been some research into this genetically. One 

way that this can be studied is by looking at gene-environment correlation. Gene-

environment correlation (rGE) or the ‘nature of nurture’ is where there are genetic 

influences on environmental measures, or these environments are, to an extent, heritable 

(Scarr and Mccartney, 1983). This does not imply that these environments have DNA, rather 

this heritability is due to covariation with behaviours that are genetically influenced. For 

example SES, life events and peer relationships have all been found to be heritable (Plomin 

and Bergeman, 1991), as have parenting behaviours (Avinun and Knafo, 2014) and social 

support (Wang et al., 2017). Generally, those environments which are more dependent on 

behaviour are more heritable than those which are less controllable (Kendler and Baker, 

2007). There are three main types of rGE: passive, where the correlation is due to shared 

genetics between an individual and another person who is providing the environmental 

factor, active where an individual seeks out a particular environment due to some genetic 

predisposition to do so, and evocative rGE, where a heritable behaviour expressed by an 

individual causes a response in the environment (Rutter, Moffitt and Caspi, 2006). This 

increased awareness that environmental factors, which previously seemed exogenous, are 

actually influenced by our genotype has implications for interventions that are 

environmental, as interventions based on such measures may not necessarily help 

individuals, depending on their genotypes. However, knowing that these measures are 

heritable has meant that more recent studies have started to investigate the molecular 
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genetic influences on these and this can be useful for improving our understanding of 

environmental factors and causality. 

Regarding previous studies looking specifically at gene-environment correlations where the 

environment is geographically related, one study has investigated whether adults with a 

higher genetic risk for schizophrenia were more likely to live in more urban areas (measured 

by population density). They found evidence of this association, which was partially due to 

SES (Colodro-Conde et al., 2018).  However, this may vary depending on the time of 

environmental exposure. Urbanicity at birth in one study did not seem to be associated with 

genetic risk for schizophrenia, but there was an association at age 15 (Paksarian, Trabjerg 

and Merikangas, 2017). GWAS of environmental measures have also been conducted, which 

is another way of examining rGE. For example, the Colodro-Conde study mentioned above 

also conducted GWAS of population density and SES, resulting in 12 and 13 genome-wide 

significant SNPs respectively. Further GWAS of social deprivation and household income (Hill 

et al., 2016) have also been conducted. In addition, a recent GWAS of household income in 

UK Biobank found 30 independent genome-wide significant SNPs (Hill et al., 2019). The 

results from these GWAS indicate that environmental measures such as SES, deprivation 

and household income can be genetically influenced and therefore other seemingly 

environmental measures may also be genetically influenced. The literature on this specific 

area is rather limited and more research on geographical rGE is needed. 

1.6 Geographical gene-environment interactions of mental health traits  

The other aspect of geographical variation and genetics of interest is gene-environment 

interaction (GxE). GxE occurs when different genotypes result in different responses to a 

given environment. GxE may occur in a number of ways, it may be that different 

environments influence genetics differently. For example, genetic risk of a mental health 

disorder may be drawn out by a stressful environment, but in a non-stressful environment 

this will not occur, or genetic risk of asthma may be apparent only in polluted environments 

and genetic risk of hay fever may only reveal itself in pollen rich areas. These are examples 

of the diathesis-stress model. However it may also occur where some individuals are more 

susceptible to both negative and positive environments generally and this is known as the 
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differential susceptibility hypothesis (Dick, 2011). Environment-environment interactions 

(ExE) may also occur in the same manner, where different shared and non-shared 

environmental influences result in different responses to a given environment. These 

environments could be the same or different to those resulting in GxE.  

In this thesis I am specifically interested in those environments that are geographical and 

there have been some previous studies looking at these kinds of interactions. One study 

looked at whether growing up in an urban environment affects the heritability and shared 

environmental effects on psychotic experiences, with negative symptoms, depression and 

IQ as control variables in a sibling-pair design (N=959 pairs) (Grech and van Os, 2017). They 

found that there was evidence of an interaction by the urban environment on psychotic 

experiences in a sibling-pair model and stratified analyses showed this too, whereas for the 

other outcomes, no association was observed. In addition, the authors found no evidence of 

a main effect of urbanicity in parents or siblings, indicating no confounding of the 

interaction with urbanicity. The authors conclude that this provides evidence that growing 

up in an urban environment for the first 14 years of life can affect genetic and shared 

environmental contributions to psychotic experiences (Grech and van Os, 2017). A study by 

van Os et al found interactions of urbanicity at birth and family history of schizophrenia and 

other mental health problems on schizophrenia. Specifically, 20-35% of those with 

schizophrenia had been born in more urban areas and had a family history, indicating that 

for at least some of those with schizophrenia this gene-environment interaction may have a 

causal role (van Os, Pedersen and Mortensen, 2004). However, there is not much research 

in this area yet and these studies look at specific environmental factors and the aims of my 

thesis will add to this literature. 

1.7 Spatial analysis methods in Epidemiology 

1.7.1 What is spatial analysis? 

Spatial analyses are useful in the context of epidemiology as they allow one to visualise and 

explore data incorporating location into the analysis. This has the potential to suggest 

possible causal factors for an outcome. However, there are a range of spatial analysis 



 21 

methods that can be used. Here I will give a brief overview of some of the more frequently 

used methods and then explain how, in this thesis, I analyse data with spatial 

methodologies. 

Spatial analysis can be as simple as plotting incidence of a trait/disease, for example over a 

map where you have data on individuals’ locations. Whilst this can be useful it can result in 

interpretations being made that are not real, from just viewing the map. Therefore, some 

more complex analysis can be beneficial, to allow a more objective assessment of mapping. 

Most of the spatial analysis methods used fall into the following four categories; clustering, 

interpolation and smoothing, correlation and regression and generalised additive models 

(GAMs). In addition to these, but also often used alongside these methods, are geographic 

information systems (GIS). 

1.7.2 Spatial analysis methods 

1.7.2.1 Geographic Information Systems 

Whilst GIS is not really a spatial analysis method, it is frequently referred to in the spatial 

analysis literature, therefore it is important to give a brief description of what it is and why it 

can be useful, but also what its limitations are. GIS is a system that allows for the collection, 

storage, retrieval and mapping of data. It is sometimes also used for analysis, but it is 

somewhat limited and output from GIS is often used as input in further analyses. The main 

purpose is to combine data collected from a number of sources by geographical coordinates 

(Vine, Degnan and Hanchette, 1997; Graham, Atkinson and Danson, 2004; Rezaeian et al., 

2007). Therefore, the main advantages to GIS is this ability to incorporate spatial data from 

a range of sources, it is also quick to use and can process a lot of data at once. In addition, it 

can make use of more remote sensing data such as satellite data, which otherwise might be 

difficult to use. However, as mentioned, analysis with GIS is limited and often requires 

additional methods to be used (Hjalmars et al., 1996; Corburn, Osleeb and Porter, 2006; 

Speldewinde et al., 2009; Mazumdar et al., 2013). Furthermore, to actually use GIS, training 

is required, and a large amount of data are usually needed. Finally, it is difficult to match up 

data from different sources when the scale used is different (Moore and Carpenter, 1999). 
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For these reasons I will now discuss other methods that can be used to overcome some of 

these difficulties.  

1.7.2.2  Clustering 

One of the most commonly used methods is clustering, where the general aim is to first 

determine whether there are distinct clusters and second to identify where these clusters or 

hotspots of low or high incidence/prevalence are. To assess whether there is any clustering, 

global spatial autocorrelation tests are used, where the tendency for high values of 

incidence/prevalence to be close together compared to random clustering is examined and 

a single value indicating the degree of autocorrelation is provided. Examples of global 

autocorrelation tests are Moran’s I, Lee’s L, Geary’s C and Vuzick and Edward’s nearest 

neighbour. Local autocorrelation, where clustering in smaller areas is assessed to find 

specific hotspots/clusters, is also used and examples include local Moran’s I  and Getis and 

Ord’s G (Jerrett et al., 2003). These have been used widely in the literature, for example, a 

study using global Moran’s I found that self-reported mental health status was clustered 

within a region of nine deprived areas in Dharka. Further investigation using a local Moran’s 

I indicated specific areas with low and high scores which could then be investigated further 

(Gruebner et al., 2011). Another study looking at ADHD in Denmark, found evidence of 

global autocorrelation using Moran’s I and identified clusters of low and high incidence with 

local Moran’s I (Madsen et al., 2015). Knowing which test to use is a challenge and studies 

have found that results can vary when comparing methods used on the same data, for 

example when looking for clustering of schizophrenia in Granada, Spain (Moreno et al., 

2008). In addition to these tests, there are a number of other methods to detect clustering. 

The other main method for cluster detection is spatial scan statistics. With these types of 

analysis, an area within a larger region is tested as to whether the data there are distinctly 

clustered by using a scanning window which increases in size, including increasingly more 

nearest neighbours until a set size is reached. For each iteration a test of whether there is 

distinct clustering is performed. One of the most popular is Kulldorff’s spatial scan statistic 

(Kulldorff, 1997). Examples of its use includes two studies that assessed clustering of autism 

in California. One of these studies found a primary cluster, with a population attributable 



 23 

fraction of 2.83%, which is the proportion or risk reduced by elimination of exposures, or in 

this case removal of risk from this cluster (Mazumdar et al., 2010). A number of secondary 

clusters were also identified. The second study demonstrated similar clustering but at both 

location of birth and at time of diagnosis (Mazumdar et al., 2013). A third study found 

clusters of increased hospitalisation rates for asthma in New York City (Corburn, Osleeb and 

Porter, 2006). Other spatial scan statistics have been used to find clusters of ADHD diagnosis 

in Kuwait (Aboukhamseen, Soltani and Najafi, 2016), to identify a cluster of mental health 

disorders resulting from psychoactive substance use and neurotic disorders in northern 

Malmö, Sweden (Chaix et al., 2006) and found no clusters of childhood leukaemia in 

Sweden (Hjalmars et al., 1996). All of these methods can be useful for identifying hotspots, 

but the main limitation is that the cluster or scan size must be decided beforehand and the 

size chosen can impact the results. 

1.7.2.3 Interpolation and Smoothing 

An alternative method to cluster detection is that of interpolation and smoothing. This 

involves estimating the most likely values for data between sample locations. One type of 

interpolation is kriging, which makes use of spatial dependence within the data to estimate 

the most likely values in areas the data do not cover, whilst also estimating the errors of 

these values. There are two types of spatial dependence, first order, which covers a more 

global measure of variation in the data and second order which relates more to local 

variation between neighbouring points. In kriging, data points that are closer receive more 

weight in the analysis than those that are further away thus allowing smoothing over the 

area. The main drawbacks are that in the resulting map the original raw data are not 

observed and if some data points are too sparse in certain areas the error will be larger 

(Jerrett et al., 2003; Graham, Atkinson and Danson, 2004). Kriging has been used, as an 

example, to estimate air pollutants over Los Angeles, US from monitoring stations over the 

area, these data were then used to assess the effect of air pollution on mortality (Jerrett et 

al., 2005).  

Another smoothing technique is the use of kernel density functions, where at each point on 

a grid the kernel density function is used to assign the probability of the outcome of 
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interest, based on the outcomes at neighbouring locations within a specified region, where 

closer locations have more weight. The result is a smoothed area of points which represents 

the probability distribution of the outcome in that area (Jerrett et al., 2003). This has been 

used, for example, to look at cases and controls for ASD and find hotspots or areas of a high 

probability of cases in Utah (Bakian et al., 2015).  

1.7.2.4 Correlation and Regression 

Other spatial analysis methods exist to overcome issues with spatial correlation between 

measurements, otherwise known as spatial autocorrelation. We have already discussed 

methods that can measure spatial autocorrelation in the clustering section (section 1.7.2.2). 

However when needing to remove these from a model, other methods can be employed, 

for example using an autoregressive model which accounts for this autocorrelation (Jerrett 

et al., 2003). A conditional autoregressive model was used to assess the importance of a 

number of potential risk factors that could explain spatial variation in ADHD, although in this 

study they found no associations (Madsen et al., 2015). Another model accounting for 

spatial autocorrelation is the Besag, York and Mollie model, which has been used, for 

example to assess the impact of dryland salinity, amongst other risk factors on spatial 

variation in depression (Speldewinde et al., 2009) 

1.7.2.5  Generalised Additive Models 

The final method I will discuss are GAMs. GAMs are similar to linear regression models, 

except they include a smoothing term as a non-parametric term in the model. Typically, a 

bivariate smooth of the coordinates and a locally weighted regression smoother (loess), 

which can adapt to variation in population density are used. GAMs have been used in a 

number of studies to see if location affects risk of Rheumatoid arthritis (Vieira et al., 2010), 

ASD (Hoffman et al., 2012, 2017), ADHD (Hoffman et al., 2010) and depression, bipolar 

disorder and post-traumatic stress disorder (Hoffman et al., 2015). 

1.7.3  spACE framework 
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The methods I have outlined above all have their usefulness in different scenarios. The 

questions I address in my thesis are related to spatial variation in aetiology of continuous 

traits. The method I use in this thesis builds on a previously developed method, the spACE 

framework (Davis et al., 2012). I will discuss this framework in more detail in the methods 

section. However, briefly, it is a method which incorporates weights of the inverse distance 

of a twin pair’s location from a target location into a twin model. This allows the genetic (A), 

shared environmental (C) and non-shared environmental (E) contributions to a phenotype’s 

variance to be calculated at each target location. These results can be used to produce a 

map and allow visualisation of areas with larger or smaller genetic and environmental 

effects, for example a higher value of A in an area would indicate that the environment 

allows the genetic variation to express itself through the phenotype, or a genetic hotspot. 

This method involves smoothing due to the way the weights are defined with a tuning 

parameter which controls the level of smoothing. 

The spACE method has already been used to highlight the importance of geographical 

variation in the origins of complex traits. For example, there is a greater environmental 

influence on classroom behaviour problems in London, compared to the rest of the UK 

(Davis et al., 2012). However, there is still much that can be explored with this method. 

Therefore, I will use this method and extensions of it to examine geographical differences in 

multiple locations with different approaches. The spACE method is adapted for use in aim 3, 

the weighted continuous moderator model. I also use the weighting method used in spACE 

for the second aim, looking at how known genetic risk varies over a localised area using 

polygenic risk scores. Finally, I also use spatial methods in aim 2 for comparing data which 

are distributed with the same spatial pattern and this is described further in chapter 4. 

1.8 Chapter summary 

In summary, there is substantial evidence to suggest geographical variation in the 

prevalence or risk of mental health traits. Whilst there has been ample research in this area, 

there are still many unanswered questions. For example, is the association a causal one as 

evidence seems to suggest and if so, what pathways does this association work through? 

Low social cohesion and higher levels of being a victim to crime have been found to explain 
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some of this effect for urban-rural differences, but not all of it (Newbury et al., 2016), so it is 

important to investigate what the other pathways/risk factors could be. Furthermore the 

percentage of urban environments and people living in urban environments is expected to 

increase (Brockerhoff, 2000) and so the importance of these research questions are 

growing. My thesis research will help us to understand these questions. If greater 

understanding of aetiology can be gained, it may be informative to designing population 

health and social policy interventions with the intention of alleviating the burden of mental 

health disorders, particularly in cases where gene by environment interactions are 

suspected. I will use a variety of genetic and geographical methods and different samples to 

address this. 

1.9 Aims of thesis 

The four main aims mentioned briefly at the start of this chapter are described in more 

detail here. 

1.9.1  Aim 1: Mapping the aetiology of ASD and ADHD in Sweden and the UK 

(Chapter 3) 

Here I aim to map the aetiology of ASD and ADHD in Sweden and the UK using twin data 

from CATSS and TEDS.  This will build on the spACE methodology described above. Part of 

the aim here is to use this method to investigate whether there are geographical differences 

in the aetiology of ASD and ADHD, as previous research indicates phenotypic geographical 

differences for these disorders. In addition, this approach will also allow observation of any 

differences on a more detailed level, for example within city variation and other 

geographical differences. 

1.9.2 Aim 2: Investigating geographical variation in genetic influences on ASD and 

ADHD in a single city location (Chapter 4) 

The second aim is mapping the associations between polygenic risk scores and their 

respective outcomes, for ASD and ADHD. I will do this in and around a single city location to 
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allow investigation of variation in genetic influences on a more localised scale. I will 

compare these with the maps from aim 1 to see the difference between national and local 

scales and also the difference between genetic influences as estimated with twin models 

and using known genetic variants. I will also compare these maps to those for specific risk 

factors to see if these environments are mapped in a similar way, which may help to narrow 

down potential risk factors.  

1.9.3 Aim 3: Examining geographical variation in moderators of gene-environment 

interaction (Chapter 5) 

This aim is to demonstrate the adaptability of the spACE framework by developing a method 

to allow one to model geographical variation in GxE and ExE. To do this I will use simulated 

twin data. This method would allow identification of areas that draw out or suppress these 

interactions and therefore identifies GxExE or ExExE interactions. 

1.9.4 Aim 4: Conducting GWAS of geographical environments (Chapter 6) 

In the fourth aim I will conduct GWAS of geographical environments using data from the UK 

Biobank and geographically linked data, to allow identification of SNPs related to gene-

environment correlations, where the SNPs are associated with an environment of interest. 

This is useful for identifying which environments have genetic influences, but these results 

could also be used for follow-up analyses. For example, SNPs associated with these 

environments could be used as instrumental variables (IVs) in MR analyses to allow causal 

inference of that environment on a trait of interest. MR is a method used for causal 

inference, where genetic variants, which are associated with an exposure of interest, are 

used as IVs to estimate the causal association between an exposure and outcome of interest 

(Davey Smith and Ebrahim, 2003, 2004; Didelez and Sheehan, 2007; Davey Smith and 

Hemani, 2014). Here genetic variants for a geographical exposure would be used as the IV. 
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Chapter 2: Cohort descriptions and methods 

2.1 Introduction 

I have used data from the Swedish Twin Registry (STR), the Twins Early Development Study 

(TEDS), the Avon Longitudinal Study of Parents and Children (ALSPAC) and the UK Biobank. I 

have described these cohorts in detail below, along with descriptions of the main variables 

used. In addition, in this thesis I use a number of quantitative genetic methods to 

investigate the influence of geographical environments on mental health traits related to 

ASD and ADHD. In this chapter I give an overview of the methods used for each of the main 

chapters. These are twin analyses, polygenic risk score analyses and GWAS. 

2.2 Cohort descriptions 

2.2.1 The Swedish Twin Registry 

2.2.1.1 Study description 

The STR is a longitudinal twin cohort, established in the 1950’s, where information has been 

collected on twin births occurring in Sweden since then. The STR consists of three cohorts, 

those born in 1886-1925, those born in 1926-1958 and those born in 1959-1990. There are 

currently over 194,000 twins enrolled in the study. Phenotypic information is obtained from 

a number of sources, such as Swedish registers for medical information and telephone 

interviews that have been conducted with twins themselves, or parents of twins if under the 

age of 18 (Lichtenstein et al., 2002; Magnusson et al., 2012). 

From 2004, parents of twins aged 9 years old have been asked to participate in a sub-study, 

CATSS. During the first three years of the CATSS study, parents of 12-year-old twins were 

invited to participate as well. This study was developed to investigate neurodevelopmental 

problems in childhood, specifically ADHD, ASD, tic disorders, developmental coordination 

disorder and learning disorders, as well as other health-related issues. Telephone interviews 

were conducted with parents, consisting of questions about the physical and mental health 
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of their children. Here we focus on the measures of ASD and ADHD. 8,610 parents 

responded to this request, accounting for 17,220 twins. The CATSS-9/12 study obtained 

ethical approval from the Karolinska Institute Ethical Review Board: Dnr 03-672 and 

2010/507-31/1, CATSS-9 – clinical 2010/1099-31/3 CATSS-15 Dnr: 2009/1599-32/5, CATSS-

15/DOGSS Dnr: 03-672 and 2010/1356/31/1, and CATSS-18 Dnr: 2010/1410/31/1. 

2.2.1.2 Measures of autism spectrum disorder (ASD) and attention deficit hyperactivity 

disorder (ADHD) 

Symptoms of ASD and ADHD in CATSS were assessed using the Autism-Tics, AD/HD and 

other Comorbidities inventory (A-TAC). This questionnaire is based on the Diagnostic and 

Statistical Manual of Mental Disorders 4th edition (DSM-IV) criteria for childhood 

neuropsychiatric disorders, some other psychiatric disorders and a few additional items for 

ASD. The A-TAC consists of 96 ‘gate’ questions which are divided into 20 different modules 

based on different areas of problems. These modules are motor control, perception, 

concentration and attention, impulsiveness and activity, learning, planning and organising, 

memory, language, social interaction, flexibility, tics, compulsions, feeding, separation, 

opposition, conduct, anxiety, mood, concept of reality and miscellaneous problems. Before 

asking the questions for each module, the interviewer gives a brief introduction informing 

the interviewee that the questions relate to difficulties the child is currently experiencing or 

has previously experienced. There are additional questions which are asked if there are 

positive responses to one or more of the ‘gate’ questions and questions to assess 

functioning as a result of these problems (see Appendix 2.1 for the full A-TAC 

questionnaire). Parents can answer each question with one of three possibilities which are 

“yes”, (scored as 1), “yes, to some extent” (scored as 0.5) and “no” (scored as 0) (Larson et 

al., 2010). This questionnaire has been validated previously in clinically diagnosed children 

(Hansson et al., 2005; Mårland et al., 2017), in the general population (Anckarsäter et al., 

2008; Larson et al., 2013) and in studies comparing case and control groups (Larson et al., 

2010). 

The modules that relate to ASD and ADHD, are language, social interaction and flexibility for 

ASD and concentration and attention and impulsiveness and activity for ADHD. These 
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consist of 17 items that assess ASD and 19 items that assess ADHD. These were used to 

create scores for each individual based on responses to each question and therefore the 

maximum score for ASD was 17 and for ADHD it was 19.  

2.2.1.3 Descriptive statistics 

Descriptive statistics for measures of ASD and ADHD are given in Table 2.1. The number of 

participants with data available for each measure and for location and covariate data are 

indicated, and these are the numbers included in the analyses. 

Table 2.1 Descriptive statistics for measures of symptoms of ASD and ADHD from the A-TAC 

questionnaire in the CATSS cohort 

 N Sex (% males) % MZ twins Median score 

(IQR) 

ASD 16,677 51.00% 29.06% 0.00 (1.00) 

ADHD 16,662 51.00% 29.06% 0.50 (2.50) 

Descriptive statistics for participants included in analyses for ASD and ADHD, with number of 

participants with data, percentage of those that are male and percentage of those that are MZ 

twins. 

ASD=Autism Spectrum Disorder, ADHD=Attention Deficit Hyperactivity Disorder, MZ=Monozygotic, 

IQR=interquartile range 

As is usual for these measures, the distributions of both ASD (Figure 2.1) and ADHD (Figure 

2.2) show positive skew, with many participants scoring 0. However, we have not 

transformed the data in any way to try and account for this skew, to allow for 
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straightforward interpretation of the results and because attempts to transform the data 

still resulted in very positively skewed data. The data are also modelled continuously, as 

opposed to splitting into categories in the twin models to prevent loss of information from 

dichotomising the variables. 

Figure 2.1 Distribution of symptoms of ASD as measured using the A-TAC questionnaire in 

the CATSS cohort 
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Figure 2.2 Distribution of symptoms of ADHD as measured using the A-TAC questionnaire in 

the CATSS cohort 

 

2.2.1.4 Location data 

Based on residential location, each twin pair was assigned a Small Area Marketing Statistic 

(SAMS) location, for the most recent location data we had available up to 2009, using data 

from Statistics Sweden (http://www.scb.se/en/). I used the coordinates of the centroids of 

these SAMS locations as the geographical coordinates for each twin pair. These coordinates 

are used to calculate distances to target locations for weights in analyses (see section 

3.2.1.3 in chapter 3 for details on weighting method).  
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2.2.2 The Twins Early Development Study 

2.2.2.1 Study description 

TEDS is a large twin birth cohort with a major focus on common behavioural disorders and 

cognitive development, measured longitudinally. Parents of twins born between 1994 and 

1996 in England and Wales were contacted for recruitment into the study, however 

participants were also residing in Scotland when the phenotypic data used here were 

collected. 16,810 parents enrolled in the study and when the twins were around 18 months 

old, parents were sent questionnaire booklets to fill in about demographics, birth, the twins, 

other children/family structure, health and consent to obtain hospital records. Subsequent 

questionnaires were sent to parents when the twins were aged 2, 3 and 4 to update this 

information and obtain other information, such as measures of verbal and non-verbal ability 

and behavioural problems. Further data have been collected at ages 7, 8, 9, 10, 12, 14, 16, 

18 and 21 in the form of other postal questionnaires, home visits for a subset of twins, DNA 

samples, telephone assessments, teacher assessments, matching with the UK National Pupil 

Database and web-based assessments. As well as behavioural traits, TEDS have also 

obtained data from measures for home and school environment, health, parental 

outcomes, parenting, life events and so on (Trouton, Spinath and Plomin, 2002; Oliver and 

Plomin, 2007; Haworth, Davis and Plomin, 2013). There are currently over 10,000 twin pairs 

still enrolled in TEDS and the participants are representative of the general UK population, 

with the majority identifying themselves as white British and with English as their first 

language. Here we focus on measures of symptoms of ASD and ADHD, collected at around 

age 12. Ethical approval for TEDS research is provided by the Institute of Psychiatry Ethics 

Committee, King’s College London. 

2.2.2.2 Measures of autism spectrum disorder (ASD) and attention deficit hyperactivity 

disorder (ADHD) 

I used data from the Childhood Autism Spectrum Test (CAST) to index ASD. The CAST is a 

screening tool developed to assess cases of ASD and related social and communication 

difficulties for children aged 4 to 11 years old in the UK. The questionnaire is based on both 
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DSM-IV and ICD-10 criteria for ASD and also on items found in two other screening tools, 

the Pervasive Developmental Disorders Questionnaire and the Asperger Syndrome 

Screening Questionnaire. The CAST consists of 31 items, although the version used here has 

one item removed. Parents answered the questionnaire and can respond with yes (scored 

1)  or no (scored 0) (Scott et al., 2002), so the total score is out of 30 (see Appendix 2.2 for 

the version of the CAST used in this study). The accuracy of the CAST has previously been 

assessed by comparing CAST results, using a cut-off score of 15, to diagnosed cases of ASD. 

There was 100% sensitivity and 97% specificity, although the positive predictive value (true 

positives) was only 50% and is recommended for use in epidemiological studies (Williams et 

al., 2005). Test-retest reliability for the CAST has also been assessed in schoolchildren, with 

approximately a two-week gap between questionnaires. In the first study of this, good 

agreement was found between test results when using a cut-off of 15 and very good 

agreement when splitting results into three categories (less than or equal to 11, 12-24 and 

greater than or equal to 15). Furthermore, when treating the scale as continuous, results 

from each test were highly correlated (r=0.83) (Williams et al., 2006). A second study 

examining test-retest reliability in a high scoring sample, with approximately two months 

between the tests, found moderate agreement using a cut-off of 15, fair agreement for 

three categories and a correlation of 0.67 when examining the whole scale (Allison et al., 

2007). This indicates that for higher scoring individuals the CAST is still fairly robust and is 

also valuable for looking at all individuals within an epidemiological setting. 

I used an 18-item subscale taken from the revised Conner’s Parent Rating Scale (CPRS-R) to 

index ADHD (Conners et al., 1998). Nine of these items assess hyperactive and impulsive 

symptoms and the other nine assess inattention symptoms. Items can be scored from 0 to 

3, for a total score out of 54 (see Appendix 2.3 for the version of the CPRS-R used in this 

study). A meta-analysis of 25 studies investigating scales to assess ADHD, found that the 

CPRS-R short version had a sensitivity of 75% and a specificity of 75%, where these were 

pooled from 4 studies (Chang, Wang and Tsai, 2016). 
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2.2.2.3 Descriptive statistics 

Descriptive statistics for measures of ASD and ADHD are given in Table 2.2. The number of 

participants with data available for each measure, as well as for location and covariate data 

are indicated, and these are the numbers included in the analyses. 

Table 2.2 Descriptive statistics for measures of the symptoms of ASD and ADHD from the 

CAST and CPRS-R questionnaires in the TEDS cohort 

 N Sex (% 

males) 

Mean age 

(SD) 

% MZ twins Median 

score (IQR) 

ASD 11,594 47.73% 11.30 (0.72) 36.07% 4.00 (4.84) 

ADHD 10,871 47.51% 11.30 (0.72) 35.23% 7.41 (9.00) 

Descriptive statistics for participants included in analyses for ASD and ADHD, with number of 

participants with data, percentage of those that are male, mean age and percentage of those that 

are MZ twins 

ASD=Autism Spectrum Disorder, ADHD=Attention Deficit Hyperactivity Disorder, MZ=Monozygotic, 

IQR-interquartile range 

The distributions of both ASD (Figure 2.3) and ADHD (Figure 2.4) in TEDS also show positive 

skews. This is because a high number of individuals score lower values on these 

questionnaires. However, like with the CATSS data, we have not transformed the data and 

the data are modelled continuously.   
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Figure 2.3 Distribution of symptoms of ASD as measured using the CAST questionnaire in the 

TEDS cohort 
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Figure 2.4 Distribution of symptoms of ADHD as measured using the CPRS-R questionnaire in 

the TEDS cohort 

 

2.2.2.4 Location data 

Each twin pair was assigned geographical coordinates based on their postcodes at the time 

of the questionnaire. These coordinates are used to calculate distances to target locations 

for weights in analyses (see section 3.2.1.3 in chapter 3 for weighting method). 

2.2.3 The Avon Longitudinal Study of Parents and Children 
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2.2.3.1 Study description 

ALSPAC initially recruited 14,541 pregnant women resident in Avon, UK, with expected 

dates of delivery between 1st April 1991 and 31st December 1992. Of these initial 

pregnancies, there were 14,052 live births and 13,988 children were alive at age 1. When 

children were approximately age 7, additional eligible cases who had failed to join the study 

originally were recruited. As a result, data are available for more than the 14,541 

pregnancies mentioned above after age 7. There is a total sample size, for analyses using 

any data after age 7, of 14,701. Further details of the cohort and enrolment can be found in 

the cohort profile papers (Boyd et al. 2013; Fraser et al. 2013). The study website contains 

details of all the data that are available through a data dictionary 

(http://www.bristol.ac.uk/alspac/researchers/our-data/). Ethical approval for the study was 

obtained from the ALSPAC Ethics and Law Committee and the Local Research Ethics 

Committees. 

ALSPAC is a longitudinal, transgenerational cohort, although I will describe the part of the 

study including children, as these data were used. The ALSPAC cohort is a reasonably 

representative sample and when comparing children at age 16 to those in the National Pupil 

Database, those enrolled in ALSPAC had a slightly higher educational attainment, were more 

likely to be white, female and to have a higher socio-economic status (SES) as indexed by 

eligibility for free school meals. However, regional differences may, in part, account for 

these discrepancies. Data collection within ALSPAC has been in a number of forms, such as 

mother/care-giver and child-completed questionnaires (age dependent), clinical 

assessments, linkage to registers and other data sources and biological samples. Data have 

been collected from birth to adulthood and collection is still ongoing. This has allowed a 

wide range of measures to be obtained, including demographic information, health 

outcomes, behavioural outcomes, developmental measures, educational measures, 

physiological and cognitive measures from clinic visits and home and school environment 

measures, as well as genotyped data. Here we focus on the measures of symptoms of ASD 

and ADHD collected at around age 10. 
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2.2.3.2 Genotyping 

ALSPAC children were genotyped using the Illumina HumanHap550 quad chip genotyping 

platform. Genome-wide data were generated by Sample Logistics and Genotyping Facilities 

at the Wellcome Trust Sanger Institute and LabCorp (Laboratory Corporation of America) 

using support from 23andMe. These data were subject to quality control measures and 

individuals were excluded due to having at least one of: sex mismatches, minimal or 

excessive heterozygosity, disproportionate missingness (>3%) or insufficient sample 

replication. Population stratification was assessed by multidimensional scaling analysis and 

individuals with non-European ancestry were excluded. SNPs with a minor allele frequency 

(MAF) of <1%, a call rate of <95% or evidence of violation of the Hardy-Weinberg 

equilibrium (HWE) were removed. 9,115 children and 500,527 single nucleotide 

polymorphisms (SNPs) passed these quality control filters. Imputation of the data was 

performed using a phased version of the 1000 Genomes reference panel from the Impute2 

reference data repository. After this, 8,237 children with genotype data available remained. 

2.2.3.3 Measures of autism spectrum disorder (ASD) and attention deficit hyperactivity 

disorder (ADHD) 

For ASD, I used the parent-reported questionnaire responses from the Social and 

Communication Disorders Checklist (SCDC) (Skuse et al. 2005). The SCDC is a questionnaire 

for screening of social and communication difficulties and although it does not directly 

assess ASD, it is a good indicator of symptoms of ASD. The SCDC has been shown to have 

high internal consistency for its items and good test-retest reliability approximately 2.7 

years later in a clinical sample. It is also able to discriminate children with ASD from 

controls. Using a cut-off of 9, sensitivity of the SCDC was 90% and specificity was 69%, with 

a positive predicative value of 75% (Skuse, Mandy and Scourfield, 2005). Therefore, this 

questionnaire is considered to be a valid and reliable tool for measuring ASD in children. The 

SCDC consists of 12 items and responses can be scored as ‘Not true’, ‘Quite/Sometimes 

true’ or ‘Very/Often true’, from 0 to 2, with a maximum score of 24 (see Appendix 2.4 for 

the version of the SCDC used in this study).  
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We also used another measure for ASD. This was a mean factor score which was derived 

from 93 measures originally taken across a number of time points from 6 months old up to 

age 9 and including, amongst other measures, the SCDC measure at 91 months. Missing 

data were imputed using data from the other 92 measures where necessary and then 

principal factor analysis was conducted, details of which can be found in  the original article 

(Steer, Golding and Bolton, 2010). The mean factor score was calculated from the top 7 

factors from the analysis and was found to have the strongest association with ASD status in 

the previous study and therefore we have chosen to use it here. The factor mean score 

ranges from -3.62 to 0.70 in this study and a more negative score corresponds with more 

symptoms of ASD. Therefore, for ease of interpretation, we flipped the sign of the resulting 

effect estimates by multiplying them by -1. 

For ADHD, I used the parent-reported responses on the Strengths and Difficulties 

Questionnaire (SDQ) (Goodman 1997) for measures of ADHD. The SDQ is a questionnaire for 

screening of emotional and behavioural difficulties, specifically conduct-oppositional 

disorders, hyperactivity-inattention disorders and anxiety-depressive disorders. I used the 

hyperactivity and inattention subscale for symptoms of ADHD. The SDQ’s overall sensitivity 

in a study of school age children was 63.3%, the specificity was 94.6% and the positive 

predictive value was 52.7%. For ADHD specifically, the sensitivity was 75.4% in the same 

study (Goodman et al., 2000). The hyperactivity and inattention subscale consists of the five 

following items; ‘Restless, overactive, cannot stay still for long’, ‘Constantly fidgeting or 

squirming’, ‘Easily distracted, concentration wanders’, ‘Think things out before acting’ 

(reverse scored), ‘Sees tasks through to the end. Good attention span’ (reverse scored). The 

responses are scored as ‘Not true’, ‘Somewhat true’ and ‘Certainly true’, from 0 to 2, with a 

maximum combined score of 10 (see Appendix 2.5 for the version of the SDQ used in this 

study). 

2.2.3.4 Descriptive statistics 

Descriptive statistics for measures of ASD and ADHD are given in Table 2.3. The number of 

participants with data available for each measure, as well as for location and covariate data 

are indicated, and these are the numbers included in the analyses. 
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Table 2.3 Descriptive statistics for measures of the symptoms of ASD and ADHD from the 

SCDC and SDQ questionnaires in the ALSPAC cohort 

 N Sex (% males) Mean age (SD) Median score 

(IQR) 

ASD 4,255 49.87% 10.72 (0.12) 1.00 (3.00) 

ASD mean 

factor score 

6,165 50.84% NA 0.08 (0.38) 

ADHD 4,309 50.24% 9.64 (0.12) 3.00 (3.00) 

Descriptive statistics for participants included in analyses for ASD, ASD mean factor score and ADHD, 

with number of participants with data, percentage of those that are male and mean age 

ASD=Autism Spectrum Disorder, ADHD=Attention Deficit Hyperactivity Disorder 

The distributions of ASD (Figure 2.5), the ASD mean factor score (Figure 2.6) and ADHD 

(Figure 2.7) in ALSPAC also show positive skew (or negative skew for the mean factor score). 

Again, these data are not transformed and are modelled continuously in all analyses.   
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Figure 2.5 Distribution of symptoms of ASD as measured using the SCDC questionnaire in the 

ALSPAC cohort 
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Figure 2.6 Distribution of mean factor score for ASD in the ALSPAC cohort 
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Figure 2.7 Distribution of symptoms of ADHD as measured using the SDQ questionnaire in 

the ALSPAC cohort 

 

2.2.3.5 Location data 

I used coordinates for participants postcode locations at age 10, which is around the age 

data was collected, in these analyses. To preserve anonymity when conducting these 

analyses, the locations were matched, and distances used for analyses (see 4.1.5 in chapter 

4 for details) were calculated by the ALSPAC team who returned anonymised datasets to us 

for analysis, ensuring we were blinded to participants locations. 

2.2.4 UK Biobank 
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2.2.4.1 Study description 

UK Biobank is a large population-based prospective health research resource of around 

500,000 participants, aged between 38 and 73 years, recruited between 2006 and 2010, 

from across the UK (Sudlow et al., 2015). Data have been collected with the aim of 

identifying determinants of human disease in middle and old age. Therefore, a range of data 

have been collected including sociodemographic data, health status, lifestyle, cognitive 

function, self-reported measures and physical and mental health measures. Data have been 

collected via a number of methods, including paper and web-based questionnaires, 

computer assisted interviews, clinic visits and data linkage. Baseline assessment took place 

at 22 assessment centres in the UK to enable recruitment from a range of locations, but 

further data collection has been done and is still ongoing. Further information can be found 

on the UK Biobank website (www.ukbiobank.ac.uk). UK Biobank received ethical approval 

from the Research Ethics Committee (REC reference for UK Biobank is 11/NW/0382). 

When comparing participants in the UK Biobank to those invited to participate, it was found 

that those who did not participate were more likely to be male, younger and living in more 

deprived areas. Compared to respondents of the same age range to national surveys (the 

UK census, Health Survey for England and the Office for National Statistics), the UK Biobank 

respondents were more likely to be home owners, have a lower body mass index (BMI), less 

likely to be current smokers, less likely to drink alcohol every day, suffer from less self-

reported health conditions, have lower mortality in follow-up and lower cancer incidence 

(Fry et al., 2017). These findings are indicative of a “healthy volunteer” effect and should be 

considered when interpreting results from analyses with this data. However, the large size 

of UK Biobank and the high number of measures obtained mean that it is still a valid 

resource for investigating associations with health outcomes. 

2.2.4.2 Genotyping 

There were 488,377 participants with genotyped samples, of which 49,979 were genotyped 

using the UK BiLEVE array and 438,398 using the UK Biobank axiom array. Pre-imputation 

quality control, phasing and imputation have been described elsewhere (Bycroft et al., 
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2017). In summary, multiallelic SNPs and those with a MAF≤1% were removed. Phasing of 

genotype data was performed using a modified version of the SHAPEIT2 algorithm. The 

SNPs used were imputed to the Haplotype Reference Consortium (HRC) reference panel, 

using IMPUTE2 algorithms. A graded filtering with different imputation qualities for 

different MAF ranges was used (Info>0.3 for MAF>3%, Info>0.6 for MAF 1-3%, Info>0.8 for 

MAF 0.5-1% and Info>0.9 for MAF 0.1-0.5%), where MAF and info scores were recalculated 

on an in-house derived ‘European’ subset. Individuals with sex-mismatch or sex-

chromosome aneuploidy were excluded (N=814). In-house quality control filtering of the UK 

Biobank data is described in a published protocol (Mitchell et al., 2019).  

Here we have attempted to control for population stratification when conducting GWAS in 

UK Biobank using several methods and have compared them. This included the use of both 

BOLT-LMM (Loh et al., 2015) and Plink (Purcell et al., 2007) software, although final analyses 

were conducted using BOLT-LMM only. For each of these, slightly different subsets of 

individuals were used. When using Plink, the sample was restricted to those with White 

British ancestry, who self-report as ‘White British’ and who have very similar ancestral 

backgrounds according to principal components analysis (PCA) (n=409,703) (Bycroft et al., 

2017). Estimated kinship coefficients using the KING toolset (Manichaikul et al., 2010) 

identified 107,192 pairs of related individuals (Bycroft et al., 2017). An in-house algorithm 

was applied to this list of individuals and removed those who were related to the greatest 

number of other individuals, until no related pairs were left (Mitchell et al., 2019), resulting 

in 79,448 individuals being excluded, along with a further 2 individuals who were related to 

a large number of individuals. When using BOLT-LMM, the sample was restricted to 

individuals of ‘European’ ancestry, defined by an in-house k-means cluster analysis 

performed using the first four principal components (PCs) provided by UK Biobank. The 

largest cluster from this was used (N=464,708) (Mitchell et al., 2019).  

2.2.4.3 Phenotypic data 

The UK Biobank phenotypic data used in analyses are broadly split into data directly from 

the UK Biobank and externally sourced data which have been linked in based on participants 

locations. The UK Biobank data can be further split into data under the urban morphometric 
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category, which includes only a subset of participants, and variables such as the Townsend 

deprivation index which are collected for most of the sample. The linked in data includes 

census data, Met office data and coal mining data. 

The urban morphometric data are a set of variables derived from spatial analyses of the 

built environment using information from national spatial databases. The dataset was 

assembled by the Cochrane Institute of Primary Care and Public Health at Cardiff University. 

The variables describe aspects of the built environment around individuals’ residential 

locations. We have used variables related to greenness and terrain around the area of 

residence, distance to various health-related destinations and food outlets and density of 

land use measures. Further details on these variables can be found in the original 

publication (Sarkar, Webster and Gallacher, 2015). 

Greenness around a participant’s location was measured using the Normalized Difference 

Vegetation Index (NDVI), which uses colour infrared satellite data on the amount of energy 

absorbed by chlorophyll in the red region compared to the amount scattered by leaves in 

the near-infrared region. Values are between -1 and 1, where higher values indicate greater 

greenness in the area. This was examined at 0.5 and 1-kilometre (km) radii for the mean, 

minimum, maximum and standard deviation of values in these regions. We have used NDVI 

measures within 0.5km and 1km of a participant’s location, unlike for other variables where 

we have selected just one radius. We can compare how similar results are for 0.5km and 

1km for the NDVI measures, however data were unavailable for the minimum NDVI within 

1km. Also, the number of participants with data for 1km was less than that for 0.5km so this 

will need to be considered when comparing results. The terrain variables consist of a 

number of measures of slope around the participants location (within 1km) and include the 

mean, minimum, maximum and standard deviation of the slope. Slope data, measured in 

degrees, were derived from output of 5 metre resolution digital terrain models. The 

distance (in metres) to the nearest health-related destinations was measured using street 

network distance, calculated from closest facility analysis from participants locations. 

Distances to food outlets were calculated in the same manner, with food outlet locations 

obtained from the UKMap database for participants attending assessment centres in the 

Greater London area only. Therefore, only a subset of participants were included in the food 
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outlet variable GWAS. Finally, land use density data (within 1km or the participants location) 

for a range of variables were obtained.  

Census data from 2011 (Office for National Statistics ; National Records of Scotland ; 

Northern Ireland Statistics and Research Agency, 2016) were linked to individuals within the 

UK Biobank based on the Lower Super Output Area (LSOA) that they lived in at the time of 

assessment. We took the easting and northing coordinates for UK Biobank participant 

locations (rounded to the nearest kilometre) and then matched them to an LSOA. As the 

data are rounded to the nearest kilometre, some participants’ reported locations fell 

outside of any LSOA, for example they were located in the sea, so for these we used the 

nearest LSOA. Data were linked to participants based on LSOA. We converted all data (other 

than population density, number of cars in an area, average and median age) to 

proportional data. This avoids variables such as the number of detached houses all acting as 

proxies for population density. We have used census data on population density in an area, 

measured as the number of people per hectare. We have also included area-level variables 

for mean and median age, a number of variables for dwelling types, social grades, the sum 

of cars, country of birth of residents, the effect on activities of a disability, economic activity, 

ethnic group and general health. 

We used the Townsend deprivation index as a measure of area level SES. These data were 

linked to participants at recruitment based on accurate location and provided as an 

individual level variable by UK Biobank. The Townsend deprivation index is a measure of 

area deprivation based on unemployment, car ownership, home ownership and household 

overcrowding. The greater the score, the greater the level of deprivation.  

Met office data were also linked to individual’s locations, where the met office data were 

available in a 1km grid over the UK and we linked this to UK Biobank participant locations 

based on the nearest point in the grid. We used met office data obtained from 30 year 

annual averages (from 1981 to 2010, available for download here: 

https://www.metoffice.gov.uk/research/collaboration/ukcp/download-data) for variables of 

days of ground frost (grass minimum temperature below 0 oC), mean relative humidity (%), 

precipitation (mm),  days of snow lying (greater than 50% of the ground covered by snow at 
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9am), duration of bright sunshine (hours), mean daily air temperature (oC) and mean wind 

speed (at 10m above ground level, in knots). 

Finally, we included a binary measure of whether a participant lived within a historical coal 

mining area or not, as has been used in other studies, although with a different approach 

(Abdellaoui et al., 2019). 

2.2.4.4 Descriptive statistics 

Descriptive statistics for the whole sample with genetic data (N=488,351), are provided in 

Table 2.4, including smoking status and education level to demonstrate the previously 

mentioned selection bias in UK Biobank. Descriptive statistics for all 179 measures used are 

given in Appendix 2.6. The number of participants with data available for each measure are 

shown, however, depending on availability of genetic data and covariate data, the number 

included in each analysis may vary and are shown in the relevant results sections. 

Table 2.4 Descriptive statistics for the UK Biobank cohort (N=488,351). 

Variable Mean (SD) or % 

Age (years) 56.54 (8.09) 

Sex (female) 54.23% 

Ethnic background (White British) 88.27% 

Smoking status: Never smoked 54.46% 

Smoking status: Previous smoker 34.52% 

Smoking status: Current smoker 10.51% 



 50 

Qualifications: College or university degree 32.33% 

Qualifications: A/AS levels or equivalent 11.10% 

Qualifications: O levels/GCSEs or equivalent 21.10% 

Qualifications: CSEs or equivalent 5.39% 

Qualifications: NVQ/HND/HNC or equivalent 6.56% 

Qualifications: Other professional qualifications 5.17% 

Qualifications: None of the above 17.06% 

Descriptive statistics for whole UK Biobank sample. For smoking and qualification level the remaining 

participants selected the option prefer not to answer. SD= standard deviation. 

2.2.4.5 Location data 

I used Easting and Northing coordinates (using the Ordnance Survey OSGB reference) of 

participants’ postcodes, rounded to the nearest kilometre. These data were assigned based 

on addresses provided by participants at the time of recruitment. For analyses using linked 

data such as the Census data, met office data and coal mining data, we matched these 

locations to LSOAs or the nearest point data were available at, depending on the dataset 

used, to link data to each participant. 

2.3 Methods 

2.3.1 Twin analysis 

In twin analyses, monozygotic (MZ) and dizygotic (DZ) twins are compared in order to 

estimate parameters for the additive genetic (A), shared environmental (C) and non-shared 

environmental (E) influences on a trait. The shared environment refers to any environment 
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that makes children in the same family more similar and the non-shared environment refers 

to any factor that does not contribute to this similarity. The non-shared environmental 

component actually includes not only environments that result in differences in these 

children but also stochastic events on a molecular or non-molecular level, epigenetic effects 

and measurement error (Davey Smith, 2011; Tikhodeyev and Shcherbakova, 2019). In both 

cases, “environment” is broadly defined as any effect other than DNA sequence. We are 

able to obtain estimates for A, C and E because we know that for MZ twins, A correlates 1, 

because MZ twins share 100% of their germline genetics, whereas DZ twins only share on 

average half of their segregating alleles, so correlate 0.5. We also know that for both MZ 

and DZ twins the shared environment correlates 1, whereas the non-shared environment is, 

by definition, uncorrelated (Boomsma, Busjahn and Peltonen, 2002; Rijsdijk and Sham, 

2002). There can also be non-additive genetic influences on a trait (D), also known as 

dominance effects and this refers to effects from interactions between alleles, or epistasis. 

As with A, MZ twins correlate 1 for D, but for DZ twins they only correlate 0.25. However, 

the classical twin model does not provide enough information to estimate C and D 

simultaneously. In addition, estimates for A and D are generally highly correlated and the 

power to distinguish these two influences is low. Therefore, estimates of A, C and E only are 

obtained using maximum likelihood structural equation modelling (SEM), where they are 

treated as unobserved latent variables. The path coefficients a, c and e from these models 

can be squared to give the estimates for A, C and E. This is depicted in Figure 2.8, where for 

example, based on the rules of tracing these paths, the correlations for MZ and DZ twins 

would be: 

!"# = 	&
' 	+	)' 

!*# = 	
1

2
&' +	)' 

We can use these equations to estimate A (a2), C (c2) and E (e2): 

&' = 	2 × (!"# −	!*#) 

)' = 	 !"# −	&
' 
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Figure 2.8 Univariate ACE model 

 

A standard univariate ACE twin model is depicted, where MZ twins correlate 1 for A and DZ twins 

correlate 0.5 for A. Both MZ and DZ twins correlate 1 for C. Paths from the latent variables A, C and E 

to the phenotypes for twins 1 and 2 are shown using single headed arrows, where a, c, and e are the 

regression coefficients for models of these paths. Double headed arrows represent covariances. 

The estimates for A, C and E are obtained using the OpenMx package in R (Boker et al., 

2011; R Core Team, 2016). By using SEM in OpenMx this allows one to find the optimal 

estimates from the model, based on the maximum log-likelihood and to use raw phenotypic 

data, known as full information maximum likelihood (FIML) modelling. The maximum 

likelihood fit function that we use in OpenMx allows computation of -2(log likelihood) of the 

data and the selected expectation function, in our case we use the “normal” expectation 

function. This uses algebra that we provide for the covariance and mean, along with the raw 

data to define what the expected covariance and mean for our data are given the 

assumption of multivariate normality. 
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In this thesis I use the basic twin model design, as described, but with weights added to the 

model in order to use it for the purpose of calculating the A, C and E parameters at different 

geographical locations. This works by giving more or less weight to rows in the data 

depending on the weights we provide in the model. In our case this allows for people who 

live closer to a certain location (where we are estimating A, C and E) to have a greater 

weight in the model than those living further away. More detail on this methodology is 

given in chapter 3. 

As with any statistical approach, twin analyses make a number of assumptions. Firstly, the 

assumption of random mating which is violated if there are factors that cause non-random 

mating. This can have an effect on the genetic and environmental correlations in the 

models, where the DZ correlation will be increased and thus the influence of C may be 

overestimated. Secondly, the assumption that twins are representative of the general 

population. Whilst twins are more prone to experience prematurity, lower birth weight and 

an increased risk of complications during pregnancy and birth, it is generally found that 

despite these early life differences, twins and singletons are comparable. Thirdly, the 

assumption of equal environments states that MZ and DZ twins share their environments to 

that same extent. There is evidence to suggest that MZ twins are treated more similarly 

than DZ twins and this can result in an overestimation of A, due to increased MZ 

correlations, if they are treated more similarly because they are MZ twins and not because 

of genetic similarity. However, studies of both mislabelled zygosity (DZ twins being 

mislabelled as MZ twins and vice versa) and MZ twins reared apart indicate that MZ twins 

are treated more similarly because  of this genetic similarity and not because they are 

identical (Scarr, 1968). A further assumption is that MZ twins are completely genetically 

identical. There are a number of cases in which this assumption does not hold. For example, 

X inactivation can vary between MZ twins (although as this is stochastic, the effect may also 

result in an increase in E) and de novo DNA mutations can occur in one twin that do not 

occur in the other. However, the occurrence of the same mutations in a population sample 

are low and therefore unlikely to have much of an effect on the estimates obtained from 

twin models. De novo DNA mutations can also work the other way, so if these mutations 

occur early on, prior to the embryo splitting in MZ twins, these mutations will be shared and 

so genetic similarity will still be high, however mutations occurring at the same time in DZ 
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twins will make DZ twins more genetically dissimilar and so the heritability estimate could 

be inflated (Evans and Martin, 2000; Rijsdijk and Sham, 2002). This is also related to the 

assumption that there are no sibling contrast effects, siblings being less similar than their 

genetics and shared environments would indicate. Another example of how sibling contrast 

effects may occur is with genetic recombination, which would only apply to DZ twins (Miller, 

1997; Davey Smith, 2011). These effects tend to increase phenotypic diversification and are 

not the same for both individuals and would therefore be included in the non-shared 

environmental influence component. Another assumption is that there is no epigenetic 

super similarity, where MZ twins may have a greater level of epigenetic similarity than 

expected, most likely due to epigenetic states being established prior to the embryo 

splitting. If present, this would make MZ twins more similar, resulting in overestimation of 

the genetic component. As with any statistical approach it is important to take these 

assumptions into account when considering results from twin analyses. However, as we 

consider A to be anything that is related to DNA sequence effects and E is anything other 

than shared environment and DNA sequence effects i.e. it can include epigenetic and 

random processes, then it is not necessary to make many of these assumptions. 

2.3.2 Genome-Wide Association Studies 

GWAS are used to estimate the association between a trait and many SNPs. Prior to 

conducting GWAS, a number of quality control steps can be taken to prepare genetic data 

for analysis. This is required for the removal of poor quality DNA samples and individuals. 

SNPs and individuals with a large amount of missing data are generally removed, as well as 

sex mismatches (recorded sex that does not match that indicated by the number of X 

chromosomes). Usually SNPs with a low MAF are also excluded as having too few individuals 

with homozygous minor alleles in a sample leads to low power. A MAF threshold of 0.01 is 

normally used, although this varies depending on the size of the sample used. SNPs that 

deviate too far from the HWE are also excluded, where HWE is the theoretical genotype 

frequency in a population, given the allele frequency. If the genotype frequency is different 

to that expected based on allele frequencies, then HWE does not hold, which could be due 

to genotyping errors (although it could also reflect other processes such as selection). To 

avoid this, a p-value threshold of <1x10-06 for deviations from HWE is generally used. Finally, 
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individuals may also be removed from the sample if they have extreme rates for 

heterozygosity or high cryptic relatedness (Marees et al., 2018). 

After removing those SNPs and individuals that do not meet the required thresholds, the 

next step is phasing and imputation of SNPs. Phasing is the process of assigning alleles in an 

individual to either maternal or paternal chromosomes which allows haplotype to be 

estimated. This in turn allows imputation based on haplotypes. Imputation is the process of 

predicting an individual’s genotypes that have not been directly assayed, using a haplotype 

reference panel that is generally representative of the sample being used. Imputation is 

possible because of knowledge we have about alleles in linkage disequilibrium (LD) with 

other alleles. LD describes the process where alleles at different loci are inherited together 

more than would be expected by chance. 

Once we have our final sample and SNPs to use, we can run a GWAS for a trait of interest, 

adjusting for relevant covariates such as sex, the array used and a number of PCs to adjust 

for population stratification. The use of PCs as covariates will be discussed further in chapter 

6.  

When conducting GWAS, around 12 million individual SNP-trait associations tests are 

conducted with linear or logistic (if the trait is binary) regression models. A stringent p-value 

threshold of 5 x10-8 is used to adjust for multiple testing and anything below this threshold 

is considered to be a genome-wide significant hit. Before assessing the results from a GWAS, 

some additional processing may be conducted, for example LD clumping of the resulting 

data or filtering by MAF if this has not already been done which can help with interpretation 

of the results. LD clumping is an approach where groups of SNPs are formed based on a 

number of parameters such as the p-value threshold used, the R2 and the size of the 

window used. The results from a GWAS are usually visualised in a Manhattan plot, split up 

by chromosome. We can also visualise data with a quantile-quantile (QQ) plot, which plots 

the expected test statistics against the observed test statistics. The QQ plot should not 

deviate from the line X=Y except at the end which would indicate significant associations in 

the data. However, if the line does deviate from X=Y then this may be indicative of residual 

population stratification leading to genome-wide inflation of test statistics. This can be 
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measured using the 2 (lambda) statistic, which looks at the median chi-squared test statistic 

compared to the expected median chi-squared distribution, where a value close to 1 is ideal, 

but values further from this, generally anything above 1.2, suggests genomic inflation. The 

challenge of population stratification in GWAS is discussed further in chapter 6. 

2.3.3 Polygenic risk score analysis 

The traits I examine in this thesis are all complex polygenic traits, in that multiple genes with 

small effect sizes contribute to the expression of that trait. Because of this, one approach 

we have taken is to use polygenic risk scores, where these scores represent the sum of risk 

alleles for a given trait. These scores can then be used in association analyses, i.e. to 

investigate the association of this polygenic risk score of known variants with their 

respective traits (or other traits depending on the hypothesis being tested). In order to 

construct these polygenic risk scores, summary statistics from well-powered GWAS are 

needed for the discovery sample and genotype data are needed for the target sample. 

First, in our analyses, we removed any SNPs with an imputation quality score less than 0.8 

and any that were not present in both the discovery and target samples. SNPs in the major 

histocompatibility complex (MHC) were also removed, along with any SNPs that had 

mismatched alleles or strand differences between the samples. SNPs within the MHC region 

on chromosome 6 are removed as this is an area of high LD. In our analyses SNPs were 

clumped for LD, using all SNPs below the p-value threshold of 0.5 and an R2 of 0.1 within a 

500kb distance from the index SNP (any SNPS significant at the specified p-value threshold). 

The result of this is a subset of SNPs that are not in LD with each other, as one SNP from 

each group is retained. The dose of the effect allele at each of these SNPs (0,1 or 2) was 

then extracted for individuals in the target sample and scores were created using the score 

command in the Plink software (Purcell et al., 2007) to calculate per SNP scores. Either the 

log of the OR, or the beta coefficients (depending on whether the trait was binary or 

continuous) from the GWAS summary statistics are used as the weights and the sum 

command is used to add these together, to create a total polygenic risk score for each 

individual. This is shown in the equation below, where the OR is the effect size for each of 

the n SNPs (j) from the GWAS, used to calculate the score for each person i. 
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The resulting polygenic risk score can then be z-standardised, so that when used for 

analysis, results can be interpreted as per standard deviation (SD) increase in the polygenic 

risk score. In this thesis we use these scores as exposure variables in regression models, to 

look at the association between polygenic risk scores and their respective phenotypes, 

whilst adjusting for a number of covariates. Further details of these models are given in 

chapter 4. 

2.4 Chapter summary 

In this chapter I have given a broad overview of the studies and data used in these analyses. 

I have also provided an overview of the main methods used in this thesis. I will give further 

detail on the studies and data used, including additional variables used, and more 

information on the methods used in the relevant chapters. 
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Chapter 3: Mapping the aetiology of ASD and ADHD in Sweden and 

the UK 

3.1 Introduction 

As outlined in the introduction, there is evidence that the prevalence of ASD and ADHD 

varies geographically, but it is unclear if this is the case for the aetiology of these traits and if 

so, how this is geographically patterned. Specifically, we are interested in whether twin 

estimates for A, C and E vary geographically, on a national scale. If present, this would 

indicate GxE and ExE for these conditions. Being able to identify areas of low or high 

heritability, for example, will allow us to begin to identify potential risk factors that result in 

these aetiological differences. This may be useful for informing population health and social 

policy interventions to alleviate the burden of these developmental conditions. 

In this chapter, I: 

1. Examine whether twin estimates for A, C and E for ASD and ADHD vary 

geographically on a national scale in Sweden 

2. Examine whether twin estimates for A, C and E for ASD and ADHD vary 

geographically on a national scale in the UK and compare to findings in Sweden 

3.1.1 Geographical variation in the prevalence of ASD and ADHD 

As described in the introduction chapter, both ASD and ADHD are known to vary in 

prevalence across geographical regions. For example, spatial analyses of ASD have revealed 

areas of increased prevalence in Salt Lake County in Utah (Bakian et al., 2015), in northern 

Taiwan (Chen et al., 2008) and in areas of California (Mazumdar et al., 2010, 2013). ASD also 

appears more common in those born in New England compared to those born in the south 

east of the US (Hoffman et al., 2017). Similarly, a study of Greater Glasgow in Scotland 

identified variation in prevalence across the city (Campbell et al., 2011). Several studies 

have also suggested differences in prevalence between urban and rural areas, where living 

in or growing up in an urban environment is associated with greater risk of ASD compared 
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to rural environments (Lauritsen, Pedersen and Mortensen, 2005; Chen et al., 2008; 

Lauritsen et al., 2014; Vassos et al., 2016; Wu and Jackson, 2017). Possible reasons for 

geographical variation in prevalence of ASD across these areas include regional diagnostic 

bias, differences in the access to health services or diagnostic resources, different levels of 

parental awareness, air pollution exposure during pregnancy, green space in an area and 

local trends in SES. Variation in the prevalence of ASD might also reflect underlying gene-

environment and environment-environment interactions in ASD. 

Spatial analyses of ADHD have identified lower prevalence in areas with higher solar 

intensity (Arns et al., 2013) and at higher altitudes (Huber et al., 2015), where exposure to 

sunlight may mitigate disruptions to the circadian system. Increased prevalence of ADHD 

was found in the north of east Wisconsin and east of the airport in Milwaukee County in the 

US, with the authors suggesting diagnostic differences and greater distance to green space 

as possible explanations (Baumgardner et al., 2010). A much smaller study found higher 

ADHD symptom scores in three areas of New Bedford, Massachusetts in the US, with the 

authors suggesting sociodemographic characteristics as potential risk factors (Vieira et al., 

2017). Unlike ASD, ADHD prevalence is not clearly related to the urban environment or the 

availability of green space. A study of urban-rural differences in the prevalence of 

psychiatric disorders in a large Danish cohort did not find evidence of increased risk of 

ADHD in urban areas (Vassos et al., 2016). However, other smaller studies have found 

differences. For example, in one study, males with ADHD living further from urban 

greenspace showed increased symptoms (Markevych et al., 2014). The large Wisconsin 

study did find systematic urban-rural differences, but in the opposite direction, with 

increased prevalence in less populated areas. 

3.1.2 Geographical variation in the prevalence of ASD and ADHD 

If prevalence of these conditions varies from place to place, is the same true of the 

aetiology? For example, does variation in the environment explain variation in these 

conditions in some areas more than others? Similarly, does the environment in some areas 

draw out genetic differences between children in their risk of developing ASD and ADHD? In 

this chapter I build on the previously developed spACE method (Davis et al., 2012), to 
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examine whether there are geographical gene-environment interactions for ASD and ADHD 

traits. This type of GxE might appear as certain areas having greater heritability for a trait 

than other areas due to some risk factor in the environment drawing out this genetic risk. 

The spACE approach allows this to be investigated and for geographical patterns of nature 

and nurture to be mapped, without requiring the measurement of any specific genetic 

variants or environmental influences. This systematic approach may facilitate the discovery 

of novel specific genetic and environmental influences. 

Here we apply the spACE approach to data on ASD and ADHD traits in Sweden and the UK 

and compare these results. Since, in this chapter, the focus is on comparison between 

estimates at different locations, we modelled ASD and ADHD trait data continuously to 

maximise power. However, as outlined in chapter 1, there is overlap in the aetiology of 

autistic traits and diagnoses of ASD. Therefore, we assume that the results of this study 

would generalise to diagnoses of ASD and ADHD. 

We examined possible sex differences in aetiology of ASD and ADHD traits. While some 

previous studies have identified no aetiological sex differences for ASD and ADHD traits, 

others have. For example, one study using the Missouri twin study and a continuous 

measure of autistic traits, found no sex differences (Constantino and Todd, 2003), as did a 

study looking at extremes modelling in TEDS (Ronald et al., 2006), but modest sex 

differences were found in a previous study in CATSS (Ronald et al., 2011). For ADHD traits, 

sex differences were found using the twin study of child and adolescent development in 

Sweden for ADHD symptoms (Larsson, Larsson and Lichtenstein, 2004), but not when using 

the STR and a diagnosis of ADHD (Larsson et al., 2014) or when using TEDS and a continuous 

measure of ADHD traits (Greven, Rijsdijk and Plomin, 2011). 

In addition, we also examined how estimates for A, C and E for both ASD and ADHD varied 

over time, where some families moved during this period. This allowed us to see whether 

changing residential location had an impact on estimates for A, C and E. This may allow for 

identification of critical developmental periods when the geographical environment is 

particularly influential for ASD or ADHD. 
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I hypothesise that, based on previous literature for prevalence differences in ASD, urban-

rural differences may be apparent in the aetiology of ASD traits specifically. It is less clear 

how aetiological differences in ADHD may present. However, more broadly, I hope that by 

mapping geographical differences in aetiology it will encourage new insight into the 

environments that influence these conditions and how they act. 

3.2 Methods 

3.2.1 Cohort description and measures 

Chapter 2 describes the CATSS and TEDS cohorts in detail. For participants in CATSS, for ASD 

traits, 16,677 participants were included in the analyses (including 8,370 pairs of twins, 

some of which were incomplete). For ADHD traits, 16,662 participants were included in the 

analyses (including 8,370 pairs of twins, some of which were incomplete). Twins were 

assessed around the age of 9 or 12 years and 51% were male. Phenotypic data were scaled 

to have a mean of 0 and a standard deviation of 1. In these samples the mean scores were 

0.75 (SD=1.52) for ASD symptoms and 1.92 (SD=3.00) for ADHD symptoms, where, in 

previous validation studies a low and high cut-off of 4.5 and 8.5 for ASD and of 6 and 12.5 

for ADHD have been established for broad screening and for use as a clinical proxy, 

respectively. This indicates that most people, in this general population sample, score well 

below these cut-offs. 

For participants in TEDS, full phenotypic data for ASD traits were available for 11,594 TEDS 

participants (including 5,858 pairs of twins, some of which were incomplete). For ADHD 

traits, data were available from 10,871 participants (including 5,792 pairs of twins, some of 

which were incomplete). For these twins the mean age was 11.30 (SD=0.72) and 48% were 

male. For participants included in our analyses, the mean score for ASD symptoms was 4.95 

(SD=3.53) and for ADHD symptoms it was 9.75 (SD=8.49). The CAST score considered 

indicative of ASD is 15 and the CPRS score indicative of ADHD is 42. Again, the phenotypic 

data were scaled to have a mean of 0 and a standard deviation of 1. This allows us to 

compare results between samples. 



 62 

3.2.2 Location data 

3.2.2.1 CATSS location data 

To conduct the spACE analyses, we need to assign a specific geographical location to each 

family. In CATSS we matched each twin pair to a SAMS location, for the most recent location 

data we had available, up to 2009, using data from Statistics Sweden 

(http://www.scb.se/en/) and assigned coordinates based on the centroid of the SAMS 

location. There are approximately 9,200 SAMS in Sweden, subdivisions of 290 

municipalities. The average population within each SAMS is 1,000 people and therefore the 

area covered by each SAMS varies by population density. For example, in the north, SAMS 

areas are much larger than those in the south and so there are fewer in the north. 

To provide context for the results for Sweden, it is useful to understand a little about the 

geography of Sweden. Figure 3.1 shows a map of Sweden and some general indicators of 

the country’s geography; Appendix 3.1 contains a more detailed description. Overall 

Sweden is split into a more rural north and central area, known as the lowlands and the 

more populated areas in a belt from Gothenburg in the west to Stockholm in the east and 

the very south near Malmö. Much of Sweden is covered by forest and lakes. The capital of 

Stockholm is in the east with a mix of tourist-centred and residential areas and a number of 

islands. Gothenburg, the second largest city with a port also has varied areas like Stockholm 

and an archipelago. Further inland is rural Värmland. South west Sweden is a coastal and 

lowland area and is the third most populated area in Sweden. The main city in this area is 

industrialised and multicultural Malmö. South east Sweden is heavily forested with some 

large lakes and a number of large towns. Sweden’s two largest islands are also found here, 

Öland and Gotland, which are popular summer destinations, due to their warmer climate. 

They both have fairly rural landscapes with small towns and villages. The Bothnian coast is 

the most populated area in the north, with some large towns along the coastline. Central 

Sweden is a sparsely populated, rural, lowland area covered in forests, with numerous lakes 

and mountains along the Norwegian border. Further north is Swedish Lapland, a very 

remote area with a mountainous, rural landscape.  
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Figure 3.1 Map of Sweden 
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3.2.2.2 TEDS location data    

We assigned each twin pair geographical coordinates based on the centroids of their 

postcodes at age 12. There are over 1.5 million postcode units in the UK, covering, on 

average, 15 properties. As with SAMS, the area covered by each postcode varies depending 

on population density.  

To provide context for the results for the UK, Figure 3.2 displays a map and some general 

indicators of the country’s geography; Appendix 3.2 contains a more detailed description. 

The UK is split into England, Wales, Scotland and Northern Ireland (although we do not 

describe Northern Ireland here as this area is not included in the study). Generally, the 

south of the UK has a milder climate compared to the north and has more low-lying land. 

The UK is a mix of some very urban, previously (or still) industrial areas and more rural, 

traditional countryside areas. London, a diverse, multicultural city, is the capital in the south 

east with distinct areas. The south east of England has many commuter areas and is 

surrounded by coastline. This area is historically rich and has a mix of industrial and 

countryside areas and a number of seaside towns. The south of the UK is fairly rural, has 

many historical sites and also many coastal towns as well as the New Forest. More inland 

are the areas of Oxfordshire, with the city of Oxford and Oxford University and the 

picturesque, rural Cotswolds. In the west are the areas of cosmopolitan Bristol, spa city Bath 

and rural Somerset, with the wooded Mendips, the Quantock and Exmoor National Park, on 

the Bristol channel. South west England consists of preindustrial Devon and Cornwall, 

popular summer destinations with many seaside and fishing towns and plenty of farmland, 

and Dartmoor National Park. East Anglia is an area of flatland, wetlands and coastal areas.  

The west Midlands are a mix of lowlands and hilly areas with the industrial city of 

Birmingham (England’s second largest city) and the Peak district. The east midlands has a 

number of large urbanised cities and is an old coal mining area, but rural areas can still be 

found. North west England has the large cities of Manchester and Liverpool and the seaside 

resort of Blackpool, but also the unspoilt, mountainous Isle of Man. The scenic Lake District 

is also found in the north as well as the varied area of Yorkshire, with urbanised, coastal and 

rural areas. Wales is split into the more populated and coastal south, hilly, rural Mid-Wales 
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and mountainous north Wales. Scotland is split into the Highlands in the north and the 

Lowlands in the south. Southern Scotland is home to the main cities of cosmopolitan and 

medieval Edinburgh and urban Glasgow and this area has coastal towns, forests and 

agricultural land. Central Scotland is more varied with large lochs and forests in the west, 

rural and industrialised areas and fishing villages in the east and peaks in the north. Argyll in 

the west is a remote area, transitioning between lowland and highland and with numerous 

islands. North east Scotland has a number of industrial cities and port towns, although 

further north becomes mountainous. The Highlands are a very remote but unspoilt area, 

with forests, lochs, mountains and rugged coastline. Scotland has a number of island 

clusters, the Inner and Outer Hebrides in the west and the Orkney and Shetland islands in 

the north. 
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Figure 3.2 Map of the UK 
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3.2.3 Statistical analyses 

3.2.3.1 ACE models and maps in CATSS and TEDS 

Twin analysis is described in detail in the methods section 2.1.5 of chapter 2. In this study, 

we applied a version of the spACE analysis method (Davis et al., 2012) to explore how A, C 

and E for ASD and ADHD traits vary geographically. To do this, we fit full information 

structural equation models of twin data in R (version 3.3.1) using the OpenMx package 

(version 2.9.4) to calculate A, C and E at many different target locations across an area. The 

contribution of each twin pair to a model is weighted by a function of the inverse Euclidean 

distance of the twin pair from the target location. In this study we built on previous work by 

applying the weights within the structural equation modelling framework, rather than by 

calculating weighted correlation matrices and using those as input (although for normally 

distributed measures the results are the same with either approach). In twin analysis it is 

possible to model non-additive genetic effects (D) instead of shared environmental effects 

(C), and D influences are sometimes found with ASD and ADHD. However, the D component 

is highly correlated with the A component, which means confidence intervals are wide and 

the tendency of variance to swap between these two components makes it difficult to 

compare results across locations. Because of this, we have fitted ACE models, although in 

this case, A should be thought of as broad sense heritability, including both additive and 

non-additive genetic influences. 

For target locations in Sweden (see Figure 3.1 for a map of Sweden) we used the centroids 

of each unique SAMS that included at least one twin pair. Because postcodes give more 

precise locations than SAMS, we selected the target locations in the UK to represent local 

population density to preserve participant anonymity (see Figure 3.2 for a map of the UK). 

All twin pairs contribute to the results at each location, but contributions are weighted 

according to the distance of each twin pair from the target location: 

E5(F) =
1

G(F, F5)
I
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where x represents the target location, xi represents the location of a twin pair, d is the 

Euclidean distance between x and xi, and p is the tuning parameter that controls the rate of 

drop-off of a twin pair’s influence over distance (0.5 for these analyses). We included sex as 

a covariate in all the models (accounting for on average 2.59% of the variance), and age in 

the TEDS data (where it accounted for on average 0.34% of the variance). Further detail on 

the spACE approach can be found in the original article (Davis et al., 2012). We plotted maps 

to visualise the results (Figures 3.3 to 3.6). In the maps, each target location is coloured 

according to the value of the estimate at that location compared to the full range of values 

across the map. Low values appear blue and high values appear red, with increasing 

brightness of the colour representing distance from the mean. To avoid outliers having a 

large effect on the distribution of colours in the maps, we assigned the highest 4% of values 

to the brightest red and the lowest 4% of values to the brightest blue before assigning 

colour values to equal ranges between the two. The histograms show the distribution of 

results and the corresponding colours. 

We performed sensitivity analyses for how A, C and E estimates for outcomes vary based on 

changing residential locations of the twin pairs at different ages throughout childhood. To 

do this we reran analyses using participants locations at different ages and results are 

shown in Appendices 3.3 and 3.4. This type of analysis investigates the possible effect of 

using different historical residential locations for each participant during their development 

and may allow identification of critical developmental periods when the geographical 

environment is particularly influential for a particular outcome. 

3.2.3.2 Sex limitation models 

To maximise power, in the main text we report results that equate the aetiological 

influences for males and females for analyses in Sweden. Where we identified qualitative or 

quantitative sex differences in aetiology, we conducted further separate analyses for males 

and females. 

3.3 Results 
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3.3.1 Mapping the aetiology of ASD traits in Sweden 

We plotted the results from each of the 4,199 locations on a map (Figure 3.3), where red 

points represent locations where results fall above the population mean, and blue points 

represent locations where they fall below. The brighter the points, the further they are from 

the population mean. This is shown in the histograms below the maps, where the colours of 

the bars match the points in the map above. Because we modelled raw variance (i.e. we did 

not standardize the estimates to add up to one) genetic and environmental influences are 

not reciprocal at each location, so it is possible for a location to show both strong genetic 

and environmental influences. The consequence of this is that each map stands alone: 

differences in genetic influence really do imply differences in the genetic component, and 

not just a reflection of differences in a reciprocal environmental component. Maps with A 

and E constrained to add up to one in each location (i.e. proportional) are shown in 

Appendix 3.5 and show similar, but not the same results to those for the raw variance. As 

the phenotypic data are scaled to have a mean of 0 and a standard deviation of 1, this 

means that the total variance in an unweighted analysis would be 1, but for the weighted 

analyses there will be variation around a total of 1, as these results are not constrained to 

add up to 1. We have also plotted results of the weighted means of scaled ASD scores at the 

same locations in Appendix 3.6 and we observe geographical variation for mean ASD trait 

scores. 
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Figure 3.3 Mapping genetic (A) and environmental (E) influences on ASD traits in Sweden 

shows that genetic variation appears more important in densely populated urban areas 

 

Geographical variation in genetic (A) and non-shared (E) influences on childhood ASD traits in 

Sweden. The contributions of A and E range from low (blue) to high (red). The histograms below 

show the distribution of the estimates, coloured in the same way as the points on the map. The 

estimates are not standardised and are therefore not constrained to add up to one. Shared 

environment (C) estimates were close to zero across the whole map, so they are not shown here. 

Genetic Non-shared environment 
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The results for both the raw variance indicate that the amount of variation in ASD traits 

explained by genetic influences (A) is generally higher in urban areas and lower in the 

sparsely populated north and more rural southern belt. The results for the non-shared 

environment (E) show opposite patterns in some areas, with values generally lower in and 

around the capital and higher in Southern and Northern rural areas. However, we also 

observe higher values for E in the areas around the cities of Gothenburg and Malmö. 

Variation in A and E can also be seen within areas, such as around Stockholm, where there 

are both low and high values for A, suggesting genetic influences are moderated by other 

factors beyond urbanicity. The histograms for the raw variance indicate that the variance 

explained by genetic influences ranges from 0.55 to 0.91, with most values around the 

mean of 0.65 (SD=0.02). The variance explained by E ranges from 0.25 to 0.46, again with 

most values around the mean of 0.34 (SD=0.02). Variation in ASD traits explained by C was 

approximately 0 over the whole of Sweden. 

In Appendix 3.3 we observed that the overall patterns for variation in A and E remained the 

same over time. There was some variation within areas, however these tended to be 

relatively similar across time and it is possible that some of this slight variation is due to 

noise. 

3.3.2 Sex limitation models for ASD traits 

Population-level sex limitation model results for ASD traits are shown in Appendix 3.7. We 

used nested sub-models to test for sex differences in aetiology. The common effects model 

is the most parsimonious model, indicating quantitative, but not qualitative, sex differences. 

However, because this is a large and well-powered sample, although the parameter 

estimates for males and females are “significantly” different at an alpha of 0.05, they are 

actually very similar (within 1%). To maximise power, we have presented the maps for 

males and females combined in the main text, but maps for males and females separately 

are shown in Appendices 3.8 and 3.9. A is generally higher in males and lower in females. 

Patterns are largely similar to the results in the main text, but for males, A is lower in the 

very south and E also has lower estimates in southern areas. For females we see some 

evidence of C, but these areas are small, for example, a small area in the Stockholm region 
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and estimates are still fairly low. Also, for females, we observe lower estimates for A in the 

south and higher estimates in the very north, but for E we see very similar patterns to the 

total sample. However, because we have lower power for analyses split by sex, maps with 

males and females mapped separately are likely to show more noise than those in the main 

text with sex effects equated. 

3.3.3 Mapping the aetiology of ASD traits in the UK 

Figure 3.4 maps genetic and environmental influences on ASD traits in the UK at 6,758 

locations chosen to represent sample density across the UK. Again, this is a map of the raw 

variance, so A, C and E are not constrained to add up to one. However, maps with A, C and E 

constrained to add to one at each location are shown in Appendix 3.10 and also show very 

similar results. 
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Figure 3.4 Patterns of genetic influences for ASD traits in the UK appear similar to those 

found in Sweden, although patterns of non-shared environmental influences differ  

 

Geographical variation in genetic (A) and non-shared (E) influences on childhood ASD traits in the UK. 

The contributions of A and E range from low (blue) to high (red). The histograms below show the 

distribution of the estimates, coloured in the same way as the points on the map. The estimates are 

not standardised and are therefore not constrained to add up to one. 

Genetic Non-shared environment 
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The raw results for A are consistent with those from the CATSS sample in Sweden where we 

observed higher heritability in more densely populated areas. The mean of A is slightly 

higher in the UK than in Sweden: 0.76 (SE=0.01) compared to 0.65 (SE=0.02). For the non-

shared environment (E) the patterns are less similar across countries, as are the mean 

values 0.23 (SE=0.01) in the UK, compared to 0.34 (SE=0.02) in Sweden. London, the capital 

city, and the surrounding south east of the UK show higher values for E compared to the 

north and some regions in the mid-west of England and Wales. In contrast, Sweden’s 

capital, Stockholm, and the surrounding areas show lower estimates of E. Again, C is 

approximately zero for ASD traits across all regions. As before, local variation in A and E is 

apparent within large cities such as London. As the histograms show, A is fairly normally 

distributed between 0.69 and 0.84 across regions. E ranges more narrowly from 0.21 to 

0.29, with a positive skew. 

3.3.4 Mapping the aetiology of ADHD traits in Sweden 

Maps and histograms of genetic (A) and non-shared environmental (E) influences from the 

weighted full information maximum likelihood twin models for ADHD traits are shown in 

Figure 3.5. C is not included as the variation in ADHD traits explained by C is close to zero 

over the whole of Sweden. As above, the maps here show raw variance, with maps showing 

A, and E components as a proportion of the total variance provided in Appendix 3.11 which 

show similar, but not the same results. We have also plotted results of the weighted means 

of scaled ADHD scores at the same locations in Appendix 3.12 and we observe geographical 

variation for mean ADHD scores. 
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Figure 3.5 Genetic and environmental influences on ADHD traits both vary across Sweden, 

with non-shared environment showing closer correspondence to population density 

 

Geographical variation in genetic (A) and non-shared (E) influences on childhood ADHD traits in 

Sweden. The contributions of A and E range from low (blue) to high (red). The histograms below 

show the distribution of the estimates, coloured in the same way as the points on the map. The 

estimates are not standardised and are therefore not constrained to add up to one. 

Genetic Non-shared environment 
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Results for the raw estimates indicate that the variation in ADHD traits explained by A is 

relatively greater in the whole of the south and the extreme north, and lower in the most 

northern regions, the Stockholm area and near Gothenburg in the west. For the variation in 

ADHD traits explained by E, values are generally higher in more densely populated areas and 

most of the north, and generally lower in less densely populated areas and the extreme 

north. There is also local variation in both A and E, such as around Gothenburg, for example. 

The histograms indicate that A varies from 0.51 to 0.74, with a slight skew in the 

distribution, with more values near the high end of the distribution, and E varies from 0.32 

to 0.46 in a fairly normal distribution. 

In Appendix 3.4, similarly to those for ASD, we observed, for both A and E, that the overall 

patterns for variation were consistent over time. As with ASD, there was some within area 

variation, but again these were only slight differences, possibly due to noise. 

3.3.5 Sex limitation models for ADHD traits 

The sex limitation model results for the continuous, unweighted ADHD traits data are shown 

in Appendix 3.13. The common effects sub-model here is also the simplest best-fitting 

model, indicating that there are no qualitative sex differences, but there are quantitative 

sex differences for ADHD traits as well. Separate maps for males and females are also shown 

in Appendices 3.14 and 3.15, respectively and show similar patterns to the total sample, in 

general. However, for males there are lower estimates for A in the very south and also for E 

in this same region. Again, estimates are generally higher for A in males and lower in 

females compared to the total sample. For females the patterns we see in the total sample 

are reflected in results for both A and E, with the exception being around Gothenburg, 

which has a larger area of low (for A) and high (for E) variation. Again, because of reduced 

power in the split samples, these separate maps for males and females should be 

interpreted with caution. 

3.3.6 Mapping the aetiology of ADHD traits in the UK 
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Figure 3.6 maps relative genetic and environmental influences on ADHD symptoms in the 

UK using TEDS. Again, these are maps of raw variance, with A, C and E mapped as a 

proportion of total variance shown in Appendix 3.16 which show very similar results. 

Figure 3.6 Although patterns of genetic influence on ADHD traits appear different from those 

in Sweden, non-shared environmental patterns are more similar, with some areas of the UK 

showing an effect of the shared environment 

 

Geographical variation in genetic (A), shared (C) and non-shared (E) influences on childhood ADHD 

traits in the UK. The contributions of A, C and E range from low (blue) to high (red). The histograms 

below show the distribution of the estimates, coloured in the same way as the points on the map. 

The estimates are not standardised and are therefore not constrained to add up to one. 

For genetic influences on ADHD traits, there is less similarity between the UK and Sweden 

than for ASD traits. In the UK we generally see higher heritability in more densely populated 

Genetic Non-shared environment Shared environment 
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areas (albeit with variation within regions). In Sweden we see lower heritability in more 

densely populated areas, with less within-region variation. For the E component, the 

pattern of results is more similar between the UK and Sweden, with densely populated 

areas showing greater influence of the non-shared environment in both countries, although 

the range of variation in E appears much smaller in the UK. Unlike Sweden, some parts of 

the UK also show a small influence of the shared environment for ADHD symptoms, 

although generally below 0.1. This is higher in the north west and lower in the south east.  

The histograms indicate that both A and E are fairly normally distributed, with A varying 

from 0.57 to 0.93 and E from 0.14 to 0.25. Mean estimates for the raw variance accounted 

for by A and E differ between countries, with a mean value of 0.77 (SE=0.02) for A in the UK 

compared to 0.63 (SE=0.03) in Sweden.  Similarly, the mean value for E is 0.15 (SE=0.01) in 

the UK compared to 0.36 (SE=0.02) in Sweden. 

3.4 Discussion 

In this chapter we looked at how genetic and environmental influences on symptoms of ASD 

and ADHD vary geographically in Sweden and the UK. Our results demonstrate that 

internationally, there is geographical variation in genetic and non-shared environmental 

influences on symptoms of both ASD and ADHD. We also found geographical variation in 

shared environmental influences on symptoms of ADHD in the UK. The national estimates of 

genetic and environmental influence we report here are consistent with previous reports of 

heritability, shared and non-shared environmental estimates, although we see slightly lower 

estimates of heritability for both ASD and ADHD traits in Sweden compared to the UK. We 

also found a small shared environmental influence for ADHD traits in parts of the UK. Whilst 

some studies do not find this, studies using the TEDS dataset previously have found small C 

components (Greven et al., 2011; Greven, Rijsdijk and Plomin, 2011; Pingault et al., 2015; 

Rommel et al., 2015). One reason for this may be that we are reporting on quantitative 

symptom scores, rather than categorical diagnoses, and we model our data continuously to 

maximise power. Despite this, previous work shows that diagnoses are likely to be the 

quantitative extremes of a normal distribution of genetic or environmental risk, and that 

risk factors are consistent across the distribution (Ronald et al., 2006; Robinson et al., 2011, 
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2016; Larsson et al., 2012; Lundström et al., 2012; Colvert et al., 2015; Demontis et al., 

2019). 

3.4.1 Interpreting gene-environment and environment-environment interactions for 

twin model estimates 

Geographical differences in genetic and environmental influences on a trait are indicative of 

gene-environment and environment-environment interactions where the interacting 

environmental variable varies by location. Where we find areas of increased genetic or 

environmental influences for ASD and ADHD traits this means that the environment in these 

areas draws out genetic or environmental influence on these traits, in the same way that 

the presence of airborne pollen would reveal individual differences in genetic risk for hay 

fever. By studying this in a systematic way, rather than relying on a specific measured 

environment, we can use our results to develop novel hypotheses about currently unknown 

environmental influences. 

Our findings complement previous research that has focused on geographical prevalence 

differences in ASD and ADHD. For ASD, the literature reports variation in prevalence 

depending on the area (Chen et al., 2008; Mazumdar et al., 2010, 2013; Campbell et al., 

2011; Hoffman et al., 2012, 2017; Bakian et al., 2015). For ADHD, the literature on 

geographical differences in prevalence is sparser. Two studies have found different 

prevalence for ADHD by altitude and solar intensity (Arns et al., 2013; Huber et al., 2015). In 

this study we observe geographical variation in both mean ASD and ADHD scores. Our 

analyses may reveal some of the aetiological variation that underlies these differences. For 

example, areas of greater prevalence could represent regions where the environment 

triggers genetic predisposition to these traits. This provides a basis for future research into 

specific geographically distributed environments that draw out or mitigate genetic or 

environmental risk, which could in turn be useful for population health measures seeking to 

reduce the impact of ASD and ADHD. 

From our results we can already hypothesise about what these factors could be. For 

example, for ASD traits, we find that there is generally higher heritability in more densely 
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populated areas of Sweden, such as Gothenburg, Malmö, and Stockholm, and in a band 

running from Gothenburg to Stockholm where the majority of the population live. We find 

lower heritability in the southern highlands and northern regions, which are less populated. 

This may suggest that urban environments draw out genetic differences in ASD risk between 

people of the same ancestral background. These environments might include psychosocial 

factors such as the stress of urban living or income inequality, or aspects of the physical 

environment such as air pollution. From our results across time, we might hypothesise that 

whatever factors are relevant may remain consistent over time. This explanation fits with 

neuroscience literature that suggests that living in an urban environment is associated with 

specific neural correlates in response to stress, which may influence the onset of related 

mental health disorders (Lederbogen et al., 2011). The literature on prevalence suggests 

that other potentially important factors may include geographical differences in access to 

healthcare, diagnostic bias and parental awareness, socio-economic status, neighbourhood 

deprivation, infrastructure of the area, or access to green space. However, factors such as 

rater effects or access to healthcare are less likely to play a role in this aetiological variation 

as we have used data from structured interviews in population representative samples. For 

non-shared environmental influences urban-rural differences are confined to areas in and 

around Stockholm, the Swedish capital. 

We see similar patterns for genetic influences on ASD traits in the UK, with higher 

heritability estimates in city areas such as central and south London, Birmingham, Bristol, 

Manchester and Newcastle. Estimates are generally lower in East Anglia, the south west, 

Wales and other less densely populated areas. Again, as in Sweden, non-shared 

environmental influence shows a more complex pattern in the UK. 

The literature suggests that the geographical distribution of differences in the prevalence of 

ADHD is less clearly patterned than for ASD, and our findings for geographical patterns of 

aetiology are consistent with this. In Sweden we found lower genetic influence in Stockholm 

and just to the north, and middle-range estimates near Gothenburg, Gotland island and 

regions of central Sweden. Genetic influences were greater in the south generally, with 

lower estimates in major cities, but higher estimates in other populated and agricultural 

areas. Non-shared environmental influences on variation in ADHD were greater in the 
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northern coastal cities, Stockholm, Gothenburg and Malmö, and lower in the southern 

highlands, and the extreme north. These patterns may support previous literature 

suggesting that green space is protective for ADHD outcomes (van den Berg and van den 

Berg, 2010; Markevych et al., 2014).  

In the UK the range of aetiological estimates for ADHD traits is narrower, so apparent 

differences should be interpreted with caution. Unlike ASD traits, and as with ADHD traits in 

Sweden, urban-rural differences are not consistent. Non-shared environmental influences 

tend to be greater in the south of the UK, along with some areas in the north west. 

Interestingly, there is evidence of a small amount of shared environmental influence, which 

is not generally found for ADHD traits, in some parts the UK, such as Bristol, Wales and the 

north west. However, we do not see this pattern in Sweden. 

Whilst we see similarities in patterns of aetiology between Sweden and the UK, particularly 

for ASD traits, there are also substantial differences, particularly for ADHD traits. There are 

several possible reasons for this. For example, it could be due to differences in the 

measurement of ASD and ADHD symptoms in the cohorts, or it could be due to 

environmental differences between the two countries, for example differences in the level 

of awareness of these traits, or differences in the physical or social environments, which 

may vary between countries in the same way as they do within each country. It would be 

interesting to investigate this in other countries to see what further similarities and 

differences we observe. 

3.4.2 Limitations of this approach 

When interpreting these results there are a few important points to consider. First, in some 

areas the effective sample size is lower than others, for example in densely populated areas 

the proximity of some twin pairs relative to others can weight their influence relatively 

highly. However, across all areas we have taken care to maintain effective sample sizes in 

the thousands for both identical and fraternal twin pairs, so estimates remain reasonably 

accurate and unbiased. Second, due to how the weighting of participants contributions to 

the analyses works, i.e. participants contribute more to analysis the closer they are to the 
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target location, this results in smoothing over the estimates for A, C and E. The amount by 

which results over the area are smoothed depends on the tuning parameter used in the 

weighting. There is a trade-off when selecting the tuning parameter between values tending 

towards to mean and variation. Here, the tuning parameter value of 0.5 has been chosen to 

result in some smoothing, but it also means that the differences shown here are not the full 

extent of the actual differences, but a smoothed-out version. However, we are most 

interested in the pattern of results and note that the smoothing may just mask larger 

differences. Third, in common with the previous literature, we find that an ADE model is 

often a slightly better fit to the data, but here we have fitted ACE models and generally 

presented results for A and E alone because the high correlation between A and D brings 

noise to spatial analysis due to switching between the two across locations (Rietveld et al., 

2003). Instead, we interpret A here as a broad genetic component, without the usual 

connotation of additivity. Fourth, as with any statistical analysis, it is important to consider 

the assumptions of the model. For twin modelling, these include random mating within the 

population, that MZ and DZ twins share their environments to the same extent (at least 

where those environments are not genetically influenced), and that twins are 

representative of the general population for the traits studied (Rijsdijk and Sham, 2002). 

These assumptions have generally been found to be reasonable (Evans and Martin, 2000). In 

this case we do not assume that there are no gene-environment interactions or 

correlations, because we are explicitly modelling them as our main point of interest. There 

is some evidence to suggest that there is assortative mating for ASD and ADHD, for example 

a study in Sweden that found phenotypic correlations of 0.48 for ASD and 0.45 for ADHD 

(Nordsletten et al., 2016).  

3.4.3 Future directions 

Future research can use the results from these analyses to inform research focusing on 

specific environmental risk factors. For example, for research into risk factors for 

aetiological variation in ASD, examining environments related to urbanicity may be useful.    

To do this, models that investigate how the spatial distribution of these environments 

correlates with the spatial distribution of the aetiological estimates presented here could be 

used. It could also be informative to investigate how these estimates change with different 
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levels of specific risk factors, for example using continuous moderator models for specific 

variables with outcomes for ASD and ADHD. 

3.5 Chapter summary 

Our results demonstrate, for the first time, that there is geographical variation in genetic, 

shared and non-shared environmental influences for symptoms of both ASD and ADHD in 

both Sweden and the UK. These results will inform further studies of geographically 

distributed environments, beyond those specific environments already identified by the 

literature. Identifying these environments and how they draw out or mitigate genetic risk 

may lead to population health and social policy interventions to alleviate the burden of 

developmental conditions.  
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Chapter 4: Investigating geographical variation in genetic influences 

on ASD and ADHD in a single city location 

4.1 Introduction 

In chapter 3 I explored geographical variation in twin genetic and environmental estimates 

for ASD and ADHD. I found that there was evidence of geographical variation in both genetic 

and environmental influences on a national scale across two countries, indicating gene by 

geography interactions. These results also indicated that there may be fine-scale variation 

within localised areas such as single city regions. In this chapter I examine the variation in 

genetic influences in and around the city of Bristol, located in the South West of the UK. I do 

this using molecular genetic variants of known genetic risk for ASD and ADHD. I hypothesise 

that there will be geographical variation in genetic influences on ASD and ADHD in this area 

and that these may reflect risk factors that vary within localised regions. 

We constructed polygenic risk scores for ASD and ADHD using summary data from well-

powered GWAS (Demontis et al., 2019; Grove et al., 2019) and genotype data from the 

ALSPAC cohort. We conducted regression analyses, weighted in the same way as the twin 

analyses described in chapter 3, across a regular hexagonal grid of point locations over the 

city and surrounding area. 

In this chapter, I: 

1. Examine whether the associations between polygenic risk scores for ASD and ADHD 

and their respective phenotypes vary geographically. 

2. Map potential risk factors across the same area and compare these maps to those of 

the polygenic risk score associations. I do this visually and using bivariate spatial 

analyses, in order to identify factors that may cause geographical variation in 

polygenic risk score associations. 

4.1.1 Polygenic risk scores 



 85 

Complex traits and common disorders are polygenic in nature, that is hundreds or even 

thousands of SNPs, although often of very small effect, contribute additively to the genetic 

architecture of these traits, in contrast to monogenic traits where disruption in a single gene 

is responsible for development of a disorder. GWAS have frequently been used to identify 

many SNPs of small effect on various complex outcomes, and as discovery sample sizes 

become larger it is expected the number of SNPs identified will increase further. Results 

from GWAS can be used to create polygenic risk scores for a given trait or disease, where 

the effect sizes derived from GWAS in very large discovery samples are used in combination 

with genetic data from target samples to create a weighted sum of SNP effects for each 

individual, predictive of genetic risk. Polygenic risk scores can be constructed using any 

number of SNPs, from selecting only those few that reach genome-wide significance (p < 

5´10-8) in the discovery sample, to selecting all the SNPs associated at a much more lenient 

discovery threshold such as p < 0.5. Whilst these SNPs may individually have small effects, 

they can be used in combination to account for greater variance in a trait, which makes 

them useful for further association analyses (Maher, 2015; Chatterjee, Shi and García-

Closas, 2016). For example, in a study using polygenic risk scores for schizophrenia, 

constructed at different p-value threshold (pT) cut-offs in the discovery sample, the R2, 

indicating the variance explained by the score in the target sample, at first increased as 

more SNPs were included, dropping off slightly at the most lenient thresholds (Ripke et al., 

2014). This demonstrates that using different pT values in calculating polygenic risk scores 

may influence results, so it is important to consider a range of thresholds, balancing the 

possibility of explaining greater variance in the outcome against the risk of introducing noise 

from including false positives when conducting analyses with these scores.  

Polygenic risk scores can be used to examine the relationship between genetic risk and 

outcomes in new (secondary) samples other than those where the GWAS results were 

generated. For example, a polygenic risk score for schizophrenia was able to discriminate 

between cases with first episode psychosis and controls in a secondary multi-ethnic sample 

(adjusting for population stratification) (Vassos et al., 2017). Similarly, polygenic risk scores 

for BMI have been used to predict obesity in secondary samples (Khera et al., 2019). As well 

as predicting the same, or similar, phenotypes, polygenic risk scores can also be used to 

assess the genetic overlap between phenotypes. For example a study using four polygenic 
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risk scores for Bipolar Disorder and Schizophrenia found shared genetic aetiology when 

examining the association of these scores among sub-phenotypes of the two disorders 

(Bipolar Disorder and Schizophrenia Working Group of the Psychiatric Genomics Consortium 

et al., 2018). Schizophrenia polygenic risk scores have also been used to investigate 

potential utility clinically, for example, one study found that an increased polygenic risk 

score was associated with those who had a history of taking clozapine (an atypical 

antipsychotic, usually given to treatment resistant patients) and with those considered to be 

responders to clozapine, compared to non-responders (Frank et al., 2015). Despite these 

preliminary findings, GWAS are still too underpowered to estimate polygenic effect sizes for 

risk scores for most disorders to be clinically useful. However, they still have the potential to 

improve our understanding of the genetic aetiology of disorders. For example, a recent 

phenome-wide association study, which examined the association between polygenic risk 

scores and many outcomes, was used to identify associations between a schizophrenia 

polygenic risk score and outcomes such as cognitive function and smoking cessation 

difficulties. This study examined relationships between 162 different polygenic risk scores 

and 551 outcomes and also demonstrated the use of these scores for causal inference using 

Mendelian Randomisation approaches (Richardson et al., 2019).   

4.1.2 Polygenic risk score studies of ASD and ADHD 

ASD and ADHD are neurodevelopmental disorders, both with a heritability of about 80% 

(Rietveld et al., 2004; Larsson et al., 2014; Tick et al., 2016; Faraone and Larsson, 2018). 

Recent GWAS of ASD (Grove et al., 2019) and ADHD (Demontis et al., 2019) have confirmed 

that both these disorders are highly polygenic. 

Previous studies have used polygenic risk scores for ASD and ADHD to examine the variance 

explained by risk scores in independent samples. For example, polygenic risk scores for ASD 

were associated with  a continuous measure of autistic traits in the Swedish CATSS sample 

(Taylor et al., 2019). Polygenic risk scores for ADHD were associated with higher scores on 

the Strengths and Weaknesses of ADHD Symptoms and Normal Behaviour Rating Scale for 

both parent and self-report (Burton et al., 2018).  
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Polygenic risk scores for ASD and ADHD have also been used to examine the genetic overlap 

with other phenotypes. For example, polygenic risk scores for ASD were associated with 

differentially methylated positions in blood samples at birth (Hannon et al., 2018) and 

positively associated with general cognitive ability, as well as measures of verbal fluency, 

logical memory and vocabulary (Clarke et al., 2016). Polygenic risk scores for ADHD were 

found to predict a number of traits in the UK Biobank cohort (Du Rietz et al., 2018). For 

example, positive associations were found with BMI, neuroticism, risk taking, alcohol intake, 

alcohol dependency and depressive disorder, and suggestive positive associations for 

anxiety disorder. A negative association was found with verbal numerical reasoning scores 

(Du Rietz et al., 2018). Whilst these previous studies indicate that the polygenic risks scores 

for ASD and ADHD can predict these phenotypes and other outcomes in target samples, no 

study to date has assessed whether the association between the polygenic risk scores and 

their respective phenotypes varies by location. Therefore, the first aim of this chapter is to 

examine whether associations between polygenic risk scores for ASD and ADHD and their 

respective phenotypes vary geographically. 

4.1.3 Potential geographical risk factors for ASD and ADHD 

For the second aim of this chapter I consider the spatial correlation between ASD and ADHD 

polygenic risk score association maps and a number of risk factor maps. We have selected 

the risk factors to examine based on a combination of previous evidence in the phenotypic 

literature and data availability for our area of interest. The risk factors examined are 

population density, average qualification level of people residing in the area, indices of 

multiple deprivation (IMD), the level of urbanicity and hours of sunshine in that area. 

Population density and level of urbanicity are similar measures and have been used 

interchangeably in the urban-rural literature. IMD is a measure often associated with 

urbanicity as well and could be one of many risk factors associated with urban-rural 

differences. As discussed in chapter 1, living in more urban areas is associated with 

increased risk of ASD (Lauritsen, Pedersen and Mortensen, 2005; Lauritsen et al., 2014; Wu 

and Jackson, 2017) although there is less clear evidence of this for ADHD (van den Berg and 

van den Berg, 2010; Markevych et al., 2014; Vassos et al., 2016). Higher parental education 

level or neighbourhood educational attainment, as well as higher SES, is associated with 
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increased ASD prevalence (Hoffman et al., 2012; Bakian et al., 2015), with the opposite 

findings for ADHD (Vieira et al., 2017). Finally, in the ASD and ADHD literature, there are 

studies suggesting that low levels of vitamin D, or low exposure to sunlight, which in turn 

would result in lower vitamin D levels, are associated with increased risk or prevalence of 

ASD and ADHD (Arns et al., 2013; Vinkhuyzen et al., 2018; Hastie et al., 2019). 

4.2 Methods 

4.2.1 Cohort description and measures 

Chapter 2 describes the ALSPAC cohort in detail. We restricted the samples used in these 

analyses to those residing in the area in and around Bristol at the time measures were 

obtained. After excluding those without the phenotypic, location and genetic data required, 

we included between 4,255 and 6,165 children in the analyses. The collection of genetic 

data is described in detail in chapter 2. 

The measures we used are described in detail in chapter 2. We used parent-reported 

responses on the SDQ (Goodman, 1997) for hyperactivity/inattention scores or measures of 

ADHD. We used two continuous measures to assess ASD. We first used parent reported 

questionnaire responses from the SCDC (Skuse, Mandy and Scourfield, 2005), taken from a 

single time point at age 10.72 (SD=0.12).The other ASD measure is a mean factor score 

derived from 93 measures at multiple time points from 6 months to 9 years (Steer, Golding 

and Bolton, 2010). The factor mean score ranges from -3.62 to 0.70 in this study and a more 

negative score corresponds with more symptoms of ASD. Therefore, for ease of 

interpretation, we flipped the sign of the resulting effect estimates by multiplying them by -

1. We compared results from analyses using these different measures of ASD to see 

whether results were consistent for these measures. Descriptive statistics for these 

outcomes are shown in Table 2.3 in chapter 2. 

We used the child’s sex and age at the time of the outcome measure collected as covariates 

in all analyses. Age was not used in analyses for the mean factor score as it was derived 

from a composite of measures used at multiple time points. 
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4.2.2 Location data and weightings 

We used a regular grid of target locations across three health districts (Southmead, 

Frenchay and Bristol and Weston District Health Authorities) in the old county of Avon in the 

UK, as this was the area where individuals were eligible to participate in ALSPAC. This covers 

the city of Bristol, north Somerset, south Gloucestershire and a section of Bath & north east 

Somerset. These target locations were centroids of hexagons in a grid-like formation across 

a map of this region (Figure 4.1). There were 1,036 target locations in total. 

Figure 4.1 Hexagonal grid of target locations for analysis across Bristol and surrounding 

areas, based on three health districts (Southmead, Frenchay and Bristol and Weston). 

 

We used a function of the inverse Euclidean distances to weight participants’ contributions 

to each analysis, as in chapter 3, which describes this in further detail. These Euclidean 
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distances were calculated between postcode centroids of participant residential locations at 

age 10 and each of the target locations.  

To preserve anonymity when conducting these analyses, the locations were matched, and 

distances calculated by the ALSPAC team who returned anonymised datasets to us for 

analysis. Therefore, we were blinded to the locations and distances to target locations 

associated with each participant. 

4.2.3 Polygenic risk score construction 

The general approach to construction of polygenic risk scores is described in further detail in 

chapter 2. In this study we constructed the risk scores using Plink (version 2) (Purcell et al., 

2007) for each individual in ALSPAC using summary statistics from GWAS for ADHD 

(Demontis et al., 2019) and ASD (Grove et al., 2019). We used genetic data in ALSPAC 

filtered by an imputation score of 0.8 and a MAF of 0.01. After this filtering and selecting 

SNPs where genotype data were available in ALSPAC, SNPs were clumped for LD, using the –

clump command in Plink and an R2 of 0.1. We generated weighted polygenic risk scores for 

each phenotype by summing the number of effect alleles present for each SNP (0, 1 or 2) 

weighted by the beta of that SNP from the discovery sample, using the –score command in 

Plink. We present results for polygenic risk scores constructed at p < 0.5, 1×10-5, 5×10-8 

thresholds in the discovery GWAS, and for the threshold that explained the most variance 

for each of the phenotypes. We did this so that we could see whether results are consistent 

across thresholds and chose thresholds that included many SNPs with the 0.5 pT, genome-

wide significant SNPs in the 5x10-8 pT and a more lenient threshold than genome-wide with 

the 1x10-5 pT. Polygenic risk scores were z-standardised; therefore, results can be 

interpreted as per standard deviation (SD) increase in score. 

4.2.4 Statistical analysis 
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4.2.4.1  Unweighted polygenic risk score analyses 

Initially we conducted analyses which were unweighted to obtain estimates for the 

association of unweighted polygenic risks scores with the phenotype. This allows us to 

compare estimates between unweighted and weighted analyses. All statistical analyses 

were conducted in R (version 3.5.1) (R Team 2016). We used linear regression models to 

assess these associations, including age and gender as covariates. We used the R2 to find the 

pT that explained the most variation in each phenotype, out of 13 different polygenic risk 

scores (see appendices 4.1 to 4.3 for these results) and used these for subsequent analyses 

as described above, along with the other pT polygenic risk scores. 

4.2.4.2 Geographical variation using weighted polygenic risk score analyses 

We then conducted analyses using linear regression models with weights for the inverse 

Euclidean distance of each participant from the target locations. Therefore, we ran a model 

for each of the target locations with weights for each participant for that particular target 

location. We ran a total of 1,036 models, corresponding to the 1,036 target locations. We 

compared the spatial distribution of results for different pT with the Lee statistic, from the 

spdep R package (version 1.1-2) (Lee, 2001, 2004; Bivand and Wong, 2018). This is a global 

bivariate spatial correlation test, which gives results that are interpretable as a correlation 

coefficient, where a higher positive value indicates that two spatial distributions are 

increasingly similar and are positively associated and a negative value indicates a negative 

correlation. 

4.2.4.3 Maps of environmental measures 

To assess whether any environmental measures corresponded to the maps from our results 

we created maps of each environmental measure over the same area, using data from 

external sources. This included data on population density (as density per hectare), average 

qualification level and the level of urbanicity (urban >10,000 population, towns/fringe areas 

and villages or isolated dwellings) from 2001 census data for LSOAs (Office for National 

Statistics, 2011), the IMD from the year 2000 (where a higher number indicates a more 
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deprived area, available from the National Archives) and hours of bright sunshine as a 30 

year annual average (from 1981 to 2010, available for download here: 

https://www.metoffice.gov.uk/research/collaboration/ukcp/download-data). As the data 

for population density and IMD were positively skewed, we log transformed these variables. 

We also compared the spatial distribution of these results to that of the polygenic risk score 

results using the Lee’s L statistic, from the spdep R package (Lee, 2001, 2004; Bivand and 

Wong, 2018). Data were assigned to the same hexagonal grids that were used for the 

polygenic risk score maps to allow for comparisons. Values for these variables were 

assigned based on where the centroid of each hexagon fell within the different output 

areas. Table 4.1 presents the range (or percentage in each category) of each of the 

measures used within our sample in ALSPAC.  

Table 4.1 Summary of environmental measures used for ALSPAC participants 

Measure Output area Range of data in the Bristol 

and surrounding areas or 

percentage (%) in each 

category 

Population density (density 

per hectare) 

Census lower super output 

area 

0.23 – 114.07 

Average qualification level Census lower super output 

area 

0.72 – 3.37 

Level of urbanicity Census lower super output 

area 

Villages = 58.01% 

Towns/fringe = 7.24% 

Urban (>10k) = 34.75% 

Indices of multiple 

deprivation 

Ward 4.55 – 66.80 

Hours of bright sunshine 1-kilometre grid over United 

Kingdom 

1475.96 – 1640.55 

 

4.3 Results 
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4.3.1 Unweighted polygenic risk score analysis 

Results for the unweighted polygenic risk score analyses are presented in appendices 4.1, 

4.2 and 4.3 for symptoms of ADHD, symptoms of ASD (from SCDC) and the mean factor 

score for ASD, respectively. The pT which explains the most variance in the respective 

phenotypes are 0.5 for symptoms of ADHD (N=5,258), 0.1 for symptoms of ASD (from SCDC) 

(N=5,200) and 0.5 for the mean factor score for ASD (N=7,505). Therefore, we have 

presented results for these pT along with the other selected pTs. The unweighted results for 

these pT are shown in Tables 4.1, 4.2 and 4.3 for symptoms of ADHD, symptoms of ASD 

(from SCDC) and the mean factor score for ASD, respectively. GWAS results for ADHD were 

also available in a subset of participants with European ancestry. The polygenic risk scores 

created with the summary statistics from this GWAS generally explain less variance in ADHD 

than the full GWAS results, however we have presented the maps for these results in 

Appendix 4.4 for comparison. 

Table 4.2 Polygenic risk score analyses for symptoms of ADHD for each of the 13 polygenic 

risk scores. 

Polygenic risk 

score threshold 

Estimate Lower CI Upper CI P-value R2* 

5×10-8 0.06 0.00 0.12 0.06 0.001 

1×10-5 0.09 0.03 0.15 0.002 0.002 

0.5 0.23 0.18 0.29 8.25x10-15 0.01 

* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included 
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Table 4.3 Polygenic risk score analyses for symptoms of ASD (from SCDC) for each of the 13 

polygenic risk scores. 

Polygenic risk 

score threshold 

Estimate Lower CI Upper CI P-value R2* 

5×10-8 0.05 -0.04 0.15 0.28  0.0003 

1×10-5 0.01 -0.08 0.11 0.76 0.00001 

0.1 0.09 0.00 0.19 0.06 0.0007 

0.5 0.09 0.00 0.18 0.06 0.0007 

* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included 

Table 4.4 Polygenic risk score analyses for the mean factor score for ASD for each of the 13 

polygenic risk scores. 

Polygenic risk score 

threshold 

Estimate Lower CI Upper CI P-value R2* 

5×10-8 0.004 -0.004 0.011 0.37 0.0002 

1×10-5 0.001 -0.007 0.008 0.90 0.000003 

0.5 0.012 0.004 0.020 0.003 0.001 

* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included 

4.3.2 Weighted polygenic risk score analyses 
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Results from the weighted polygenic risk scores for symptoms of ADHD (N=4,309) are 

presented in the maps in Figure 4.2 (a-c) (pT: 5x10-8, 1x10-5 and 0.5, respectively). These 

results indicate firstly that results do not appear to be consistent across the thresholds used 

as the patterns of low and high estimates vary.  However, if we focus on the polygenic risk 

score that explains the most variance (pT=0.5) , then we observe that the south west has 

lower genetic influence compared to areas in the east and north, with the area within the 

city of Bristol (outlined in white) having mostly higher genetic influence, but with some 

variation. Results from the European GWAS polygenic risk scores in Appendix 4.4 show very 

similar results for pT 5x10-8 and 0.5, but there are more noticeable differences for pT 1x10-5 

for areas in the east. However, this does suggest similar results regardless of ancestry in the 

GWAS for ADHD.
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Figure 4.2 Mapping the association of the polygenic risk score for ADHD with symptoms of ADHD shows a lack of consistency in results across 

different p-value thresholds over the area of Avon 

 

Geographical variation in genetic influences ranging from low (blue) to high (red). Histograms show the distribution of effect estimates, coloured in the same 

way. 

a b c 
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Results from the weighted polygenic risk scores for symptoms of ASD (from SCDC) (N=4,255) 

are presented in the maps in Figure 4.3 (a-d) (pT: 5x10-8, 1x10-5, 0.1 and 0.5, respectively). 

These results appear to be more consistent across the different pT than for symptoms of 

ADHD, despite the fact that the ASD polygenic risk scores explain less variance than the 

ADHD polygenic risk scores. We generally see that the more south-westerly areas have 

greater effect estimates than those in the east, as do the areas in the north west. Low 

estimates are also seen around the very south west area of Weston-super-Mare and this is 

most apparent for the 0.5 pT. The area within the city of Bristol shows within city variation, 

with the more north west areas having higher estimates compare to the south east areas of 

Bristol.
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Figure 4.3 Mapping the association of the polygenic risk score for ASD with symptoms of ASD shows consistent variation across the p-value 

thresholds over the area of Avon 

 

Geographical variation in genetic influences ranging from low (blue) to high (red). Histograms show the distribution of effect estimates, coloured in the same 

way. 

a b c d 
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Results from the weighted polygenic risk scores for the mean factor score for ASD (N=6,165) 

are presented in the maps in Figure 4.4 (a-c) (pT: 5x10-8, 1x10-5 and 0.5, respectively). These 

results appear to be less consistent across the different pT than for the ASD measure at age 

10, above. However, there do appear to be some consistencies, the south west region 

around Weston-super-Mare, like for the other ASD measure is relatively higher at lower pT 

compared to other regions, and lower at the higher pT. The east has generally low values 

compared to the west and northern areas, which is also similar to the other ASD measure. In 

addition, for this measure we also see within city variation for Bristol, with the more north 

west areas having higher estimates compared to the south east areas of Bristol, for the 

higher pT.
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Figure 4.4 Mapping the association of the polygenic risk score for ASD with the mean factor score of ASD symptoms shows some consistency in 

variation across the p-value thresholds over the area of Avon 

 

Geographical variation in genetic influences ranging from low (blue) to high (red). Histograms show the distribution of effect estimates, coloured in the same 

way. 

a b c 
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Whilst it may appear as though there are consistencies or inconsistencies between the 

different maps, we can formally compare the maps across the different pT for each trait 

using a spatial correlation measure such as the Lee’s L statistic. Results for this analysis are 

presented in Table 4.4. We can see that, as we observed visually, the results for symptoms 

of ADHD are not strongly spatially correlated across the pT globally, although the maps for 

pT 5x10-8and 1x10-5 are more correlated than the maps for pT 1x10-5 and 0.5. For ASD, 

stronger associations were observed for the SCDC assessed measure, across all pT (Lee’s 

statistic=0.57 to 0.81), indicating the patterns we observe are fairly consistent. For the mean 

factor score for ASD, the correlations are weaker (Lee’s statistic=-0.22 to 0.07). 

Table 4.5 Lee statistic test results for polygenic risk score maps across different p-value 

thresholds, using Monte-Carlo simulation with 10,000 permutations. 

 Monte-Carlo simulation of Lee’s L statistic, 

with 10,000 permutations (p-value) 

ADHD 5x10-8 and ADHD 1x10-5 0.14 (p=0.001) 

ADHD 1x10-5 and ADHD 0.5 -0.008 (p=0.96) 

ASD 5x10-8 and ASD 1x10-5 0.57 (p<1.00x10-04) 

ASD 1x10-5 and ASD 0.1 0.61 (p<1.00x10-04) 

ASD 0.1 and ASD 0.5 0.81 (p<1.00x10-04) 

ASD (mean factor score) 5x10-8 and ASD 

(mean factor score) 1x10-5 

0.07 (p<1.00x10-04) 

ASD (mean factor score) 1x10-5 and ASD 

(mean factor score) 0.5 

-0.22 (p<1.00) 

ASD=Autism Spectrum Disorder, ADHD=Attention Deficit Hyperactivity Disorder 



 102 

4.3.3 Risk factor maps and comparison of spatial distributions 

Maps of population density, average qualification level, IMD, level of urbanicity and hours of 

sunshine are shown in Figures 4.5-4.9, respectively. Results for the Lee test comparing these 

maps with the ASD and ADHD outcome maps, for the pT that explained the most variance 

are shown in Table 4.5. For ADHD, average qualification level (Lee statistic=0.07, p<1x10-04) 

was the most strongly correlated in a positive direction. Hours of sunshine was slightly more 

correlated but in a negative direction (Lee statistic=-0.47, p=1), although the strength of 

evidence for a meaningful association is low and therefore, we do not wish to over-interpret 

this result. There were also negative correlations with urbanicity level (Lee statistic=-0.14, 

p=1), population density (Lee statistic=-0.04, p=1) and IMD (Lee statistic=-0.10, p=1), but 

again the strength of evidence for a meaningful association is low for these results. For the 

SCDC measure of ASD the polygenic risk score map is negatively correlated with those for 

population density (Lee statistic=-0.11, p=1), urbanicity level (Lee statistic=-0.02, p=0.99) 

and IMD (Lee statistic=-0.18, p=1), although the strength of evidence for a meaningful 

association for these results is also low. There were positive correlations with average 

qualification level (Lee statistic=0.07, p<1x10-04) and hours of sunshine (Lee statistic=0.57, 

p<1x10-04). Finally, for the mean factor score for ASD, there were negative correlations with 

IMD (Lee statistic=-0.19, p=1), hours of sunshine (Lee statistic=-0.12, p=1) and urbanicity 

level (Lee statistic=-0.05, p=1), but again the strength of evidence for a meaningful 

association for these results is low. There were positive correlations with average 

qualification level (Lee statistic=0.13, p<1x10-04) and population density (Lee statistic=0.001, 

p=0.44), although the strength of evidence for the latter result is low.  
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Figure 4.5 Map of population density for the area of recruitment, in and around Bristol. 

 

Log transformed population density ranging from low (light blue) to high (dark blue). The histogram 

shows the distribution of the log transformed population density, coloured in the same way. 
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Figure 4.6 Map of average qualification level for the area of recruitment, in and around 

Bristol. 

 

Average qualification level ranging from low (blue) to high (red). The histogram shows the 

distribution of average qualification level, coloured in the same way. 
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Figure 4.7 Map of Indices of Multiple Deprivation (IMD) for the area of recruitment, in and 

around Bristol. 

 

Log transformed IMD ranging from low (light blue) to high (dark blue). The histogram shows the 

distribution of the log transformed IMD, coloured in the same way. 
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Figure 4.8 Map of level of urbanicity for the area of recruitment, in and around Bristol. 

 

Level of urbanicity showing urban (red), towns/fringe areas (purple) and villages (blue). The 

histogram shows the distribution of level or urbanicity, coloured in the same way.  
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Figure 4.9 Map of hours of sunshine (annual average) for the area of recruitment, in and 

around Bristol. 

 

Hours of sunshine ranging from low (blue) to high (red). The histogram shows the distribution of 

hours of sunshine, coloured in the same way. 
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Table 4.6 Lee statistic test results for environmental risk factor maps compared to polygenic 

risk score maps for the score with a p-value threshold that explains the most variance. 

 Monte-Carlo simulation of Lee’s L statistic, with 10,000 permutations (p-

value) 

Log 

transformed 

population 

density 

Average 

qualification 

level 

Log 

transformed 

IMD 

Urbanicity 

level 

Sunshine 

hours (annual 

average) 

ADHD (pT 

0.5) 

-0.04 

(p=1.00) 

0.07 

(p<1.00x10-04) 

-0.10 

(p=1.00) 

-0.14 

(p=1.00) 

-0.47 (p=1.00) 

ASD (pT 

0.1) 

-0.11 

(p=1.00) 

0.07 

(p<1.00x10-04) 

-0.18 

(p=1.00) 

-0.02 

(p=0.99) 

0.57 

(p<1.00x10-04) 

ASD mean 

factor 

score (pT 

0.5) 

0.001 

(p=0.44) 

0.13 

(p<1.00x10-04) 

-0.19 

(p=1.00) 

-0.05 

(p=1.00) 

-0.12 (p=1.00) 

ASD=Autism Spectrum Disorder, ADHD=Attention Deficit Hyperactivity Disorder, pT= p-value 

thresholds, IMD= indices of multiple deprivation 

4.4 Discussion 

In this chapter I looked at how known genetic risk for ASD and ADHD traits varies 

geographically in and around a single city location. We found that there is geographical 

variation in genetic influences, as measured using polygenic risk scores, on both ASD and 

ADHD traits in a localised region. This supports the findings in chapter 3 where we observe 

geographical variation in heritability of ASD and ADHD on a national scale. These results 

were consistent across different pT for the SCDC measure of ASD, but less consistent for the 
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mean factor score for ASD and symptoms of ADHD. Therefore, results for the SCDC measure 

of ASD are probably more reliable.  

4.4.1 Interpreting geographical gene-environment interaction for known genetic risk 

This geographical variation in genetic influence for symptoms of ASD and ADHD 

demonstrates that gene-environment interactions are present when considering known 

genetic risk, from recent GWAS studies, where these environments vary by location. For 

ADHD it is difficult to identify clear patterns across the pT. This is consistent with the map-

wide correlation results which imply very little correlation between the maps. However, the 

maps only display point estimates at each location; it could be that the confidence intervals 

on each point estimate are wide and that each point falls within the 95% confidence 

intervals of the same point on the other maps. We checked this overlap for all the maps 

being compared in the correlation analyses and found that 95% confidence intervals for all 

points overlap with those for the corresponding point on the other map. This was the case 

for the ADHD and both ASD phenotype maps. This would imply that with current estimates 

the patterns are not clear enough to interpret, but with increasingly powerful future GWAS, 

this approach may give more accurate and practically useful estimates. For the SCDC 

measure of ASD, we observe that areas in the south west and north west have greater 

genetic influence than those in the east and the very south-west area of Weston-super-

Mare. Within Bristol itself, we also observe variation in genetic influences, with greater 

genetic influence in the north compared to the south east. For the mean factor score 

measure of ASD the results are less consistent across the different pT. However, similar 

patterns are observed to the SCDC measure, with areas in the south west and north having 

greater genetic influence, compared to those in the east. Again, we observe variation within 

Bristol that is similar to that observed for the SCDC measure of ASD. 

In this chapter I also investigated several examples of what the environments in the gene-

environment interaction might be, based on previous literature about potential risk factors 

and what the results from the twin analyses suggested. To summarise, I found evidence of 

some associations between the polygenic risk score maps and the environmental variables 

examined. Specifically, I found associations between the ADHD polygenic risk score maps 
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and average qualification level, the SCDC ASD measure polygenic risk score maps and 

average qualification level and hours of sunshine and finally the ASD mean factor score 

polygenic risk score maps and average qualification level. Therefore, for many of the 

variables we did not find associations, however the results for average qualification level 

and hours of sunshine may be interesting to examine further. Although findings in chapter 3 

indicated that on a national scale, genetic influences (using twin studies) for symptoms of 

ASD may vary due to risk factors related to population density and/or urban-rural 

differences, we do not observe this on a more localised scale using polygenic risk measures. 

We observe a weak negative correlation between urbanicity level and the polygenic risk 

score association with ASD (Lee statistic=-0.02), which is the opposite to what we might 

expect based on the twin results in chapter 3. However, the strength of evidence for this 

association is low so we cannot draw any strong conclusions for this finding. We observe 

similar correlations for the mean factor score measures. We observe a positive correlation 

between average qualification level and polygenic risk score association with both measures 

of ASD, which could suggest that this risk factor also draws out genetic influence for this 

measure of ASD, which fits with the phenotypic literature (Hoffman et al., 2012; Bakian et 

al., 2015). Qualification level tends to be higher in areas of lower deprivation, so the fact we 

observe opposite correlations for these with the polygenic risk score maps fits with this 

relationship. We also observe a similar finding for ADHD for average qualification level. As 

this is consistent across all measures this may be an interesting relationship to examine 

further in future research, but this finding may indicate that area level education somehow 

draws out genetic influences on these neurodevelopmental traits. Previous phenotypic 

literature suggests opposite effects for ADHD to ASD, but this could indicate that genetic 

and environmental components of aetiology differ for this risk factor for these outcomes. 

However, we must also consider the fact that the ADHD results seem to be less reliable.  

We do observe an interesting relationship between the maps for the SCDC ASD-polygenic 

risk score associations and hours of sunshine, however. This indicates that in areas with less 

sunlight, and therefore lower vitamin D levels, there is less genetic influence. In areas with 

greater levels of sunshine and therefore greater levels of vitamin D, the genetic influence is 

greater. Areas where the exposure is higher may allow genetic variation for ASD to be 

drawn out and this may be why we observe greater genetic influence in these areas. In 
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areas of low exposure this variation is not drawn out and therefore we observe low genetic 

influence here. This could indicate that genetic influences are more important in areas of 

greater sunshine exposure or masked in areas of lower sunshine exposure. This may be 

related to the relationship observed, in previous studies, between vitamin D levels and ASD, 

as well as other neurodevelopmental traits, where pregnancy may be a critical exposure 

period (Cannell, 2017; Vinkhuyzen et al., 2018; Hastie et al., 2019). 

It is difficult to label any of the above correlations as particularly high or low as we are 

looking at correlations with polygenic risk score results that explain small amounts of 

variance in the phenotypes with area-level statistics. Therefore, any results that suggest 

correlations between the polygenic risk score effects and the environmental variables 

should be investigated further before any strong conclusions are drawn. 

Whilst we have begun to examine some of the potential risk factors from the phenotypic 

literature, it is important to explore other environments/risk factors that might further 

explain the geographical variation we observe for both ASD and ADHD, as prevalence 

differences and aetiological differences are independent and so these may not be the best 

risk factors to consider. Conducting these analyses with a range of environments, including 

those not previously discussed in the literature, would be most useful to see whether there 

are unknown interactions present. 

4.4.2 Limitations of this approach 

Whilst we observe geographical variation in genetic influences in this study, there are 

several considerations to take into account when interpreting these results. Firstly, we 

restricted our analyses to participants within ALSPAC that lived in the area of recruitment at 

the time the measure was taken, therefore excluding any participants that had migrated out 

of the area, which may bias our results. For example, migration could occur due to 

underlying genetic risk for a trait in parents, which in turn will influence the geographical 

patterning for offspring genetic risk. Furthermore, for two of the measures, these are taken 

from data collected at age 10 which may result in us missing information where participants 

could later develop these symptoms or had them earlier, but these symptoms were not 
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apparent at the time. Although, for ASD and ADHD it is likely that symptoms will be 

apparent by this age. The mean factor score for ASD overcomes this issue somewhat as 

measures were taken from a range of timepoints, although it still does not include later 

timepoints and we do not have such a measure for ADHD. There will also be measurement 

error in the effects estimated for individual DNA variants used to construct the polygenic 

risk scores and the parent-reported phenotypic data we use, which could also bias results. 

Another limitation is that there may be selection bias related to underlying genetic risk for 

outcomes. In a recent paper, polygenic risk scores for a number of traits, including ADHD, 

were created for participants in ALSPAC and it was shown that increased genetic risk for 

ADHD was associated with decreased participation in ALSPAC studies, which may result in 

an underestimation of the association (Taylor et al., 2018). 

Finally, the accuracy of the polygenic risk score can be influenced by a number of factors. 

The sample size used here is relatively small compared to the discovery sample size and 

using a larger sample may give us greater power to more accurately estimate associations 

(Dudbridge, 2013). Although in this study we are not directly interested in the effect 

estimates from these associations, having greater power would increase the reliability of 

the patterns we observe in the maps. This may be particularly true for ADHD where we 

observe inconsistencies, although the polygenic risk scores for ADHD explain more of the 

variance in the outcome than those for ASD do, therefore it may just be the case that 

geographical variation in genetic influences are less apparent or non-existent for ADHD. 

Other factors that can influence the accuracy of the polygenic risk score include the 

discovery sample size, the genetic architecture as determined by the number of causal 

variants and associated effect sizes and potential pleiotropy (Dudbridge, 2013; Maher, 

2015). Varying the pT for inclusion of SNPs in polygenic risk score construction will also 

influence accuracy, where including more SNPs may increase the variance explained in a 

trait but it will also include false-positives and create noise in the score. However, here we 

have tried to overcome this by modelling associations using different pT for construction of 

these scores. Additionally, GWAS results tend to be population specific and genotyping 

arrays also tend to be based on SNPs from European ancestry samples and therefore these 

results cannot be generalised to other populations (De La Vega and Bustamante, 2018).  
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4.4.3 Future directions 

Future research could attempt to replicate these findings in other locations and with 

different measures for ASD and ADHD to see how consistent these findings are. It would 

also be useful to consider other environments in these geographical gene-environment 

interactions. Whilst it is useful to look at those already suggested for geographical variation 

in prevalence/risk of ASD and ADHD, the strength of this approach is that it has the 

potential to identify previously unknown environmental risk factors on aetiology. This could 

be addressed in a systematic way, for example running spatial correlation analyses for 

hundreds or thousands of environments. A variety of data could be linked into these area 

maps as we have demonstrated here. This would help us to improve our understanding of 

the aetiology of both ASD and ADHD and if certain risk factors showed strong correlations 

these would warrant further investigation. For example, our finding of a strong correlation 

between hours of sunshine and polygenic risk score associations with ASD could be explored 

further to confirm this association and to try and find the biological mechanism behind this. 

Being able to identify such mechanisms could lead to interventions that may help improve 

symptoms of ASD and ADHD. For example, if the mechanism for hours of sunshine was 

related to vitamin D levels during pregnancy or early childhood, vitamin D supplements may 

be useful as an intervention during these periods. 

4.5 Chapter summary 

Our results demonstrate that there is geographical variation in known genetic influences for 

symptoms of both ASD and ADHD in a single city location. This variation, for ASD, could be 

partially explained by an interaction with hours of sunshine in different areas. Area level 

education may also interact with genetic influences on ASD, as well as ADHD. However 

further environments should be explored and by identifying such factors and how they 

interact with genetic influence this could lead to interventions to help improve symptoms of 

ASD and ADHD.  
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Chapter 5: Examining geographical variation in moderators of gene-

environment interactions 

5.1 Introduction 

In chapter 3 I used an adapted version of the spACE model to investigate how genetic and 

environmental influences vary by geography, therefore investigating GxE and ExE 

interactions. However, GxE and ExE interactions themselves could also vary geographically: 

a GxExE or ExExE model. We were approached by a collaborator from Florida State 

University who was interested in using such a model to examine geographical differences in 

the moderation of reading comprehension by SES. In this chapter I describe how one can 

model this using simulated data and a further adapted version of the spACE model. Being 

able to model geographical variation in such interactions allows identification of areas that 

draw out these interactions. For example, the heritability of a trait such as educational 

attainment could vary by SES, which would be considered GxE, but this interaction could 

also vary by where someone lives, where certain areas may draw this interaction out more 

than other areas and this would be considered GxExE. 

In this chapter, I: 

1. Review previous literature on GxE interactions and how this might indicate that 

GxExE interactions exist 

2. Adapt the spACE model to incorporate GxExE and ExExE interactions 

3. Use simulated data to test this model  

4. Discuss the strengths and limitations of this model 

5.1.1 Previous literature on GxE interactions 

Previous research has shown that genetic and environmental influences on a trait may vary 

within and between populations, independently of another, for example Tropf et al  found 

that genetic influences, as measured by SNP heritability, on the number of children ever 

born, are moderated by both the population participants live in and the demographic birth 
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cohort (indicative of temporal environments) participants are in (Tropf et al., 2017). This 

suggests independent GxE effects, however it is also possible to investigate GxExE 

relationships where the first environment could be a variable such as time or SES and the 

second environment is geographical location. This is useful to examine because effects of 

moderators on genetic and environmental influences on a trait may vary geographically.  

One relationship that has shown potential GxExE is that of IQ and SES. One twin study (319 

twin pairs) in the US found that SES, based on parental education, occupational status and 

income, appeared to moderate the genetic and environmental influences on IQ, as 

measured by the Wechsler Intelligence Scale for Children (WISC) at age 7 (Turkheimer et al., 

2003). In this study in lower SES families the genetic component was low but increased in 

higher SES families. A later study conducted in the UK however, using twin data at multiple 

ages from 2 to 14 (N=8,716 twin pairs), found no evidence of GxE interactions, although 

results suggesting that SES moderates the shared environmental influence, with greater 

shared environmental influences in families with lower SES, were consistent (Hanscombe et 

al. 2012). One suggestion for the difference in GxE findings was geographical differences. 

This supports previous similar studies in Europe (Asbury, Wachs and Plomin, 2005; Van Der 

Sluis et al., 2008; Turkheimer et al., 2017) and Australia (Bates et al., 2016) that also 

contrast findings from most studies conducted in the US (Rowe, Jacobson and Van Den 

Oord, 1999; Taylor and Schatschneider, 2010; Tucker-Drob et al., 2011), although not all 

(Grant et al., 2010). The European studies indicate either that no GxE was present or the 

direction of effect was opposite and therefore this may be indicative of the presence of 

GxExE interactions i.e. that the GxE interaction (with SES) varies by geography so it is 

apparent in some areas but not in others. This is further supported by a meta-analysis of 14 

studies (with a total of 43 effect sizes) examining gene by SES interactions, which found a 

significant difference between findings in the US, of an interaction effect and non-US 

studies, which did not find this effect (Tucker-Drob and Bates, 2016). There could be a 

number of explanations for this ranging from different measures used in different countries, 

for IQ and SES, to societal and environmental differences between countries that cause this 

relationship to vary. For example, one study which found moderation of IQ by school-level 

SES in the US, where greater genetic influences on verbal IQ were found with higher SES and 

greater shared environmental influences with lower SES, suggests that the area a school 
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resides in may be involved in this moderation (Schwartz, 2015). This chapter will describe a 

model that can examine the presence of GxExE. 

5.2 Methods 

We demonstrate our approach to modelling GxExE and ExExE using simulated data within 

the adapted framework.  

5.2.1 Including a continuous moderator model within the spACE framework 

The spACE method (Davis et al., 2012) described in chapter 3 can be generalised to include 

any twin model, such as the continuous moderator model (Purcell, 2002). The continuous 

moderator model estimates the mean and variance of a given trait as follows,  

!"#$ = 	'	 +	)*! 

+#, = (# +	).!)0 +	(1 +	)2!)0 +	(" +	)3!)0 

where a is the additive genetic component c is the shared environmental component, e is 

the non-shared environmental component, M is a moderator variable and ß indicates the 

extent of that moderation. The path diagram for this model is shown in Figure 5.1: 
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Figure 5.1 Continuous moderator model path diagram 

 

A continuous moderator model. Paths from the latent variables A, C and E to the phenotype (for one 

twin) are shown using single headed arrows. The regression coefficients are shown on these paths, 

for example for A this is # +	)4!, where M is a specific moderating environment measured for each 

twin pair and ) indicates the extent of the moderation. The mean of the trait is multiplied by the 

constant 1 shown in the triangle. 

In this model a, c, e, bx, by, bz and bM are estimated, and results are not constrained to add 

up to one. This allows estimation of a specific environment’s moderation of genetic and 

environmental influences on a trait, whilst accounting for main effects of the moderator on 

the mean of the phenotype. By accounting for a main effect of the moderator in the means 

model, this ensures that it is GxE that is modelled and not gene-environment correlation 

between the moderator and outcome. However, GxE in the presence of rGE cannot be 

detected with this model, so this is something to consider. The modified spACE model 

allowed us to run weighted continuous moderator models at each location, estimating the 

mean and variance as above, but with each twin pair’s contribution to this at a location, 

weighted by their inverse Euclidean distance, as described earlier. In this model we would 
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expect there to be variation in the ß weights for A, C and E if there is spatial variation in GxE 

and ExE, which would indicate GxExE and ExExE. 

5.2.2 Using simulated data to test the model 

To test this model (see code in Appendix 5.1) we simulated data using the MASS package in 

R for 40,000 individuals (10,000 MZ and 10,000 DZ twin pairs), where A was specified as 0.5 

and C was specified as 0.2, with the remainder of the variance being explained by E. For this 

simulated data we wanted only the twin pair correlation of the MZ twins in the north of the 

simulated area to be correlated with the moderator. Therefore, MZ data in the south, DZ 

data in the south and DZ data in the north were simulated so that they had a random 

moderator value varying around the mean of 0.7, with a standard deviation of 0.05. 

However, for the MZ data in the north the correlation between twin 1 and twin 2 was linked 

to the moderator by including the randomly generated moderator value as the off-diagonals 

in the covariance matrix when simulating data using the mvrnorm() function (a multivariate 

normal function). This had the effect of causing variation in ACE to be correlated with the 

moderator in the north, but not in the south. Simulated data were used in the weighted 

continuous moderator model in a similar manner to the spACE models described previously. 

In this model the a, c and e paths are estimated as well as moderated paths. To obtain 

moderated A, C and E values for each geographical location, to indicate how the moderated 

path varies geographically, the following expression is defined in the model and then 

evaluated to extract the values (shown for a), where t() indicates a transposed matrix and 

the mean moderator effect of 0.7 (also shown below) is used:  

567,"889:$ = (# + ;:<",#=:,	;#=,96 ∗ )	?:,	=ℎ"	#	7#=ℎ)	%
∗ %	=(# + ;:<",#="<	;#=,96 ∗ )	?:,	=ℎ"	#	7#=ℎ) 

567,"889:$ = (# + 0.7 ∗ )	?:,	=ℎ"	#	7#=ℎ)	% ∗ %	=(# + 0.7 ∗ )	?:,	=ℎ"	#	7#=ℎ) 

Maps can then be created from these results for the A, C and E paths accounting for the 

moderation and for the ß weights of the moderator for each of the paths. Based on this 

simulated data we would expect the estimates for each path to be approximately the same 
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to those we have specified above and for there to be variation in the ß weights for these 

paths. Specifically, we would expect the ß weights to be closer to zero in the south and 

further from zero in the north, as the MZ twin pair correlations in the north only are 

simulated to be correlated with the moderator. 

5.3 Results 

5.3.1 Simulation results 

We found results to be as expected given the simulated data described in the methods, with 

the path estimates being similar to those specified and the ß weights varying spatially. The 

maps for the paths accounting for moderation and corresponding histograms are shown in 

Figure 5.2. The maps and corresponding histograms for the ß weights of the moderator for 

each of the paths are shown in Figure 5.3. 
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Figure 5.2 Maps of A, C and E paths accounting for moderation using simulated data 

 

The estimates for each path range from low (blue) to high (red) in the maps. The histograms below 

show the distribution of the estimates. 
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Figure 5.3 Maps of the ß weights of the moderator for each of the paths using simulated 

data 

 

The estimates for each of the ß weights range from values closer to zero (light grey) to those further 

away from zero (dark grey) in the maps using the absolute values for the weights. The histograms 

below show the distribution of the weights. 

As expected, the values for the moderated paths of A, C and E seen in Figure 5.2 are 

approximately what we expected them to be given the data we simulated. Although there 

appears to be slight variation in the maps for these, the distribution of the data is narrow, as 

indicated in the histograms and therefore the results are as expected i.e. estimates for A are 

around 0.5 and estimates for C are around 0.2 with the remainder, of approximately 0.3 

being explained by E. The variation we are interested in is that of the ß weights, shown in 

Figure 5.3. The ß weights for A, C and E all indicate variation. We observe that in the south ß 

weight values for A, C and E are closer to zero and further from zero in the north, indicating 

that the model works for the simulated data.  
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5.4 Discussion 

These results demonstrate that it is possible to weight continuous moderator models to 

estimate GxExE relationships, such as those described in the introduction with SES and IQ. 

This type of analysis could reveal areas that draw out the moderating effect of the 

environment on aetiology, so with the example of SES and IQ this would be an area where 

SES moderates the genetic (or environmental) influences on IQ to a greater extent than 

other areas. These relationships may be important to model as this could have implications 

for interventions which target the moderator, leading to variation in impact across areas. 

However, it is likely that there is relatively little statistical power to estimate higher order 

interactions, so we would expect very large samples to be required for reliable estimates. 

But with large enough samples it would be theoretically possible to use findings from such 

analyses to help identify potential risk factors that influence the phenotype x moderator 

relationship, which could be useful for interventions and informing policy. 

5.4.1 Limitations of this approach 

The model I have described will, however, suffer from the same limitations as a normal 

continuous moderator model, such as low power to distinguish between moderation of A 

and C (Ken B Hanscombe et al., 2012). By weighting the model to resolve geographical 

differences this low power problem may become even more of an issue, because it further 

reduces the effective sample size. In addition, the assumptions outlined in chapter 3 for 

twin models will also apply here and should be considered when applying the model in 

different contexts. 

5.4.2 Future directions 

It would be useful to apply this model to real data in future research to see how well the 

model works for different relationships, for example with IQ and SES. It may also be useful 

to further test the model using simulated data with sensitivity analyses. For example, using 

models other than the ACE model, such as the ADE model. The values for the mean 
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moderator could also be varied to see what the effect is of this. It would also be interesting 

to see how different sample sizes impact the power of the model to detect an effect and 

possibly using this to derive an ideal sample size for this type of analysis. 

5.5 Chapter summary 

Overall, this model shows the potential for the spACE framework to generalise to other twin 

models, including being able to detect GxExE. We have demonstrated its efficacy using 

simulated data. It is likely to suffer from low power, but with sufficient data it is potentially 

applicable to scenarios such as the apparent geographical variation in the IQ x SES 

relationship outlined in section 5.1.1. 
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Chapter 6: Conducting GWAS of geographical environments 

6.1 Introduction 

In previous chapters I have demonstrated that where we live can cause variation in genetic 

and environmental influences on traits such as ASD and ADHD. I have also looked at 

potential risk factors that may be associated with these geographical differences. However, 

as well as risk factors influencing genetic effects, these risk factors may also be heritable, 

most likely due to covariation with behaviours that are genetically influenced, in what is 

known as the ‘extended phenotype’ or rGE. Therefore, it is useful to know this when looking 

at potential risk factors/environmental variables and GxE as well.  

In this chapter I have conducted GWAS of a range of different environmental measures in a 

large sample of adults residing in the UK, including both social and physical environmental 

measures. Some of the measures I have used have previously been found to be heritable, 

but for others, genetic influences have not been considered so before. 

In this chapter, I: 

1. Conduct GWAS of a number of geographically related variables using the UK Biobank 

cohort and linked in external data to explore the presence of rGE for these variables. 

2. Estimate genetic correlations for these GWAS results. 

3. Identify any potential groupings or trends in these results which may provide insight 

into common factors for these variables 

6.1.1 Previous studies of rGE 

Previous studies have found environmental measures such as SES, controllable, 

uncontrollable, desirable and undesirable life events, and peer relationships to be heritable 

(Plomin and Bergeman, 1991; Vinkhuyzen et al., 2010; Wootton et al., 2017). Other studies 

have looked at environmental measures such as parenting and social support. One of these 

was a meta-analysis of 32 studies of parenting behaviour, where a heritability of 23% was 
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reported and this was mostly unchanged when considering negative (such as anger) or 

positive parental behaviours (such as warm and accepting behaviours) (Avinun and Knafo, 

2014). Quality and quantity of social support is also heritable, with estimates of 55% and 

49%, respectively (Wang et al., 2017). These environmental measures are usually heritable 

to a modest degree, with an average heritability for a range of measures of 27%. 

Environments that are more dependent on an individual’s behaviour tend to be more 

heritable than those considered uncontrollable (Kendler and Baker, 2007).  

Early studies examining associations between genetic variants and environmental measures 

tended to be underpowered and did not find associations. For example, a study which 

involved a two stage design using an initial genome-wide association screening of SNPs with 

pooling on microarrays and subsequent genotyping and association testing for 41 SNPs with 

the Confusion, Hubbub and Order Scale (CHAOS), which is considered to be a measure of 

household confusion, found only one of the 41 SNPs analysed was associated with the 

CHAOS measure (Butcher and Plomin, 2008). They conclude that it is most likely that SNPs 

of small effect contribute to the heritability of environments and therefore studies with 

greater statistical power are needed. Since then a number of studies have been conducted 

which would be considered better powered to detect these effects. 

6.1.2 GWAS of geographically related variables 

Firstly, GWAS of environmental measures have been conducted and genome-wide 

significant hits have been found for dependent stressful life events, which included events 

such as financial difficulties and separation and suggestive SNPs for independent measures 

of stressful life events such as illness and being robbed (Power et al., 2013). A GWAS of 

population density in UK Biobank revealed 12 SNPs reaching the threshold for genome-wide 

significance when correcting for SES and another GWAS of SES found 13 genome-wide 

significant SNPs when correcting for population density (Colodro-Conde et al., 2018). 

Furthermore, GWAS have been conducted for social deprivation and household income in 

the UK Biobank cohort within the older genetic data release. There were four genome-wide 

significant SNPs found for income, although none were found for social deprivation (Hill et 

al., 2016). Of these genome-wide significant SNPs, three of them were replicated in an 
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independent sample. These SNPs were used in another study to create an allelic score which 

was found to be associated with father’s and maternal grandfather’s social class and a 

number of educational measures, including the number of O-levels obtained (Davies et al., 

2015). This study also created a polygenic risk score from the same GWAS and again found 

positive associations with social and educational traits. They finally assessed SNP heritability 

of these traits and found many of them to be heritable, for example number of O-levels had 

a SNP-heritability of 10%. A number of other studies have used molecular data in this way, 

to assess SNP heritability.  

Firstly, in the Power et al study, mentioned above, the total number of stressful life events 

were 29% heritable, dependent life events were 30% heritable and independent life events 

were 26% heritable. Part of these heritability estimates were explained by some measured 

personality traits which lends support to the idea that individuals’ heritable behaviours 

cause them to seek out environments or in this case perhaps perceive life events as more 

stressful than other people (or vice versa). Underreporting of or not reporting life events 

could also impact these heritability estimates (Power et al., 2013). SNP heritability of SES 

has been estimated in a number of studies, for example when examining heritability of SES 

in children, defined by parental education and occupation, estimates were 18-19%, 

depending on the age examined (Trzaskowski et al., 2014). In the Hill et al study discussed 

above, SNP heritability was also estimated for social deprivation at 21% and household 

income at 11% (Hill et al., 2016). Finally, when looking at a similar measure of deprivation in 

a cohort study in Scotland, SNP heritability was estimated to be 18% (Marioni et al., 2014). 

This study also estimated heritability of education to be 21% and general intelligence to be 

29%. This demonstrates that environmental measures also have substantial SNP heritability 

estimates, which are fairly consistent for similar measures across studies.  

Finally, as demonstrated in the Davies et al study, GWAS of such environments can be used 

to create polygenic risk scores. This was also done in a recent study using a polygenic risk 

score for number of years of education, where they found associations of this score with a 

number of other environmental measures, including neighbourhood SES and household 

variables, indicating that genetic variants associated with education also correlate with 

other measures, providing further evidence for rGE (Krapohl et al., 2017). Therefore, genetic 
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data are clearly useful for investigating the contribution of common genetic effects to 

variance in environmental measures.  

These previous studies have generally focused on measures related to SES and indicate that 

these measures may be genetically influenced. If this is the case, then this may be true of 

other variables which seem to be purely environmental. Here we conduct GWAS of a wider 

range of geographically linked environments in a large sample, which will allow us to 

identify environments that are genetically influenced. If such environments are genetically 

influenced, then this may have implications for studies that consider these to be purely 

environmental and may be useful for causal inference. 

6.2 Methods 

6.2.1 Cohort description and measures 

Chapter 2 describes the UK Biobank cohort in detail, as well as the 179 environmental 

measures and genetic data used in this chapter. In summary, the variables we use include 

those related to the UK Biobank Urban Morphometric Platform (UKBUMP) data (greenness, 

terrain, distance to food and health related destinations and land use density), 

meteorological data, census data (which included a number of measures related to 

population density, age, dwelling types, social grades, number of cars, country of birth, the 

effect on activities of a disability, economic activity, ethnic group and general health), 

Townsend deprivation index and former coal mining areas.   

6.2.2 Statistical analyses 

6.2.2.1 GWAS analysis 

We conducted GWAS using BOLT-LMM (version 2.3) (Loh et al., 2015), which uses a linear 

mixed model (LMM) association method. The sample was restricted to individuals of 

‘European’ ancestry, defined by an in-house k-means cluster analysis conducted using the 

first four PCs provided by UK Biobank. The largest cluster from this was used (N=464,708) 
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(Mitchell et al., 2019). To model population structure in the sample we used 143,006 

directly genotyped SNPs, after filtering on MAF>0.01, genotyping rate>0.015, HWE p-

value<0.0001 and LD pruning to an R2 threshold of 0.1 using PLINK (version 2.00). The total 

number of individuals included in each GWAS varied depending on the phenotype of 

interest and are provided in the results section for each analysis (Elsworth et al., 2019).  

Due to population stratification problems that are apparent in the UK Biobank (Haworth et 

al., 2019; Lawson et al., 2019), we attempted to find the best way to counteract this, by 

testing a number of different methods when conducting GWAS. We assessed how well this 

issue was addressed by examining QQ plots and lambda values to check for genomic 

inflation which can indicate population stratification in the sample. For the purposes of 

testing we used the mean NDVI within a 500m radius of the participants home. For this 

there were 17 assessment centres as measures were only obtained in some areas. We tried 

using the following methods (see appendix 6.1 for a comparison of results using these 

different methods): 

• BOLT-LMM 

• Plink, additionally adjusting for 10PCs 

• Plink, additionally adjusting for 20PCs 

• Plink, additionally adjusting for 100PCs 

• Plink, additionally adjusting for 20PCs and distance to assessment centre 

• Plink, additionally adjusting for 40PCs and distance to assessment centre 

• Plink, with meta-analysis by assessment centre and adjusting for distance 

• Plink, with meta-analysis by assessment centre and adjusting for 20PCs 

These GWAS were run on an older release of the UK Biobank genetic data which is imputed 

to the HRC only. We found that the best method was conducting a meta-analysis of GWAS 

conducted for participants attending different assessment centres. However, we also 

wanted to adjust for PCs as they correct for different types of population structure. To find 

the most appropriate number of PCs to adjust for, for all GWAS, using a selection of 

variables from a range of sources (mean NDVI within 500m, distance to GP, distance to take-

away, mean age in census area, mean slope within 1km, a measure indicating houses with 
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over 1.5 people per room in census area, population density, rainfall, Townsend deprivation 

index and hours of sunshine), we ran regression models to obtain the r-squared for 

increasing numbers of PCs in the analysis. We started with one PC and then two PCs and so 

on until we included all 100 PCs. We plotted these results for each measure and found areas 

in the plots where the r-squared started to plateau for most variables (Appendix 6.2). From 

this we selected 15, 25 and 40 PCs to run GWAS for these variables. From this plot we 

hypothesised that results for most variables adjusting for 25 and 40 PCs should be similar 

but for 15 they may be different. If this is the case, then adjusting for 25 PCs should allow 

for adequate adjustment which can be applied to all of the GWAS we run.  

We found that this was the case when running GWAS adjusting for 15, 25 and 40 PCs for 

mean NDVI within 500m, mean age in census area and hours of sunshine) and therefore we 

selected to adjust for 25PCs in subsequent GWAS. We selected to run these using BOLT-

LMM instead of Plink due to the larger sample size available and for a quicker compute 

time. These GWAS and further GWAS ran on all environmental measures were conducted 

with more recently released genetic data, imputed to the HRC, UK10K and the 1000 

Genomes panel (Mitchell et al., 2019). In addition, due to the possibility of removing signal 

that may be important to the phenotypes through stratifying by centre, for example where 

a phenotype may not vary much in a smaller area, we have run the GWAS without 

stratification and meta-analysis, adjusting for 25 PCs. This will allow for comparison 

between the two approaches and results for each approach where there is a trade-off 

between adjusting appropriately for population stratification and reducing the amount of 

potentially informative signal removed. We hypothesise that the stratified and meta-

analysed results will demonstrate less genomic inflation, but fewer genome-wide significant 

SNPs as some SNPs may be related to population stratification, than the unstratified results. 

Therefore, final GWAS were conducted adjusting for covariates for genotype array, sex and 

25 PCs. We conducted both unstratified analyses and analyses stratified by the assessment 

centre participants were recruited in. For the stratified analyses there were a total of 22 

assessment centres, but the number of GWAS ran varied by phenotype depending on data 

availability for the assessment centres. Once we had run GWAS for each assessment centre, 

we removed SNPs with a MAF of less than 0.001, along with any SNPs with missing data. 
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Then we meta-analysed the results using the genome-wide association meta-analysis 

(GWAMA) software (Mägi and Morris, 2010). For the unstratified analyses, we also removed 

SNPs with a MAF of less than 0.001 and any SNPs with missing data. We conducted LD 

clumping on the results as well to obtain the number of genome-wide significant SNPs after 

clumping. 

6.2.2.2 Linkage disequilibrium score regression 

To identify any patterns or clusters in the resulting GWAS data we first used LD score (LDSC) 

regression (Bulik-Sullivan, Finucane, et al., 2015; Bulik-Sullivan, Loh, et al., 2015) to estimate 

genetic correlations between every pair of phenotypes. We used the GWAS results from the 

GWAS which were not meta-analysed and as we examined 179 phenotypes, this resulted in 

15,931 unique correlations and a resulting 179x179 correlation matrix (with 32,041 

elements). For a number of genetic correlation tests, no values were returned. This is likely 

due to the low heritabilities of the traits, resulting in a lack of common genetic variance to 

estimate the genetic covariance. In addition, some correlations were over 1 or under -1. This 

may indicate unreliable estimates, although as the genetic correlation is not constrained to 

be between -1 and 1, then values marginally above 1 or below -1 may be more reliable than 

those further from 1 or -1. To allow for this in subsequent analyses, we have converted any 

correlations above 2 or below -2 to be missing values and anything between 1 or -1 and 2 or 

-2 to be treated as 1 or -1. To examine the resulting correlation matrix further, we first 

constructed a heatmap of correlations using the heatmap.2() function in R. To identify 

groups of variables within these data we also conducted hierarchical clustering using the 

hclust() function in R, to produce a dendrogram.  

6.3 Results 

6.3.1  GWAS of geographical variables 

We ran GWAS for the 179 variables, stratified by centre and adjusting for 25 PCs and then 

meta-analysed these results. An overview of these results are presented in Table 6.1, 

indicating the maximum number of people and assessment centres included in each GWAS 
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meta-analysis (this varied in the meta-analysis for each SNP) and the number of genome-

wide significant hits (p<5x10-8). All variables are quantitative, other than coal mining which 

is a binary trait. The number of centres included in each meta-analysis varied due to lack of 

data in certain areas or small number of participants for a centre for which BOLT-LMM was 

unable to estimate associations. 

The results for the unstratified analyses, also adjusting for 25 PCs, are presented alongside 

the stratified results in Table 6.1, for comparison, indicating the number of people included 

in each GWAS and the number of genome-wide hits (p<5x10-8).  

Table 6.1 Results from GWAS for stratified and unstratified analyses. 

 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Population density 425367 21 0 462920 1 

Sum of cars in the area 427695 19 2 428151 3 

Country of Birth Africa 

Total 

435381 20 3 462920 9 

Country of Birth 

Antarctica and Oceania 

Total 

462920 22 2 462920 33 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Country of Birth Europe 

Channel Islands and Isle 

of Man 

462492 21 1 462920 2 

Country of Birth Europe 

Ireland 

462492 21 0 462920 22 

Country of Birth Europe 

Other Europe Total 

452058 20 0 462920 34 

Country of Birth Europe 

Total 

452486 21 1 462920 11 

Country of Birth Europe 

United Kingdom 

England 

430640 20 3 462920 110 

Country of Birth Europe 

United Kingdom NOS 

439258 19 0 462920 1 

Country of Birth Europe 

United Kingdom 

Northern Ireland 

462920 22 2 462920 7 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Country of Birth Europe 

United Kingdom 

Scotland 

407917 18 71 462920 392 

Country of Birth Europe 

United Kingdom Total 

452486 21 1 462920 29 

Country of Birth Europe 

United Kingdom Wales 

439686 20 7 462920 265 

Country of Birth Middle 

East and Asia Total 

462920 22 1 462920 1 

Country of Birth Other 317775 13 3335 462920 7 

Country of Birth The 

Americas and the 

Caribbean Total 

452058 20 33 462920 40 

Disability Day to day 

activities limited a little 

460444 20 1 462920 19 

Disability Day to day 

activities limited a lot 

462920 22 1 462920 25 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Disability Day to day 

activities not limited 

424156 18 1 462920 34 

Dwelling Type Shared 462920 22 7 462920 1 

Dwelling Type 

Unshared Caravan 

425732 18 73 462920 9 

Dwelling Type 

Unshared Flat Total 

460444 20 0 462920 9 

Dwelling Type 

Unshared house 

bungalow Detached 

439649 20 3 462920 3 

Dwelling Type 

Unshared house 

bungalow Semi 

452486 21 0 462920 5 

Dwelling Type 

Unshared house 

bungalow Terraced 

462920 22 0 462920 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Dwelling Type 

Unshared house 

bungalow total 

444017 19 0 462920 9 

Dwelling Type 

Unshared total 

462920 22 7 462920 1 

Economic Activity 

Economically active 

Fulltime student 

462492 21 0 462920 0 

Economic Activity 

Economically active 

Total 

462492 21 0 462920 1 

Economic Activity 

Economically active 

Unemployed 

442029 20 2 462920 8 

Economic Activity 

Economically inactive 

Total 

462492 21 0 462920 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Ethnic Group Asian or 

Asian British 

Bangladeshi 

414316 17 129 428151 21 

Ethnic Group Asian or 

Asian British Chinese 

426078 19 1 428151 2 

Ethnic Group Asian or 

Asian British Indian 

427695 19 2 428151 4 

Ethnic Group Asian or 

Asian British Other 

Asian 

416684 17 2 428151 2 

Ethnic Group Asian or 

Asian British Pakistani 

428123 20 102 428151 0 

Ethnic Group Black 

African Caribbean Black 

British 

427530 19 36 428151 5 

Ethnic Group Gypsy 

Traveller 

427695 19 2 428151 0 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Ethnic Group Mixed 

Multiple ethnic group 

426078 19 0 428151 4 

Ethnic Group Other 

Ethnic Group 

425485 18 0 428151 7 

Ethnic Group White 401199 19 1 428151 3 

General Health Bad 

health 

462920 22 1 462920 36 

General Health Fair 

health 

460872 21 3 462920 39 

General Health Good 

health 

462492 21 2 462920 12 

General Health Very 

bad health 

462327 21 0 462920 11 

General Health Very 

good health 

400279 20 4 462920 68 

Mean Age 427530 19 0 428151 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Median Age 428123 20 0 428151 3 

Social Grade AB 462920 22 45 462920 182 

Social Grade C1 452058 20 0 462920 1 

Social Grade C2 431579 21 18 462920 125 

Social Grade DE 462920 22 17 462920 61 

Distance to bus stop 137431 7 16 138014 15 

Distance to public 

village hall other 

community facility 

411451 19 0 446865 3 

Distance to job centre 446864 21 1 446865 1 

Distance to college 446864 21 1 446865 4 

Distance to children’s 

nursery 

446281 20 0 446865 0 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to primary 

school 

446864 21 0 446865 0 

Distance to secondary 

school 

438479 20 1 446865 3 

Distance to university 446864 21 0 446865 3 

Distance to factory 436549 19 0 446865 1 

Distance to quarry 

mine 

446281 20 3 446865 1 

Distance to workshop 421717 18 2 446865 0 

Distance to warehouse 437896 19 0 446865 2 

Distance to library 446281 20 0 446865 2 

Distance to bingo 

cinema centre theatre 

concert hall 

438479 20 0 446865 2 

Distance to dentist 446864 21 1 446865 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to GP 446281 20 2 446865 2 

Distance to hospital 446864 21 0 446865 1 

Distance to central 

government service 

446864 21 0 446865 1 

Distance to local 

government service 

446281 20 1 446865 0 

Distance to office 396437 17 0 397021 1 

Distance to bank 446864 21 0 446865 2 

Distance to post office 446281 20 0 446865 1 

Distance to retail 

service agent 

446864 21 2 446865 0 

Distance to parking 438479 20 0 446865 4 

Distance to station 

terminal 

446864 21 1 446865 4 



 141 

 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to electricity 

sub station 

292638 12 32 302954 22 

Distance to landfill 446281 20 1 446865 14 

Distance to power 

station energy 

production 

420707 20 0 446864 0 

Distance to water 

treatment 

446864 21 0 446865 3 

Distance to police 

station 

446864 21 2 446865 2 

Distance to fire station 446864 21 0 446865 20 

Distance to ambulance 

station 

446864 21 1 446865 1 

Distance to parks 16736 1 1651 19249 642 

Distance to industrial 

support 

19249 3 9 19249 9 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to recycling 446864 21 1 446865 4 

Distance to place of 

worship 

446864 21 1 446865 2 

Distance to 

supermarket 

32836 2 1 41067 1 

Distance to 

convenience store 

32836 2 0 41067 0 

Distance to butcher 41067 3 2 41067 2 

Distance to 

greengrocer 

41067 3 0 41067 1 

Distance to fishmonger 41067 3 0 41067 3 

Distance to baker 41067 3 0 41067 1 

Distance to deli 41067 3 2 41067 0 

Distance to 

confectionary 

41067 3 0 41067 0 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to off licence 41067 3 1 41067 0 

Distance to restaurant 32836 2 0 41067 0 

Distance to take away 41067 3 1 41067 0 

Distance to coffee shop 32836 2 0 41067 0 

Distance to sandwich 

bar 

32836 2 0 41067 1 

Distance to public 

house 

32836 2 0 41067 1 

Distance to hotel 41067 3 1 41067 0 

Distance to department 

store 

41067 3 0 41067 1 

Distance to general 

store 

41067 3 2 41067 3 

Distance to newsagent 32836 2 2 41067 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Distance to market 32836 2 1 41067 3 

Greenness NDVI 1000m 

STD 

19174 3 1 19174 0 

Greenness NDVI 1000m 

max 

16663 1 88 19174 100 

Greenness NDVI 1000m 

mean 

18593 2 0 19174 0 

Greenness NDVI 500m 

STD 

320681 15 0 329241 26 

Greenness NDVI 500m 

max 

306763 14 127 329241 14 

Greenness NDVI 500m 

mean 

328659 16 1 329241 28 

Greenness NDVI 500m 

min 

312441 14 3731 329241 6 

Density of law courts 302366 13 19 302950 1 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of prisons 293981 12 224 302950 9 

Density of public 

convenience 

261995 12 1 302950 0 

Density of cemeteries 249553 11 2 302950 1 

Density of religious 

meeting place 

259502 10 1 302950 1176 

Density of community 

service centre 

300436 12 13 302950 2 

Density of household 

waste centre 

300436 12 5142 302950 11 

Density of recycling site 300436 12 8378 302950 31 

Density of CCTV 169529 6 2782 302950 70 

Density of community 

services 

302366 13 1 302950 6 



 146 

 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of further 

education 

282259 13 0 302950 4 

Density of higher 

education 

282122 12 2054 302950 1 

Density of special 

needs establishment 

260770 10 55 302950 6 

Density of other 

educational 

establishment 

302366 13 3 302950 0 

Density of education 300436 12 1 302950 4 

Density of hotel 260353 12 428 302950 425 

Density of wholesale 282865 13 20 302950 11 

Density of recycling 

plant 

231596 9 64 302950 16 

Density of incinerator 187506 7 936 302950 37 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of maintenance 

depot 

229174 10 1973 302950 6 

Density of amusements 253315 11 30 302950 3 

Density of holiday site 288577 12 34 302950 37 

Density of museum 

gallery 

302366 13 1 302950 1 

Density of leisure 

centre 

302949 14 0 302950 1 

Density of zoo theme 

park 

243329 10 1529 302950 496 

Density of beach hut 96431 3 11105 302950 4227 

Density of licensed 

private members club 

290507 13 0 302950 0 

Density of stadium 261995 12 200 302950 32 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of health 

centre 

293981 12 1 302950 0 

Density of health care 

services 

302949 14 0 302950 1 

Density of research lab 275315 10 1 302950 75 

Density of professional 

medical service 

290507 13 103 302950 2 

Density of medical 294564 13 11 302950 17 

Density of animal bird 

marine sanctuary 

225229 9 2307 302950 25 

Density of animal 

centre 

263616 10 2189 302950 4 

Density of broadcasting 282865 13 71 302950 2564 

Density of market 282282 12 1090 302950 116 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of petrol filling 

station 

271475 12 0 302950 0 

Density of shop 302366 13 0 302950 1 

Density of other 

licensed premise 

302366 13 0 302950 4 

Density of ATM 300436 12 10040 302950 1 

Density of storage 302366 13 34 302950 7 

Density of airfield 153399 5 9715 302950 1554 

Density of bus shelter 260648 12 0 302950 0 

Density of transport 302949 14 57 302950 41 

Density of allotment 302949 14 116 302950 42 

Density of heath 239981 10 611 302950 98 

Density of public park 261995 12 2 302950 28 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Density of open space 302366 13 2073 302950 3 

Density of playground 302366 13 34 302950 0 

Density of areas of 

water e.g. lakes 

223222 10 13 302950 29 

Groundfrost 462492 21 0 462920 8 

Humidity 462492 21 0 462920 17 

Rainfall 462492 21 0 462920 21 

Wind 461899 20 1 462920 3 

Snow 462492 21 0 462920 16 

Sunshine 461899 20 0 462920 46 

Temperature 462492 21 0 462920 17 

Townsend deprivation 

index 

462376 22 10 462376 11 
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 Stratified and meta-analysed results Unstratified results 

Phenotype N Number of 

centres 

included in 

the meta-

analysis 

Number of 

genome-

wide 

significant 

SNPs 

N Number of 

genome-

wide 

significant 

SNPs 

Terrain slope 1000m 

max 

431020 20 1 431066 1 

Terrain slope 1000m 

mean 

365165 16 2 431066 6 

Terrain slope 1000m 

min 

431065 21 0 431066 2 

Terrain slope 1000m 

STD 

319614 14 2 431066 2 

Coal mining area 

(231,937 lived in a coal 

mining area) 

NA NA NA 462920 34 

GWAS results, with number of participants included in the GWAS, the number of centres included in 

the meta-analysed GWAS and the number of genome-wide significant SNPs 

STD=standard deviation 

Examples of GWAS results from each category of data (census, met office, coal mining and 

UKBUMP), as well as Townsend deprivation index and population density, which have been 

looked at in other GWAS, are presented and discussed in detail here. For the census 

variables, if we look at general health: bad health, as an example, we can see that in terms 
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of genomic inflation the meta-analysed results show less genomic inflation than the 

unstratified results (QQ plots shown in Figures 6.1a and 6.1b, for meta-analyses and 

unstratified analyses). We also observe that the number of genome-wide significant hits 

vary with 36 in the unstratified analyses and only one in the meta-analysis, after LD 

clumping. If we look at these SNPs we note that these do not overlap. 

Figure 6.1 QQ plots for general health: bad health  

 

QQ plots for the census variable general health: bad health for meta-analysed results (A) and 

unstratified results (B) 

For the met office variables, if we look at hours of sunshine, as an example, we can see that 

in terms of genomic inflation the meta-analysed results show less genomic inflation than the 

unstratified results (QQ plots shown in Figure 6.2a and 6.2b, for meta-analyses and 

unstratified analyses). We also observe that the number of genome-wide significant hits 

vary with 46 identified in the stratified analyses but none in the meta-analysed results, after 

LD clumping.  

A B 
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Figure 6.2 QQ plots for sunshine  

 

QQ plots for the met office variable sunshine for meta-analysed results (A) and unstratified results (B) 

For the coal mining variable, we were unable to conduct meta-analysed analyses fully as I 

encountered problems with these results, likely due to the fact that we are running GWAS 

for centres in areas that may be entirely or mostly former mining areas or not contain any 

former mining areas. Therefore, all values for participants in a centre could be one or zero. 

However, by not stratifying these analyses, this gets around this issue. For the unstratified 

analyses we can see that there is evidence of genomic inflation (QQ plot shown in Figure 

6.3) and we found 34 genome-wide significant SNPs for coal mining areas using this 

approach, after LD clumping. 

A B 
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Figure 6.3 QQ plot for Coal 

 

QQ plot for the coal mine area variable 

For Townsend deprivation index we can see that in terms of genomic inflation the meta-

analysed results show slightly less genomic inflation than the unstratified results, although 

this is still present in the latter (QQ plots shown in Figure 6.4a and 6.4b, for meta-analyses 

and unstratified analyses). We found a similar number of genome-wide significant SNPs in 

both, with 11 in the unstratified analyses and 10 in the meta-analysis, after LD clumping. If 

we look at these SNPs we see that five of these SNPs overlap which would indicate for 

Townsend deprivation index that both approaches give similar results or that there is 

widespread polygenicity. In the previous GWAS of the Townsend deprivation index, one 

study found 13 genome-wide significant SNPs (Colodro-Conde et al., 2018), but the other 

found none (Hill et al., 2016). The former was also conducted in UK Biobank, but they only 

adjusted for four PCs, which may suggest that some of these SNPs were identified due to 

residual genomic inflation. The latter was conducted in a smaller sample of UK Biobank, but 

QQ plots indicated little genomic inflation in this sample, therefore the lack of genome-wide 

significant SNPs in their sample is likely due to lower power to detect these. 
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Figure 6.4 QQ plots for Townsend deprivation index  

 

QQ plots for the Townsend deprivation index variable for meta-analysed results (A) and unstratified 

results (B) 

For population density we can see that in terms of genomic inflation the meta-analysed 

results show less genomic inflation than the unstratified results (QQ plots shown in Figure 

6.5a and 6.5b, for meta-analyses and unstratified analyses). We found only one genome-

wide significant SNP in the unstratified analysis and none in the meta-analysis after LD 

clumping. A previous GWAS of population density identified 12 genome-wide significant 

SNPs (Colodro-Conde et al., 2018), however they only adjust for  four PCs so there may be 

residual genomic inflation in their analyses. 

A B 
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Figure 6.5 QQ plots for population density  

 

QQ plots for the population density variable for meta-analysed results (A) and unstratified results (B) 

Finally, for the UKBUMP variables, if we look at mean NDVI at 500m, as an example, we can 

see that in terms of genomic inflation the meta-analysed results show less genomic inflation 

than the unstratified results (QQ plots shown in Figure 6.6a and 6.6b, for meta-analyses and 

unstratified analyses). We also observe that the number of genome-wide significant SNPs 

vary with 28 in the unstratified analysis and only one in the meta-analysis, after LD 

clumping. If we look at these results, we do not see any overlap between the top SNPs, but 

this is likely to reflect the fact that the stratified analyses are analysing within region 

associations, whereas unstratified analyses allows for between area variation, which may or 

may not be due to population stratification. If we compare this to mean NDVI at 1000m 

approaches we find that there are no genome-wide significant SNPs for either approach but 

note that the number of participants included in these analyses is much less (19,174 for 

1000m compared to 329,241 for 500m in the unstratified analyses) and therefore power is 

decreased. 

A B 
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Figure 6.6 QQ plots for mean NDVI within 500m  

 

QQ plots for the UKBUMP mean NDVI within 500m of participants location variable for meta-

analysed results (A) and unstratified results (B) 

From looking at these example GWAS we can begin to see that the meta-analysed approach 

results in reduced genomic inflation, although in some cases this is still apparent compared 

to the unstratified approach. However, the latter tends to result in a greater number of 

genome-wide significant SNPs, which could be due to residual population stratification. The 

number of genome-wide significant SNPs drops in many cases and therefore we could be 

removing important signal in the stratified approach. 

However, looking at the results overall, we notice that in some cases similar variables have a 

similar number of genome-wide significant SNP, for example the census disability, economic 

activity, general health and dwelling type variables, met office variables, variables for terrain 

and food-related distance measures. However, for others there is a lot of variation in 

measures. For example, greenness measures, ethnic group variables, and country of birth, 

as well as the other distance-based measures and land use density measures vary in the 

number of genome-wide significant SNPs, perhaps reflecting differences in these variables. 

Although for a few of these the number of genome-wide significant SNPs is very large, so 

may be unreliable and for some the meta-analysed results have more hits, which is perhaps 

A B 
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unexpected. It is difficult to identify trends in the results in this way and therefore I have 

looked at genetic correlations between them to try and identify any groupings in the results.  

6.3.2 Genetic correlation of all measures 

Results from the LDSC regression analyses are presented in the heatmap in Figure 6.7. Only 

152 of the original 179 variables are included as for 27 of the variables all of the correlations 

could not be estimated. Furthermore, we have assigned any correlations over 2 or under -2 

as missing data and any between 1 or -1 and 2 or -2 a value of 1 or -1, to remove 

correlations that are likely to be unreliable. These high correlations, as well as any for which 

correlations could not be estimated at all, are likely to be due to low SNP heritabilities. For 

this reason, we have presented SNP heritabilities of all traits in Table 6.2 and note that most 

SNP heritabilities are low, although given the nature of these variables we would not expect 

particularly high heritabilities. We have highlighted SNP heritabilities for variables where 

values of 1.96 times the standard error are not less than zero, as these have more evidence 

to suggest these variables are in fact heritable to a degree and may be interesting to study 

further. Particularly low SNP heritabilities are more likely to result in unstable genetic 

correlations and these. For the 27 variables we removed, these variables seem to have very 

low SNP heritabilities, lower numbers of participants included in the GWAS or seem to result 

in a higher number of genome-wide significant SNPs than we would expect and therefore 

the LDSC regression software is likely to identify these as having low polygenic signal. Those 

that are removed are indicated in Table 6.2 We note that our SNP heritability estimate for 

population density of 0.01 is lower than that for most samples in a previous study (SNP h2= 

0.006-0.24), including UK Biobank (SNP h2= 0.02) (Colodro-Conde et al., 2018). This may be 

due to the removal of some polygenic signal when adjusting for population structure.  

In the heatmap of genetic correlations, we observe that there are particularly high positive 

correlations between some of the distance-based measures for food outlets, which seemed 

to be less correlated with other distance-based measures, for example, which might be 

expected considering that amenities in an area may be located near to each other. The 

meteorological measures for sunshine and temperature seemed to be highly correlated 

with our Townsend deprivation index measure, although sunshine was negatively 
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correlated, and temperature was positively correlated. This could indicate regional 

differences such as between the north and south where meteorological data and 

deprivation will vary, or this could be related to urban areas having higher temperatures 

and also being more deprived areas in some cases. The density of museums/galleries, 

leisure centres, research labs and a number of other measures were also positively 

correlated with the Townsend deprivation index, which is interesting but could reflect more 

built up areas having more of these facilities. Interestingly, some seemingly similar 

measures, such as the different greenness measures were not strongly correlated. However, 

it can be difficult to interpret the heatmap with so many variables and therefore we have 

conducted analyses to try and identify clusters of similar variables.
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Figure 6.7 Correlation matrix from LDSC regression genetic correlations of geographically related phenotypes 

 

Heatmap of genetic correlations. Yellow indicates values labelled as NA/missing. Negative correlations are blue and positive correlations are pink. Lighter colours represent smaller correlations and darker colours represent higher correlations.  
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Table 6.2 SNP-based heritability estimates for all 179 variables. 

Phenotype SNP h2 SE 

Sum of cars in the area 0.0148 0.0013 

Country of Birth Africa Total 0.0179 0.0016 

Country of Birth Antarctica and Oceania Total 0.0382 0.0020 

Country of Birth Europe Channel Islands and Isle of Man 0.0101 0.0011 

Country of Birth Europe Ireland 0.0296 0.0018 

Country of Birth Europe Other Europe Total 0.0324 0.0020 

Country of Birth Europe Total 0.0254 0.0017 

Country of Birth Europe United Kingdom England 0.0089 0.0019 

Country of Birth Europe United Kingdom NOS 0.0183 0.0014 

Country of Birth Europe United Kingdom Northern Ireland 0.0020 9.00E-04 

Country of Birth Europe United Kingdom Scotland 0.0123 0.0023 

Country of Birth Europe United Kingdom Total 0.0317 0.0019 

Country of Birth Europe United Kingdom Wales 0.0031 0.0013 

Country of Birth Middle East and Asia Total 0.0116 0.0014 

Country of Birth Other 9.00E-04 0.0010 
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Phenotype SNP h2 SE 

Country of Birth The Americas and the Caribbean Total 0.0361 0.0020 

Disability Day to day activities limited a little 0.0221 0.0016 

Disability Day to day activities limited a lot 0.0326 0.0018 

Disability Day to day activities not limited 0.0319 0.0018 

Dwelling Type Shared 0.0152 0.0014 

Dwelling Type Unshared caravana -3.00E-04 9.00E-04 

Dwelling Type Unshared Flat Total 0.0240 0.0016 

Dwelling Type Unshared house bungalow Detached 0.0144 0.0013 

Dwelling Type Unshared house bungalow Semi 0.0187 0.0015 

Dwelling Type Unshared house bungalow Terraced 0.0103 0.0012 

Dwelling Type Unshared house bungalow total 0.0244 0.0016 

Dwelling Type Unshared total 0.0152 0.0014 

Economic Activity Economically active Fulltime student 0.0046 0.0010 

Economic Activity Economically active Total 0.0049 0.0012 

Economic Activity Economically active Unemployed 0.0295 0.0017 

Economic Activity Economically inactive Total 0.0049 0.0012 



 163 

Phenotype SNP h2 SE 

Ethnic Group Asian or Asian British Bangladeshi 0.0020 0.0010 

Ethnic Group Asian or Asian British Chinese 0.0113 0.0015 

Ethnic Group Asian or Asian British Indian 0.0052 0.0016 

Ethnic Group Asian or Asian British Other Asian 0.0096 0.0019 

Ethnic Group Asian or Asian British Pakistani 5.00E-04 0.0012 

Ethnic Group Black African Caribbean Black British 0.0111 0.0018 

Ethnic Group Gypsy Traveller 0.0015 9.00E-04 

Ethnic Group Mixed Multiple ethnic group 0.0203 0.0017 

Ethnic Group Other Ethnic Group 0.0140 0.0014 

Ethnic Group White 0.0152 0.0018 

General Health Bad health 0.0367 0.0019 

General Health Fair health 0.0360 0.0019 

General Health Good health 0.0136 0.0015 

General Health Very bad health 0.0253 0.0017 

General Health Very good health 0.0436 0.0022 

Mean Age 0.0113 0.0013 
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Phenotype SNP h2 SE 

Median Age 0.0133 0.0014 

Social Grade AB 0.0733 0.0029 

Social Grade C1 0.0059 0.0011 

Social Grade C2 0.0647 0.0026 

Social Grade DE 0.0529 0.0024 

Coal 0.0222 0.0019 

Distance to bus stop 0.0076 0.0034 

Distance to public village hall other community facility 0.0022 0.0011 

Distance to job centre 0.0052 0.0019 

Distance to college 0.0054 0.0012 

Distance to children’s nursery 0.0030 0.0011 

Distance to primary school 0.0046 0.0011 

Distance to secondary school 0.0040 0.0010 

Distance to university 0.0082 0.0016 

Distance to factory 0.0064 0.0011 

Distance to quarry mine 0.0015 0.0011 
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Phenotype SNP h2 SE 

Distance to workshop 0.0039 0.0010 

Distance to warehouse 0.0032 0.0012 

Distance to library 0.0060 0.0012 

Distance to bingo cinema centre theatre concert hall 0.0061 0.0012 

Distance to dentist 0.0046 0.0010 

Distance to GP 0.0041 0.0010 

Distance to hospital 0.0035 0.0013 

Distance to central government service 0.0060 0.0012 

Distance to local government service 0.0040 0.0012 

Distance to office 0.0036 0.0010 

Distance to bank 0.0050 0.0012 

Distance to post office 0.0032 0.0011 

Distance to retail service agent 0.0030 0.0013 

Distance to parking 0.0038 0.0013 

Distance to station terminal 0.0070 0.0013 

Distance to electricity sub station 0.0077 0.0021 
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Phenotype SNP h2 SE 

Distance to landfill 0.0111 0.0014 

Distance to power station energy production 0.0023 0.0014 

Distance to water treatment 9.00E-04 0.0011 

Distance to police station 0.0050 0.0011 

Distance to fire station 0.0065 0.0014 

Distance to ambulance station 0.0037 0.0012 

Distance to parks 0.0102 0.0215 

Distance to industrial support 0.0124 0.0225 

Distance to recycling 0.0031 0.0012 

Distance to place of worship 0.0033 0.0011 

Distance to supermarket 0.0243 0.0117 

Distance to convenience store 0.0296 0.0107 

Distance to butcher 0.0301 0.0114 

Distance to greengrocer 0.0485 0.0114 

Distance to fishmonger 0.0352 0.0117 

Distance to baker 0.0148 0.0121 
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Phenotype SNP h2 SE 

Distance to deli 0.0390 0.0120 

Distance to confectionary 0.0246 0.0115 

Distance to off licence 0.0342 0.0107 

Distance to restaurant 0.0163 0.0117 

Distance to take away 0.0039 0.0107 

Distance to coffee shop 0.0109 0.0110 

Distance to sandwich bar 0.0271 0.0121 

Distance to public house 0.0336 0.0108 

Distance to hotel 0.0349 0.0113 

Distance to department store 0.0394 0.0120 

Distance to general store 0.0552 0.0121 

Distance to newsagent 0.0070 0.0114 

Distance to market 0.0414 0.0112 

Greenness NDVI 1000m STD -8.00E-04 0.0229 

Greenness NDVI 1000m maxa 0.0267 0.0273 

Greenness NDVI 1000m meana -0.0093 0.0233 
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Phenotype SNP h2 SE 

Greenness NDVI 500m STD 0.0022 0.0017 

Greenness NDVI 500m max 0.0053 0.0021 

Greenness NDVI 500m mean 0.0011 0.0018 

Greenness NDVI 500m min 0.0024 0.0020 

Density of law courts 0.0014 0.0015 

Density of prisons -0.0011 0.0014 

Density of public conveniencea 0.0024 0.0016 

Density of law cemetery -4.00E-04 0.0015 

Density of religious meeting placea 1.00E-04 0.0015 

Density of community service centrea -0.0026 0.0013 

Density of household waste centrea -0.0018 0.0014 

Density of recycling sitea 0.0028 0.0016 

Density of CCTVa -2.00E-04 0.0019 

Density of community services 0.0034 0.0016 

Density of further education 0.0024 0.0016 

Density of higher education -0.0019 0.0014 
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Phenotype SNP h2 SE 

Density of special needs establishmenta -0.0017 0.0015 

Density of other educational establishmenta 0.0051 0.0018 

Density of education 0.0021 0.0017 

Density of hotel 4.00E-04 0.0014 

Density of wholesale -0.0012 0.0014 

Density of recycling planta 9.00E-04 0.0015 

Density of incinerator -0.0015 0.0014 

Density of maintenance depota -4.00E-04 0.0014 

Density of amusementsa 0.0053 0.0015 

Density of holiday site 0.0135 0.0019 

Density of museum gallery 0.0069 0.0016 

Density of leisure centre 0.0029 0.0016 

Density of zoo theme park -0.0013 0.0015 

Density of beach huta 0.0029 0.0017 

Density of licensed private members club 0.0044 0.0016 

Density of stadium -6.62E-05 0.0014 
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Phenotype SNP h2 SE 

Density of health centrea 0.0022 0.0015 

Density of health care services 0.0136 0.0017 

Density of research lab 0.0058 0.0015 

Density of professional medical service 0.0044 0.0015 

Density of medical -0.0012 0.0015 

Density of animal bird marine sanctuarya -0.0018 0.0014 

Density of animal centrea 0.0032 0.0014 

Density of broadcasting -0.0018 0.0014 

Density of marketa -0.0010 0.0015 

Density of petrol filling stationa 4.00E-04 0.0015 

Density of shopa 0.0164 0.0019 

Density of other licensed premise 0.0066 0.0017 

Density of ATM 0.0016 0.0015 

Density of storage 2.12E-05 0.0015 

Density of airfielda -0.0023 0.0014 

Density of bus sheltera 0.0049 0.0019 
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Phenotype SNP h2 SE 

Density of transport 8.00E-04 0.0015 

Density of allotment 0.0021 0.0015 

Density of heath -2.00E-04 0.0015 

Density of public parka 3.00E-04 0.0015 

Density of open spacea 8.00E-04 0.0016 

Density of playground 0.0010 0.0015 

Density of areas of water e.g. lakes 3.00E-04 0.0015 

Groundfrosta 0.0019 0.0013 

Humidity 0.0128 0.0015 

Rainfall 0.0037 0.0013 

Wind 0.0039 0.0012 

Snow 0.0020 0.0014 

Sunshine 0.0116 0.0017 

Temperature 0.0070 0.0015 

Population density 0.0137 0.0015 

Townsend deprivation index 0.0327 0.0016 
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Phenotype SNP h2 SE 

Terrain slope 1000m max 0.0021 0.0013 

Terrain slope 1000m mean 0.0016 0.0013 

Terrain slope 1000m min -7.66E-05 0.0012 

Terrain slope 1000m STDa 0.0031 0.0013 

a= removed from subsequent analyses as all genetic correlations were missing. SNP heritability 

estimates in bold indicate those that have stronger evidence for being heritable as the estimate 

minus 1.96 multiplied by the standard error is more than 0. 

6.3.3 Cluster analysis on the genetic correlation matrix 

The hierarchical clustering revealed a number of separate clusters as indicated in the 

dendrogram in Figure 6.8, where branches that are grouped together further down the 

dendrogram represent clusters of results, based on the genetic correlations. Again, this 

analysis was only conducted on 152 of the original 179 variables and values were converted 

as for the heatmap. In the dendrogram, branches that fuse lower down on the tree indicate 

variables that are considered to be more similar based on their genetic correlations. As we 

move further up the tree and more branches fuse, these may be variables that are quite 

different and therefore it is the lower part of the tree that we are most interested in. 

We found that, generally, variables that were similar in nature tended to cluster together, 

for example neighbourhood mean and median age from the census data clustered together, 

similar distance-based measures for local amenities tended to be clustered together and the 

number of cars in an area and the number of detached houses in an area were in the same 

cluster. However, there were also some more unexpected clusters, for example having the 

census data for neighbourhood measure if economically active and inactive residents in the 

same cluster, although these are negatively correlated with each other. These are likely to 
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be in the same cluster because they are reciprocal of each other as the census data were 

converted to proportions.  
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Figure 6.8 Dendrogram of hierarchical clustering of the genetic correlation matrix. 

 

Dendrogram of hierarchical clustering of genetic correlations between 152 variables. The height (on the y axis) indicates how similar variables are, with those closer to 0 being more similar due to a smaller distance between them. 
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6.4 Discussion 

In this chapter I have examined the presence of gene-environment correlation for a large 

number of geographically linked phenotypes within a large population cohort. Although 

these were area-level characteristics linked to study participants by location, we identified a 

number of genome-wide significant SNPs for many of these phenotypes which indicates that 

these “environmental” variables are also genetically correlated. Although this was not the 

case for all phenotypes, it highlights the importance of taking into consideration the 

possibility of gene-environment correlation when conducting epidemiological studies with 

environmental variables. 

6.4.1 Identifying clusters of results 

We used the GWAS results to estimate genetic correlations between the phenotypes, which 

we then used to examine potential clusters of phenotypes to better understand our results. 

We encountered some issues with the genetic correlations, such as being unable to 

estimate some of these and having values outside of -1 and 1. To tackle these issues in a 

fairly conservative manner we converted any values above 2 or below -2 to be NA/missing 

and converted anything between -2 and -1 and 2 and 1 to a value of -1 and 1 for subsequent 

plots and analyses. It is possible that by doing this we remove variables that are truly 

correlated, but as the estimates are potentially unreliable this would have an effect in the 

clustering analyses. Converting values between -2 or 2 and -1 or 1 to values of 1 may also be 

problematic but we have assumed marginal error is less problematic. However, these 

results should be interpreted in light of this.  

We identified several clusters and note that for some clusters seem to reflect phenotypic 

similarity in the variables, for example distance related measures, where these amenities 

are likely to be closer together geographically, which we would expect. For other clusters 

we might consider there to be an underlying factor that the clusters reflect. For example, 

the number of cars in an area and living in a detached house were clustered together and 

may reflect some sort of SES measure, although these were actually weakly positively 

correlated with the Townsend deprivation index measure used here, where a higher score 
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indicates more deprived areas. However, this could reflect urban-rural differences, where a 

greater number of cars and detached houses are more likely to be found in rural areas. The 

results from the cluster analysis could be useful to look at potential factors underlying these 

groupings and these could be used in future analyses as well. In addition to those already 

mentioned, other strongly correlated results include those relating to good or bad health, 

where very good health seemed to correlate positively with higher social grades and 

negatively with lower social grades, whereas the opposite was observed for very bad health. 

In addition, density of allotments was positively correlated with good health and negatively 

with bad health in an area. These could be some of the relationships that may be interesting 

to follow up.  

6.4.2 Limitations 

Gene-environment correlation analysis with measured genotypes faces several challenges. 

First, when conducting the GWAS with meta-analysis this is useful to tackle the issue of 

population stratification, however, we may be over-adjusting for such effects in this 

approach. The power to detect effects for some of these traits is also reduced, for example, 

for some of the assessment centre GWAS, BOLT-LMM cannot estimate associations in the 

small sample sizes and so we either have no results for these centres or the results we do 

have may not be reliable. This is mostly the case for phenotypes where we have smaller 

samples to begin with, for example some of the UKBUMP phenotypes. The alternative 

software package, Plink, is not able to take into account family structure, so some of the 

sample would be discarded, but it would return estimates for all centres, even those with 

relatively small numbers of participants. This more consistent sample size may be useful in 

comparing results between phenotypes. 

Second, there will be measurement error for the measures we used which may manifest in a 

number of ways. These errors may be non-differential, where measurement error may 

occur, but this is the same across groups of participants, or differential where measurement 

error may differ across groups of participants. The former may result in less precise 

associations, whereas the latter can create biases in the associations depending on where 

the error lies. Much of these data are based on linkage from sources external to UK Biobank. 
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Therefore, there will be a degree of error associated with these because these linked data 

are amalgamated over certain output areas, as opposed to measured characteristic of study 

participants. However, we have used the smallest output areas where possible to reduce 

the effect of this, although as UK Biobank location data are rounded to the nearest 

kilometre there may be error in how these are assigned. The measurement of area-level 

statistics will also have associated measurement error. For example, some of these are 

ascertained through instruments, for example the meteorological and UKBUMP 

phenotypes, which may result in non-differential measurement error. However, data such 

as those from the census data may be biased by factors such as receiving a response and 

response accuracy which may differ across groups depending on the question resulting in 

differential measurement error. 

Another consideration for these results is that selection bias in UK Biobank may result in 

associations that exist in our results, but not in the wider population or vice versa (Hughes 

et al., 2019). This may particularly be the case where there is selection bias based on 

distance to assessment centre (Haworth et al., 2019), although we found that adjusting for 

this in our preliminary analyses did not affect our results. If selection bias is present, 

subsequent analyses, using these results to investigate associations with mental health 

traits would need to consider potential collider bias as well, which could occur if both the 

geographical environment and mental health outcome result in selection in or out of the 

study (Munafò et al., 2018). 

Finally, for the genetic correlations we used LDSC regression and summary statistics from 

the GWAS. We used this method to allow for the number of correlation tests we ran to be 

computationally efficient. However, using this method with the same sample for both 

phenotypes may result in over-fitting and therefore overestimation of the correlations and 

using individual level data may have given us greater power to estimate these correlations. 

Despite these limitations, our study has several strengths, such as the large sample size, the 

detailed consideration of population stratification and the range of sources that we have 

acquired data from. We have added to previous literature on genetic influences on 

environmental traits where only a few GWAS had been conducted, but these GWAS may not 
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have appropriately controlled for population stratification as indicated by adjusting for 

fewer PCs in the analyses, where one study only adjusted for four PCs in UK Biobank 

(Colodro-Conde et al., 2018) and another for 10 PCs in UK Biobank (Hill et al., 2016).  

6.4.3  Comparing the different approaches for GWAS 

We attempted to control for population stratification by adjusting for 25 principal 

components, stratifying GWAS by centre and meta-analysing the results. However this 

approach may be conservative, resulting in underestimation of SNP associations (Lawson et 

al., 2019). Therefore, we also conducted GWAS without meta-analysis, but still adjusting for 

25PCs, to compare the results using the two methods. We found that, as expected, the 

meta-analysed results had less genomic inflation than the unstratified results, but there 

were also generally fewer genome-wide significant SNPs. This was not always the case, for 

example, the number of SNPs in each approach were similar for the number of cars in an 

area, the proportion of detached houses in an area, the terrain measures and some of the 

distance based measures such as distance to bus stop, schools, dentist, emergency services, 

as well as others. It may be that for these measures they are similar within and between 

regions. Whereas, for other variables, such as the meteorological measures these are likely 

to vary by region but not so much within regions and therefore, as we might expect, there 

are less genome-wide significant SNPs with the stratified approach. 

6.4.4 Future directions 

Such a range of environmental phenotypes have not been examined for rGE previously and 

we hope that these novel findings can be used to inform future analyses such as those for 

causal inference. One way in which these results may be used is in Mendelian 

Randomisation analyses where the SNPs identified for many of these phenotypes can be 

used to assess the direction of causality between these and health related outcomes. This 

approach has previously been followed to investigate the causal association between 

population density and schizophrenia. Whilst there was evidence to suggest that genetic 

liability to schizophrenia is causal for living in more populated or lower SES areas, there was 

no evidence for the reverse direction which the authors suggest could be due to a lack of 
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power to detect the effect and therefore this area requires greater exploration (Colodro-

Conde et al., 2018). Mendelian randomisation analyses could be useful for examining 

relationships such as those identified in previous literature between the urban environment 

and mental health traits, such as schizophrenia and autism. However, the role of causality is 

unclear, and we propose that results from our GWAS could be used to tackle causal 

questions such as these. However, we would advise caution when conducting these 

analyses to ensure that the correct methodologies are used to overcome potential issues 

around the high number of SNPs in some cases and also potentially underestimating or 

overestimating the polygenic signal depending on the set of results used. 

Whilst genetic associations with these environmental variables may be useful for causal 

analyses, it is also important to consider other factors which may cause these associations 

to be observed. Firstly, selection bias is apparent in UK Biobank, with only a 5% response 

rate and a healthy volunteer effect, as discussed in chapter 1 (Munafò et al., 2018). In 

addition, distance from an assessment centre will result in selection bias which may be of 

importance to these particular geographical associations. Such selection biases may result in 

under or over estimation of associations in our analyses (Hughes et al., 2019). A recent 

study also found that there is latent geographic structure in the UK Biobank cohort, which 

could result in covariance between genetic variants and outcomes and therefore bias results 

if unaccounted for (Haworth et al., 2019). In this chapter we carefully considered the issue 

of population stratification, but selection bias should still be considered when interpreting 

these results. However, it could be that these are real associations, similar to the drift 

hypothesis discussed in chapter 1, where underlying genetic influences may make someone 

more or less likely to live in a particular area. 

Future research should also focus on building on these GWAS, by conducting further GWAS 

on other environmental measures as more data are made open source. It is important to 

consider a range of phenotypes, including those not obviously related to health outcomes 

from the literature so that currently unknown causal pathways can be identified. Our results 

may also inform the literature on population stratification issues, particularly in relation to 

using UK Biobank. We found that even when adjusting for 25 PCs without stratifying by 

centre there was residual genomic inflation in the GWAS results. Stratifying by centre 
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decreases genomic inflation but it may over adjust for this in some cases. Therefore, it 

would be useful for future research to focus on tackling this problem further, but our 

findings demonstrate that the issue of population stratification needs careful consideration, 

as there is considerable variation between results from the two approaches we use. 

6.5 Chapter summary 

In conclusion, these results support and extend findings that many variables considered 

purely environmental actually have genetic influences. We have shown this for the first time 

with geographically linked area statistics in a large sample. We hope that future research 

takes advantage of these results to interrogate causal relationships between the 

environment and health outcomes.    



 181 

Chapter 7: Discussion  

Where we live can play a complex role in how genetics and the environment influence traits. 

This can be in the form of geographical risk factors interacting with genetic and 

environmental influences or these geographical risk factors themselves being genetically 

influenced. I have explored both of these in my thesis and the results from the different 

chapters, both individually and in combination, increase our understanding of this complex 

interplay and provide a useful basis for future research to understand this further. I have 

used a number of different methods, including weighted twin analyses, weighted polygenic 

risk score analyses, continuous moderator models that incorporate GxExE and ExExE and 

GWAS of geographical environments, to examine geographical GxE and rGE. As well as using 

novel methods, I have also demonstrated that there is geographical GxE present for ASD 

and ADHD on both a national and local scale and begun to consider what these geographical 

environments might be. Although a large focus of my work has been on ASD and ADHD, 

these methods can be applied to other phenotypes. For example, I present an extended 

continuous moderator model which can be used for any phenotype of interest and the 

weighted analyses could also be used similarly. The results from my work on geographical 

rGE can be used to further examine causal pathways/risk factors for traits such as ASD and 

ADHD, as well as others. 

The main findings from each chapter are presented in table 7.1. However, in this chapter I 

will discuss these findings in the wider context of geographical GxE and rGE. 

Table 7.1 Summary of findings in each chapter 

Chapter Main findings 

Chapter 3: Mapping the 

aetiology of ASD and 

ADHD 

• We find geographical variation in both genetic 

and non-shared environmental influences on 

ASD and ADHD in Sweden and the UK 
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• We additionally observe some geographical 

variation in shared environmental influences on 

ADHD in the UK 

• Therefore, geographical GxE and ExE is apparent 

for ASD and ADHD on a national scale, as we 

observe using estimates from twin analyses 

Chapter 4: Investigating 

geographical variation 

in genetic influences in 

ASD and ADHD in a 

single city location 

• We find geographical variation in known genetic 

influences for ASD and ADHD on a localised scale 

• We observe variation within the city of Bristol 

and the surrounding areas 

• These patterns are somewhat different to those 

for twin heritability estimates 

• We find some evidence that geographically 

related risk factors found in the phenotypic 

literature may partially account for this observed 

variation 

Chapter 5: Examining 

geographical variation 

in moderation of gene-

environment 

interaction 

• We develop a method to model GxExE and ExExE 

interactions  

• We demonstrate this using simulated twin data 

Chapter 6: Conducting 

GWAS of geographical 

environments 

• We find evidence of genetic influences on a 

range of geographical environments, which may 

indicate rGE  

• Some of these environments group together 

when considering genetic correlations 
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• These results have applications for causal 

analyses such as MR 

 

7.1 Identifying the presence of geographical GxE 

In chapter’s 3 and 4 I have demonstrated that we can detect the presence of geographical 

GxE using two methodologies, twin analyses and polygenic risk score analyses. In chapter 5 I 

further extended this and presented a method that can detect geographical GxExE and 

ExExE. On a national scale in Sweden and the UK, twin analyses revealed geographical 

variation in genetic and non-shared environmental influences for ASD and ADHD in both 

countries, as well as a small shared environmental influence for ADHD in the UK. However, 

as the latter findings are small and inconsistent with the results in Sweden this should be 

interpreted with caution. It is however possible that there are shared environmental 

influences in the UK analyses due to either differences in the measures used or due to 

geographical, cultural or social factors that differ between the two countries.  

For ASD we observe similar patterns of geographical variation in genetic influences in 

Sweden and the UK, with higher genetic influences in city/urban areas or more densely 

populated areas, suggesting that something in these environments may draw out these 

genetic differences in ASD risk. In the polygenic risk score analyses, in and around the city of 

Bristol we do not observe urban-rural differences, but we do find some interesting 

indications that hours of sunshine may interact with genetic risk, which complements 

previous literature suggesting a link between vitamin D levels and ASD (Cannell, 2017; 

Vinkhuyzen et al., 2018; Hastie et al., 2019). It is unclear whether the patterns we observe 

for non-shared environmental influences in the twin analyses have any similarities between 

Sweden and the UK and future research should attempt to identify what patterns and 

underlying environments may exist.  

For ADHD, the results are less consistent between the two countries, although one possible 

similarity is that more central areas seem to have higher genetic influences. Equally, in the 
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polygenic risk score analyses we also observe inconsistencies between the p-value 

thresholds used. This fits with inconsistencies observed for geographical variation in the 

phenotypic literature but could indicate that geographical GxE is less important for ADHD, 

however this requires further study to determine this.  

The patterns we see for genetic influences for ASD and ADHD in chapters 3 and 4 appear to 

differ. For example, using the twin analyses we observe patterns that seem to indicate 

geographical environments related to urban-rural or population density differences for ASD 

in both Sweden and the UK. However, we do not observe this in a more localised city region. 

Although we might expect to see some similarity in patterns, it may be the case that we do 

not for a number of reasons. Firstly, the measures used are different, so they may be picking 

up different aspects of ASD. Secondly, the polygenic risk score was constructed using SNPs 

for diagnosis of ASD and we look at continuous measures in our analyses. Thirdly, it may be 

that comparing known genetic risk using polygenic risk scores to twin heritability estimates 

results in differences due to missing heritability. It may also be the case that we just do not 

observe this local variation in the national scale because we do not use the same scale of 

data. Therefore, geographical GxE may be different on a national and local scale and we are 

picking up different environments this way. This would mean that both are useful in their 

own way and in combination can help us to identify a range of environments/risk factors. 

Being able to identify specific risk factors or environments may be helpful for identifying 

specific genes that interact with these. However, identifying specific genetic variants can be 

difficult as a genetic variant to study needs to be selected, ideally with a known biological 

mechanism (Thapar et al., 2007). Our results can at least be used to aid selection of 

particular environments to study further, to identify specific interactions. Future research 

should focus on identifying these environments and investigating specific interactions. 

Identifying GxE will be useful for understanding mechanisms between genetics and the 

environment, but it may also have other uses, for example in MR studies where horizontal 

pleiotropy exists to first identify pleiotropy and then estimate causal effects accounting for 

this pleiotropy (Spiller et al., 2018).  



 185 

Results from these types of analyses could be used in future analyses in a number of ways. 

Firstly, they could be used to increase statistical power to detect the association of SNPs 

with these outcomes. This would involve weighting the contribution of individuals in 

analysis, where weightings are derived from how much the local geographical environment, 

of the participant, draws out genetic influences on a phenotype, based on the results from 

the in chapters 3 and 4. For example, where genetic influence for a trait is greater, there will 

be a greater weight associated with an individual residing in that area. This would work best 

where there are greater differences in a trait’s heritability in different areas. Another 

extension of this research would be examining these results over the life course to see 

whether geographical GxE for a trait also varies with time and identifying any critical 

periods, for example in early life for ASD. The approaches outlined here could also be used 

in a multitude of ways using other distance-based metrics, instead of Euclidean distance, for 

weights, for example with measures of time. Finally, for the GxExE/ExExE model presented 

in chapter 5, this could incorporate other models, including bivariate models and other 

family-based models, although interpretation of such results may become more difficult. 

There are limitations with both approaches. As outlined in the methods section, twin 

analyses are subject to a number of assumptions, as with any statistical method. For 

example, with the question of generalizability to the population, there are some studies 

which suggest that being a twin is a risk factor for ASD, such as one study comparing scores 

on the social responsiveness scale between 255 non-twins and 802 twins in the US, where 

male twins had higher scores than non-twins, although the non-twin group was relatively 

small (Ho, Todd and Constantino, 2005). Another study also found higher rates of autism in 

twins compared to non-twin sibling pairs, particularly for MZ twins (Betancur, Leboyer and 

Gillberg, 2002). However, other studies have indicated that this is not the case (Hallmayer et 

al., 2002; Curran et al., 2011). Due to these mixed results, it may be worth considering the 

generalizability of the ASD results to the wider population, although even if being a twin is a 

risk factor for ASD, this should not affect the geographical variation we observe. This risk 

factor has not been reported for ADHD. As for the assumption of assortative mating, a 

number of studies have suggested that there is some evidence of assortative mating in 

parents of children with ASD and ADHD, for example a study examining the correlations 
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between parents for diagnoses of ASD and ADHD in Sweden found phenotypic correlations 

of 0.48 for ASD and 0.45 for ADHD (Nordsletten et al., 2016). 

For both the twin and polygenic risk score analyses we used measures of ASD and ADHD 

that are continuous in order to maximise power. As outlined in chapter 1, autistic traits and 

diagnoses of ASD show genetic and non-shared environmental overlap (Colvert et al., 2015; 

Robinson et al., 2016). There is also genetic overlap between ADHD traits and diagnoses of 

ADHD (Demontis et al., 2019), so the results of our studies are likely to generalise to 

diagnoses of ASD and ADHD. Also, as measurement error is included in the E component of 

twin models, if the measures we used were not valid, we would expect E to be large and 

heritability to be smaller. However, in our twin model results we have high heritabilities for 

ASD and ADHD. The measures we have used for both the twin and polygenic risk score 

analyses have also been validated. However, the variation we observe between the UK and 

Sweden could be a result of differences in the measures used. Using data from different 

raters could also result in different estimates. Here we have tried to avoid this issue by using 

parent reported data for all of our measures. It has been suggested that when the same 

rater is used for both twins in twin analyses, this can lead to overestimation of C (Ronald 

and Hoekstra, 2011). However, as we observe little or no shared environmental influences 

in our analyses this is unlikely to be a problem in our study. 

There could also be measurement error present in the polygenic risk score analyses using 

molecular genetic data, as discussed in chapter 4. The predictive power of the polygenic risk 

score is dependent on the power in the discovery GWAS, which may overestimate the effect 

sizes of many SNPs used to construct the polygenic risk scores, known as Winner’s Curse 

(Kraft, 2008). In addition, the overall variance explained in a trait by these SNPs is often low 

which could partially explain the missing heritability problem between twin and SNP 

heritability estimates and larger sample sizes will likely result in greater variance being 

explained in the future (Manolio et al., 2009; Mayhew and Meyre, 2017). In our work, this 

may be why we observe differences between the twin and polygenic risk score results.  

7.2 Potential geographically related risk factors for GxE 
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In chapter 4 I also examined a number of potential risk factors or environments that may be 

part of the geographical GxE we find for known genetic risk for ASD and ADHD in a localised 

area. These specific factors were examined based on previous phenotypic literature relating 

to increased risk of ASD and ADHD in geographic ‘hotspots’ and data availability (Lauritsen, 

Pedersen and Mortensen, 2005; van den Berg and van den Berg, 2010; Hoffman et al., 2012; 

Arns et al., 2013; Lauritsen et al., 2014; Markevych et al., 2014; Bakian et al., 2015; Vassos 

et al., 2016; Wu and Jackson, 2017; Vieira et al., 2017; Vinkhuyzen et al., 2018; Hastie et al., 

2019). We found that average qualification level in the area was associated with increased 

genetic risk for both ASD and ADHD using measures at around the age of 10. Area-level 

deprivation was associated with decreased genetic influences on ASD and ADHD. We also 

found that a lower level of urbanicity was associated with increased genetic influences on 

ASD and ADHD. However, there was a lack of evidence of association for a number of these 

results so these should be interpreted with caution. We found that the strongest association 

was between genetic risk for ASD at age 10 and hours of sunshine, although the opposite 

was found for the mean factor score. However, there was less evidence for an association 

for the latter. Therefore, this finding might be of interest for further research, but there is 

less evidence to suggest this for the other measures.  

It is important to consider that these measures each have their own limitations. For 

example, we have tried to obtain these around the age of 10, to complement the ages we 

have the outcomes at, but this was not always the case, due to availability of data. In 

addition, the scale the data are available at varies and may not be the most appropriate 

measures for the localised scale we are using, but more detailed geographical data for these 

variables were not available. However, these data are useful in that they are readily 

available and open source, which means that future research can incorporate other 

variables into these analyses. 

These findings are useful in that they start to address the potential environments behind 

the GxE we find. However, in future work it would be useful to examine a much larger 

number of potential risk factors/environments using a more systematic approach so that 

unknown risk factors may be identified. These factors could be related to the built or natural 

environment, they could also be social or cultural influences in different areas or factors 
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related to local authorities, for example. By finding evidence of these factors, we can start 

to understand the mechanisms behind the GxE we find and identify potential causal 

pathways.  

7.3 Identifying the presence of geographical rGE 

Whilst investigating geographical GxE can help us to understand the pathways involved in 

moderating genetic influences, we can examine causality by exploiting what we know about 

rGE of geographical environments. This allows us to investigate gene-environment interplay 

from a different angle which may be useful for causal analyses as well. In chapter 6 I 

demonstrated rGE for a number of different geographically related environments. This 

included variables relating to country of birth and ethnic group of residents in an area, the 

effect on activity from disability of residents in an area, types of housing in an area, general 

health of residents, the social grade and economic activity of residents in an area, distance 

to a number of amenities and facilities in an area, some greenness measures, land use 

density of various facilities, meteorological variables, although mostly for wind speed, 

Townsend deprivation index and some terrain measures. 

Whilst we found evidence for this for many environments, there were also quite a few 

where we did not, including other meteorological measures, a number of land use density 

variables and distance-based variables and some of the census variables. some of these 

environments seemed to be closely related. In total, about 34% of the variables did not have 

genome-wide significant variants in the more conservative meta-analysed approach, but for 

some of these it could be that we are over-adjusting for population structure or there were 

some cases where the sample size was smaller than the rest. However, we may have under-

adjusted for this for some of the traits with a large number of genome-wide significant SNPs 

and residual genomic inflation. We also ran GWAS without stratification over centres, which 

allowed us to compare two different approaches for the same phenotypes. We saw from 

this that generally, as expected, the stratified approach reduces genomic inflation compared 

with the unstratified method, but it is difficult to know if this over-adjusts, so we do not 

suggest one set of results is more reliable than the other, but these points should be 

considered if using for subsequent analyses. Furthermore, the different approaches allow 
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for different types of variation, the meta-analysed approach includes within area variation 

and so SNPs identified from this approach will reflect these within area differences. 

However, the unstratified approach allows for variation between areas and so SNPs 

identified through this method may reflect real variation between areas or population 

structure. 

When interpreting these results, we should consider that despite the limitations mentioned 

above and in chapter 6, we have still detected genetic influences on these environmental 

variables. These may be related to behavioural traits that result in an individual selecting to 

live in an area with specific characteristics or they may indicate an underlying factor for 

some traits that could be related to SES for example. This is easier to consider for 

environments such as housing type, number of cars in an area which could be related to 

neighbourhood SES or living in rural areas, but for variables like wind speed, for example, it 

is more difficult to know what genetically mediated behavioural traits or other underlying 

factor could be guiding this decision. It would be useful to investigate this further for such 

environments as there may be some unknown reason for selecting these environments. 

Variables such as the meteorological measures are less controllable than other measures, 

but we still see some evidence that these are genetically influenced. However, different 

types of error may exist for these different environments, where self-reported measures or 

other measures that could vary due to other influences could result in bias if there is 

differential measurement error and other measures may be subject to non-differential 

measurement error. It is also important to consider the impact of selection bias in the UK 

Biobank cohort, particularly with regard to selection based on geographical location. We did 

include GWAS adjusting for distance to assessment centre in our comparisons of methods 

but found that this had little impact on the results. 

Future research will be able to use these findings to examine the causal relationships 

between geographical environments and health outcomes. SNPs identified through our 

GWAS do not need to be causally associated with the exposure, just robustly associated for 

causal analyses such as MR. As previous mental health literature (outlined in the 

introduction) has identified many, although sometimes mixed, associations between 

geographical location and mental health outcomes, this would be an interesting area to 
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apply these analyses to, although other relationships should also be considered as 

associations with prevalence does not mean this will apply to aetiology.  

7.4 Implications of both geographical GxE and rGE 

It is clear from my thesis that there is a complex interplay between the genetics and 

geographical environments for traits such as ASD and ADHD and this may extend to other 

traits where geographical risk factors have been suggested on prevalence, although this 

does not necessarily mean aetiology will also be influenced. Both GxE and rGE may play a 

role in the development of ASD and ADHD, where rGE may result in selection of residing in 

environments that could be detrimental or protective for genetic and environmental risk of 

these traits. Findings of higher or lower twin heritabilities in certain areas could be due to 

gene-environment interaction as discussed. However active rGE may also influence these 

findings, for example if an underlying genetic predisposition to these traits contributes to 

movement into or out of an area, leading to clustering of individuals with similar genetic 

predispositions. It remains for future studies to examine this further, for example by 

investigating migration patterns in relation to the findings presented here. Future research 

should also aim to identify exactly what environments are involved, but we have been able 

to improve understanding in this area and also start to identify potential factors and ways to 

examine these further. 

7.5 Future considerations for geographical contributions to (mental) health 

In my thesis I have presented results relating to GxE and rGE using novel approaches. Whilst 

these findings are important contributions to the research area, particularly relating to ASD 

and ADHD, there are still many unanswered questions which future research should focus 

on. For example, what other environmental risk factors are important in the aetiology of 

ASD and ADHD? The methods used here allow us to consider geographically related risk 

factors and it will be important to investigate these further, but it will also be important to 

incorporate this with work looking at non-geographically related risk factors, particularly as 

we observe evidence of ExE as well. Additionally, even once we identify potential risk 
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factors there will still be much work around replicating these findings and figuring out what 

the mechanisms and pathways involved are. 

We have identified the presence of rGE in this thesis and these results can be used to start 

to examine causal pathways. The results from the GWAS of geographical environments may 

be used in Mendelian Randomisation analyses to test for causal relationships between these 

environments and a given outcome. For example, looking at the outcomes of ASD and ADHD 

to complement the GxE work, although it would be interesting to apply MR to a range of 

mental and physical health outcomes. By using different approaches, we can begin to collect 

evidence as to what the causes are behind such outcomes and link these all together. 

To build on the work I present here, it would be useful to have increased power for the 

analyses. For example, as we do not detect any shared environmental influences for ASD, 

we could use sibling family model designs, with greater samples, to increase the power to 

detect variation in A and E. In addition, having larger samples for some of the GWAS would 

improve power there. For many of the GWAS we had large sample sizes, but this varied 

depending on the phenotypes examined, so more complete phenotypic data would also be 

beneficial.  

7.6 Conclusion 

The environments in which we live are changing, for example, more people than ever are 

living in urban areas and this will only continue to grow in years to come. Therefore, 

improving our understanding of the complex interplay between genetics and the 

environments is important. In my thesis I have shown that both rGE and GxE are important 

to consider when examining the aetiology of mental health traits such as ASD and ADHD. 

However, in future research it will be important to examine these associations further in 

order to better understand the risk factors involved and the causal pathways these are part 

of.   
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Appendices 

Appendix 1.1 A-TAC questionnaire 

A-TAC: FV 
Child and adolescent version 

This questionnaire is in particular detail focused on a number of abilities and 
behaviours in children. All children are different from one another. This means 
that their abilities in various areas as well as their conduct and behaviour vary a 
great deal. 
To gain as complete a picture as possible of your child, we ask you to answer a 
considerable number of questions. 
Naturally, children function in different ways at different ages. State your 
perception of your child’s functioning as compared to his or her peers. If your 
child has had a certain  problem  or specific characteristic during any period of 

life, answer the question with “yes” even if the problem or characteristic is no 
longer present. 

Name of child/youth:  

  

Date of birth/personal identity number:    

Age:  Sex:    

Date of interview:    

Informant (the person answering the questions):    

Informant’s relationship to the 

child/youth (i.e. mother, father, etc):  

  

Henrik Anckarsäter 

Carina Gillberg 

Christopher Gillberg 

Björn Kadesjö 

Maria Råstam 

Ola Ståhlberg

Developed at the Department of Child and Adolescent 

Psychiatry, Göteborg University 
English translation: Sheila Allein, Henrik Anckarsäter, Christopher Gillberg, Ola 

Ståhlberg 
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A. Motor 

control 
The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

1 Does he/she have problems coordinating movements smoothly?    

 If ”Yes” or ”Yes, to some extent” to this question:    

A1 Is he/she clumsy?    

A2 Is he/she fumbling?    

A3 Does he/she have balance problems?    

A4 Does he/she easily stumble and fall?    

A5 Have the peculiarities or problems relating to motor control caused 
significant 
impairment in school, among peers or at home? 

   

A6 Do the peculiarities or problems relating to motor control cause 
him/her 
significant suffering? 

   

A7 At what age did the peculiarities or problems relating to motor control 
commence? 

Age: 

A8 Are they still present? Yes No 

 
B. Perception The essential aspect of each question is whether the 

problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

2 Does he/she seem disturbed by height differences such as in 
connection with 
climbing stairs etc.? 

   

3 Does he/she have difficulty judging distance or size?    

4 Is he/she oversensitive to touch or tight clothing?    

5 Is he/she particularly sensitive to certain sounds/noise?    

6 Is he/she particularly sensitive to certain flavours, smells, or 
consistencies? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

B1 Does he/she have difficulty comprehending orientation and spatial 
directions, 
e.g. puts clothes on backwards? 

   

B2 Does he/she often bump into other people?    

B3 Does he/she have poor concepts of time?    

B4 Does he/she have difficulty imitating other people’s movements?    

B5 Does he/she have difficulty recognizing people?    
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B6 Have the peculiarities or problems relating to perception caused 
significant 
impairment in school, among peers or at home? 

   

B7 Do the peculiarities or problems relating to perception cause him/her 
significant suffering? 

   

B8 At what age did the peculiarities or problems relating to perception 
commence? 

Age: 

B9 Are they still present? Yes  No    

 
C. 

Concentration 

and attention 

The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

7 Does he/she often fail to pay close attention to details or make careless 
mistakes in schoolwork, or other activities? 

   

8 Does he/she often have difficulty sustaining attention in tasks or play 
activities? 

   

9 Does he/she often seem not to listen when spoken to directly?    

10 Does he/she have difficulty following instructions and finishing tasks?    

11 Does he/she often have difficulty organizing tasks and activities?    

12 Does he/she often avoid tasks that require sustained mental effort 
(such as 
homework)? 

   

13 Does he/she often lose things?    

14 Is he/she easily distracted or disturbed?    

15 Is he/she often forgetful in daily activities?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

C1 Does he/she have difficulty getting started on tasks/activities?    

C2 Does he/she have difficulty completing tasks/activities?    

C3 Have the peculiarities or problems relating to concentration and 
attention 
caused significant impairment in school, among peers or at home? 

   

C4 Do the peculiarities or problems relating to concentration and 
attention cause 
him/her significant suffering? 

   

C5 At what age did the peculiarities or problems relating to concentration 
and 
attention commence? 

Age: 

C6 Are they still present? Yes No  
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D. 

Impulsiveness 

and activity 

The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

16 Does he/she have difficulties keeping his/her hands and feet still or 
can 
he/she not stay seated? 

   

17 Does he/she get up and move about in class or in other situations 
when 
he/she is supposed to remain seated? 

   

18 Does he/she often run around or climb excessively compared to peers?    

19 Does he/she have difficulty playing calmly and quietly?    

20 Does he/she often act as though he/she had “ants in his/her pants”, 
i.e. being 
unable to stay still? 

   

21 Does he/she talk constantly?    

22 Does he/she often blurt out answers to questions before they are 
completed? 

   

23 Does he/she have difficulty waiting for his/her turn?    

24 Does he/she often interrupt, or intrude on, others?    

25 Does he/she easily get bored?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

D1 Is he/she unusually intrepid in physically dangerous situations?    

D2 Have the peculiarities or problems relating to impulsiveness and 
activity 
caused significant impairment in school, among peers or at home? 

   

D3 Do the peculiarities or problems impulsiveness and activity cause 
him/her 
significant suffering? 

   

D4 At what age did the peculiarities or problems relating to impulsiveness 
and 
activity commence? 

Age: 

D5 Are they still present? Yes No  

 

E. Learning The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

26 Has he/she had more difficulties than expected acquiring reading    
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skills? 

27 Is learning slow and laborious for him/her?    

28 Does he/she have difficulties with basic maths?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

E1 Is he/she a slow reader?    

E2 Does he/she dislike reading (e.g. does he/she avoid reading books)?    

E3 Does he/she have difficulties solving maths problems, which require 
him/her 
to read written material? 

   

E4 Does he/she have difficulties understanding or using abstract terms?    

E5 Does he/she have difficulties spelling?    

E6 Does he/she get special education in school?    

E7 Have peculiarities or problems relating to learning caused significant 
impairment in school, among peers or at home? 

   

E8 Do the peculiarities or problems relating to learning cause him/her 
significant 
suffering? 

   

E9 At what age did the peculiarities or problems relating to learning 
commence? 

Age: 

E10 Are they still present? Yes No  

 

F. Planning 

and 

organizing 

tasks 

The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

29 Does he/she have difficulty shifting plan or strategy when this is 
required? 

   

30 Does he/she have difficulty keeping things in order around him/her?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

F1 Does he/she have difficulties understanding consequences of his/her 
own 
actions? 

   

F2 Is he/she dependent and very much in need of support?    

F3 Does he/she find it difficult to take care of his/her personal hygiene, 
his/her 
clothes, and the like? 

   

F4 Does he/she have difficulties in postponing rewards until later and 
finding the 
meaning in things that are not immediately rewarding? 
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F5 Does he/she experience simple, everyday activities as tiring or energy 
consuming? 

   

F6 Have peculiarities or problems relating to planning and organizing 
tasks 
caused significant impairment in school, among peers or at home? 

   

F7 Do the peculiarities or problems relating to planning and organizing 
tasks 
cause him/her significant suffering? 

   

F8 At what age did the peculiarities or problems relating to planning and 
organizing tasks commence? 

Age: 

F9 Are they still present? Yes  No   

 
G. Memory The essential aspect of each question is whether the 

problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

31 Does he/she have difficulties remembering where he/she put things?    

32 Does he/she have difficulties remembering long or multiple-step 
instructions? 

   

33 Does he/she have difficulties learning rhymes, songs, multiplication 
tables etc 
by heart? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

G1 Does he/she have difficulties remembering information about 
personal data, 
such as date of birth, home address etc.? 

   

G2 Does he/she have difficulties remembering the names of people 
around him? 

   

G3 Does he/she have difficulties remembering the names of weekdays, 
months 
and seasons? 

   

G4 Does he/she have difficulties remembering non-personal facts learned 
at 
school (e.g. historic events, chemical formulas etc.)? 

   

G5 Does he/she have difficulty remembering specific events that he/she 
recently 
experienced, e.g. what happened during the day or, what he/she ate 
a few hours ago etc.? 

   

G6 Does he/she have difficulties remembering events that occurred some 
time 
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ago, such as what happened on a trip, what Christmas presents 
he/she got etc.? 

G7 Does he/she have difficulties remembering appointments with peers 
or what 
homework he/she has? 

   

G8 Does he/she have difficulties learning the rules of new games, sports 
etc.? 

   

G9 Have peculiarities or problems relating to memory caused significant 
impairment in school, among peers or at home? 

   

G10 Do the peculiarities or problems relating to memory cause him/her 
significant 
suffering? 

   

G11 At what age did the peculiarities or problems relating to memory 
commence? 

Age: 

G12 Are they still present? Yes No 

 

H. Language The essential aspect of each question is whether the 
problems/characteristics has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

34 Was his/her language development delayed or doesn’t he/she speak 
at all? 

   

35 Does he/she have difficulties sustaining a conversation?    

36 Does he/she like to repeat words and expressions or does he/she use 
words in 
a way that other people find strange? 

   

37 Does he/she have difficulties with games of make-believe or does 
he/she 
imitate others considerably less than other children? 

   

38 Does he/she talk in too high a pitch or too quietly?    

39 Does he/she have difficulties keeping “on track” when telling other 
people 
something? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

H1 Does he/she have difficulties expressing him/herself in whole 
sentences? 

   

H2 Does he/she speak in a monotonous or strange voice?    

H3 Does he/she have difficulties explaining/recounting his/her 
experiences to 
other people? 
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H4 Does he/she have difficulties explaining what he/she wants?    

H5 Does he/she have difficulties speaking fluently, without any pauses?    

H6 Does he/she have difficulties pronouncing complex words?    

H7 Does he/she explain emotions verbally so that other people have 
difficulty 
understanding what he/she means? 

   

H8 Does he/she use strange neologisms, old-fashioned words, or too 
elegant 
words? 

   

H9 Does he/she speak so rapidly that it is difficult to comprehend what 
he/she is 
saying? 

   

H10 Have peculiarities or problems relating to language caused significant 
impairment in school, among peers or at home? 

   

H11 Do the peculiarities or problems relating to language cause him/her 
significant 
suffering? 

   

H12 At what age did the peculiarities or problems relating to language 
commence? 

Age:   

H13 Are they still present? Yes No 

 

I. Social 

interaction 
The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

40 Does he/she have difficulties expressing emotions and reactions with 
facial 
gestures, prosody, or body language? 

   

41 Does he/she exhibit considerable difficulties interacting with peers?    

42 Is he/she uninterested in sharing joy, interests, and activities with 
others? 

   

43 Can he/she only be with other people on his/her terms?    

44 Does he/she have difficulties behaving as expected by peers?    

45 Do other people easily influence him/her?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

I1 Is he/she self-centred?    

I2 Is he/she perceived as different, odd, or eccentric by peers?    

I3 Does he/she have difficulty understanding other people’s social cues, 
e.g., 
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facial expressions, gestures, tone of voice, or body language? 

I4 Does he/she have difficulty understanding the feelings of other 
people? 

   

I5 Does he/she have difficulty showing other people respect?    

I6 Does he/she get overly excited when there are a lot of people around?    

I7 Does he/she often leave in the middle of a conversation, or abruptly 
change 
the topic of a conversation? 

   

I8 Does he/she have difficulty realising how to behave in different social 
situations? 

   

I9 Does he/she inadvertently make a fool of him/herself or does he/she 
make 
embarrassing remarks? 

   

I10 Does he/she often seem to lack common sense?    

I11 Does he/she have difficulty with eye contact?    

I12 Does he/she think that relationships are not very important or does 
he/she 
prefer to be on his/her own? 

   

I13 Is his/her body language awkward, gauche, clumsy, strange or 
unusual? 

   

I14 Does he/she have difficulty interpreting what is conveyed through eye 
contact? 

   

I15 Is his/her gaze stiff, strange, peculiar, abnormal or odd?    

I16 Have peculiarities or problems relating to social interaction caused 
significant 
impairment in school, among peers or at home? 

   

I17 Do the peculiarities or problems relating to social interaction cause 
him/her 
significant suffering? 

   

I18 At what age did the peculiarities or problems relating to social 
interaction 
commence? 

Age: 

I19 Are they still present? Yes No  

 

J. Flexibility The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

46 Does he/she get absorbed by his/her interests in such a way as being 
repetitive or too intense? 
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47 Does he/she get absorbed by routines in such a way as to produce 
problems 
for him/herself or others? 

   

48 Has he/she ever engaged in strange hand movements or toe-walking 
when 
he/she was happy or upset? 

   

49 Does he/she get obsessed with details?    

50 Does he/she dislike changes in daily routines?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

J1 Have peculiarities or problems relating to flexibility caused significant 
impairment in school, among peers or at home? 

   

J2 Do the peculiarities or problems relating to flexibility cause him/her 
significant suffering? 

   

J3 At what age did the peculiarities or problems relating to flexibility 
commence? 

Age: 

J4 Are they still present? Yes No  

 
K. Tics The essential aspect of each question is whether the 

problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

51 Has he/she during any period of life made involuntary sounds such as 
throat 
clearing, sneezing, swallowing, barking, or shouting? 

   

52 Has he/she during any period of life made involuntary facial grimaces 
or body 
movements? 

   

53 Does he/she make a lot of noise, e.g. whistle, hum, mumble?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

K1 Does he/she curse or use dirty words in an exaggerated way?    

K2 Have peculiarities or problems relating to tics caused significant 
impairment in 
school, among peers or at home? 

   

K3 Do the peculiarities or problems relating to tics cause him/her 
significant 
suffering? 

   

K4 At what age did the peculiarities or problems relating to tics 
commence? 

Age: 

K5 Are they still present? Yes No  
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L. Compulsions The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

54 Does he/she have obsessive thoughts, i.e. thoughts that recur over 
and over again and that he/she cannot stop, for example about dirt, 
contagion or that 
something terrible will happen? 

   

55 Does he/she have compulsive behaviours such as washing his/her 
hands, touching things, checking on things, repeating things or 
procedures, arranging 
or ordering things, or counting? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

L1 Have peculiarities or problems relating to compulsions caused 
significant 
impairment in school, among peers or at home? 

   

L2 Do the peculiarities or problems relating to compulsions cause 
him/her 
significant suffering? 

   

L3 At what age did the peculiarities or problems relating to compulsions 
commence? 

Age: 

L4 Are they still present? Yes No 

 

M. Eating 

habits 
The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

56 Has he/she ever failed to gain enough weight for more than a year or 
been 
underweight? 

   

57 Has he/she appeared to be fearful of gaining weight or becoming fat?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

M1 Has he/she dieted hard enough to cause underweight or no weight 
gain for 
any length of time? 

   

M2 Has he/she exercised excessively or has he/she been overly interested 
in 
his/her physical appearance? 
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M3 Females only: Has she failed to menstruate for at least 3 months due 
to weight 
loss? 

   

M4 Has he/she had periods of overeating followed by vomiting?    

M5 Has he/she ever tried to lose weight in spite of already being thin?    

M6 Has he/she ever had anorexia nervosa?    

M7 Have peculiarities or problems relating to eating caused significant 
impairment in school, among peers or at home? 

   

M8 Do the peculiarities or problems relating to eating cause him/her 
significant 
suffering? 

   

M9 At what age did the peculiarities or problems relating to eating 
commence? 

Age: 

M10 Are they still present? Yes No  

 

N. Separations The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

58 Does he/she have difficulties functioning outside the family home?    

59 Does he/she often voice fears that family members may die or get 
hurt? 

   

60 Does he/she have an unreasonable fear of being alone or home alone?    

61 Does he/she have difficulty sleeping if family members are not 
around? 

   

62 Does he/she complain about recurring headaches, bellyaches, nausea 
or 
vomiting after being separated from loved ones? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

N1 Does he/she have difficulty leaving home to go to school for fear of 
being 
separated from his/her family? 

   

N2 Does he/she have recurring nightmares about being separated from 
the 
family? 

   

N3 Does he/she react unusually strongly when friendships or other close 
relationships come, or are about to come, to an end? 

   

N4 Have peculiarities or problems relating to separation caused 
significant 
impairment in school, among peers or at home? 
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N5 Do the peculiarities or problems relating to separation cause him/her 
significant suffering? 

   

N6 At what age did the peculiarities or problems relating to separation 
commence? 

Age: 

N7 Are they still present? Yes No  

 
O+P. 

Defiance/Conduct 

The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

63 Has there ever been a time when he/she was so angry that he/she 
could 
not be reached? 

   

64 Does he/she often argue with adults?    

65 Does he/she often tease others by deliberately doing things that 
are 
perceived as provocative? 

   

66 Is he/she easily offended, or disturbed by others?    

67 Is he/she easily teased?    

68 Does he/she often lie or cheat?    

69 Has he/she ever engaged in shoplifting?    

70 Has he/she ever deliberately been physically cruel to anybody?    

71 Does he/she often get into fights?    

72 Does he/she steal things at home or away from home?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

O1 Does he/she often lose his/her temper?    

O2 Does he/she often refuse to follow other directives from adults?    

O3 Is he/she often vindictive or cruel?    

O4 Does he/she often treat people close to him/her badly or without 
respect? 

   

O5 Does he/she often blame others for his/her own mistakes?    

P1 Does he/she often threaten, harass or humiliate others?    

P2 Is he/she cruel to bugs/insects?    

P3 Is he/she cruel to other animals?    

P4 Has he/she ever started a fire?    

P5 Has he/she ever sexually abused other children?    

P6 Has he/she ever been detained by the police?    

P7 Has he/she ever used a weapon that could cause serious physical 
harm? 
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P8 Has he/she ever robbed anyone or else unlawfully acquired other 
people’s 
property by means of direct threats? 

   

P9 Has he/she ever purposely attempted to destroy other people’s 
property? 

   

P10 Has he/she ever broken into someone else’s home, premises or 
car? 

   

P11 Is he/she often out late at night without consent (beginning before 
13 years 
of age)? 

   

P12 Has he/she ever run away from home and spent the night 
elsewhere at 
least twice (or once if it was for an extended period of time)? 

   

P13 Is he/she often skipping school (beginning before 13 years of age)?    

OP14 Have peculiarities or problems relating to defiance/conduct 
caused 
significant impairment in school, among peers or at home? 

   

OP15 Do the peculiarities or problems relating to defiance/conduct 
cause 
him/her significant suffering? 

   

OP16 At what age did the peculiarities or problems relating to 
defiance/conduct 
commence? 

Age: 

OP17 Are they still present? Yes No  

 

Q. Anxiety The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

73 Does he/she have panic attacks with sudden strong fear or anxiety?    

74 Does he/she fear leaving the house alone, being in crowds, waiting in 
line or 
going on a bus or train? 

   

75 Is he/she often particularly nervous or anxious?    

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

Q1 Is he/she extremely shy and reticent?    

Q2 Is he/she silent in situations where you are not expected to be silent?    

Q3 Is there anything he/she fears doing in front of other people, i.e. 
talking, eating 
or writing (excluding presentations of reports)? 
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Q4 Have peculiarities or problems relating to anxiety caused significant 
impairment in school, among peers or at home? 

   

Q5 Do the peculiarities or problems relating to anxiety cause him/her 
significant 
suffering? 

   

Q6 At what age did the peculiarities or problems relating to anxiety 
commence? 

Age: 

Q7 Are they still present? Yes No  

 

R. Mood The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, 
to 
some 
extent 

No 

76 Does he/she have poor self-confidence?    

77 Does he/she often complain about bellyaches, headaches, breathing 
difficulties 
or other bodily symptoms? 

   

78 Has he/she had recurrent episodes with extremely high activity level, 
talkativeness and flight of ideas? 

   

79 Does he/she have recurrent periods of obvious irritability?    

80 Does his/her self-confidence vary considerably across different 
situations? 

   

 If ”Yes” or ”Yes, to some extent” to any of these questions:    

R1 Does he/she often appear to be unhappy, sad, or depressed?    

R2 Does he/she often complain about a feeling of loneliness?    

R3 Does he/she often express a feeling of being worthless or inferior to 
peers? 

   

R4 Has there ever been a period when nothing could make him/her feel 
happy? 

   

R5 Has he/she been thinking of or talked about committing suicide?    

R6 Has he/she tried to commit suicide?    

R7 Has he/she often had a feeling of emptiness?    

R8 Does he/she feel that his/her qualities and talents are ignored by 
others? 

   

R9 Have peculiarities or problems relating to his/her mood caused 
significant 
impairment in school, among peers or at home? 

   

R10 Do the peculiarities or problems relating to his/her mood cause 
him/her 
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significant suffering? 

R11 At what age did the peculiarities or problems relating to his/her mood 
commence? 

Age: 

R12 Are they still present? Yes No  

 
S. Concept of 

reality 

The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

81 Has he/she ever had visions or seen things that no one else could see?    

 If ”Yes” or ”Yes, to some extent” to this question:    

S1 Has he/she ever perceived him/herself as being followed or haunted 
by others 
even though this has not actually been the case? 

   

S2 Has he/she ever heard voices or sounds, which no one else could hear?    

S3 Have peculiarities or problems relating to concept of reality caused 
significant 
impairment in school, among peers or at home? 

   

S4 Do the peculiarities or problems relating to concept of reality cause 
him/her 
significant suffering? 

   

S5 At what age did the peculiarities or problems relating to concept of 
reality 
commence? 

Age: 

S6 Are they still present? Yes No 

 

T. 

Miscellaneous 
The essential aspect of each question is whether the 
problem/peculiarity has been pronounced 

compared to peers during any period of life 

Yes Yes, to 
some 
extent 

No 

82 Does he/she stutter?    

83 Is he/she or has she/she ever been bullied by other children in school?    

84 Has he/she ever been severely overweight?    

85 Does he/she often have sleeping problems?    

86 Does he/she often have nightmares?    

87 Does he/she often walk in his/her sleep or have nocturnal attacks 
when 
he/she cannot be ”reached” or comforted? 

   

88 Has he/she ever deliberately hurt him/herself?    

89 Has he/she repeatedly and purposely hurt him/herself?    
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90 Is there anything he/she fears excessively, such as flying, see blood, 
have an 
injection, heights, cramped rooms, or certain kind of animals or 
insects? 

   

91 Has he/she wet him/herself during daytime on several occasions after 
the age 
of 5? 

   

92 Has he/she soiled him/herself on several occasions after the age of 4 
except in 
connection with gastro-intestinal infection? 

   

93 Does he/she smoke?    

94 Does he/she use any other form of tobacco?    

95 Has he/she ever used alcohol?    

96 Has he/she ever had a period after age 5 when he/she only wanted to 
eat 
particular types of food? 
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Appendix 1.2 CAST 
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Appendix 1.3 CPRS-R 
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Appendix 1.4 SCDC 

 
 

Appendix 1.5 SDQ 
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Appendix 1.6 Descriptive statistics for measures used from (or linked into) the 

UK Biobank cohort. 

 

  N Sex (% 

males) 

Mean age 

(SD) 

Mean score (SD) or 

percentage (%) 

Greenness variables 

NDVI 500m mean  347298 45.80% 56.56 (8.10) 0.16 (0.17) 

NDVI 500m minimum 347298 45.80% 56.56 (8.10) -0.83 (0.25) 

NDVI 500m maximum 347298 45.80% 56.56 (8.10) 0.93 (0.12) 

NDVI 500m standard deviation 347298 45.80% 56.56 (8.10) 0.25 (0.09) 

NDVI 1000m mean  19638 45.76% 56.13 (7.93) -0.01 (0.07) 

NDVI 1000m maximum 19638 45.76% 56.13 (7.93) 0.99 (0.04) 

NDVI 1000m standard deviation 19638 45.76% 56.13 (7.93) 0.26 (0.03) 

Terrain variables 

Slope 1000m mean  454604 45.76% 56.57 (8.10) 3.33 (1.77) 

Slope 1000m minimum  454604 45.76% 56.57 (8.10) 0.002 (0.005) 

Slope 1000m maximum  454604 45.76% 56.57 (8.10) 34.74 (12.95) 

Slope 1000m standard deviation 454604 45.76% 56.57 (8.10) 3.24 (1.47) 

Met office variables  

Days of ground frost  488286 45.77% 56.54 (8.09) 103.95 (9.88) 

Mean relative humidity (%) 488286 45.77% 56.54 (8.09) 81.32 (1.01) 

Precipitation (mm) 488286 45.77% 56.54 (8.09) 247.64 (877.47) 

Days of snow lying 488286 45.77% 56.54 (8.09) 11.35 (5.56) 

Hours of bright sunshine 488286 45.77% 56.54 (8.09) 1433.35 (92.91) 

Mean daily air temperature 

(Celsius) 

488286 45.77% 56.54 (8.09) 9.47 (0.76) 

Mean wind speed (knots) 488286 45.77% 56.54 (8.09) 4.25 (0.83) 

Area level deprivation variables  

Townsend deprivation index 487687 45.65% 56.54 (8.09) -1.31 (3.09) 

Coal variables 
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Coal (percentage living in a coal 

area) 

488286 45.77% 56.54 (8.09) 49.03% 

Distance to health-related destinations variables  

Public, village hall, other 

community facility (metres) 

470644 45.70% 56.57 (8.09) 1065.26 (953.84) 

Job centre (metres) 470644 45.70% 56.57 (8.09) 6545.95 (4973.92) 

College (metres) 470644 45.70% 56.57 (8.09) 3228.27 (2867.38) 

Children’s Nursery/Creche 

(metres) 

470644 45.70% 56.57 (8.09) 1286.66 (1219.17) 

Prep, first, primary, infant, 

junior, middle school (metres) 

470644 45.70% 56.57 (8.09) 824.30 (600.08) 

Secondary, high school (metres) 470644 45.70% 56.57 (8.09) 2083.71 (1859.56) 

Factory, manufacturing (metres) 470644 45.70% 56.57 (8.09) 1602.20 (1238.57) 

Mineral, ore working, quarry, 

mine (metres) 

470644 45.70% 56.57 (8.09) 5992.83 (4418.91) 

Workshop, light industrial 

(metres) 

470644 45.70% 56.57 (8.09) 1061.05 (984.72) 

Warehouse, store, storage 

depot (metres) 

470644 45.70% 56.57 (8.09) 1477.17 (1376.80) 

Library (metres) 470644 45.70% 56.57 (8.09) 2127.21 (2148.43) 

Bingo hall, cinema, conference, 

exhibition centre, theatre, 

concert hall (metres) 

470644 45.70% 56.57 (8.09) 3801.64 (3260.72) 

Dentist (metres) 470644 45.70% 56.57 (8.09) 1620.32 (1620.40) 

GP practice surgery, clinic 

(metres) 

470644 45.70% 56.57 (8.09) 1109.31 (1072.74) 

Hospital, hospice (metres) 470644 45.70% 56.57 (8.09) 3395.95 (2594.30) 

Office, work studio (metres) 410505 45.89% 56.63 (8.07) 891.68 (874.63) 

Central government service 

(metres) 

470644 45.70% 56.57 (8.09) 4485.51 (3609.47) 
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Local government service 

(metres) 

470644 45.70% 56.57 (8.09) 2863.67 (2188.17) 

Bank, financial service (metres) 470644 45.70% 56.57 (8.09) 1686.77 (1503.71) 

Retail service agent (metres) 470644 45.70% 56.57 (8.09) 1694.08 (1736.53) 

Car, coach, commercial vehicle, 

taxi parking, P&R site (metres) 

470644 45.70% 56.57 (8.09) 2525.32 (4253.04) 

Station, interchange, terminal, 

halt (metres) 

470644 45.70% 56.57 (8.09) 3940.59 (3680.08) 

Landfill (metres) 470644 45.70% 56.57 (8.09) 9645.15 (7284.79) 

Power station, energy 

production (metres) 

470643 45.70% 56.57 (8.09) 5836.99 (3842.77) 

Water, waste water, sewage 

treatment works (metres) 

470644 45.70% 56.57 (8.09) 4652.61 (3158.88) 

Recycling (metres) 470644 45.70% 56.57 (8.09) 5500.92 (4956.15) 

Police, transport police station 

(metres) 

470644 45.70% 56.57 (8.09) 2982.87 (2383.73) 

Fire station (metres) 470644 45.70% 56.57 (8.09) 4711.13 (5744.33) 

Ambulance station (metres) 470644 45.70% 56.57 (8.09) 5706.06 (4026.13) 

Places of worship (metres) 470644 45.70% 56.57 (8.09) 915.55 (1010.35) 

Electricity substation (metres) 320383 45.57% 56.55 (8.10) 3184.94 (8655.36) 

Bus stops (metres) 150988 45.23% 56.47 (8.08) 244.13 (196.40) 

Industrial support, chimney, flue 

(metres) 

19713 45.75% 56.13 (7.93) 2419.60 (1725.37) 

Parks (metres) 19713 45.75% 56.13 (7.93) 944.64 (949.15) 

University (metres) 470644 45.70% 56.57 (8.09) 7833.82 (5780.97) 

Post office (metres) 470644 45.70% 56.57 (8.09) 3328.21 (3153.25) 

Distance to food outlets variables  

Supermarket (metres) 50653 44.23% 55.97 (8.23) 815.25 (478.65) 

General convenience store, 

grocer, mini market (metres) 

50653 44.23% 55.97 (8.23) 532.74 (379.60) 

Butcher (metres) 50653 44.23% 55.97 (8.23) 1142.26 (742.14) 
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Greengrocer (metres) 50653 44.23% 55.97 (8.23) 1814.62 (1250.42) 

Fishmonger (metres) 50653 44.23% 55.97 (8.23) 2204.66 (1435.27) 

Baker (metres) 50653 44.23% 55.97 (8.23) 1027.54 (639.64) 

Deli, specialist (metres) 50653 44.23% 55.97 (8.23) 1148.32 (853.47) 

Confectionary (metres) 50653 44.23% 55.97 (8.23) 3221.71 (1912.44) 

Off licence (metres) 50653 44.23% 55.97 (8.23) 731.44 (521.89) 

Restaurant (metres) 50653 44.23% 55.97 (8.23) 582.83 (417.84) 

Take away (metres) 50653 44.23% 55.97 (8.23) 536.54 (357.73) 

Coffee shop, internet café 

(metres) 

50653 44.23% 55.97 (8.23) 652.12 (455.75) 

Sandwich bar (metres) 50653 44.23% 55.97 (8.23) 1305.73 (841.59) 

Public house, wine bar (metres) 50653 44.23% 55.97 (8.23) 543.46 (394.39) 

Hotels, guest houses, B&B etc 

(metres) 

50653 44.23% 55.97 (8.23) 1259.47 (845.49) 

Department store (metres) 50653 44.23% 55.97 (8.23) 2036.68 (1253.85) 

General store e.g. WHSmith, 

Poundstretcher etc (metres) 

50653 44.23% 55.97 (8.23) 2300.82 (1963.10) 

Newsagent (metres) 50653 44.23% 55.97 (8.23) 612.85 (410.94) 

Markets, mixed bazaar (metres) 50653 44.23% 55.97 (8.23) 2873.31 (1943.41) 

Land use density within 1-

kilometre variables 

   
  

Community services (metres) 320379 45.57% 56.55 (8.10) 0.43 (1.35) 

Law court (metres) 320379 45.57% 56.55 (8.10) 0.03 (0.21) 

Prison (metres) 320379 45.57% 56.55 (8.10) 0.01 (0.12) 

Public convenience (metres) 320379 45.57% 56.55 (8.10) 0.35 (0.74) 

Cemetery, crematorium, 

graveyard in current use 

(metres) 

320379 45.57% 56.55 (8.10) 0.10 (0.39) 

Church hall, religious meeting 

place, hall (metres) 

320379 45.57% 56.55 (8.10) 0.40 (0.78) 
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Community service 

centre/office (metres) 

320379 45.57% 56.55 (8.10) 0.08 (0.33) 

Public household waste 

recycling centre (metres) 

320379 45.57% 56.55 (8.10) 0.006 (0.08) 

Recycling site (metres) 320379 45.57% 56.55 (8.10) 0.17 (0.65) 

CCTV (metres) 320379 45.57% 56.55 (8.10) 0.07 (1.25) 

Education (metres) 320379 45.57% 56.55 (8.10) 0.23 (0.66) 

Further education (metres) 320379 45.57% 56.55 (8.10) 0.07 (0.28) 

Higher education (metres) 320379 45.57% 56.55 (8.10) 0.02 (0.15) 

Special needs establishment 

(metres) 

320379 45.57% 56.55 (8.10) 0.02 (0.16) 

Other educational 

establishment (metres) 

320379 45.57% 56.55 (8.10) 0.24 (0.61) 

Hotel, motel, boarding, guest 

house (metres) 

320379 45.57% 56.55 (8.10) 0.06 (1.21) 

Wholesale distribution (metres) 320379 45.57% 56.55 (8.10) 0.16 (0.85) 

Recycling plant (metres) 320379 45.57% 56.55 (8.10) 0.01 (0.14) 

Incinerator, waste transfer 

station (metres) 

320379 45.57% 56.55 (8.10) 0.002 (0.05) 

Maintenance depot (metres) 320379 45.57% 56.55 (8.10) 0.02 (0.18) 

Amusements (metres) 320379 45.57% 56.55 (8.10) 0.10 (0.50) 

Holiday, campsite (metres) 320379 45.57% 56.55 (8.10) 83.40 (422.20) 

Museum, gallery (metres) 320379 45.57% 56.55 (8.10) 0.11 (0.46) 

Indoor, outdoor, leisure, 

sporting, activity, centre 

(metres) 

320379 45.57% 56.55 (8.10) 1.24 (1.82) 

Zoo, theme park (metres) 320379 45.57% 56.55 (8.10) 0.005 (0.11) 

Beach hut for recreational, non-

residential use (metres) 

320379 45.57% 56.55 (8.10) 0.006 (0.71) 

Licensed private members club 

(metres) 

320379 45.57% 56.55 (8.10) 0.32 (0.70) 
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Arena, stadium (metres) 320379 45.57% 56.55 (8.10) 0.008 (0.11) 

Medical (metres) 320379 45.57% 56.55 (8.10) 0.19 (0.83) 

Health centre (metres) 320379 45.57% 56.55 (8.10) 0.31 (0.55) 

Health care services (metres) 320379 45.57% 56.55 (8.10) 0.55 (0.88) 

Medical, testing, research lab 

(metres) 

320379 45.57% 56.55 (8.10) 0.05 (0.35) 

Professional medical service 

(metres) 

320379 45.57% 56.55 (8.10) 0.16 (0.62) 

Animal centre (metres) 320379 45.57% 56.55 (8.10) 0.02 (0.14) 

Animal, bird, marine sanctuary 

(metres) 

320379 45.57% 56.55 (8.10) 0.004 (0.07) 

Broadcasting: TV, radio (metres) 320379 45.57% 56.55 (8.10) 0.05 (0.94) 

Market, indoor or outdoor 

(metres) 

320379 45.57% 56.55 (8.10) 0.91 (14.89) 

Petrol filling station (metres) 320379 45.57% 56.55 (8.10) 0.41 (0.66) 

Shop, showroom (metres) 320379 45.57% 56.55 (8.10) 35.09 (49.68) 

Other licensed premise or 

vendor (metres) 

320379 45.57% 56.55 (8.10) 0.97 (1.73) 

ATM (metres) 320379 45.57% 56.55 (8.10) 0.14 (0.46) 

Storage land (metres) 320379 45.57% 56.55 (8.10) 0.12 (0.60) 

Transport (metres) 320379 45.57% 56.55 (8.10) 0.20 (1.06) 

Airfield, airstrip, airport, air 

transport, infrastructure facility 

(metres) 

320379 45.57% 56.55 (8.10) 0.005 (0.26) 

Bus shelter (metres) 320379 45.57% 56.55 (8.10) 2.54 (3.35) 

Allotment (metres) 320379 45.57% 56.55 (8.10) 0.90 (7.18) 

Heath, moorland (metres) 320379 45.57% 56.55 (8.10) 0.03 (0.22) 

Public park, garden (metres) 320379 45.57% 56.55 (8.10) 0.23 (1.05) 

Public open space, nature 

reserve (metres) 

320379 45.57% 56.55 (8.10) 0.62 (1.60) 

Playground (metres) 320379 45.57% 56.55 (8.10) 0.58 (1.13) 
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Water (metres) 320379 45.57% 56.55 (8.10) 0.009 (0.11) 

Census variables  

Population Density 488286 45.77% 56.54 (8.09) 36.10 (35.52) 

Mean Age  452921 45.86% 56.56 (8.09) 40.32 (4.72) 

Median Age  452921 45.86% 56.56 (8.09) 40.73 (6.66) 

Dwelling Type: Unshared total  488286 45.77% 56.54 (8.09) 1.00 (0.009) 

Dwelling Type: Unshared house 

bungalow total  

488286 45.77% 56.54 (8.09) 0.80 (0.23) 

Dwelling Type: Unshared house 

bungalow Detached  

488286 45.77% 56.54 (8.09) 0.25 (0.23) 

Dwelling Type: Unshared house 

bungalow Semi  

488286 45.77% 56.54 (8.09) 0.34 (0.20) 

Dwelling Type: Unshared house 

bungalow Terraced  

488286 45.77% 56.54 (8.09) 0.21 (0.17) 

Dwelling Type: Unshared Flat 

Total  

488286 45.77% 56.54 (8.09) 0.19 (0.23) 

Dwelling Type: Unshared 

Caravan  

488286 45.77% 56.54 (8.09) 0.003 (0.02) 

Dwelling Type: Shared  488286 45.77% 56.54 (8.09) 0.003 (0.009) 

Social Grade: AB  488286 45.77% 56.54 (8.09) 0.28 (0.15) 

Social Grade: C1  488286 45.77% 56.54 (8.09) 0.32 (0.06) 

Social Grade: C2  488286 45.77% 56.54 (8.09) 0.19 (0.07) 

Social Grade: DE  488286 45.77% 56.54 (8.09) 0.21 (0.13) 

Sum of all cars in the area  452921 45.86% 56.56 (8.09) 817.89 (272.54) 

Country of Birth: Europe Total  488286 45.77% 56.54 (8.09) 0.93 (0.09) 

Country of Birth: Europe United 

Kingdom Total  

488286 45.77% 56.54 (8.09) 0.89 (0.12) 

Country of Birth: Europe United 

Kingdom England  

488286 45.77% 56.54 (8.09) 0.77 (0.27) 

Country of Birth: Europe United 

Kingdom Northern Ireland  

488286 45.77% 56.54 (8.09) 0.004 (0.004) 
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Country of Birth: Europe United 

Kingdom Scotland  

488286 45.77% 56.54 (8.09) 0.07 (0.21) 

Country of Birth: Europe United 

Kingdom Wales  

488286 45.77% 56.54 (8.09) 0.04 (0.15) 

Country of Birth: Europe United 

Kingdom NOS  

488286 45.77% 56.54 (8.09) 0.0001 (0.0004) 

Country of Birth: Europe 

Channel Islands and Isle of Man  

488286 45.77% 56.54 (8.09) 0.0004 (0.0007) 

Country of Birth: Europe Ireland  488286 45.77% 56.54 (8.09) 0.007 (0.007) 

Country of Birth: Europe Other 

Europe Total  

488286 45.77% 56.54 (8.09) 0.03 (0.04) 

Country of Birth: Africa Total  488286 45.77% 56.54 (8.09) 0.02 (0.03) 

Country of Birth: Middle East 

and Asia Total  

488286 45.77% 56.54 (8.09) 0.04 (0.06) 

Country of Birth: The Americas 

and the Caribbean Total  

488286 45.77% 56.54 (8.09) 0.01 (0.02) 

Country of Birth: Antarctica and 

Oceania Total  

488286 45.77% 56.54 (8.09) 0.003 (0.006) 

Country of Birth: Other  488286 45.77% 56.54 (8.09) 1.36E-06 (2.94E-05) 

Disability: Day to day activities 

limited a lot  

488286 45.77% 56.54 (8.09) 0.08 (0.04) 

Disability: Day to day activities 

limited a little  

488286 45.77% 56.54 (8.09) 0.09 (0.03) 

Disability: Day to day activities 

not limited  

488286 45.77% 56.54 (8.09) 0.82 (0.06) 

Economic Activity: Economically 

active Total  

488286 45.77% 56.54 (8.09) 0.70 (0.07) 

Economic Activity: Economically 

active Unemployed  

488286 45.77% 56.54 (8.09) 0.04 (0.02) 

Economic Activity: Economically 

active Fulltime student  

488286 45.77% 56.54 (8.09) 0.03 (0.02) 
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Economic Activity: Economically 

inactive Total  

488286 45.77% 56.54 (8.09) 0.30 (0.07) 

Ethnic Group: White  452921 45.86% 56.56 (8.09) 0.88 (0.16) 

Ethnic Group: Gypsy Traveller  452921 45.86% 56.56 (8.09) 0.0007 (0.002) 

Ethnic Group: Mixed Multiple 

Ethnic Group:  

452921 45.86% 56.56 (8.09) 0.02 (0.02) 

Ethnic Group: Asian or Asian 

British Indian  

452921 45.86% 56.56 (8.09) 0.02 (0.05) 

Ethnic Group: Asian or Asian 

British Pakistani  

452921 45.86% 56.56 (8.09) 0.02 (0.05) 

Ethnic Group: Asian or Asian 

British Bangladeshi  

452921 45.86% 56.56 (8.09) 0.0005 (0.02) 

Ethnic Group: Asian or Asian 

British Chinese  

452921 45.86% 56.56 (8.09) 0.007 (0.01) 

Ethnic Group: Asian or Asian 

British Other Asian  

452921 45.86% 56.56 (8.09) 0.01 (0.02) 

Ethnic Group: Black African 

Caribbean Black British  

452921 45.86% 56.56 (8.09) 0.03 (0.06) 

Ethnic Group: Other Ethnic 

Group:  

452921 45.86% 56.56 (8.09) 0.009 (0.02) 

General Health: Very good 

health  

488286 45.77% 56.54 (8.09) 0.49 (0.07) 

General Health: Good health  488286 45.77% 56.54 (8.09) 0.33 (0.03) 

General Health: Fair health  488286 45.77% 56.54 (8.09) 0.13 (0.03) 

General Health: Bad health  488286 45.77% 56.54 (8.09) 0.04 (0.02) 

General Health: Very bad health  488286 45.77% 56.54 (8.09) 0.01 (0.007) 

 

Outcome data summary (mean or percentage with characteristic if binary), with number of 

participants with data, percentage of those that are male and mean age 

 

NDVI= Normalized Difference Vegetation Index, SD=standard deviation 
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Appendix 3.1 Detailed description of Swedish geography 

Overall Sweden is split into a more rural North and central area, known as the lowlands and 

the more populated areas in a belt from Gothenburg in the West to Stockholm in the East 

and the very South near Malmö. Sweden is less populated than the UK, despite being twice 

its size and the majority of Sweden is covered by forest and lakes, of which there are over 

100,000. Stockholm, the capital, is surrounded by water, with 14 islands in the main part of 

the city and an additional 24,000 islands it’s archipelago. The archipelago islands are much 

more sparsely populated and generally provide areas for leisure away from the city. Central 

Stockholm has a number of key areas, with the old town in Gamla Stan in the South, where 

parliament is found, with the island of Skeppsholmen in the East and both areas are very 

touristy. The compact city centre, Norrmalm is more of a consumerist area, whereas 

Kungsholmen in the West is more residential on the edge of Lake Mälaren. Östermalm in 

the East is a relatively affluent area and Södermalm in the South is historically more working 

class. Lake Mälaren dominates the countryside West of Stockholm and here the 6th largest 

city of Västerås can be found, a mix of old and new areas and home to a large technology 

company. 

Gothenburg, in the East is the second largest city and is home the largest port in Sweden 

and has a rich maritime history. Like, Stockholm, Gothenburg has an old town in the centre, 

with an area known as the Avenyn in the South, dominated by restaurants, bars, museums, 

galleries and other leisure spaces. In the South West lies the area of Haga, the oldest 

working-class suburb in Gothenburg and cosmopolitan Linné is to the West. Similar to 

Stockholm, although not as vast, Gothenburg also has an archipelago, mostly for leisure but 

also commuting. Further inland in the area of Värmland, is the largest lake in the country, 

lake Vänern with the town of Karlstad on its shore. The Värmland area has many areas of 

forest, farmland and rivers and in the North wild bears, wolves and lynx can be found and it 

is much more rural.  

The South West of Sweden is a coastal region with fairly low-lying land and many towns and 

villages, making it the third most populated area in Sweden. As a result, transport links in 

this area are good and there is even a bridge to Copenhagen in Denmark. Historically this 
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area was fought for between Sweden and Denmark and as a result there are many Danish 

influences still found today. The main city in this area is Malmö, previously a centre for the 

shipping industry and as a result is quite industrialised in places. Due to its location, a 

substantial proportion of the population, particularly in the South, are of non-Swedish 

ancestry and as such the area is considered very multicultural. The area also has a strong 

history associated with the Social Democratic party.  

Lake Vättern separates the South West from the South East, which is considered less 

touristy and quieter. This area is heavily forested, although glass factories are located within 

these areas, known as the ‘Glass Kingdom’. Örebro is one of the main towns in the North, on 

the shore of another large lake and developed due to it being on the way from the South 

West to Stockholm. Norrköpng is another town, where many old mills can be found, as well 

as Sweden’s largest zoo and another nearby archipelago. The two largest islands in Sweden 

are also found in this area, Öland and Gotland, both are popular Summer destinations, due 

to their warmer climate. Öland is linked to the mainland via a bridge and has many forests, 

meadows and villages dotted around. Gotland is considered a holiday destination, 

particularly Visby in the Summer, where festivals take place. The rest of Gotland is however 

mostly countryside and smaller towns/villages.  

The Northern coastline, known as the Bothnian coast is the most populated area in the 

North, although it is still considered much less inhabited than the Southern areas. The 

coastline goes all the way up to Haparanda, which is on the Finnish border and has joined 

with the neighbouring Finnish Tornio to create a borderless ‘Eurocity’ with aspects of both 

cultures. The coastline consists of cliffs, fjords and some islands with a number of towns 

along the coast. The largest of these is the University town of Umeå, with a tenth of the 

Norrland (Northern) population living here.  

Central Sweden is a sparsely populated, rural, lowland area covered in forests, with 

numerous lakes and mountains along the Norwegian border. The area is split into 3 regions. 

Dalarna in the South has many ski resorts and the area of Falun, previously an old copper 

mining area. The biggest town here is Mora where the inland railway starts and proceeds 

North, cutting through central Sweden up to the Arctic circle. North of Darlarna is 
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Härjedalen, a scenic area, previously belonging to Norway and thus has many Norwegian 

influences. The biggest town here is Sveg with a population of around 2,600. Finally, in the 

North is Jämtland which also has Norwegian influences, as well as the large lake of Storsjön 

and ski resorts.  

Further North of Central Sweden is Swedish Lapland, where half of the area is within the 

Arctic circle and is home to the indigenous Sámi people. It is a very remote area with many 

hills, mountains, ancient forests and old mining areas, although a number of small towns 

and villages are dotted around, and the inland railway also continues and ends in this area. 

There are many national parks and it is a popular destination for hiking. 
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Appendix 3.2 Detailed description of UK geography 

The UK is split into the countries of England, Wales, Scotland and Northern Ireland 

(although we do not describe Northern Ireland here as this area is not included in 

the study). Generally, the South of the UK has a milder climate compared to the 

North and has more low-lying land than the North. The UK is a mix of some very 

urban, previously (or still) industrial areas and more rural traditional countryside 

areas.  

London, a diverse, multicultural city, is the capital in the South East, with a 

population of over 8 million, split into fairly distinct areas. The River Thames bisects 

the city with most tourist attractions on the Northern half. The city centre consists of 

the political Westminster area, Buckingham Palace (where the Queen resides), the 

affluent areas of Mayfair and Marylebone, lively Soho and university areas in 

Bloomsbury. To the East is the financial hub as well as St. Pauls cathedral. Along the 

river are Southbank and Southwark, home to many tourist attractions. In the 

Northern area of the city are many affluent residential areas as well gardens, 

museums and the zoo. West London is generally an area of leisure, shopping and 

more affluent suburbs extending out towards Heathrow Airport, whereas South 

London is more residential.  

The South East of England includes the counties of Kent and Sussex which contain 

many commuter areas. This area has much coastline and is linked to Europe by sea, 

road and train and its close proximity means the area was historically an area of 

invasion and therefore a number of castles can be found here. North Kent lies on the 

Thames Estuary and is very accessible to London, although fairly industrialised. 

Further away from London are the coastal towns of Kent which are often 

characterised by medieval architecture and maritime history. The town of Dover is 

home to the busiest ferry port in Europe but is also known for its castle and white 

cliffs. Kent is also home to Canterbury with its well-known cathedral, head of the 

Church of England. The High Weald includes parts of Kent and Sussex and is 

characterised by rolling hills and villages, as well as a number of castles and the spa 
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town of Royal Tunbridge Wells. Sussex has many seaside resort towns ranging from 

quieter Rye and Eastbourne to livelier Hastings and Brighton.  

In the South of the country lie the counties of Hampshire, Dorset and Wiltshire, 

historically known as Wessex. This area is fairly rural and has many historical sites. 

On the coast are the maritime areas of Portsmouth and Southampton. Portsmouth is 

quite industrialised and very urbanised due to rebuilding after World War 2, but it 

also has ferry links to the small, scenic Isle of Wight, a popular holiday destination. 

The New Forest, in this area, is a 220 square mile rural area of forest and coastal 

areas with a number of small towns and villages. It is an area of ancient laws with 

free roaming ponies, deer and cows. Dorset has a number of popular seaside resorts 

including Bournemouth, Weymouth with the Isle of Portland and Lyme Regis. This 

region is part of the Jurassic Coast, a world heritage site with fossil filled cliffs and 

also part of the Dorset Coastal path. Chesil beach is also found here, an 18-mile bank 

of pebble beach. Wiltshire is known for its Neolithic sites of Stonehenge, near 

Salisbury and Avebury.  

More inland are the areas of Oxfordshire and the Cotswolds, where the University 

city of Oxford is found, a mix of old and new university buildings and a popular 

tourist area. Oxfordshire is also home to Blenheim Palace, picturesque market towns 

like Henley-on-Thames and Windsor with Windsor Castle. The Vale of White Horse in 

South West Oxfordshire is a rural area with lots of villages and walking routes such 

as the ancient Ridgeway National Trail. The Cotswolds is a rural area consisting of 

old, traditional English villages with thatched cottages and locally sourced limestone 

buildings and a popular destination in the Summer. The larger towns of Cheltenham 

and Gloucester are found on the Western edge of the Cotswolds.  

In the West are the counties of Bristol, Bath and Somerset. Bristol is a cosmopolitan, 

cultural and varied University city on the River Avon. Bristol has different urban and 

rural areas in and around the city. Bath is also a university city, but also a spa city 

with old Roman baths from hot springs. Somerset is fairly rural and contains the 

Mendips, an area of ancient woodland, the Mendip hills, Wookey hole caves and 
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Cheddar Gorge and it is a popular walking area. Somerset is home to places such as 

the small cathedral city of Wells, Glastonbury, known for its annual festival and the 

county town of Taunton. The Quantock hills area also located here, with small 

villages, woodland and streams. Exmoor National Park is another rural site, on the 

Bristol channel. It is a large area of moorland, woodland and home to diverse wildlife 

and it extends to the Devon border.  

South West England consists of Devon and Cornwall, which are very popular in 

Summer with many seaside places. These counties are somewhat less connected to 

the rest of England and have many farming areas and are considered pre-industrial. 

Devon’s main town is Exeter which is the commercial and cultural hub and is well 

connected. Much of the South Coast is known as the English Riviera with old seaside 

towns such as Torquay and other fishing and port towns. Plymouth city is also found 

here, historically a naval base but more urbanised today. North Devon also has a 

number of resort and market towns, whilst central Devon has the large 368 square 

mile Dartmoor National Park, consisting of moorland, bog land, forest and a number 

of villages and market towns around it. Cornwall has many harbour towns and is 

known historically for its china clay deposits. The Eden project, biomes of plants and 

a major tourist attraction, is located on an old clay pit. Truro is Cornwall’s capital and 

is a mix of old and new and the Northern towns such as Newquay and Padstow and 

known for surfing. In the far West are the fairly undeveloped Lizard and Penwith 

Peninsulas.  

East Anglia, consisting of Suffolk, Norfolk, Cambridgeshire and some parts of Essex is 

mostly flatland and coastal areas. Essex is very much a commuter area to London 

and is home to England’s oldest town, Colchester. The Stour Valley in Essex is an 

area of countryside, historically known for the weaving trade, with a number if 

villages and towns. Suffolk is more separated by marsh and woodland and has a 

relatively unspoilt, although fairly eroded coastline. Norfolk is home to the old 

Norman city of Norwich, which still retains many historical buildings and is fairly 

isolated by the Fens for a city. The Fens cover a large area of Eastern England and 

used to be fairly uninhabitable until draining took place in the 17th century, resulting 
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in fertile agricultural land with some remaining wetland areas. Another main 

geographical feature of Norfolk is the Norfolk Broads, an area of wetlands and 

diverse wildlife. There is also Blakeney point in the North which has a resident seal 

population. Cambridgeshire is home to the University town of Cambridge, quieter 

than Oxford city and with a medieval character to the town.  

The area of the West Midlands and the Peak district has a number of counties. 

Warwickshire’s main towns are Warwick and Coventry, which both have medieval 

features and Stratford-upon-Avon, home to Shakespeare, is also found here and the 

county borders onto the Cotswolds. Worcestershire has areas of low-lying land, 

specifically the Severn Valley and the Vale of Evesham, hillier parts of the Malverns 

in the West, rural parts in the South and more industrial areas outside of 

Birmingham in the North. Worcester in the centre is a mix of old buildings and new 

developments. Herefordshire located over the Malvern hills is a very agricultural 

area and even the county town of Hereford is fairly quiet. In the South is the Forest 

of Dean. Shropshire is one of the largest but least populated counties in England and 

is along the England/Wales border. Within this area, in the Severn Valley is the 

Ironbridge gorge with several small villages, historically an area for iron smelting 

with factories, but now a unique industrial heritage site. However, much of the rest 

of the county is fairly rural, particularly the Long Mynd heathland in the South. 

Derbyshire is fairly industrial, but borders on the Peak district National Park in the 

North. Birmingham, located here, is the second largest city in England with a 

population of over 1 million and historically very industrialised but it has undergone 

modernisation.  

The East midlands consists of Nottinghamshire, Lincolnshire, Leicestershire and 

Northamptonshire. Nottinghamshire contains the large city of Nottingham and is 

fairly rural in the North with a number of old coal mining areas and also the 

Sherwood forest. Leicestershire contains the modern and multi-cultural city of 

Leicester with a slightly more rural area in the West. In the East is England’s smallest 

county, Rutland, with Rutland water, popular for water sports and with nature 

reserve areas. Northamptonshire has the fairly modern town of Northampton as 
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well as a number of picturesque villages and canals. In Lincolnshire, the small 

cathedral city of Lincoln is located, as well as the Lincolnshire woods in the East, a 

chalky area with hills and valleys and also the Gibraltar Point National nature reserve 

of marshland and the Fens. Skegness, a busy seaside resort is also found here.  

In the Northwest of England is the large, historically industrial city of Manchester. 

The county of Cheshire in this area is home to Chester with a mix of medieval, 

Roman, Tudor and Victorian buildings and with a Roman amphitheatre. In 

Merseyside, to the West, is Liverpool, an urbanised, historically maritime city with a 

ferry port that links to the Isle of Man. The Isle of Man, a mountainous, unspoilt 

island with a few rural villages, is fairly separate to the UK, with its own laws and 

government. Finally, in this area is Lancashire, with the large, lively seaside resort of 

Blackpool containing many tourist attractions.  

The majority of the area of Cumbria consists of the Lake District, a scenic place with 

16 major lakes, mountains and small towns. Kendal is the largest town and is 

considered the ‘gateway’ to the lakes. The area is popular for holidays, walking and 

boat trips. To the North of the lake district is Carlisle, historically an area of conflict 

between England and Scotland. Yorkshire has a variety of different areas, from 

urbanised areas such as the previously industrialised Sheffield city, known for its 

steel industry, Leeds, considered to be the commercial capital of the area and the 

working town of Bradford to rural areas like the large Yorkshire Dales National Park 

with 3 peaks and the North York Moors National Park. There are also market and spa 

towns as well as coastal towns. York, the capital of the area is a historical city, 

previously central to religion and politics. There are two coastlines here, the 

dangerous East coast which has dunes and mud flats and the North coast with 

resorts and a rich smuggling history. In the North East of England are the areas of 

Northumberland, Durham and Tyne and Wear. Durham city has a prestigious 

university and cathedral in its centre, but the outer areas are more urban. Nearby 

are the Pennine Valleys of Teesdale and Weardale. Tyne and Wear is a fairly 

industrial area on the North Sea. Whereas, Northumberland is more varied with a 
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large National Park, coastline up to the Scottish border, sandy beaches for low-key 

holidays and nature reserves such as the Farne islands for seabirds.  

The country of Wales can be broadly split into South, Mid and North Wales, each 

with its own distinct features. The South is where most people live and includes the 

Wye valley full of medieval towns, the Valleys near the mountainous terrain in the 

North and previously an area of coal mining and working towns. Cardiff, the capital 

of Wales is also found in the South, on the waterfront and is considered a 

commercial centre with shopping areas, a sports stadium, Cardiff castle and Cardiff 

University. The second largest city, Swansea is also found here with a marina, but 

also many tower blocks. Also facing the Bristol channel is the Gower Peninsula 

consisting of sandstone and limestone with cliffs, seaside towns, marshland and 

ruins and is popular for both hiking and surfing. Carmarthenshire is a quieter area, 

whilst Southern Pembrokeshire has many coastal areas, popular for holidays and 

walking, along the Pembrokeshire Coastal path within the National Park. Mid and 

Northern Pembrokeshire cover the most Westerly area of Wales and has a more 

wild, rugged coastline with bays, islands, caves and rocky headlands. It is a popular 

area for outdoor pursuits and water sports and is connected to Northern Ireland via 

ferry. Mid-Wales is a much more mountainous, scenic area with many small towns 

and villages dotted around and reflects traditional Welsh culture. The Brecon 

Beacons National Park can be found here with high hills, the remote Black 

mountains, moorland, caves, waterfalls and small villages. The Elan valley is also 

here and consists of 4 lakes/reservoirs that used to supply Birmingham with water. 

Montgomeryshire, in the North, is a rural sparsely populated area and the Cambrian 

Coast in the West is a mountain backed area with a number of coastal resorts such 

as Cardigan Bay. Finally, North Wales is most known for its Snowdonia National Park, 

a fairly barren, but scenic area of mountain range, with Snowdon being the main one 

at 3560 feet high. This used to be an area for slate mining and has a number of small 

villages and two main waterfall areas, the Conwy and Swallow falls. In the West of 

this area is the Llŷn, which is cliff lined, hilly and very remote with many people 

speaking Welsh as their first language. The island of Anglesey is here and consists 
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mostly of pastoral land. The North coast is more populated with the University town 

of Bangor and holiday destinations.  

Scotland is split into the Highlands in the North and the Lowlands in the South. In the 

South is the capital of Scotland, Edinburgh, a cosmopolitan, cultured city, built on 

extinct volcanoes and therefore a very hilly area, although the surrounding area of 

the Lothians is relatively flat. Within Edinburgh’s centre there is a medieval old town 

with many tourist attractions, the University and Holyrood park, an area of nature 

within the city which also contains Arthur’s seat, an 823-foot peak. The new town is 

still over 200 years old but is much more commercial, professional and business 

centred. Then there is the area called Leith, a vibrant, cosmopolitan port area. 

Outside of Edinburgh is the coastal East Lothian area on the Firth of Forth in the 

North and the more affluent Lammermuir hills to the South. Mid Lothian is a hilly 

area and West Lothian is a more industrialised, old mining area and considered to be 

less affluent. The largest city in Scotland, Glasgow, is also in the South on the River 

Clyde. It is fairly industrialised with a mix of deprived inner-city areas in the East and 

South and more affluent areas in the West. The area around the city, known as the 

Clyde, opens gradually out into countryside.  

The rest of Southern Scotland is split into 3 regions; the Borders, Dumfries and 

Galloway and Ayrshire. The Cheviot hills lie on the border between England and 

Scotland leading to the Borders area on the River Tweed. Due to this area being 

historically an area of many battles with England, there are many ruins and historical 

attractions here. The Southern part of Dumfries and Galloway also has remnants of 

this history and is also home to the Solway coast, also known as the Scottish Riviera. 

Dumfries is the largest town in this region and is an old sea port town. Kirkcudbright 

along the coast still has a working harbour. The Galloway hills are located in the 

North along with the Galloway Forest Park, Britain’s largest forest park, with a varied 

landscape of mountains, lochs, coast and moorland. The Rhinns of Galloway is a 

peninsula on the Solway coast with ferries to Ireland. Ayrshire is a hilly and 

agricultural area in the North.  
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The region of central Scotland has a more varied landscape. The River Forth runs 

through the South East area, where the old town of Stirling is located, considered to 

be a smaller version of Edinburgh. In the West is Loch Lomond and the Trossachs 

National Park, easily reached from Glasgow via the ‘gateway’ town of Balloch and so 

it is a popular area with tourists. The Trossachs consists of forests, peaks, lochs and 

small towns. Loch Lomond is large and has 37 islands which are mostly privately 

owned. In the East is the small region of Fife, surrounded on three sides by water 

with the Firth of Tay in the North, the Firth of Forth in the South and the North Sea in 

the East. The North of Fife is fairly rural, whilst the South is semi-industrial and is an 

old coal mining area, like central Fife as well. On the coast is St. Andrews, a 

prestigious University town with historical buildings and also a popular golf 

destination. The East Neuk on the coast, has many fishing villages and somewhat of a 

Flemish influence due to its trading history. Perthshire in the North East is a very 

agricultural, mostly rural area, although the ancient town of Perth and Scotland’s 

historical capital is found here, flanked by the North and South Inch parks. To the 

North is Strath Tay with Loch Tay, an area of countryside and woodland. Further 

North are the highlands and Rannoch Moor, an uninhabitable and fairly inaccessible 

area of bog land, high land and lochs.  

Argyll in the West is a remote area, previously cut off from the rest of the country 

due to mountains and sea lochs. It is an area that transitions between lowland and 

highland and has numerous islands. The mainland area has some seaside resorts, 

such as Victorian Oban in the North which has the largest port in North West 

Scotland. In the middle of this mainland area is Kilmartin valley and glen with many 

Bronze age and Neolithic remains and in the South is the Kintyre peninsula, a fairly 

isolated and rural area with mostly farmland. The islands are part of the inner 

Hebrides and are also quite varied, with the popular holiday destination of the Isle of 

Bute, the Christian pilgrimage Isle of Iona, the rocky Isle of Coll with only one village 

and vast sand dunes, the mostly treeless Isle of Islay, famous for its single malt 

whiskey production and birdlife, the mountainous Isle of Jura with its uninhabited 

and fairly inaccessible West coast and large deer population outnumbering people 

on the island. The most accessible island and possibly the wettest is the Isle of Mull 



 266 

with peaks, pastoral land and fishing port. There is also the small uninhabited Isle of 

Staffa off its West coast and many other islands in this area.  

The post-industrial city of Dundee is located in North East Scotland, along with 

Scotland’s third largest city, Aberdeen, lying on the rivers Dee and Don with a 

working harbour where there is much trade related to North Sea oil and many 

granite buildings. The area is also considerably wet and windy. Between these two 

cities lies the Angus coast with a number of seaport and fishing towns. North of 

Dundee is the agricultural Strathmore region, followed by the Grampian Mountains 

and the Angus Glens. This area of valleys and peaks is sparsely populated and once 

snow falls becomes impassable, although ski resorts are found here. In the large 

region of Aberdeenshire and Moray there are many historical sites and it is split into 

two main areas, the Hinterlands, an area of farmland and valleys and the rocky coast 

with fishing villages and beaches. The area of Deeside, also known as Royal Deeside 

due to its connections with the Royal family has a number of villages as well as 

Balmoral castle. Speyside, based around the River Spey, is known for its numerous 

whiskey distilleries. Finally, the Moray coast from Aberdeen to Inverness is wilder 

with farmland inland and fishing villages by the sea.  

The Northern two thirds of Scotland are known as the Highlands, a very remote but 

unspoilt area. Inverness, on the River Ness, is the main city here and transport hub. 

The River Spey extends from the Moray Firth inland to the Cairngorms and 

Strathspey region. The Strathspey is a forested area known for its salmon fishing and 

the Cairngorms is Britain’s most extensive mountain range with a variety of wildlife 

and is popular for hiking, water sports and skiing. The Great Glen is a major Faultline 

across the Highlands with the UK’s highest peak in the South of Ben Nevis. This area 

also has 4 large lochs, Ness, Oich, Lochy and Linnhe, all linked by the Caledonian 

canal. The West coast of the Highlands has fjord-like sea lochs, beaches, cliffs and 

mountains, moorland and bog land and is the least populated part of Britain. The 

North West is particularly remote and receives the fill force of the North Atlantic 

weather. The North coast, also on the Atlantic has a rugged shoreline with 

mountains in the West and Lochs and grasslands in the East. The East coast is quite 
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different to the West, with moorland and grassland areas and a strong historical and 

fishing heritage. However, this area is more deprived, apart from the Black Isle area.  

The islands to the West of Scotland consist of the Inner Hebrides and the Outer 

Hebrides. Skye is the main Inner Hebridean island with two main settlements, the 

Cullin ridge peaks, the scenic Trotternish peninsula in the North, the Sleat peninsula 

in the South and the hilly, sparsely populated Isle of Raasay offshore. The other Inner 

Hebrides are quite small islands. Muck is the smallest and privately owned, Eiss, a 

1000-foot plateau of an island is owned by the islanders and Rùm with its Cullin 

peaks and Canna are owned by national agencies and act as nature reserves. The 

Outer Hebrides consists of approximately 200 islands, with only some of these 

inhabited. Lewis is the largest and most populated and is mostly flatland. However, 

the islands are all quite varied between them in the landscape, some hilly whilst 

others are flatland. In the Northern most part of Scotland towards the Arctic Circle 

are two clusters of islands, Orkney and Shetland. Orkney is just off the mainland, 

with around 70 islands and 20,000 people. These islands are areas of farmland with 

many historical sites, but also wet and windy weather is common. In contrast, the 

Shetland islands, further North are much less fertile, historically relying on fishing, 

whaling, naval and merchant services. This area is considered somewhat separate 

from mainland Scotland and there are around 300 islands, although only 16 are 

inhabited. In the South the area is mostly farmland whilst the North is wilder.   
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Appendix 3.3 A and E maps and histograms for ASD traits using the twin 

pairs locations at each year from birth to their 9th year.  
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Geographical variation in genetic (A) and non-shared (E) influences on childhood ASD traits in 

Sweden, over time. The contributions of A and E range from low (blue) to high (red). The 

histograms below show the distribution of the estimates, coloured in the same way as the 

points on the map. The estimates are not standardised and are therefore not constrained to 

add up to one. The blue bar at the bottom of each image indicates time (from 0 to 9 years). 
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Appendix 3.4 A and E maps and histograms for ADHD traits using the 

twin pairs locations at each year from birth to their 9th year.  
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Geographical variation in genetic (A) and non-shared (E) influences on childhood ADHD  

traits in Sweden, over time. The contributions of A and E range from low (blue) to high (red). 

The histograms below show the distribution of the estimates, coloured in the same way as 

the points on the map. The estimates are not standardised and are therefore not constrained 

to add up to one. The blue bar at the bottom of each image indicates time (from 0 to 9 

years). 

  

Year 
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Appendix 3.5 A and E parameter maps and histograms as a proportion of 

the total variance for ASD traits in Sweden. 

 

 
Geographical variation in genetic (A) and non-shared (E) influences as a proportion of the 

total variance on childhood ASD traits in Sweden. The contributions of A and E range from 

low (blue) to high (red). The histograms below show the distribution of the estimates, 

coloured in the same way as the points on the map. 

ASD = Autism Spectrum Disorder

Genetic Non-shared environment 
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Appendix 3.6 Weighted mean of scaled ASD scores 

 
Weighted mean of scaled ASD scores, from low (blue) to high (red). The histograms below show the 

distribution of the mean scores coloured in the same way as the points on the map. 
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Appendix 3.7 Results for the sex limitation model for ASD traits 

Model df AIC BIC -2LL Δdf P-value Male Female rG rC 

a2m c2m e2m a2f c2f e2f 

Saturated  16781 25705.62 -92429.08 59267.62 8 3.52x10-

122 

NA NA NA NA NA NA NA NA 

Full (rG free) 16789 26279.50 -91911.52 59857.50   0.66 

(0.63, 

0.69) 

4.56x10-13 

(4.56x10-13, 

0.01) 

0.34 

(0.31, 

0.37) 

0.65 

(0.57, 

0.68) 

2.51x10-

11 (0.00, 

2.51x10-

11) 

0.35 

(0.32, 

0.38) 

0.55 1.00 

Full (rc free) 16789 26280.26 -91910.76 59858.26   0.66 

(0.63, 

0.69) 

2.36x10-15 

(1.29x10-27, 

4.48x10-14) 

0.34 

(0.31, 

0.37) 

0.65 

(0.57, 

0.68) 

7.26x10-

17 

(1.85x10-

26, 

2.85x10-

13) 

0.35 

(0.32, 

0.38) 

0.50 0.79 

Quantitative 

differences 

16790 26278.26 -91919.80 59858.26 1 0.38 0.66 

(0.63, 

0.69) 

1.64x10-13 

(2.70x10-20, 

1.64x10-13) 

0.34 

(0.31, 

0.37) 

0.65 

(0.58, 

0.68) 

4.69x10-

12 

(8.09x10-

16, 

0.35 

(0.32, 

0.38) 

0.50 1.00 
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6.30x10-

02) 

 a2 c2 e2  

Homogeneity 16793 26591.64 -91627.55 60177.64 4 4.90x10-

68 

0.66 (0.64, 0.68) 1.53x10-15 

(6.20x10-23, 

3.83x10-14) 

0.34 (0.32, 0.36) 0.50 1.00 

The	results	for	the	full	and	nested	sex	limitation	model	for	A-TAC	questionnaire	assessed	ASD	scores	are	shown.	Nested	models	are	compared	to	the	

full	model	based	on	the	-2LL	of	each	model	and	the	significance	level	is	indicated	by	the	p-value.		

ASD=	autism	spectrum	disorder,	df=	Degrees	of	freedom,	AIC=	Akaike	information	criterion,	BIC=	Bayesian	information	criterion,	-2LL=	-2	log	

likelihood,	a2=	additive	genetic	estimate	(m=	for	males,	f=	for	females),	c2=	shared	environmental	estimate,	e2=	non-shared	environmental	estimate,	

rg=	genetic	correlation	for	opposite-sex	dizygotic	twins,	rc=	shared	environmental	correlation	for	opposite-sex	dizygotic	twins.	
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Appendix 3.8 A and E parameter maps and histograms for ASD traits in Sweden 

for males only 

 
Geographical variation in genetic (A) and non-shared (E) influences on childhood ASD traits in 

Sweden for males only. The contributions of A and E range from low (blue) to high (red). The 

histograms below show the distribution of the estimates, coloured in the same way as the points on 

the map. The estimates are not standardised and are therefore not constrained to add up to one. 
ASD = Autism Spectrum Disorder 

Genetic Non-shared environment 
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Appendix 3.9 A, C and E parameter maps and histograms for ASD traits in 

Sweden for females only 

 
Geographical variation in genetic (A), shared (C) and non-shared (E) influences on childhood ASD 

traits in Sweden for females only. The contributions of A and E range from low (blue) to high (red). 

The histograms below show the distribution of the estimates, coloured in the same way as the points 

on the map. The estimates are not standardised and are therefore not constrained to add up to one. 
ASD = Autism Spectrum Disorder 

  

Genetic Non-shared 

environment 

Shared 

environment 
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Appendix 3.10 A and E parameter maps and histograms as a proportion of the 

total variance for ASD traits in the UK 

 
Geographical variation in genetic (A) and non-shared (E) influences as a proportion of the total 

variance on childhood ASD traits in the UK. The contributions of A and E range from low (blue) to 

high (red). The histograms below show the distribution of the estimates, coloured in the same way as 

the points on the map. 
ASD = Autism Spectrum Disorder 
 

Genetic Non-shared environment 
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Appendix 3.11 A and E parameter maps and histograms as a proportion of the 

total variance for ADHD traits in Sweden 

 
Geographical variation in genetic (A) and non-shared (E) influences as a proportion of the total 

variance on childhood ADHD traits in Sweden. The contributions of A and E range from low (blue) to 

high (red). The histograms below show the distribution of the estimates, coloured in the same way as 

the points on the map. 
ADHD = Attention Deficit Hyperactivity Disorder 

Genetic Non-shared environment 
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Appendix 3.12 Weighted mean of scaled ADHD scores 

 
Weighted mean of scaled ADHD scores, from low (blue) to high (red). The histograms below show the 

distribution of the mean scores coloured in the same way as the points on the map. 
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Appendix 3.13 Results for sex limitation model for ADHD traits. 

Model df AIC BIC -2LL Δdf P-value Male Female rG rC 

a2m c2m e2m a2f c2f e2f 

Saturated 16766 48929.32 -69099.79 82461.32 8 3.30x10-

71 

NA NA NA NA NA NA NA NA 

Full (rG free) 16774 49265.37 -68820.06 82813.37   0.63 

(0.60, 

0.66) 

5.78x10-

12 

(0.00x10-

28, 

5.78x10-

12) 

0.37 

(0.34, 

0.40) 

0.67 

(0.64, 

0.70) 

1.18x10-

11 (0.00, 

1.18x10-

11) 

0.33 

(0.30, 

0.36) 

0.48 1.00 

Full (rc free) 16774 49265.46 -68819.96 82813.46   0.63 

(0.60, 

0.66) 

0.00 

(0.00, 

1.47 x10-

15) 

0.37 

(0.34, 

0.40) 

0.67 

(0.64, 

0.70) 

7.38x10-

23 

(7.38x10-

23, 

1.22x10-

13) 

0.33 

(0.30, 

0.36) 

0.5 1.00 

Quantitative 

differences 

16775 49263.46 -68829.00 82813.46 1 0.76 0.63 

(0.60, 

0.66) 

1.26x10-

21 

(1.26x10-

0.37 

(0.34, 

0.40) 

0.67 

(0.64, 

0.70) 

0.00 

(0.00, 

0.33 

(0.30, 

0.36) 

0.5 1.00 
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21, 

7.87x10-

13) 

1.49x10-

12) 

 a2 c2 e2  

Homogeneity 16778 49420.78 -68692.80 82976.78 4 2.71x10-

34 

0.65 (0.63, 0.67) 7.56x10-14 

(6.10x10-18, 

5.88x10-03) 

0.35 (0.33, 0.37) 0.5 1.00 

The results for the full and nested sex limitation model for A-TAC questionnaire assessed ADHS scores are shown. Nested models are compared to the full 

model based on the -2LL of each model and the significance level is indicated by the p-value.  

ADHD= attention deficit hyperactivity disorder, df= Degrees of freedom, AIC= Akaike information criterion, BIC= Bayesian information criterion, -2LL= -2 log 

likelihood, a2= additive genetic estimate (m= for males, f= for females), c2= shared environmental estimate, e2= non-shared environmental estimate, rg= 

genetic correlation for opposite-sex dizygotic twins, rc= shared environmental correlation for opposite-sex dizygotic twins. 
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Appendix 3.14 A and E parameter maps and histograms for ADHD traits in 

Sweden for males only 

 
Geographical variation in genetic (A) and non-shared (E) influences on childhood ADHD traits in 

Sweden for males only. The contributions of A and E range from low (blue) to high (red). The 

histograms below show the distribution of the estimates, coloured in the same way as the points on 

the map. The estimates are not standardised and are therefore not constrained to add up to one. 
ADHD = Attention Deficit Hyperactivity Disorder 

Genetic Non-shared environment 



 286 

Appendix 3.15 A and E parameter maps and histograms for ADHD traits in 

Sweden for females only 

 
Geographical variation in genetic (A) and non-shared (E) influences on childhood ADHD traits in 

Sweden for females only. The contributions of A and E range from low (blue) to high (red). The 

histograms below show the distribution of the estimates, coloured in the same way as the points on 

the map. The estimates are not standardised and are therefore not constrained to add up to one. 
ADHD = Attention Deficit Hyperactivity Disorder 

Genetic Non-shared environment 
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Appendix 3.16 A, C and E parameter maps and histograms as a proportion of 

the total variance for ADHD traits in the UK 

 

 
Geographical variation in genetic (A), shared (C) and non-shared (E) influences as a proportion of the 

total variance on childhood ADHD traits in the UK. The contributions of A and E range from low (blue) 

to high (red). The histograms below show the distribution of the estimates, coloured in the same way 

as the points on the map.  
ADHD = Attention Deficit Hyperactivity Disorder 

Genetic Non-shared environment Shared environment 
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Appendix 4.1 Polygenic risk score analyses for symptoms of ADHD for each of 

the 13 polygenic risk scores. 

Polygenic risk 

score threshold 

Estimate Lower CI Upper CI P-value R2* 

0.00000005 0.06 0.00 0.12 0.06 0.001 

0.0000001 0.04 -0.01 0.10 0.14 0.001 

0.000001 0.11 0.05 0.17 3.99x10-04 0.003 

0.00001 0.09 0.03 0.15 0.002 0.002 

0.0001 0.10 0.04 0.16 7.74x10-04 0.002 

0.001 0.16 0.10 0.22 7.12x10-08 0.005 

0.01 0.20 0.14 0.26 7.40x10-11 0.008 

0.05 0.23 0.17 0.29 5.30x10-14 0.01 

0.1 0.23 0.17 0.29 4.14x10-14 0.01 

0.2 0.23 0.17 0.29 7.48x10-14 0.01 

0.3 0.23 0.17 0.29 2.22x10-14 0.01 

0.4 0.23 0.17 0.29 1.37x10-14 0.01 

0.5 0.23 0.18 0.29 8.25x10-15 0.01 
* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included  
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Appendix 4.2 Polygenic risk score analyses for symptoms of ASD (from SCDC) 

for each of the 13 polygenic risk scores. 

Polygenic risk 

score threshold 

Estimate Lower CI Upper CI P-value R2* 

0.00000005 0.05 -0.04 0.15 0.28  0.0003 

0.0000001 0.05 -0.04 0.15 0.28 0.0003 

0.000001 0.02 -0.08 0.11 0.73 0.00004 

0.00001 0.01 -0.08 0.11 0.76 0.00001 

0.0001 0.05 -0.05 0.14 0.33 0.0002 

0.001 0.05 -0.05 0.14 0.32 0.0002 

0.01 0.03 -0.06 0.12 0.52 0.00005 

0.05 0.05 -0.05 0.14 0..34 0.0002 

0.1 0.09 0.00 0.19 0.06 0.0007 

0.2 0.08 -0.02 0.17 0.11 0.0005 

0.3 0.08 -0.01 0.18 0.09 0.0005 

0.4 0.09 -0.01 0.18 0.07 0.0006 

0.5 0.09 0.00 0.18 0.06 0.0007 
* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included 
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Appendix 4.3 Polygenic risk score analyses for the mean factor score for ASD 

for each of the 13 polygenic risk scores. 

Polygenic risk score 

threshold 

Estimate Lower CI Upper CI P-value R2* 

0.00000005 0.004 -0.004 0.011 0.37 0.0002 

0.0000001 0.004 -0.004 0.011 0.37 0.0002 

0.000001 -0.001 -0.009 0.006 0.72 0.000002 

0.00001 0.001 -0.007 0.008 0.90 0.000003 

0.0001 0.0001 -0.008 0.008 0.98 0.00000001 

0.001 0.003 -0.004 0.011 0.38 0.0001 

0.01 0.008 0.001 0.016 0.03 0.0005 

0.05 0.010 0.002 0.017 0.02 0.0008 

0.1 0.010 0.002 0.018 0.01 0.0009 

0.2 0.011 0.004 0.019 0.004 0.001 

0.3 0.011 0.003 0.019 0.006 0.001 

0.4 0.011 0.003 0.019 0.006 0.001 

0.5 0.012 0.004 0.020 0.003 0.001 
* r-squared value from linear model with just the polygenic risk score as the exposure and no 

covariates included
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Appendix 4.4 Maps showing the association of the polygenic risk score for ADHD (using the European GWAS results) with 

symptoms of ADHD. 

 

Geographical variation in genetic influences ranging from low (blue) to high (red). Histograms show the distribution of effect estimates, coloured in the same 

way. 

a b c 
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Appendix 5.1 Weighted continuous moderator model R code using simulated 

data, adapted from spACE code developed by Dr Oliver Davis 

 

Script 1 (written in bash, required to run R code in a parallel manner)  

 

#!/bin/bash 

#PBS -N contmod 

#PBS -t 1-25 

#PBS -S /bin/bash 

 

set -e 

 

if [ -n "${1}" ]; then 

  echo "${1}" 

  PBS_ARRAYID=${1} 

fi 

 

i=${PBS_ARRAYID} 

 

module add languages/R-3.3.1-ATLAS 

 

R --no-save --args ${i} < 2Simulate_data_fit_mod_model_v5.R 

 

 

Script 2 (written in R) for simulating data and running model 

 
####################### 

#Read in arguments from script 1 (in bash). This works in batches of 100 

locations from the number given in the argument in the bash script which 

in this case ranges from 1-25 (as there are 2500 locations). 

 

number<-as.numeric(args[1]) - 1 

globoffset<-number*100 

 

#libraries required 
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library(MASS) 

library(OpenMx) 

 

#Define optimiser to use 

mxOption(NULL, "Default optimizer", "SLSQP") 

 

####################### 

 

##SIMULATION (Remove and replace with actual data as required) 

 

## Simulate dataset with mvrnorm() for North and South. 1 correlation 

matrix for South and 1 for each of North (2 parts) 

#South, normal mvrnorm() correlation matrix for twins, then have random 

normal distribution of SES and randomly assign, locations are 0-50 for E 

and 0-25 for N. set.seed() is used with different numbers to avoid 

overlap. 

 

set.seed(20) 

n=5000 

nv=2 

 

a2<-0.5 

c2<-0.2 

#e2<-1-a2-c2 

 

rmz<-a2+c2 

rdz<-0.5*a2+c2 

 

mzDataSouth<-mvrnorm(n, c(0,0), matrix(c(1,rmz,rmz,1),2,2)) 

dzDataSouth<-mvrnorm(n, c(0,0), matrix(c(1,rdz,rdz,1),2,2)) 

 

NSouthmz<-sample(seq(from=1, to=25), size=n, replace=T) 

ESouthmz<-sample(seq(from=1, to=50), size=n, replace=T) 

 

sesSouthmz<-rnorm(n, mean=0.7, sd=0.05) 

 

#set a different seed temporarily so mz and dz have slightly different ses 

values 

 

set.seed(5) 

sesSouthdz<-rnorm(n, mean=0.7, sd=0.05) 

NSouthdz<-sample(seq(from=1, to=25), size=n, replace=T) 
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ESouthdz<-sample(seq(from=1, to=50), size=n, replace=T) 

 

mzDataSouth<-cbind(mzDataSouth, sesSouthmz, ESouthmz, NSouthmz) 

dzDataSouth<-cbind(dzDataSouth, sesSouthdz, ESouthdz, NSouthdz) 

 

selVars<-c('t1','t2', 'ses', 'E', 'N') 

 

colnames(mzDataSouth)<-selVars 

colnames(dzDataSouth)<-selVars 

 

#North 

#DZ first, as above 

 

set.seed(20) 

dzDataNorth<-mvrnorm(n, c(0,0), matrix(c(1,rdz,rdz,1),2,2)) 

 

set.seed(10) 

sesNorthdz<-rnorm(n, mean=0.7, sd=0.05) 

NNorthdz<-sample(seq(from=26, to=50), size=n, replace=T) 

ENorthdz<-sample(seq(from=1, to=50), size=n, replace=T) 

 

dzDataNorth<-cbind(dzDataNorth, sesNorthdz, ENorthdz, NNorthdz) 

 

set.seed(15) 

 

#MZ with correlation between T1 and T2 linked to SES, SES varies between 

0.6 and 0.8. 

 

sesNorthmz<-rnorm(n, mean=0.7, sd=0.05) 

 

mzDataNorth<-matrix(nrow=n, ncol=2) 

 

for(i in 1:n){ 

  mzDataNorth[i,]<-mvrnorm(1, c(0, 0),

 Sigma=cbind(c(1,sesNorthmz[i]),c(sesNorthmz[i],1))) 

} 

 

NNorthmz<-sample(seq(from=26, to=50), size=n, replace=T) 

ENorthmz<-sample(seq(from=1, to=50), size=n, replace=T) 

 

mzDataNorth<-cbind(mzDataNorth, sesNorthmz, ENorthmz, NNorthmz) 

 



 295 

colnames(mzDataNorth)<-selVars 

colnames(dzDataNorth)<-selVars 

 

#merge north and south into mz and dz datasets 

mzData<-rbind(mzDataSouth, mzDataNorth) 

dzData<-rbind(dzDataSouth, dzDataNorth) 

 

####################### 

 

#Can add non-simulated data here, but for this example simulated data is 

used 

#Create plocs for target locations and then use plotDis function to 

calculate distance between target locations and twin locations 

 

plocs<-cbind(rep(1:50,50),rep(1:50,each=50)) 

 

plotDis<-function(plotPoints,locations){ 

  res<-matrix(NA,dim(locations)[1],dim(plotPoints)[1]) 

  pb<-txtProgressBar(style=3) 

  for(i in 1:dim(plotPoints)[1]){ 

   x1<-plotPoints[i,1] 

   y1<-plotPoints[i,2] 

   x2s<-locations[,1] 

   y2s<-locations[,2] 

   res[,i]<-sqrt((abs(x2s-x1)^2)+(abs(y2s-y1)^2)) 

   setTxtProgressBar(pb,i/dim(plotPoints)[1]) 

  } 

  return(res) 

} 

 

#use plotDis function above to calculate the distance between the target 

locations (plocs) and the actual locations in mz and dz Data (columns 4 

and 5) 

 

mzdistance<-plotDis(plocs,mzData[,4:5]) 

dzdistance<-plotDis(plocs,dzData[,4:5]) 

 

 

## The weight matrix is inverse distance^0.5, assign any 0's as 1's, 

constructed for MZ and DZ separately  

 

mzweightMatrix <- (mzdistance^0.5) 
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mzweightMatrix[mzweightMatrix==0] <- 1 

mzwt <- data.frame(1/mzweightMatrix) 

 

dzweightMatrix <- (dzdistance^0.5) 

dzweightMatrix[dzweightMatrix==0] <- 1 

dzwt <- data.frame(1/dzweightMatrix) 

 

#add names to weight matrices so that the model can reference these, 1 

column for each location 

 

for(i in 1:dim(mzwt)[2]){ 

  colnames(mzwt)[i]<-paste0("loc", i) 

} 

 

for(i in 1:dim(dzwt)[2]){ 

  colnames(dzwt)[i]<-paste0("loc", i) 

} 

 

 

#Names for mz and dz data 

 

selVars<-c("twin1","twin2", "ses") 

mzData<-as.matrix(mzData[,1:3]) 

dzData<-as.matrix(dzData[,1:3]) 

colnames(mzData)<-selVars 

colnames(dzData)<-selVars 

 

#column bind data and weight matrix so model can refer to weight matrix 

 

mzData<-cbind(mzData, mzwt) 

dzData<-cbind(dzData, dzwt) 

 

#Create empty lists for results to go in to, can also add for any other 

output required 

 

results_A<-list() 

results_C<-list() 

results_E<-list() 

results_V<-list() 

results_Amod<-list() 

results_Cmod<-list() 

results_Emod<-list() 
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#for loop over all 100 locations in this job (parallelised), globidx from 

globoffset (Bash argument, see beginning of script) 

 

for(i in 1:100){ 

  globidx<-globoffset + i 

  if(globidx>dim(plocs)[1]) next 

  twinACEModel <- mxModel("twinACE", 

  ## additive genetic path 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=1, 

      free=TRUE, 

      values=.3, 

      label="a", 

      name="X" 

  ), 

  ## shared environmental path 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=1, 

      free=TRUE, 

      values=.5, 

      label="c", 

      name="Y" 

  ), 

  ## specific environmental path 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=1, 

      free=TRUE, 

      values=.3, 

      label="e", 

      name="Z" 

  ), 

  ## additive genetic path with moderation 

  mxMatrix( 

      type="Full", 

      nrow=1, 
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      ncol=1, 

      free=TRUE, 

      values=0, 

      label="amod", 

      name="Xmod" 

  ), 

  ## shared environmental path with moderation 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=1, 

      free=TRUE, 

      values=0, 

      label="cmod", 

      name="Ymod" 

  ), 

  ## specific environmental path with moderation 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=1, 

      free=TRUE, 

      values=0, 

      label="emod", 

      name="Zmod" 

  ),  

  ## means (MZ and DZ) 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=2, 

      free=T, 

      values=0.05, 

      labels="meanMZ", 

      name="expMeanMZ" 

  ), 

  mxMatrix( 

      type="Full", 

      nrow=1, 

      ncol=2, 

      free=T, 

      values=0.05, 
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      labels="meanDZ", 

      name="expMeanDZ" 

  ),      

  #MZ model with raw data, expectations, the moderator for MZs and 

algebra for moderated part 

  mxModel("MZ", 

      mxData( 

          mzData, 

          type="raw", 

          weight=colnames(mzData[3+globidx]) #references weights 

      ), 

      mxExpectationNormal( 

          covariance="expCovMZ", 

          means="twinACE.expMeanMZ", 

          dimnames=c("twin1", "twin2") 

      ),   

      mxMatrix(  

    type="Full", 

    nrow=1, 

    ncol=1, 

    free=FALSE, 

    label="data.ses", 

    name="modMatrix" 

   ), 

   ##Algebra to compute moderated A, C and E 

   mxAlgebra( 

        expression=(twinACE.X + modMatrix * twinACE.Xmod) %*% 

t(twinACE.X + modMatrix * twinACE.Xmod), 

        name="mA" 

   ), 

   mxAlgebra( 

        expression=(twinACE.Y + modMatrix * twinACE.Ymod) %*% 

t(twinACE.Y + modMatrix * twinACE.Ymod), 

        name="mC" 

   ),  

   mxAlgebra( 

        expression=(twinACE.Z + modMatrix * twinACE.Zmod) %*% 

t(twinACE.Z + modMatrix * twinACE.Zmod), 

        name="mE" 

   ),   

   mxAlgebra( 

        expression=rbind (cbind(mA+mC+mE, mA+mC), 
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                         cbind(mA+mC  , mA+mC+mE)), 

        name="expCovMZ" 

   ), 

      mxFitFunctionML() 

  ), 

  #As above for DZ 

  mxModel("DZ", 

      mxData( 

          dzData, 

          type="raw", 

          weight=colnames(dzData[3+globidx]) 

      ), 

      mxExpectationNormal( 

          covariance="expCovDZ", 

          means="twinACE.expMeanDZ", 

          dimnames=c("twin1", "twin2") 

      ), 

      mxMatrix(  

    type="Full", 

    nrow=1, 

    ncol=1, 

    free=FALSE, 

    label="data.ses", 

    name="modMatrix" 

   ),    

   ##Algebra to compute moderated A, C and E 

   mxAlgebra( 

        expression=(twinACE.X + modMatrix * twinACE.Xmod) %*% 

t(twinACE.X + modMatrix * twinACE.Xmod), 

        name="mA" 

   ), 

   mxAlgebra( 

        expression=(twinACE.Y + modMatrix * twinACE.Ymod) %*% 

t(twinACE.Y + modMatrix * twinACE.Ymod), 

        name="mC" 

   ),  

   mxAlgebra( 

        expression=(twinACE.Z + modMatrix * twinACE.Zmod) %*% 

t(twinACE.Z + modMatrix * twinACE.Zmod), 

        name="mE" 

   ), 

   mxAlgebra( 
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    expression=rbind (cbind(mA+mC+mE  , 0.5 %x% mA+mC), 

        cbind(0.5 %x% mA+mC, mA+mC+mE)), 

       name="expCovDZ" 

   ),  

      mxFitFunctionML() 

  ), 

  #Weight models here using mzwt and dzwt for each location 

  mxFitFunctionMultigroup(c("MZ", "DZ")) 

 ) 

  

 ## Run ACE model, can also use mxTryHard() if struggling 

 twinACEFit <- mxRun(twinACEModel) 

  

 #evaluates expressions in models for mA, mC and mE  

 A <- mxEval(a, twinACEFit) 

 C <- mxEval(c, twinACEFit) 

 E <- mxEval(e, twinACEFit) 

 Am <- mxEval(amod, twinACEFit) 

 Cm <- mxEval(cmod, twinACEFit) 

 Em <- mxEval(emod, twinACEFit) 

  

 #output Amod, Cmod and Emod to the rows in the results matrix, then for A, 

C and E use equation from above to calculate this accounting for the mean 

moderator   

 results_Amod[i]<-Am 

 results_Cmod[i]<-Cm 

 results_Emod[i]<-Em 

  

 results_A[i]<-(A + 0.7 * Am)^2 

 results_C[i]<-(C + 0.7 * Cm)^2 

 results_E[i]<-(E + 0.7 * Em)^2 

   

} ## End iteration loop 

 

results_V<-unlist(results_A)+unlist(results_C)+unlist(results_E) 

 

 

#save results in data frame 

results<-data.frame(cbind(unlist(results_A), unlist(results_C), 

unlist(results_E), results_V, unlist(results_Amod), unlist(results_Cmod), 

unlist(results_Emod))) 
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colnames(results)<-c("A", "C", "E", "V", "Amod", "Cmod", "Emod") 

 

 

#saves a file for each run of the bash script, in batches of 100, number is 

used from the Bash script. 

save(results, file=paste0("sim_cont_mod_results", number, ".RData")) 

 

 

Script 3 (written in R) for reading in results and creating maps and histograms 

 
#read in all results files and combine (the different batch files) 

 

files<-list.files(path="~/", pattern="sim_cont_mod_results") 

split<-strsplit(files, "sim_cont_mod_results") 

split<-as.numeric(sapply(split, function(x) x<-sub(".RData", "", x[2]))) 

files<-files[order(split)] 

data<-data.frame(NULL) 

 

for(f in files){ 

  load(f) 

  data<-rbind(data, results) 

} 

 

results<-na.omit(data) #can remove any NA rows here and check length is 

what you expect, if it is less than something has gone wrong somewhere 

 

#load target locations here. In this simulation I have just recreated the 

demo target locations 

plocs<-cbind(rep(1:50,50),rep(1:50,each=50)) 

 

## The colour scale from the map, 19 different colours here 

mapColours<-

c("#20D2FF","#23BCEE","#26A7DD","#2A92CC","#2D7DBB","#3168AA","#345399", 

"#383E88","#3B2977","#3F1466","#541561","#69165D","#7E1859","#941955","#A9

1A50","#BE1C4C","#D41D48","#E91E44","#FF2040") 

 

## Function to work out which colour each point should be. Has 19 bins for 

colours. Data is sorted into these bins. 

calcColourIndex<-function(data,bins=numeric(19)){ 

   kolours <- numeric(length(data)) 

   bins <- bins 
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   dmin <- min(data) 

   dmax <- max(data) 

   ivl <- (dmax-dmin)/19 

   louuer <- dmin-1 

   if(bins[19]==0){ 

    for(i in 1:length(bins)){ 

        bins[i] <- dmin+(ivl*(i)) 

      } 

   } 

   for(i in 1:length(bins)){ 

      for(row in 1:length(kolours)){ 

        x = data[row]; 

        if((x > louuer) && (x <= bins[i])){ 

         kolours[row] <- i 

        } else if(x > bins[19]) { 

         kolours[row]<-19        

        } else if(x < bins[1]){ 

         kolours[row]<-1 

        } 

      } 

      louuer <- bins[i] 

   } 

return(list(min=dmin,max=dmax,interval=ivl,bin=bins,index=kolours,data=data

)) 

} 

 

## Function to scale one gradient to another, uses information from above 

for this 

rescale<-function(from,to){ 

  fromRange<-from$max-from$min 

  toRange<-to$max-to$min 

  if(fromRange>toRange) warning("the range you're converting to is 

narrower than the original. Returning original range.") 

  fromMid<-((from$max-from$min)/2)+from$min 

  toMid<-((to$max-to$min)/2)+to$min 

  toDiff<-fromMid-toMid 

  kolours <- numeric(length(from$data)) 

  bins<-to$bin+toDiff 

  ivl<-to$interval 

  dmin<-to$min+toDiff 

  dmax<-to$max+toDiff 

  louuer <- dmin-1 
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    for(i in 1:length(bins)){ 

       for(row in 1:length(kolours)){ 

          x = from$data[row]; 

          if((x > louuer) && (x <= bins[i])){ 

           kolours[row] <- i 

          } 

       } 

      louuer <- bins[i] 

     } 

    if(fromRange>toRange) { 

      return(from) 

    }else{ 

return(list(min=dmin, max=dmax, interval=ivl, bin=bins, 

index=kolours, data=from$data)) 

  } 

} 

 

## Plot the A, C and E maps side by side and save as a .png file 

 

png("~/main_project/mapping/cont_mod/sim_cont_mod_map_ACE.png", width=9, 

height=6, units='in', res=300, pointsize=9) 

 

m<-rbind(c(1,2,3), c(4,5,6)) 

layout(m, widths=c(3,3,3,3,3,3), heights=c(3,3), respect=T) 

 

## A 

plot(plocs,col= 

mapColours[calcColourIndex(results[,1])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1) 

axis(2,col="white",col.ticks="white",las=1) 

title(main="A",cex=1.5) 

 

## C 

plot(plocs,col= 

mapColours[calcColourIndex(results[,2])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1) 

axis(2,col="white",col.ticks="white",las=1) 

title(main="C",cex=1.5) 

 

## E 
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plot(plocs,col= 

mapColours[calcColourIndex(results[,3])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1,main="E") 

axis(2,col="white",col.ticks="white",las=1) 

title(main="E",cex=1.5) 

 

## A 

hist(results[,1], main=NULL, xlab="Results for A", cex=2, las=1) 

 

## C 

hist(results[,2], main=NULL, xlab="Results for C", cex=2, las=1) 

 

## E 

hist(results[,3], main=NULL, xlab="Results for E", cex=2, las=1) 

 

dev.off() 

 

## Plot the Amod, Cmod and Emod maps side by side and save as a .png file 

 

png("~/main_project/mapping/cont_mod/sim_cont_mod_map.png", width=9, 

height=6, units='in', res=300, pointsize=9) 

 

m<-rbind(c(1,2,3), c(4,5,6)) 

layout(m, widths=c(3,3,3,3,3,3), heights=c(3,3), respect=T) 

 

## A 

plot(plocs,col= 

mapColours[calcColourIndex(results[,5])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1) 

axis(2,col="white",col.ticks="white",las=1) 

title(main="Amod",cex=1.5) 

 

## C 

plot(plocs,col= 

mapColours[calcColourIndex(results[,6])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1) 

axis(2,col="white",col.ticks="white",las=1) 

title(main="Cmod",cex=1.5) 
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## E 

plot(plocs,col= 

mapColours[calcColourIndex(results[,7])$index],las=1,pch=19, cex=1.25, 

bty="l",xaxt="n",yaxt="n",xlab="east",ylab="north") 

axis(1,col="white",col.ticks="white",las=1,main="E") 

axis(2,col="white",col.ticks="white",las=1) 

title(main="Emod",cex=1.5) 

 

## A 

hist(results[,5], main=NULL, xlab="Results for Amod", cex=2, las=1) 

 

## C 

hist(results[,6], main=NULL, xlab="Results for Cmod", cex=2, las=1) 

 

## E 

hist(results[,7], main=NULL, xlab="Results for Emod", cex=2, las=1) 

 

dev.off() 
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Appendix 6.1 Comparison of results using different GWAS methods for the 

phenotype mean NDVI within a 500m radius of participant’s homes 

Method 

and 

additional 

covariates 

used 

N Number 

of 

genome-

wide 

significant 

SNPs 

Lambda Attenuation 

ratio 

QQ plot 

Bolt-LMM 329,284 96 1.56 0.96 

 

Plink 

adjusting 

for 10 PCs 

236,686 343 1.89 0.99 

 

Plink 

adjusting 

for 20 PCs 

236,686 62 1.33 0.86 
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Plink 

adjusting 

for 20 PCs 

and 

distance to 

UK Biobank 

assessment 

centre 

236,656 61 1.33 0.86 

 

Plink 

adjusting 

for 40 PCs 

and 

distance to 

UK Biobank 

assessment 

centre 

236,656 4 1.25 0.92 

 

Plink 

adjusting 

for 100 PCs 

238,320 3 1.25 0.91 

 

Plink, 

stratified 

by centre 

and meta-

analysed, 

adjusting 

for 

distance to 

236,656 0 1.02 0.74 
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UK Biobank 

assessment 

centre 

Plink, 

stratified 

by centre 

and meta-

analysed, 

adjusting 

for 20 PCs 

236,685 0 1.02 0.73 
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Appendix 6.2 Comparison of R-squared values for models of increasing numbers of principal components with various 

outcomes. 

 


