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ABSTRACT 

This work analyzes the genetic basis of three neurodegenerative diseases using several thousands of 

individuals of European descent to determine a range of phenotypic heritability outside of what has 

been identified by prior methods. By measuring additive genetic variance genome-wide, measures of 

its contribution to the phenotypic variance of these diseases were substantially increased, in some 

instances by a factor of 10 or more.  Additionally, regional-mapping methods identified segments of 

the genome exhibiting significantly high heritability estimates associated with one of the 

neurodegenerative diseases, Amyotrophic lateral sclerosis. This resulted in the detection of novel 

candidate regions and provided conclusive evidence for the polygenic architecture of this disease.  

Lastly, novel risk variants associated with Parkinson’s disease were identified on the X chromosome, 

a previously ignored genomic region.  Overall, the employment of new analytic methods produced 

robust and novel results, adding substantial information to the neurodegenerative disease literature 

and connecting the anthropological perspective with growing informatics-based methods.    
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GLOSSARY OF TERMS 

 

Admixture Interbreeding between two previously isolated populations within the 
same species.  

Ascertainment bias Deviation from validity resulting from a non-random sample. 

Assortative mating Non-random mating, which results from an increased frequency of 
individuals who share genotypes and/or phenotypes to mate.  

Beta-amyloid plaque Abnormal deposits of the protein fragments located between nerve 
cells in the brain. 

Complex genetic trait Phenotypes exhibiting familial clustering not explained by cultural or 
environmental cause, but which do not adhere to a Mendelian 
pattern of segregation. 

Epistasis Gene interaction resulting in the modification of one gene’s effect by 
the presence or action of another.  

Exome The part of the genome comprised of exons; made up of 
approximately 1-3% of the human genome but thought to harbor the 
majority of deleterious mutations.  

Imputation The process of inferring unobserved genotypes using known 
haplotypes.  

Incidence Total number of new disease cases in a population at a given time.  

DNA Microarray A collection of microscopic DNA spots of known sequence, 
assembled in a grid, and used in genotyping or expression analyses 
to measure or map DNA fragments or proteins.  

Neurofibrillary tangles Aggregated tau protein that interferes with intracellular function. 

Phenotypic plasticity The ability of an individual to alter its phenotype in response to 
changes in its environment.  

Pleiotropy  A single gene acting simultaneously on multiple ostensibly unrelated 
traits.  

Prevalence  Total number of disease cases in a population at a given time.  

X inactivation  The silencing of one of the two X chromosomes in females, early in 
development.  
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CHAPTER 1 

GENERAL INTRODUCTION 

 

In the last decade, developments in the field of genomics have significantly influenced the 

research potential within biological anthropology. As the inventory of publically available genetic 

data has rapidly expanded, it is now possible to answer questions regarding human origins and 

human demographic history. While the study of variation within characterized genomes has been 

useful in determining how populations are structured, it is still unclear how genomic variation 

influences complex phenotypes, and why different traits have different levels of heritability.  

 

The research described here is multi-faceted: it utilizes a number of methods developed from the 

principles of population and quantitative genetics to inform the underlying architecture of complex 

disease – specifically, neurodegenerative disease. The main aim of this work is to quantify the 

heritable components of the most common neurodegenerative diseases – Parkinson’s disease 

(PD), Alzheimer’s disease (AD), and Amyotrophic lateral sclerosis (ALS) – and to more finely map 

the regions of the genome where associations have already been made. Neurodegenerative 

disease is of particular interest because humans are uniquely susceptible to the suite of 

symptoms that it produces. While other species exhibit age related cognitive decline, no species 

besides Homo sapiens develops PD, AD, or ALS.  The neurodegeneration observed in these 

diseases is potentially a side effect of the accelerated selection process that resulted in the large 

and complex human brain. As human longevity continues to increase, neurodegenerative disease 

has become increasingly burdensome to aging populations. Understanding the heritable 

components of these complex diseases is therefore critical to determining which populations are 

most susceptible.  

 

This work also provides insight into the previously under-explored X chromosome.  Despite the 

success of association studies with the autosomes, the X chromosome has received relatively 

little attention for a number of reasons. These include lower variant coverage of the X 
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chromosome on genotyping platforms, fewer genes on the X chromosome, and technical and 

statistical hurdles that have prevented accurate analyses of variation. Here, these analytical 

issues are alleviated and the subsequent analysis of the X chromosome provides insight into 

PD’s genetic architecture.  

 

This research will contribute to the field’s knowledge of variation underlying complex phenotypes 

within human populations and will provide support for functional validation studies on the disease-

causing regions of the genome. As the global population ages, the incidence of diseases afflicting 

the elderly is expected to rise. Thus, research aimed at describing the architecture of these 

diseases is ultimately critical to the development of environmental interventions and therapeutic 

treatments. The study of neurodegenerative disease is particularly relevant to biological 

anthropology, as both fields have an acute interest in one of the most marked characteristics of 

the human species: the brain. 

 

Background 

 

Since scholars first sought to explain the differences between individuals and between groups, 

academic opinion on the importance of the environment in determining such differences has 

varied greatly. ‘Nature’ vs ‘nurture’ is one of social science’s oldest debates on the role of instinct 

and instruction in determining how our species functions and mankind’s place in nature.  While 

more recent literature documenting human variation has yielded a great number of insights into 

our variability and plasticity, the interplay of genetics vs. environment in shaping complex traits, 

and the way that genetic and environmental components vary by trait and population, is still not 

well understood. Environmental influences are particularly difficult to measure, as they change 

throughout an organism’s lifetime and are modified by both natural and artificial processes over 

time.  Norms of reaction resulting from interactions between genes and the environment also 

contribute to variation observed in populations, although this is also difficult to analyze as every 

permutation of genotype, phenotype, and environment results in enormous complexity. 
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It is also technically difficult to demonstrate the functionally significant genetic component 

underlying the phenotypic variation of complex traits, although this premise is theoretically 

supported (Zuk et al., 2012).  This difficulty is due to the general infrequency of a single allele 

causing 100% of the effect on a phenotype, and is compounded by the vast expanse and 

complex functioning of the human genome (Carter and Nguyen, 2011). In addition, it is very likely 

that many genes exerting pleiotropic effects act in concert to determine the phenotype of a given 

trait (Wells and Stock, 2011). Accordingly, while there are over 1500 examples of Mendelian 

inherited diseases (Hamosh, 2004), evidence for pleiotropy continues to increase.  Despite great 

advances in quantitative means of examining human genetic variation within complex biological 

phenotypes, this remains a particularly poorly understood aspect of genome analyses.   

 

Introduction to Human Genetics 

 

Humans are genetically very similar, with any two people sharing ~99% of their complete 

genomes (International HapMap Consortium, 2003; Redon et al., 2006). Given the extensive 

phenotypic differences observed between individuals, it should be no surprise that environmental 

and cultural differences also contribute to observed human variation. However, a substantial 

amount of the phenotypic variability exhibited by humans is due to minute genetic differences that 

exist between them. The study of human genetic variation is interested in the percentage of 

heritable variation that, along with the environment, contributes to the differences observed 

between and within human populations. The understanding of genetic variation is historically 

complex, particularly given that our next closest primate relatives, chimpanzees, are genetically 

much more distinct from one another despite their smaller geographic range and limited 

phenotypic forms (Bowden et al., 2012). This observation suggests that, while humans are less 

genetically diverse, the variation that does exist (along with the environment), is strongly 

influential on the observed differences between humans and human populations.  
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Historically, human populations have been classified by their phenotypic forms despite a general 

lack of understanding regarding the biological basis of these forms. Original work by Lewontin on 

the genetic variation of humans showed that ~85% of the variation occurring in humans occurs 

within local geographic populations and only ~15% of variation is found between populations.  

This work was used, in part, to debunk the concept of deeply divided human subgroups within the 

global population generally referred to as the biological species concept (Lewontin, 1972). 

However, one major issue with this work is that it measures variation at individual points within 

the genome, called loci. When loci in many clusters are examined simultaneously, it is readily 

observable that different allelic groupings occur more often in some populations than others, 

allowing individuals to be classified by geographic ancestry with nearly 100% accuracy (Edwards, 

2003). This is significant, as it suggests that knowing an individual’s geographic ancestry could 

suggest his phenotypic makeup. This view does not contradict the conclusions of Lewontin’s 

analysis, as racial classifications often associated with geographic ancestry are not suitable 

proxies for predicting individual genotypes. Furthermore, additional clustering analyses 

measuring many hundreds of loci have shown that individuals from within a distinct population 

can still be more similar to individuals in other populations than to those in their own populations, 

although this occurs less frequently as the number of measured loci increases (Witherspoon et 

al., 2007). 

 

Examinations of the global population indicate that the most significant component of human 

genetic variation is comprised of single nucleotide polymorphisms (SNPs).  Briefly, SNPs are 

defined as single nucleotide base pairs (bp) of DNA sequence that differ between individuals in at 

least 1% of one or more major populations (McCarroll, 2008). Most of observed heterozygosity 

between individuals is a reflection of around 10 million common SNPs present in the 

representative global population.  These SNPs are located in both the coding and non-coding 

regions of the genome, although polymorphisms exist at different rates in various regions 

genome-wide (Cargill et al., 1999; International HapMap Consortium, 2003). Millions of variants 

have been classified as SNPs, and the National Human Genome Research Institute (NHGRI)’s 
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genome-wide association study (GWAS) catalog contains reference to hundreds of replicated 

genetic associations between SNPs and complex phenotypic traits. This catalog is publically 

available at the NHGRI website http://www.genome.gov/gwastudies/. 

 

While SNPs make up the majority of common variants in individuals, it is unlikely that they explain 

all, or even most, of the phenotypic differences between individuals (Singleton et al., 2010). In 

addition to these relatively common variants, rare polymorphic variants present in less than 1% of 

one or more major human populations are also potentially casual elements of phenotypic 

differences, including the development of complex disease (Cirulli and Goldstein, 2010).  These 

less common variants are generally of recent origin and are often highly penetrant, which can 

result in more deleterious phenotypes; however, this is not always the case (Cargill et al., 1999).  

 

An additional, less common but still significant form of human genetic variation is copy number 

variation.  Copy number variants (CNVs) are defined as blocks of conterminous DNA sequences 

that generally exceed 1000 bp in length (McCarroll, 2008). These blocks make up about ~12% of 

the human genome.  While sequence variation within these blocks is less frequent, particular 

variations in copy number between individuals often confer risk to particular health disparities 

(Jakobsson et al., 2008; Levy et al., 2011; Renton et al., 2011).  

 

Often individual SNPs and CNVs are common in one population, but completely or near absent in 

another.  This is often due to the emergence of a relatively recent mutation or to a selective 

advantage in the local environment (Rotimi and Jorde, 2010). The correlation between genetic 

similarity and geographic location is strong, as individuals who share close geographic proximity 

are more likely to not only share close common ancestry, but also exchange genetic material 

through gene flow.  As a result, populations develop a measureable pattern of genetic 

substructure over time.  Genetic substructure is critical to understanding disease outcomes and 

population-level variation, but can confound genetic analyses if not appropriately accounted for 

(Tian et al., 2008).  
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Heritability 

 

Traditionally, analyses aimed at quantifying human genetic variation have used measures of 

heritability to understand population level phenotypic variation, heterogeneity, and substructure.  

Heritability analyses are among the oldest quantitative methods used to measure the sources of 

phenotypic variation.  The heritability statistic was developed to measure the contribution of 

genes and the environment to a phenotype.  Originally presented by Ronald Fisher in 1918, 

heritability is defined as the proportion of total phenotypic variance that is associated with genetic 

variance, within a specific sample and within specific genetic and environmental contexts. From 

here, the biometric model for measuring the total variance of a given phenotype was developed 

(Falconer, 1960; Holzinger, 1929). The model defines four particular elements of variance:  

(1) The additive variance of individual alleles (Va),  

(2) The dominance variance of homologous alleles (Vd),  

(3) Environmental variance (Ve), and  

(4) Measurement error (Vz).  

These measures are then summed to produce an estimate of total variability (Vt): 

Vt =  Va + Vd + Ve + Vz 

Measures Va and Vd are summed to produce an estimate of genetic variance (Vg), which is used 

in the calculation of broad-sense heritability (H2), and measures the full contribution of genes to a 

phenotype: 

H2 = Vg/(Vg + Ve) 

Broad-sense heritability includes the effects of dominance variance.  However, by definition, 

dominance variance cannot be transmitted to offspring and therefore is more difficult to measure 

accurately (Visscher et al., 2008; Zuk et al., 2012).   Without the inclusion of dominance and 

epistatic effects, the estimate of genetic variance (Vg) is determined solely by the measure of 

additive variance (Va ), or that which is transmissible between generations and is susceptible to 

selection. This is referred to as narrow-sense or realized heritability (h2):  
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h2 = Va/(Va + Ve) 

Narrow-sense heritability conforms to a polygenic, additive model by measuring the additive 

variance explained by a given set of genetic variants.  The additive variance of this set is a 

measure of the underlying genetic component of the phenotype, and is estimated by comparing 

the sum of observed effects produced by set of variants to the total heritability inferred directly 

from population data (Zaitlen and Kraft, 2012).  The set of genetic variants is presumed to capture 

the underlying genetic component of the trait, as estimated using trait covariance between 

relatives. In this way, narrow-sense heritability defines the maximum variance that can be 

explained by a linear summation of allelic effects.  

 

The narrow-sense additive model is well supported and has been used to calculate heritability in 

a number of disparate study designs, including twin and family studies, sibling relatedness, and 

population-wide identity-by-state models (Ellsworth and Manolio, 1999; Visscher et al., 2006). 

When the heritability estimates produced from these studies are compared on a trait-by-trait 

basis, they provide generally consistent results, despite the methodological differences between 

them.  These results suggest that the additive model is useful in its underlying assumptions about 

heritability.  These assumptions include no dominance variation (Vd), no epistasis, no assortative 

mating, no genotype-environment interaction, and no genotype-environment covariance (Hill et 

al., 2008).   

 

Misinterpretation of heritability estimates can occur when an investigator applies an estimate from 

a particular sample to a larger population without consideration of the sample’s context. The 

sociocultural aspects of a population, including substructure, admixture, migration history, and 

inter-population variance, add depth to analyses and should be included whenever possible.  If 

left unaccounted for, these factors may confound interpretations when compared to a larger 

sample of the same population (Vitzthum, 2003). In the past, high heritability estimates have been 

used erroneously to support biological or genetic determinism (Visscher et al., 2008; Vitzthum, 

2003). Furthermore, a high heritability estimate for a particular variable in one population does not 
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necessarily indicate that the phenotype is genetically based within that population. It simply 

indicates the presence of a high degree of genetic variance associated with the phenotype, and 

implies that more research is necessary to determine the factors contributing to the variance 

within the given population.  

 

Other common misconceptions of heritability estimates include the assumption that large effect 

genes underlie high heritability estimates, or that high estimates identify the entire proportion of 

the phenotype inherited by the next generation. A high heritability estimate indicates that the 

phenotype under measurement is a good predictor of the underlying genotype.  This does not 

imply that the genotype determines the phenotype, but instead that most of the variation 

observed is genetically based.  Similarly, a low estimate does not indicate that only a small 

degree of additive genetic variation is present, but that the observed variation is due only in small 

part to genetic variance (Visscher et al., 2008; Wick et al., 2003). The impact of environmental 

variance is particularly relevant when heritability estimates are low. As estimations of heritability 

are reliant on the samples from which they are drawn, estimates should be validated in 

subsequent samples before drawing population-level inferences.  

 

The most useful estimates of heritability will also account for the sources of environmental 

variation (Lee et al., 2011). For example, an analysis sampling individuals with similar lifestyles, 

socioeconomic status, eating habits, or medical histories should attempt to control for these 

variables, lest they introduce bias to the statistical model being used to measure variation (Pan et 

al., 2007; Wells and Stock, 2011). A relatively homogeneous population, such as that of Finland, 

is likely to yield higher heritability estimates because of the low environmental influence on 

variation between individuals.  However, heritability estimates for a given trait are not static, as 

they vary between and within sex and population subgroups (Vitzthum, 2003).  Therefore, 

obtaining a heritability estimate for one sample does not unequivocally predict the values for 

another. Defining and correcting for known cultural and environmental context is critical for 

making inferences.   
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While early studies of heritability focused solely on measuring variability within the phenotype, 

newer methods attempt to define the degree to which phenotypic variance might be linked to 

specific and identifiable genes.  Until recently, heritability analyses have generally estimated the 

contribution of genetic variability to phenotypic variation by using the degree of resemblance 

between relatives, correlated with the number of genetic markers that they share (Li et al., 2011). 

While useful in providing strong evidence indicating the existence of genetic components for a 

given phenotype, these analyses do not specify the number or position of causal loci, or their 

functional effects or modes of inheritance (Visscher et al., 2008; Zuk et al., 2012). With the advent 

of genotyping and next-generation sequencing technologies and the advancement of analytic 

tools, newer methods such as Genome-Wide Association Studies (GWAS) have been able to 

successfully identify the number and location of variants most commonly associated with a given 

phenotype (Hindorff et al., n.d.; Li et al., 2013; Marigorta and Navarro, 2013; Nalls et al., 2014).  

 

Genome-Wide Association Studies 

 

Since their development, GWAS have been extraordinarily effective in identifying SNPs 

significantly associated with complex traits.  However, due to the relative recency of GWAS as a 

method for studying human populations, it has not been immediately apparent how the variability 

in SNPs identified by GWAS findings contributes to phenotypic variation.  Initial follow-up 

analyses have questioned whether the variants identified by GWAS are “causal” at all (Bush and 

Moore, 2012; Corvin et al., 2010; Gibson, 2012).  In fact, it is quite likely that most associated 

variants are merely in linkage disequilibrium (LD) with the truly causal and possibly less common 

variants not captured in the majority of genotyping microarrays.  

 

The measurement of LD is quantified by the r2 statistic, and refers to the state of non-

independence between alleles on different loci.  LD occurs when two particular alleles are 

observed together at a greater frequency than what would be expected by chance (Pritchard and 
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Przeworski, 2001). Because LD can be used to indirectly identify significant variants, it has been 

critical to the interpretation of GWAS, as high-coverage sequencing of the whole genome is still 

financially and logistically infeasible for the majority of research budgets.   

 

In 2014, genomic technologies company, Illumina, announced the release of a sequencing 

system called the HiSeq X Ten, which is expected to produce whole genome sequences for 

$1000 per sample. Considering the first fully sequenced human genome cost approximately $3 

billion USD, this represents an enormous step forward for genetic disease research and 

pharmacogenomics (Hayden, 2014, p. 100). As genomic technology continues to advance, 

collecting complete and accurate phenotypic data will expand as one of the most crucial and 

critical elements of study design.  

 

Although GWAS have identified many markers that are significantly associated with a particular 

trait, when viewed collectively, these markers explain only a small portion of the heritability of that 

trait, resulting in a phenomenon commonly referred to as ‘missing heritability’ (Manolio et al., 

2009). For example, when using traditional methods for comparing the resemblance between 

relatives, the heritability of height has been estimated as high as 80%. However,,while successful 

in explaining extreme deviations in average stature, the variants identified by GWAS identify only 

5% of the variability present in the general population.  This occurs because GWAS measures a 

relatively small number of common genetic variants for association with a trait and uses only 

those showing association to calculate heritability. If the assessment of genetic variance is 

expanded to all known SNPs, and not only those passing genome-wide significance in a GWAS, 

then the heritability estimates often increase to near the initial estimates produced by twin and 

family studies (Yang et al., 2010a). 

 

In order to quantify the smaller effect variants that are not captured by traditional GWAS methods, 

it is necessary to measure the association between all known variants simultaneously, including 

those that are not significantly associated with the trait in prior GWAS.  Genome-wide complex 
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trait analysis (GCTA) is a method that does just this. GCTA uses a narrow-sense heritability 

model to estimate polygenic additive variance by measuring the effect of all available genome-

wide SNPs (Yang et al., 2013).  Instead of employing family-based heritability estimates or simple 

point-based risk estimates for single SNPs from GWAS, GCTA utilizes variance across all known 

SNPs simultaneously to estimate heritability in an ostensibly outbred population.  While GWAS 

relies on linkage disequilibrium to detect common variants, GCTA provides estimates of 

phenotypic variance explained by all known markers (Yang et al., 2011a).   

 

In a study on the heritability of stature that included nearly four thousand individuals and 300,000 

common SNPs, GCTA found 45% of phenotypic variance can be detected when SNPs are 

measured simultaneously (Yang et al., 2010b).  This variance was not identified by GWAS 

because the small effects of individual variants are excluded by conservative significance tests, 

suggesting truly causal variants are present at a minor allele frequency (MAF) less than 1%, 

which is much lower than the MAF of the common SNPs by which they are tagged (Yang et al., 

2010a). This result also supports the observation that a great deal of the heritable variation 

associated with common traits remains unaccounted for within the genome (Yang et al., 2011b).  

 

The results of GWAS research suggest that many rare, smaller-effect variants play a greater role 

in the expression of common traits than previously imagined, because the more common, larger-

effect markers identified by GWAS collectively explain very little susceptibility to towards disease 

(Plomin et al., 2009). If a major source of potentially missing heritability is due to variants of small 

effect, then it seems likely that the genes harboring such variants would contribute more, 

cumulatively, to the majority of common, complex phenotypes than genes containing moderate to 

large effect variants, like those identified by GWAS (Rockman, 2012).  Likewise, if a given 

quantitative trait is determined by a number of variants of small effect, it is probable that many of 

these will be too small to reach statistical significance in a GWAS (R. C. Johnson et al., 2010). 

Because GWAS do not measure the cumulative effects of small-effect variants, they do not make 

adjustments for quantitative traits potentially controlled by many small effect genes.  Thus, while 
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useful for exploring Mendelian phenotypes determined by only one or two moderate to large 

effect genes, basic GWAS assumptions complicate the search for missing heritability among 

complex phenotypic traits. In instances of more complex phenotypes, GWAS instead serve as 

hypothesis producers by suggesting candidate regions wherein some causal variants may lie.  

 

As GWAS associated variants can reflect the effects of multiple nearby variants, it is critical to 

identify the surrounding variants in order to perform further analyses.  However, this task can be 

difficult.  Rare variants are less likely to be included on common genotyping panels because of 

technical challenges.  For example, there is a significantly higher error rate in the genotyping of 

rare variants on GWAS panels.  Imputation, the process by which missing genotypes are 

predicted using reference sets containing the whole genome sequence of many thousands of 

subjects, increases the dependability of identifying rarer variants, particularly when comparing 

multiple populations (Li et al., 2011).  In conjunction with increased sample sizes in GWAS 

discovery studies, imputation represents one way to identify less common disease variants and 

measure them across a previously unobserved region of the genome (Singleton et al., 2010). 

 

While there are challenges to the identification of less common and small effect variants, 

potentially, they are equally as significant in their contributions to phenotypic variation as those 

common, moderate effect variants identified by GWAS. Quantifying common and small effect 

variants using heritability measures will tell researchers how much genetic variance for a given 

trait remains to be described.  The most practical method would be to examine the effects of 

many variants when measured together, regardless of their initial statistical significance in GWAS 

results.  In this way, the heritability of a given phenotype can be measured by the underlying 

genetic variance shown to be associated with such a trait, because the effects of variants are 

viewed collectively (Do et al., 2011; Keller et al., 2012; Singleton and Hardy, 2011; Yang et al., 

2010b).  This kind of association will be of particular interest in regions of previously associated 

significance, where the identified variants are thought to be in LD with the truly causal variants 

(Keller et al., 2014). Such regional analyses of heritability, while particularly useful for examining 
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previously implicated regions of the genome for additional variation, can also be employed to 

analyze otherwise unassociated genomic regions.. In this way, heritability analyses can serve as 

hypothesis producers by identifying previously unknown regions of potential significance that 

contain lower levels of association but higher estimates of heritability within a population.   

 

Disease 

 

Populations representing differing demographic histories often exhibit varying disease 

susceptibilities.  This is a result of different risk mutations accumulating within certain groups over 

time, and such mutations can act as markers for the genetic antiquity of the population.  The older 

a mutation is, the more likely it will be observed across a wider geographic distribution and within 

a greater number of individuals, until ultimately it is present in enough of the global population to 

be considered ‘common’.  From an evolutionary perspective, accumulated variants, common or 

not, may be useful in the event that a population faces new selective pressures or a changing 

environment. Because small effect variants are less susceptible to selection and more likely to 

proliferate through a population over time, genetic variation associated with a deleterious 

phenotype within a given population will be maintained because the overall deleterious effect is 

theoretically shared by many genes (Manolio et al., 2009). Unlike Mendelian diseases, where the 

observed phenotype generally results from a major protein change within a coding region of the 

genome, 90% of the variation associated with common complex disease is located in the non-

coding region of the genome (Corvin, Craddock and Sullivan, 2010). Thus, despite a general 

understanding of genetic contributions to phenotypic variation, the genetic architecture of 

complex and non-communicable disease phenotypes has remained difficult to characterize.   

 

Neurodegenerative diseases follow the complex pattern observed in most diseases, wherein 

genes associated with neurodegenerative disease are evolutionary conserved when compared to 

non-disease genes (Panda et al., 2012). However, considering that neurodegenerative diseases 

are generally diseases of aging, the selection pattern is complicated. Antagonistic pleiotropy 
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occurs when a gene controls both an advantageous and deleterious trait. While 

neurodegenerative diseases generally present symptoms after reproduction has concluded, and 

thus are not thought to have an impact on evolutionary fitness, there is some evidence of 

cognitive advantage within neurodegenerative genes. This provides some evidence for an 

evolutionary tradeoff in human brain development.   

 

Neurodegenerative diseases are defined more by their biological processes than their genetic 

underpinnings or mechanistic origins.  In particular, neurodegenerative disease is characterized 

by the accumulation of abnormal proteins in the central nervous system, which over time leads to 

neuronal death. Individuals with neurodegenerative disease vary in their vulnerabilities to 

neuronal degeneration, but all types of neurodegenerative disease ultimately result in the 

aggregation of misfolded proteins (Ross and Poirier, 2004). While identifying genomic regions 

that are linked to neurodegenerative phenotypes does not directly inform the molecular function 

of the misfolded proteins that characterize neurodegenerative disease, it does support future 

functional work aimed at describing this kind of molecular activity.   

 

Environmental versus Genetic Influences on Neurodegenerative Disease 

 

The most common neurodegenerative diseases, including AD, PD, and ALS, occur most 

frequently in aging populations and exist in both sporadic and familial forms.  To comprehensively 

understand these diseases, the body must be viewed as a system operating within its broader 

environmental context. For example, while a number of genetic mutations that elevate an 

individual’s risk for developing a neurodegenerative disease have been identified, the majority of 

cases in which they have been detected are sporadic, suggesting the contribution of an 

environmental influence.  Environmental and behavioral risks, such as cigarette smoking, diet, 

coffee consumption, nonsteroidal anti-inflammatory drugs (NSAID) usage, and pesticide or lead 

exposures, have been repeatedly associated with the development of one or more of these 

conditions (Benedetti et al., 2000; Brown et al., 2005; Elbaz et al., 2009; Jiménez-Jiménez et al., 
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1992). However, epidemiological analyses identifying behavioral and environmental risk factors 

often lack specificity and account for only a small fraction of neurodegenerative disease cases. 

This further highlights the need for data collectors to emphasize complete, accurate, and detailed 

phenotypic data. 

 

Investigating Neurodegenerative Disease using GWAS and Heritability 

 

Because genetic association research has primarily operated under the ‘common disease, 

common variant’ hypothesis, many small-effect variants that might contribute to disease 

susceptibility have been underappreciated. In the case of PD, mutations identified by linkage 

analysis and known to cause monogenic forms of disease account for only a small proportion of 

disease (Alcalay et al., 2010).  These include mutations in α-synuclein (SNCA), parkin (PARK2), 

DJ-1 (PARK7), PTEN-induced putative kinase I (PINK1), and leucine-rich repeat kinase 2 

(LRRK2) (Pankratz et al., 2012; Pirkevi et al., 2009; Singleton et al., 2003).  In addition to these, 

GWAS have identified risk variants at over two-dozen loci that influence PD risk.  These loci 

individually produce much smaller effects, but collectively comprise a larger portion of the genetic 

component responsible for the development of PD (Do et al., 2011). Still, when considered 

together, the loci identified by GWAS methods explain only a fraction of the variance expected in 

PD liability (Keller et al., 2012).  A similar pattern is observed for AD and ALS, where a number of 

GWAS associated risk variants have been identified, but which in sum contribute very little to the 

heritability of these diseases.  Thus, within the neurodegenerative disease types described here, 

the known variants identified by GWAS explain only small portion of disease liability, suggesting 

most causal markers have yet to be identified (Gasser, 2005; Pankratz and Foroud, 2007; Payami 

et al., 2002). 

 

When estimating heritability from GWAS results, variance is measured solely by the contributions 

of GWAS associated loci.  That is, the potential for additional variants that may exist at an 

individual locus is not accounted for.  In the event that additional variants do exist, they can 
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contribute to the genetic liability of disease development (McCarthy and Hirschhorn, 2008).  Thus, 

while a number of loci have been implicated as risk factors in neurodegenerative disease, their 

heritability estimates are likely to be inaccurate as they are not necessarily reflective of the alleles 

that are truly causal and driving disease association.  Furthermore, understanding locus 

heritability is critical for establishing genetic risk within a particular region of the genome, as more 

accurate estimates of heritability will result from analyses that account for all the variants in a 

genomic region.   

 

The most useful heritability analyses for neurodegenerative disease phenotypes include a 

narrow-sense model to examine the genetic influence on a given phenotype. The narrow-sense 

method will provide accurate estimations of the cumulative effect of genes containing small-effect 

variants.  Furthermore, narrow-sense heritability models can be used to identify particular regions 

of the genome that contribute the most to the variation observed within a phenotype (Keller et al., 

2014).   

 

Estimating polygenic additive variance by examining all genome-wide SNPs simultaneously will 

augment the limited contribution of the SNPs identified by GWAS and will quantify additional 

underlying genetic variation.  Additional variance comprised of smaller effect variants may 

contribute to complex disease phenotypes including neurodegenerative disease (Renton et al., 

2011; Singleton and Hardy, 2011; Yang et al., 2011b).  Estimates accounting for such variance will 

provide a means of comparing the variation of neurodegenerative disease phenotypes within and 

across populations, and potentially yield insights into the genetic architecture underlying these 

biologically complex traits.  In addition, fine mapping large regions of genomic significance will aid 

in the future identification of mechanisms by which abnormal changes result in disease.  As the 

relationship between genes and the environment continues to be characterized, heritability in the 

genomics era remains a useful paradigm from which to characterize the complex, non-linear 

relationship between a phenotype and the genome. 
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Sex-Effects in Neurodegenerative Disease 

 

Traditional GWAS are designed to perform single-marker statistical tests between a phenotype 

and an autosomal genotype.  Researchers have been hesitant to perform sex-stratified 

association analyses with autosomal data because of the loss of power associated with smaller 

sample sizes.  Thus, males and females are often analyzed together in GWAS and, when the 

distribution of allelic effects differs between the sexes, the results are generally adjusted for sex 

to account for this observation (Magi et al., 2010). Sex can be thought of as a kind of 

environmental risk factor that incorporates the myriad of differences between males and females 

at various stages of their life history.  Autosomal variants with sex-specific effects may interact 

with causal variants, resulting in males and females within the same populations exhibiting 

different allelic effects (Hickey and Bahlo, 2011; Magi et al., 2010). These sex-specific effects are 

a source of genetic variation, and adjusting for them introduces another source of missing or 

unexplained heritability. 

 

This issue is exacerbated further when dealing with the X chromosome, which is hemizygous in 

its inheritance.  Similar in many ways to the autosomal chromosomes, the X chromosome differs 

in terms of rates of gene divergence, gene accumulation, patterns of gene expression, and 

recombination rate (Hickey and Bahlo, 2011; Vicoso and Charlesworth, 2006). While GWAS have 

seen enormous success in examining autosomal traits, they have reported only seven phenotypic 

associations for the X chromosome (Hindorff et al., n.d.).  X chromosome variants are generally 

excluded from association analyses despite their inclusion on most microarray platforms, and the 

general brevity of published associations on the sex chromosomes highlights a gap in the 

literature (König et al., 2014).  However, there is good reason to suspect risk variants contributing 

to complex disease, particularly to PD, might be located on the sex chromosomes.  Parkinson’s 

disease is more common in males than females and, at disease onset, the sexes generally 

exhibit a different suite of symptoms: males show greater rigidity, while females show greater 

postural instability and an increased likelihood of dyskinesia (Baba et al., 2005).  
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Recently developed statistical tests for X chromosome analyses facilitate a more comprehensive 

understanding of complex disease architecture in this previously under-explored region of the 

genome. Appropriate analyses are crucial to examining the sexually dimorphic PD phenotype that 

may result from differential gene expression in males and females, or from X-linked genes (Pan 

et al., 2007; Weiss et al., 2006). The few models currently described in the literature are single-

maker tests – similar to GWAS.  In brief, these models are variable: some account for X-

inactivation while others do not; some use both male and female data and assume the same risk 

allele in both sexes, while others are female-only tests (Clayton, 2008; Purcell et al., 2007; Zheng 

et al., 2007).  

 

A recent analysis using simulated data and comparing all known models suggests the best test 

for X chromosome association is data dependent.  That is, the underlying features of a given 

dataset should be examined before a model is selected and employed. In particular, the most 

important features to examine before the selection of a specific association model include the 

ratio of cases to controls and males to females, and differences in allele frequency between the 

sexes (Loley et al., 2011). Because there is no uniformly accepted best test for X chromosome 

association, the analyses employed here combine a few tests to account for the balanced ratio of 

males to females in the available data, while removing any variants with allele frequency 

differences between the sexes that are large enough to produce potentially false positive results.  

Furthermore, using both additive and genotype based analyses in a sex-stratified model will 

account for the possibility of inactivation of the X chromosome (König et al., 2014). These 

analyses are expected to show that the inclusion of the X chromosome in genetic association 

analyses will lead to a better understanding of the genetic architecture of neurodegenerative 

disease phenotypes.  
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Study Aims 

 

The primary goal of this dissertation project is to delineate the genetic influences contributing to 

the discrepancy between high heritability estimates reported for complex disease and low 

explained variance identified by existing GWAS. This search for missing heritability tests three 

hypotheses that inform the three specific research aims:   

1. Small effect variants not measured by GWAS have a significant genetic influence on 

complex disease.  

a. Testing this hypothesis will establish whether a greater proportion of additive genetic 

variance, which is not captured by current methods, exists within the genome. 

Quantification of this variance is critical for understanding how much more genetic 

variation must be identified for these disease phenotypes. This will also provide 

ancestry specific estimates that can be used to inform population specific susceptibility 

to neurodegenerative disease.  

2. Small effect variants that contribute significantly to complex diseases can be quantified 

using narrow-sense heritability estimates. Furthermore, examining areas of the genome 

with locally high heritability estimates will produce candidate regions that are potentially 

significant to disease development.  

a. Testing this hypothesis will provide support for future research in the fine mapping of 

significant genomic regions of disease, and also lend support to the GWAS model of 

capturing common variants. 

3. Variants influencing disease risk are present on the X chromosome and contribute to the 

susceptibility of PD.   

a. Testing this hypothesis will reveal novel genetic variants associated with sex and will 

quantify the contribution of genetic variance to PD on the X chromosome.  



 
 

20 

CHAPTER 2 

MATERIALS AND METHODS 

 

Description and Measurement of Neurodegenerative Diseases 

 

It is clear that neurodegenerative diseases share commonalities in their clinical and pathological 

features (Bertram and Tanzi, 2005; Lill and Bertram, 2011). The phenotypes examined in 

heritability analyses are often constructs or proxies of functional aspects of a process, but 

generally do not directly consider the process itself.  For this reason, the phenotype of interest 

must be clearly defined and understood to be biologically meaningful before commencing the 

analysis (Visscher et al., 2008; Vitzthum, 2003). Measurement of a disease phenotype should 

include the phenotypic variation surrounding the trait of interest and the conditions of age and 

sex.  When possible, measures of temporal changes in these co-factors should be integrated into 

the analysis as well, both between and within populations.  Additional co-factors include 

confounding variables that may influence the phenotype of interest , such as measures of body 

mass index or smoking status (Vitzthum, 2003; Wells and Stock, 2011).  When working with 

diseases, it is also crucial that clinical definitions remain consistent between study participants.  

This is particularly challenging in studies of neurodegenerative disease because the clinical 

characteristics by which neurodegenerative diseases are defined often overlap, complicating the 

diagnostic process.  However, in the last ten years, the increasing incidence of 

neurodegenerative diseases has afforded researchers the opportunity to better characterize the 

phenotypes defining these conditions.  

 

Alzheimer’s Disease 

 

AD is the most common form of neurodegenerative dementia.  It occurs most frequently in 

individuals over 65 years of age, with less than 2% of cases occurring before age 60 (Hebert et 

al., 2003). The cardinal neuropathological features of AD are the formation of extracellular beta-
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amyloid plaques and intracellular neurofibrillary tangles in the brain. The regions of the brain most 

affected by AD include the cortex, hippocampus, basal forebrain, and brain stem (Ross and 

Poirier, 2004). As the only way to be certain about an Alzheimer’s diagnosis is to dissect an 

individual’s brain tissue, absolute diagnosis generally only occurs with autopsy. Thus, diagnosis 

occurs after extensive neuropsychological testing of cognitive functioning and careful 

consideration of neuroimaging results. The earliest symptom of AD is memory loss, while other 

symptoms include reduced recognition of people and objects, diminished task performance, and 

loss of speech (Irvine et al., 2008; Ross and Poirier, 2004).   

 

Parkinson’s Disease 

 

PD is the second most common form of neurodegenerative disease, and its age of onset is much 

more variable – ranging from adolescence to old age. Generally, individuals with disease onset 

before age 55 are categorized as early-onset, and those with disease onset after age 55 are 

categorized as late-onset. While PD is recognized as a multifaceted systemic disorder, the 

movement component of the disease is most recognizable and occurs when dopaminergic nerve 

cells in the substantia nigra are destroyed over time. The regions of the brain most affected by 

PD include the substantia nigra, cortex, locus ceruleus, and raphe (Ross and Poirier, 2004). The 

suite of symptoms clinically characterizing PD includes bradkyinesia (slowed movement), postural 

instability, rigidity, and resting tremor, although, as with AD, true diagnosis can only be achieved 

neuropathologically (Friedman, 2011; Hardy et al., 2009).  

 

Amyotrophic-Lateral Sclerosis 

 

ALS, a motor neuron disease, occurs most commonly in individuals aged 40-60.  It is 

characterized by muscle atrophy and spasticity, and difficulty speaking, swallowing and breathing. 

ALS is fatal within three to five years of symptom onset, with progressive motor weakness 

ultimately leading to death (Johnson et al., 2012). The symptoms of ALS result from the 
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degeneration of lower motor neurons present in the spinal cord and upper motor neurons in the 

cerebral cortex. Unlike AD and PD, the precise disease proteins deposited by the pathological 

process of ALS are unknown, although neurofilament abnormalities and ubiquitinated aggregates 

have been recognized as contributors (Ross and Poirier, 2004).  

 

Data Sets  

 

Examining neurodegenerative disease phenotypes within the context of a uniform ancestral 

background aids in the identification of the genetic similarities between populations, and is useful 

for categorizing subsets of disease (Zaitlen and Kraft, 2012). It is critical, however, to account for 

population substructure within groups of similar ethnic background and geographical descent, 

called ancestry groups.  This information may not be accounted for by self-reported demographic 

information and can result in false-positive associations (Tian et al., 2008).  This study uses self-

identified European ancestry individuals not because it is assumed they carry a distinctive genetic 

burden, but because a large enough sample size was available to perform the proposed analyses 

while accounting for covariates and population substructure with statistical confidence.   

 

Alzheimer’s Disease Data Sets 

 

To explore heritability in AD, two publicly available datasets were obtained via the Center for 

Inherited Disease Research. The first dataset, which came from the National Institute on Aging 

Genetics Initiative for Late-Onset Alzheimer's Disease (LoadCidr), is comprised of late onset 

individuals from the Genetics Initiative Multiplex Family Study, National Cell Repository for AD 

(NCRAD), and controls from the University of Kentucky (n = 5220).  The second dataset, which 

came from the Genotype-Phenotype Alzheimer's disease Associations study (GenADA), includes 

1000 AD patients and 1000 ethnically matched controls. The matching of controls by ethnic 

similarity attempts to balance demographic differences in ancestry that may occur within an 

admixed population. GlaxoSmithKline and medical centers in Canada facilitated the collection 
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and genotyping of the GenADA samples.  Both AD datasets are de-identified, publicly available 

through NCBI’s dbGaP genetic data repository, and include genotype, phenotype, and covariate 

data.  

 

Parkinson’s Disease Data Sets 

 

To explore heritability in PD, datasets were drawn from the International Parkinson’s Disease 

Genomics Consortium (IPDGC). The consortium includes genotype, phenotype, and covariate 

data from six international datasets including the United Kingdom (n = 6905), the Netherlands (n 

= 2796), Germany (n = 1686), France (n =3023), Iceland (n = 5520), and the USA-NIA (n = 

4005).  Additional USA participant data was obtained via dbGaP, which has been made publicly 

available through the NINDS Human Genetics Resource Center (n = 1733). An eighth dataset 

comprising Finnish cases and controls was also obtained from the Vantaa 85+ study (n=885).  In 

total, eight datasets comprising 7,096 cases and 19,455 controls were obtained for PD analyses. 

Additional details for each PD dataset are described below, and more extensive clinical and 

collection data can be found in the study-specific citations. 

 

Samples from the UK were collected through five centers across the UK. Familial cases were 

excluded, as were individuals with known Mendelian mutations. All case subjects met the clinical 

criteria for PD according to the UK Brain Bank. Controls were collected from the 1958 Birth 

Cohort, and from UK Blood Services Controls (International Parkinson’s Disease Genomics 

Consortium (IPDGC) and Wellcome Trust Case Control Consortium 2 (WTCCC2), 2011; Simón-

Sánchez et al., 2009).   

 

Dutch cases were recruited from four centers within the Netherlands: Scales for Outcomes in 

Parkinson’s disease (SCOPTA); the Academic Medical Center in Amsterdam (AMC); the 

Parkinson Centrum Nijmegen (ParC); and the VU Medical Center (VUmc). Both familial and 

sporadic cases are included with related individuals being excluded via identity-by-state analyses. 
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Controls were obtained from the Rotterdam study III, which describes a population study of 

elderly individuals living in the Ommoord district of Rotterdam (Hofman et al., 2009; Simón-

Sánchez et al., 2011).  

 

German samples include both familial and sporadic cases; individuals with known Mendelian 

mutations were excluded. German controls were selected from the KORA survey and the 

POPGEN Project, and are representative of the general German population. Control individuals 

were assessed by a physician to determine neurological normality, with those exhibiting 

symptoms of neurological disorder being excluded (Simón-Sánchez et al., 2011). 

 

The French cases were recruited via the Parkinson’s disease Genetics Network, which involves 

15 university hospitals in France. Patient selection was enriched by selecting individuals with a 

positive family history of Parkinson’s disease, and standard criteria were used in the diagnosis of 

cases. Subjects with known PARKIN mutations were excluded. French controls were collected 

from a population-based cohort, French Three-City (F3C), whose members were known to be 

neurologically normal (Saad et al., 2011).   

 

The Icelandic cases are familial, and were obtained from the Icelandic Parkinson’s Disease 

Society. Clinical examinations were administered by movement disorder specialists to confirm the 

diagnosis of PD (Hicks et al., 2002; Sveinbjörnsdottir et al., 2000). Controls were recruited from 

deCODE, a study on the diseases of the elderly, and were selected randomly from a 

neurologically normal subset (International Parkinson Disease Genomics Consortium et al., 

2011). 

 

The National Center for Biotechnology Information (NCBI) dbGaP database of publicly available 

genotypes and phenotypes was used to procure the first of two US-PD datasets. All case 

individuals were neuropathologically confirmed to have PD, and all controls were confirmed to be 

neuropathologically normal (Mailman et al., 2007). The second set of US-PD data was obtained 
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from two familial PD studies, PROGENI and GenePD, conducted by Parkinson Study group sites 

through North America (Maher et al., 2002; Pankratz et al., 2002). Cases with known Mendelian 

mutations were excluded. Standard diagnostic criteria were employed. US-PD controls were 

obtained from NINDS Human Genetics Resource Centre at the Coriell Institute Coriell Cell 

Repositories. Individuals with a known family history of PD were excluded (Pankratz et al., 2009; 

Simón-Sánchez et al., 2009).  

 

Finnish cases and controls were drawn from the Vantaa 85+ study, in which all participants were 

over the age of 85 at the time of first examination. Finnish-PD cases include both clinical and 

neuropathologically confirmed diagnoses of PD. Finnish controls were clinically tested for 

dementia between 1-5 times, and individuals not considered neurologically normal were removed. 

Additional Finnish controls were drawn from mitiPARK (Tanskanen et al., 2012). 

 

Amyotrophic Lateral Sclerosis Data Sets 

 

To explore heritability in ALS, three datasets were obtained. All three datasets contain genotype, 

phenotype, and covariate data.  

 

The first set includes Finnish cases collected from an ALS specialty clinic in Helsinki. Individuals 

with both sporadic and familial forms of ALS are included in the Finnish cohort (n = 902) 

(Laaksovirta et al., 2010).  

 

The second set of ALS samples includes US cases and controls from the NINDS Neurogenetics 

Repository (n = 1083). Cases include both sporadic and familial forms, and controls were drawn 

from various sites across the US. All controls were extensively screened for family histories with 

primary neurological disorders (J C Schymick et al., 2007).  
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Lastly, Italian cases were obtained through Piemonte and Valle d'Aosta Register for ALS 

(PARALS), an epidemiological study based in two regions of northwestern Italy (cases, n = 504) 

(Traynor et al., 2010). Italian controls were obtained from InChianti, a population-based cohort of 

elderly individuals in Central Italy (controls, n = 1247) (Chiò et al., 2009). 

 

Ethical Considerations for the Study Subjects 

 

The Institutional Review Board of Temple University approved this study under protocol #21446. 

Written informed consent for genetic analysis was obtained for every participant at the time of 

collection, under locally approved protocols for the studies from which datasets were obtained. 

Every dataset used in the proposed analyses was de-identified, such that it is impossible to link 

genetic or phenotypic records with a particular individual. Regional ethics committee approval 

was obtained for the studies used for DNA collection. Study-specific ethical considerations are 

described herein, and can also be found in the citied works.   

 

UK-PD sample collection was approved by the Joint Research Ethics Committee of the National 

Hospital and Institute of Neurology (Simón-Sánchez et al., 2009).  German-PD sample collection 

was approved under the local ethics committees and medical faculties at the Universities of 

Munich, Bochum, and Tübingen, where specialists in movement disorders obtained the German 

PD cases (Simón-Sánchez et al., 2011).  Icelandic-PD sample collection was approved by the 

National Bioethics Commission of Iceland; medical information and blood samples were 

encrypted by the Data Protection Commission of Iceland (Gulcher et al., 2000).  US-PD samples 

derived from the Laboratory of Neurogenetics, NIA, NIH, USA were approved by the Institutional 

Review Board of the National Institute on Aging (ref. no: 2003-081 and 2008-146).  US-PD 

samples collected from the Parkinson's, Genes & Environment (PAGE) study received approval 

by the Institutional Review Board of NIEHS (ref. no:06-E-N093) (Simón-Sánchez et al., 2009).  

French-PD sample collection was supported by the French National Agency of Research (ANR-

08-MNP-012), and research protocol was approved by the Committees for the Protection of 
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Persons (CPP), according to Article L. 1126-5 of the Code of Public Health, under French law 

(Saad et al., 2011).  Dutch-PD sample collection was supported in part by the Netherlands 

Organization for Scientific research (research grant: P 120/98; NWO 940-33-021), and was 

collected according to the Medical Research with Human Subjects Act (Wet 

Medischwetenschappelijk Onderzoek met Mensen; WMO). The Department of Clinical and 

Human Genetics, VUMC Amsterdam maintains the biobank containing Dutch DNA samples 

(Hofman et al., 2009; Simón-Sánchez et al., 2011).  Finnish-PD sample collection was supported 

by a BUPA Foundation Grant (RHAD/094) and was performed in collaboration with the 

Epidemiological Clinicopathological studies in Europe (EClipSE) Consortium (Tanskanen et al., 

2012).  Finnish-ALS sample collection was approved by the ethics committees for ophthalmology, 

otorhinolaryngology, neurology and neurosurgery and internal medicine in the hospital district of 

Helsinki and Uusimaa, and by the Institutional Review Board of the National Institute on Aging 

(protocol number 2008-146) (Laaksovirta et al., 2010).  Collection of the US-ALS samples was 

approved by the NINDS & NIMH, and supported the ALS Association, the Packard Center for 

ALS Research at Johns Hopkins, extramural NINDS contract funding, and the Muscular 

Dystrophy Association.  The samples are kept at the NINDS Neurogenetics Repository at the 

Coriell Institute for Medical Research, and can be accessed from the Coriell website: 

http://www.coriell.orghttp://www.coriell.org (JC Schymick et al., 2007). 

 

Analyzing the Three Study Aims Using Populations and Datasets 

 

All individuals diagnosed with a particular neurodegenerative disease were grouped together into 

a study population.  Hence, there was an AD study population, a PD study population, and an 

ALS study population.  Each disease-specific study population further consisted of several groups 

of European ancestry, called datasets.  For example, the ALS study population is comprised of 

three datasets: Italian, Finnish, and US.  Several analyses were performed using these datasets; 

although, not every dataset was used in every analysis.  Inclusion details are described within the 

individual analysis procedures, but in brief, each hypothesis was tested using between one and 
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three study populations. Analyses associated with the first hypothesis were performed on all three 

disease types: AD, PD, and ALS.  Analyses associated with the second hypothesis were 

performed only on ALS. Analyses associated with the third hypothesis were performed solely on 

PD. This partitioning was necessary due primarily to consortia constraints on data availability. 

 

Statistical Considerations 

 

The work described here explores within-European variation as it relates to neurodegenerative 

diseases. While the included datasets are comprised of European ancestry individuals, genetic 

differences between and within geographically contiguous populations are expected to accrue 

over time, forming genetically distinct subpopulations with variable allele frequencies (Jorde et al., 

2000; Wineinger et al., 2011). These systematic differences in allele frequencies are known to 

produce population stratification (Price et al., 2010), and failing to account for these differences 

can lead to both spurious associations and masked true associations. This issue can be 

compounded by ambiguous definitions of population boundaries, particularly because all 

individuals have a common ancestor at some point in the past.  Subpopulations can exist even in 

apparently homogenous samples and, while it is particularly notable in populations within the 

same geographic region, this background level of relatedness exists even for ostensibly outbred 

individuals.  It is therefore necessary to correct for population stratification within all included 

datasets. 

 

Population Stratification 

 

Population stratification must be effectively controlled for in order to limit false-positive results or 

reduced statistical power, and to increase the likelihood of detecting truly associated variation. 

False positives will occur when systematic differences are detected as true associations between 

cases and controls, particularly if the sample size is unevenly distributed.  To account for any 

population substructure within the datasets, Principal Component Analysis (PCA) was applied. 
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PCA works by defining continuous axes of variation across all available genetic markers to 

reduce the data to a few variables, called principal components, which contain the most 

information about marker variability.  Plotting these variables will show how samples cluster 

together by ancestral similarity. Genotypes and phenotypes are then adjusted along the axes 

using the residuals of a linear regression model, and outliers are removed. In order to capture the 

true effects of population substructure, the first twenty axes of principal components were used as 

covariates in these analyses (Price et al., 2006).  

 

Covariates and Quality Control 

 

Standard quality control measures were applied to all datasets prior to analyses. These measures 

were used to ensure uniformity between datasets and to remove SNPs and samples of low 

genotypic quality.  Individuals who exhibited a sex mismatch between self-reported phenotype 

information and genotype estimated sex were excluded from the analysis; additionally, markers 

that departed significantly from Hardy-Weinberg equilibrium (p < 0.001) or with call rates less 

than 95% were also excluded. Call rate refers to the genotype assignment during sequencing; the 

overall call rate for a variant is determined by the number of genotypes assigned to that variant 

divided by the total number of variants sequenced (“Glossary of Genomics Terms,” 2013).  

Furthermore, individuals with outlying PCA scores were removed, as this suggests ancestry bias.  

An additional, more stringent quality control process was applied to the data after initial collection 

to avoid systematic differences between case individuals, or those who exhibit the disease 

phenotype, and control individuals, or those who are phenotypically “normal”, being interpreted as 

genetic variance (Yang et al., 2011b, 2011c). This step included removing individuals with 

incomplete or ambiguous phenotype data – for example, those considered “at risk” but without 

clinical diagnosis – and removing markers with a minor allele frequency less than 0.01.  

 

To control for underlying cryptic relatedness within the cohorts, any pair of individuals sharing 

more than a 0.125 proportion of alleles estimated using pi-hat, or pairs identified as 1st or 2nd 
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degree relatives were identified, and one relative from each cryptically related pair was excluded. 

This step was performed in order to detect any possible sample duplications or unknown familial 

relationships that might confound the analysis, as individuals sharing a greater proportion of 

alleles will bias the heritability estimates upwards.  The importance of these measures cannot be 

overemphasized, as applying quality control ensures the markers remaining in a dataset are 

reliable. These measures also increased the statistical power of analyses and reduced the 

number of false positive findings (Fardo et al., 2009). 

 

Imputation 

 

The datasets employed here have been genotyped on different genotyping platforms. The 

number of SNPs sequenced on each platform varies between 300-800k SNPs.  When SNPs 

were compared between the platforms used to genotype individuals in any given dataset, only 

~200k SNPs remain in common.  Therefore, in order to create an equivalent number of SNPs for 

statistical analysis, the genotyped data for each dataset were expanded by the imputation of 

millions of shared SNPs, using a publicly available reference panel of individuals who have been 

sequenced genome-wide.  

 

The reference population for the imputation process of this study contains individuals from the 

1000 Genomes Project (1000 Genomes Project Consortium, 2010).  The 1000 Genomes Project 

has recently released the complete genetic sequences of 1092 individuals, capturing up to 98% 

of SNPs present in at least 1% of related and admixed populations. This resource is publically 

available, and represents the most comprehensive catalog of human genetic variation to date. 

The 1000 Genomes Project Consortium is invaluable for the analyses described herein, and also 

serves as a source of coverage of rare, untyped (i.e., not genotyped or sequenced) variants 

across European, and other, populations (Clarke et al., 2012). By imputing genotypes across 

datasets, it is possible to test the same set of SNPs, regardless of the initial platform on which 

they were genotyped, and create a relatively equal number of SNPs among all datasets within 
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study populations (de Bakker et al., 2008; Howie et al., 2012; Li et al., 2011, 2010). This is 

particularly useful for combining datasets to increase statistical power.  

 

Imputation works by using haplotype information from whole genome sequences in an ancestry 

specific reference population to fill in the missing genotypes not measured by common 

microarrays. The larger the number of individuals in the reference population, the greater the 

number of haplotypes that can be used to identify shared stretches of genetic sequence among 

individuals. Comparing stretches of shared haplotype was originally used to observe linkage in 

related individuals. However, its application to unrelated individuals, like those acquired for this 

and other genome-wide comparison studies, utilizes the same approach. The major difference is 

that unrelated individuals will share shorter haplotype stretches than related individuals, as their 

common ancestors are expected to be more distant.  When ambiguity is present between 

haplotypes, the imputation algorithm will indicate this observation by summarizing the odds 

between the two possible observed genotypes.  Genotype certainty is scored from 0-1, and 

poorly imputed SNPs with a value below 0.3 were excluded (de Bakker et al., 2008).  

 

Analysis Procedure for Study Aim 1 

 

This procedure tests the hypothesis that low frequency and small effect variants not captured by 

GWAS contribute significantly to the genetic variation observed in complex disease. This analysis 

further establishes precisely how much of this variation remains to be described.  Autosomal data 

from the PD, AD, and ALS datasets were used to perform this analysis. 

 

Following imputation, a genetic relationship matrix (GRM) was calculated using GCTA. The 

genetic relationship matrix was determined using all available SNPs to estimate the genetic 

relationship between random, unrelated pairs of individuals. On a genome-wide basis, related 

individuals will share more alleles in common than will unrelated individuals.  Therefore including 

close relatives will introduce bias and result in the over-estimation of genetic variance. Following 
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this step, the genetic relationship matrix was input into a restricted maximum likelihood (REML) 

analysis to produce variance estimates explained by all available SNPs. These estimates 

quantified heritability by maximizing the joint likelihood of all the SNPs in the dataset contributing 

to the phenotype in question.  

 

Estimates produced by the REML model were then transformed from the observed scale to the 

underlying scale, in order to account for presence of ascertainment bias, which can occur when 

many more case samples are present in a dataset than would be expected in the general 

population. This was done by transforming the estimate of variance explained from the observed 

0-1 scale to the normally distributed underlying scale using linear transformation (Yang et al., 

2011a). This step followed the assumption of a threshold-liability model of disease, whereby 

complex disease results from an underlying continuous character affected by the combined 

effects of genetics and the environment (van Dongen et al., 2012).  This process relied on a 

disease prevalence value estimated from general European populations within the 

epidemiological literature.  For this study, the value was 0.01 for PD (Gasser, 2005; Porter et al., 

2006; Tanner et al., 1999; Wickremaratchi et al., 2009; Wirdefeldt et al., 2011), 0.015  for AD 

(Hebert et al., 2003; Polvikoski et al., 2001), and 0.0001 for ALS (Logroscino et al., 2010; 

McGuire et al., 1996; Mitchell and Borasio, 2007; Piemonte and Valle d’Aosta Register for 

Amyotrophic Lateral Sclerosis (PARALS), 2001; Traynor et al., 1999; Wingo et al., 2011) . 

 

It was expected that individuals with different forms of disease contain different sets of causal 

markers that contribute differently to heritability estimates. For example, it was presumed that the 

etiology of early onset disease is dissimilar to late onset disease, because early onset PD has a 

greater familial/heritable component in its etiology than later onset manifestations of the disease, 

which seem to occur more sporadically.  For this reason, early onset PD individuals were 

expected to have a greater portion of heritable phenotypic variance than individuals with disease 

onset later in life.  
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In order to explore the heritability of different forms of disease, individual data with the AD, ALS, 

and PD study populations were organized into several cohorts according to disease-related 

variables, including age at onset, location of disease onset, and known disease-loci. For example, 

the late-onset cohort of the ALS study population contained all individuals over the age of 50 who 

had ALS, and their ethnically matched controls.  Late-onset cohorts for PD and AD datasets were 

defined as individuals over 55 years old. These distinctions differed between the three disease 

phenotypes as the mean age at onset varies between PD, AD, and ALS. The REML analyses 

were then repeated for each cohort within the study populations, allowing for a comparison of 

genome-wide complex trait analyses and heritability estimates dependent on these aspects of 

disease.  In the instance of ALS, additional cohorts were identified to examine individuals with 

known site of disease onset (limb-onset or bulbar-onset), which varies significantly in ALS.  

 

Lastly, to determine the contribution of low frequency and small effect variants not measured by 

GWAS, heritability estimates were compared between all available SNPs and those previously 

identified by GWAS, genome-wide.  This was done by organizing the data for all three 

neurodegenerative disease phenotypes into three separate subsets of SNPs.  These subsets 

included: (a) all imputed and genotyped SNPs in each dataset, (b) all known SNPs +/- 1Mb 

located within a region identified by replicated GWAS as associated with the disease in question, 

(c) and all SNPs not within the +/- 1 Mb region of known GWAS loci.  The second two subsets 

accounted for the variants that may be in LD with known GWAS loci.  By subdividing SNPs in this 

manner, it was possible to quantify exactly how much phenotypic variance GWAS loci contain 

and compare this estimate to that present across the genome.  

 

Results were meta-analyzed using a random-effects model in the open source statistical software 

package R 3.01. This was done to compare estimates of heritability between datasets, and also 

to produce estimates of heterogeneity. To quantify heterogeneity across datasets, Cochran’s Q 

statistic was estimated using R. Cochran’s Q is based on a chi-squared distribution, and is 

calculated as the weighted sum of squared differences between each effect of the individual 
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study and the pooled effect across studies. This statistic does not inform the type or cause of 

heterogeneity, only of its presence or absence (Higgins, 2003; Ioannidis et al., 2007).  

 

Analysis Procedure for Study Aim 2 

 

This procedure tested the hypothesis that small effect variants quantified by heritability estimates 

in complex disease can be regionally identified. Testing this hypothesis will aid in the identification 

of genomic regions associated with disease that have not been identified by GWAS because of 

their small effects, and also quantify the genetic variablity surrounding known GWAS regions. 

Autosomal data from the ALS study population were used to test this hypothesis, being 

comprised of three complete datasets that were readily accessible and in raw form. The AD data 

were excluded because they did not produce significant results in the prior study aim, as will be 

discussed in the Results section, and the PD data were excluded because they were not 

consistently available for measure due to data-sharing agreements.  In addition, minimal 

variability in the estimates within the measured datasets of the ALS study population, described in 

the Results section, suggested potential genetic similarities between risk regions that may 

contribute to the development of ALS.  

 

The GCTA model was used to measure fine-scale variance estimates in increasingly narrow 

sections of the genome. GCTA was applied to ~20 Mb segments of the genome across all ALS 

datasets to localize the strongest heritability signals.  These segments varied slightly in length 

because of the different number of SNPs available within each imputed dataset, a result of 

differences in the initial genotyping platform used for each datasets.  GCTA was applied to each 

segment in each dataset separately, and statistically significant segments were selected for follow 

up analysis. The p-value for statistical significance was estimated by dividing the number of 

available segments by 0.05, a method known as the Bonferroni correction. In this analysis, 

significance was defined as p < 0.0004 in the Finnish dataset, and p < 0.0003 in the US and  
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Italian datasets, as the Finnish were genotyped using a microarray platform with fewer SNPs, 

resulting in a fewer number of segments following imputation.   

 

The application of GCTA was procedurally similar to the method described for Study Aim 1, 

whereby a GRM was calculated using all available SNPs and then input into an REML analysis to 

produce heritability estimates. This procedure differed from Study Aim 1 in that it measured 

smaller regions of genome via the ~20 Mb segments, providing regional estimates of heritability 

and also including all previously identified GWAS loci for ALS.  Segments that produced 

statistically significant heritability estimates following the application of GCTA were selected for 

follow up analysis, and were further divided into identical 1Mb regions. GCTA was then re-applied 

to all 1Mb regions within the significant segments in each dataset to further localize the heritability 

signal.  The resulting summary statistics were meta-analyzed using a random-effects model.   

 

Loci that have already been identified by GWAS are of particular interest in regional or fine-

mapping efforts, as they are likely to be located in close physical proximity to truly causal 

variants. These regions were of particular significance to this hypothesis.  In the event that one of 

the statistically significant segments contained a previously GWAS-identified ALS locus, it was 

captured completely within a 1 Mb section. This was possible because the 1 Mb section lines 

were drawn arbitrarily within the larger 20 Mb segments, making it possible to redraw the 

segment around the ALS locus if need be – so long as the 1Mb segments remained identical 

between datasets.  

 

Analysis Procedure for Study Aim 3 

 

This procedure tested the hypothesis that variants influencing PD risk are present on the X 

chromosome. Six PD datasets containing X chromosome data were used to test this hypothesis, 

and to estimate the contribution of X variants to the heritability of disease. ALS and AD X 

chromosome data were not available, nor were data for the additional two PD datasets that were 
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not included in this analysis. The six PD datasets containing X chromosome data included the 

Finnish, German, Dutch, UK, and two US populations. Two analyses were performed using single 

marker regression as a part of a generalized linear model, where the phenotype served as the 

dependent variable, and the genotypes represented the independent variable (Bush and Moore, 

2012). Logistic and linear regression models are particularly useful for measuring association, 

because they can account for cofounders – such as age, sex, or other traits.  The first analysis 

used linear regression and accounts for age at disease onset as a quantitative trait, whereas the 

second used logistic regression and accounted for disease status as a binary trait.  For the status 

operator in the binary analysis, case individuals were defined as those affected by disease, and 

control individuals were defined as those not affected by disease.  Both analyses were performed 

using a modified X-specific GWAS model that estimated allelic dosages between males and 

females separately to measure the presence or absence of risk variants associated with PD 

within the sexes separately (Clayton, 2008; Zheng et al., 2007). After the sex-specific analyses, 

the results were meta-analyzed across datasets using a random effect model.  

 

Following the GWAS analysis, the chromosome X datasets were also used to test the hypothesis 

that low frequency and small effect variants not captured by GWAS contributed significantly to the 

genetic variation observed in PD. The same analysis procedure was followed as described in 

Study Aim 1; briefly: a GRM was calculated using GCTA and input into a REML analysis. The 

estimates produced by the REML model were transformed to the underlying scale in order to 

account for ascertainment bias, and the results were meta-analyzed using a random-effects 

model. This analysis established how much genetic variance contributing to disease phenotypes 

are present on the X chromosome. 

 



 
 

37 

CHAPTER 3 

RESULTS 

 

Aim 1 - Determination of the Small Effect Variants as Contributors to Heritability  

 

To establish how much phenotypic variation, or heritability, was not captured by GWAS methods, 

GCTA was used to examine the contribution of small effect variants to the three following 

complex neurodegenerative diseases: Parkinson’s disease, Alzheimer’s disease, and 

Amyotrophic Lateral Sclerosis.  

 

Descriptive statistics calculated for each dataset involved in the heritability analyses are 

presented in Table 1.  Before imputation, standard quality control measures were applied to each 

dataset. These included removing individuals with incomplete phenotype data and/or individuals 

who exhibited a sex mismatch between phenotype and genotype data.  Quality measures also 

removed variants that departed from Hardy-Weinberg equilibrium or had call rates lower than 

95%. After imputation, variants were filtered for quality by excluding genotyped variants with 

minor allele frequencies lower than 0.01 and imputed variants with r2 values lower than 0.30, 

because variants below these cutoffs are considered poor in quality (de Bakker et al., 2008).  

 

Genomic inflation factors (λ) were recalculated for each dataset following quality control, and 

principal components were used as covariates to control for the presence of population 

stratification (a particular concern in the Finnish datasets, as this is a highly homogenous 

population, with a comparatively uniform genetic structure).  A value of roughly 1 indicates that no 

population substructure is present in the data. Generally inflation factors greater than 1.05 

indicate that potential population substructure exists in the data, or there are other deviations in 

the data from what one would expect, such as genotyping error.  High inflation factors can also 

reflect sample duplications or unknown familial relationships. While genomic inflation values 

greater than 1.05 should be viewed cautiously, ultimately this is an arbitrary cutoff value, and an 
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additional step is taken within the application of GCTA to insure that unknown familial 

relationships do not bias heritability estimates.  This step involves the removal of individuals with 

estimated relatedness greater than 0.125 per proportion of shared alleles.  

 

In order to determine the disease-associated regions of the genome for each neurodegenerative 

disease phenotype, gene name and primary location are provided in Table 2 for highly significant 

and well-replicated SNPs across each phenotype of interest.  These include all moderate effect 

loci previously identified by GWAS as contributing to disease risk.  All of the SNPs are available 

in the Genome Reference Consortium’s build37.  

 

Narrow-sense heritability estimates were produced for each dataset within each study population. 

Additional cohorts of SNPs or disease subtypes were also tested, as described in the Methods 

section. Dataset-specific results are lengthy and presented in the Appendix, Table A1.  The 

general trend within study populations confirmed that measuring all available SNPs produced the 

greatest estimates of heritability.  The next most effective approach measured the cohorts of 

SNPs that excluded known GWAS hits but included all others. Cohorts of SNPs measuring only 

known GWAS loci produced the lowest heritability estimates. 

 

Accounting for all cohorts of disease subtype within a study-population (for example, early and 

late onset) and all available SNPs generally produces the most significant estimates of 

heritability.  In PD, eight datasets measuring all SNPs and all PD cohorts produced heritability 

estimates ranging from ~16% (United Kingdom, se= 0.027) to ~49% (Finnish, se = 0.040).  In 

ALS, three datasets measuring the same subsets produced heritability estimates ranging from 

~21% (Finnish, se = 0.008) to 27% (United States, se = 0.964).  In AD, measurements of the 

same subsets produced significantly different heritability estimates between the two available 

datasets. GenADA estimated 9% (se = 0.131) genetic variance associated with AD, while 

LoadCidr estimated 49% (se = .160) genetic variance associated with AD.  These two datasets 

consistently produced very different estimates - all cohorts of GenADA data produced estimates 
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under 10%, while the LoadCidr cohorts were much more variable, ranging from 15 - 87%.  As the 

LoadCidr dataset is comprised of individuals drawn from a larger family study, it is possible that 

these individuals are members of a large extended pedigree(s) and that the very high estimates 

of increased phenotypic similarly in this dataset are due to variants shared between very distant 

relatives.  

 

In order to statistically compare the results of each dataset across a larger combined sample size, 

a meta-analyses was performed for each study population. These results are presented in Table 

3 and graphically represented as forrest plots in Figure 1.  The presentation for PD includes all 

PD samples, early-onset PD cohorts and late onset PD cohorts.  The presentation for ALS 

includes all ALS samples, late-onset ALS cohorts, limb-onset ALS cohorts and bulbar-onset ALS 

cohorts.  The presentation for AD includes all AD samples and late-onset cohorts.  Each data set 

is represented by a line, and data set specific heritability estimates are shown as blue squares.  

The square size is proportional to the study size and the weight given to that data set within the 

meta-analysis model. Confidence intervals of the summary heritability estimates are represented 

by the width of the red diamond, the centerline of which represents the overall summary effect for 

that particular subset of data.   

 

In PD, 7,059 cases and 20,058 controls from eight separate datasets were meta-analyzed to 

identify 27% phenotypic variance associated with all PD types across all tested SNPs, with a 

statistically significant 95% confidence interval of 17-38% (p = 8.08E-08).  When late-onset 

samples were considered separately, 31% phenotypic variance was reported, with a statistically 

significant confidence interval of 17-44% (p = 1.34E-05). Early-onset samples identified 15% 

phenotypic variance, with a 95% confidence interval of -0.2 - 33% (p = 0.09, non-significant).  

  

In ALS, three datasets containing 1,223 cases and 1,591 controls were meta-analyzed to 

estimate heritability for multiple ALS cohorts, including the additional limb- and bulbar-onset 

cohorts. The results were statistically significant across every cohort.  For all ALS types and all 
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known SNPs, heritability was estimated at 21.0%, with a 95% confidence interval of 19-23% (p = 

< 1E-10). Late-onset and limb-onset individuals exhibited a slightly higher estimates at 22.0% 

(Confidence Interval: 20-25%, p = < 1E-10) and 23.0 (Confidence Interval: 21-26%, p = < 1E-10), 

respectively.  Individuals with bulbar onset exhibited the highest heritability estimate, at 35.0% 

(Confidence Interval: 32-38%, p = < 1E-10).  The meta-analysis of heritability estimates 

measuring SNPs previously identified by GWAS as significant contributors to disease were non-

significant.  The estimates defined by non-GWAS regions were very similar to those capturing all 

known SNPs.  

 

In AD, the LoadCidr results were statistically significant.  However, the inconsistency between the 

two datasets and the small number of included datasets resulted in an underpowered and non-

significant meta-analysis.
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Table 1.  
Summary statistics of datasets 
 
Study details Cases Controls 

Disease Cohort 
Name 

# SNPs 
used for 
imputation 

Genomic 
inflation 
factor (λ) 

Sample 
size 

Female 
(%) 

Mean age at 
disease 
onset (years 
[SD]) 

Bulbar 
Location 
of Onset 
(%) 

Sample 
size 

Female 
(%) 

Mean age 
(years [SD]) 

AD GenADA 359104 1.00 825 58.06 72.26 [08.46] - 796 64.07 73.70 [7.99] 
  LoadCidr 531916 1.00 1266 65.64 73.98 [26.96] - 1279 63.57 n/a 
PD US 545066 1.035 937 40.23 57.81 [13.16] - 3033 52.82 63.30 [10.06] 
  GER 561467 1.025 740 39.59 49.33 [22.21] - 944 47.99 47.00 [13.25] 
  NL 546155 1.06 771 36.45 53.39 [16.62] - 2024 55.94 55.56 [06.60] 
  UK 532616 1.03 1705 42.22 48.95 [13.84] - 5200 49.42 53.00 [00.00] 
  ICE 316905 1.01 604 47.85 73.26 [13.84] - 5520 55.87 85.12 [10.77] 
  FR 492929 1.03 1039 41.2 48.90 [12.80] - 1984 42.9 73.70 [05.40] 
  MF 325770 1.01 876 40.41 36.42 [11.08] - 857 60.21 n/a 
  FIN 302463 1.06 387 45.99 48.28 [06.97] - 496 0 91.98 [07.46] 
ALS US 519579 1.03 276 36.6 54.70 [12.20] 23.4 807 58.4 58.60 [16.40] 
  ITAL 511645 1.05 507 46.6 61.40 [11.20] 26.8 263 44.9 59.80 [08.80] 
  FIN 326410 1.07 440 51.1 56.60 [11.60] 25.8 521 79.5 88.60 [02.90] 
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Table 2.  
Disease-associated loci by disease type 

Disease 
Type 

Gene name(s) Primary SNP Chr* Position (bp) Citation(s) 

AD CR1 rs3818361 1 207784968  Hollingworth et al., 2011; Lambert et al., 2009 
 BIN1 rs744373 2 127894615 Hollingworth et al., 2011 
 CLU rs11136000 8 27464519 Harold et al., 2009; Lambert et al., 2009 
 MS4A rs1562990 11 60023087 Antunez et al., 2011 
 MS4A6A/MS4A4E rs610932 11 59939307 Hollingworth et al., 2011 
 PICALM rs3851179 11 85868640 Harold et al., 2009 
 ABCA7 rs3764650 19 1046520 Hollingworth et al., 2011 
 APOE/TOMM40 rs2075650, rs4420638 19 45395619, 45422946 Seshadri et al., 2010; Harold et al., 2009; Lambert 

et al., 2009 
 PCDH11X rs2573905 X 91402220 Carrasquillo et al., 2009 

PD GBA N370S / i4000416 1 153451576, 153472258 Lill et al., 2011; Do et al., 2011 
 SYT11/RAB25 chr1:154105678 1 154105678 Lill et al., 2011; Nalls et al., 2011 
 RAB7L1/PARK16 rs708723, rs947211 1 204019288 Lill et al., 2011; Plagnol et al., 2011 
 SLC41A1 rs823156 1 204031263 Do et al., 2011 
 ACMSD rs6710823 2 135308851 Nalls et al., 201130 
 STK39 rs2102808, rs2390669 2 168800188, 168825271 Lill et al., 2011; Nalls et al., 2011 
 NMD3 rs34016896 3 34016896 Plagnol et al., 2011 
 MCCC1/LAMP3 rs10513789, rs11711441 3 184242767, 184303969 Lill et al., 2011; Do et al., 2011 
 GAK chr4: 811311, rs6599389 4 911311 Nalls et al., 2011 
 DGKQ rs11248060 4 929113-954359 Lill et al., 2011; Do et al., 2011 
 STBD1 rs6812193 4 6812193 Plagnol et al., 2011 
 BST1 rs11724635 4 15346199 Lill et al., 2011; Nalls et al., 2011 
 SCARB2 rs6812193 4 77418010 Do et al., 2011 
 SNCA rs356220, rs6532194 4 90999925, 90860363 Lill et al., 2011; Nalls et al., 2011; Do et al., 2011 
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Table 2.  
Continued 

Disease 
Type 

Gene name(s) Primary SNP Chro
mos
ome 

Position (bp) Citation(s) 

 HLA-DRB5 chr6:32588205 6 32588205 Nalls et al., 2011 
 GPNMB rs156429 7 156429 Plagnol et al., 2011 
 FGF20 rs591323 8 591323 Plagnol et al., 2011 
 MMP16 chr8:89442157 8 89442157 Plagnol et al., 2011 
 ITGA8 rs7077361 10 15601549 Lill et al., 2011 
 LRRK2 rs1491942, rs34637584 12 38907075, 39020469 Lill et al., 2011; Nalls et al., 2011; Do et al., 2011 
 CCDC62/HIP1R rs10847864, rs12817488 12 121862247, 121892551 Lill et al., 2011; Nalls et al., 2011 
 STX1B rs4889603 16 4889603 Plagnol et al., 2011 
 SREBF1/RAI1 rs11868035 17 17655826 Do et al., 2011 
 MAPT/STH rs12185268, rs2942168 17 41149582, 42131818 Lill et al., 2011; Nalls et al., 2011; Do et al., 2011 
 RIT2/SYT4 rs4130047 18 38932233 Do et al., 2011 
 USP25 rs2823357 21 15836776 Do et al., 2011 
ALS TDP43-TARDBP rs80356717 1 11078893 Chiò et al., 2011 
 DISC1 rs16856202 1 232155151  Landers et al., 2009 
 ATXN1 rs179943 6 16398318 Bettens et al., 2010 
 SUNC1, HUS1, 

C7orf57 
rs2708909, rs2708851 7 48051679, 48085802 Chiò et al., 2009 

 DPP6 rs10260404 7 154210798  Cronin et al., 2008; van Es et al., 2007 
 Unidentified rs3849942, rs2225389 9 27543281, 27409264 Laaksovirta et al., 2010 
 ITPR2 rs2306677 12 26636386 van Es et al., 2007 
 D9OA-SOD1 rs13048019 21 32918294 Laaksovirta et al., 2010 
Gene name and primary location is provided for high significant and well-replicated SNPs. These are moderate effect loci previously identified by GWAS as 
contributing disease risk, and were used to define disease regions for the subset datasets employed in Aim 1. All SNPs are in build37. *Indicates nearby 
gene. 
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Table 3.  
Meta-analysis of GCTA results across disease type 

     

Disease 
Type 

Cohort 
Subset 

SNPs Included in Analysis Heritability 
Estimate 
from 
Random 
Effects 

Lower 95% 
Confidence 
Interval 

Upper 95% 
Confidence 
Interval 

P-value from 
Random 
Effects* 

Heterogeneity 
P-value 

AD All 
Individuals 

All SNPs 0.25 0.05 0.45 1.25E-02 5.12E-02 

  GWAS SNPs in PD-loci/regions 
 

0.06 0.03 0.08 1.50E-05* 2.00E-04 

  Non-GWAS Regions 
 

0.23 0.03 0.43 2.21E-02 3.64E-02 

 Late Onset All SNPs 
 

0.10 -0.17 0.37 4.82E-01 1.74E-01 

  GWAS SNPs in PD-loci/regions 
 

0.03 0.00 0.06 6.77E-02 6.38E-01 

  Non-GWAS Regions 0.06 -0.21 0.33 6.77E-01 1.16E-01 
PD All 

Individuals 
All SNPs 0.27 0.17 0.38 8.80E-08* 0.00E+00 

  GWAS SNPs in PD-loci/regions 
 

0.03 0.02 0.05 5.23E-07* 3.20E-02 

  Non-GWAS Regions 
 

0.26 0.15 0.38 9.69E-06* 0.00E+00 

 Early 
Onset 

All SNPs 0.15 -0.02 0.33 9.16E-02 8.44E-01 

  GWAS SNPs in PD-loci/regions 
 

0.05 0.00 0.11 5.50E-02 6.20E-02 

  Non-GWAS Regions 
 

0.14 -0.04 0.31 1.30E-01 9.01E-01 

 Late Onset All SNPs 
 

0.31 0.17 0.44 1.34E-05* 1.00E-03 

  GWAS SNPs in PD-loci/regions 
 

0.03 0.01 0.04 2.59E-04 7.85E-01 

  Non-GWAS Regions 0.29 0.14 0.45 2.30E-04 0.00E+00 
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Table 3.  
Continued 

Disease 
Type 

Cohort 
Subset 

SNPs Included in Analysis Heritability 
Estimate 
from 
Random 
Effects 

Lower 95% 
Confidence 
Interval 

Upper 95% 
Confidence 
Interval 

P-value from 
Random Effects 

Heterogeneity 
P-value 

ALS All 
Individuals 

All SNPs 0.21 0.19 0.23 < 1E-10* 7.74E-01 

  GWAS SNPs in PD-loci/regions 
 

0.02 -0.01 0.04 1.32E-03 4.00E-03 

  Non-GWAS Regions 
 

0.21 0.19 0.23 < 1E-10* 7.83E-01 

 Late Onset All SNPs 
 

0.22 0.20 0.25 < 1E-10* 8.25E-01 

  GWAS SNPs in PD-loci/regions 
 

0.02 0.00 0.04 1.04E-02 1.32E-01 

  Non-GWAS Regions 
 

0.22 0.20 0.25 < 1E-10* 8.41E-01 

 Limb Onset All SNPs 0.23 0.21 0.26 < 1E-10* 5.03E-01 
  GWAS SNPs in PD-loci/regions 

 
0.03 -0.02 0.07 3.80E-04 1.00E-04 

  Non-GWAS Regions 
 

0.23 0.20 0.26 < 1E-10* 6.91E-01 

 Bulbar 
Onset 

All SNPs 0.35 0.32 0.38 < 1E-10* 4.64E-01 

  GWAS SNPs in PD-loci/regions 
 

0.01 -0.02 0.03 6.29E-01 8.87E-01 

  Non-GWAS Regions 0.35 0.32 0.38 < 1E-10* 4.75E-01 
*Significant 
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Figure 1. Forrest Plots showing heritability estimates for Parkinson’s disease 
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Figure 1.  Forrest Plots showing heritability estimates for Amyotrophic Lateral Sclerosis 
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Figure 1.  Forrest plots showing heritability estimates for Alzheimer’s disease  
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Aim 2 – Small Effect Variants are Near GWAS Loci 

 

To establish the relative contribution of small effect variants across the genome, autosomal data 

were used to estimate regional heritability in the described ALS datasets. The ALS study 

population was of particular interest because of the relative consistency between narrow sense 

heritability estimates produced between datasets in Study Aim 1, the significance of p-values, and 

the narrow range of standard errors.   

 

Heritability signals were localized by applying GCTA to ~20 Mb segments of the genome in all 

three ALS datasets. These segments varied slightly in length because of the different number of 

SNPs available within each dataset, a result of differences in the initial genotyping platform used 

for each datasets. This difference also resulted in a slightly different number of segments per 

dataset.  The Finnish dataset contained 116 segments, the Italian dataset contained 189 

segments, and the US dataset contained 193 segments.  

 

GCTA was applied to each segment in each cohort of each dataset separately, and statistically 

significant segments were selected for follow up analysis. A corrected p-value for statistical 

significance was estimated by the Bonferroni correction. In this analysis, it was defined as p < 

0.0004 in the Finnish dataset, and p < 0.0003 in the US and Italian datasets, as the Finnish were 

genotyped using a microarray platform with fewer SNPs, resulting in a lesser number of 

segments following imputation.  While there was some expected overlap between datasets, the 

Finnish dataset produced the majority of the follow-up segments. Fourteen 20Mb regions were 

identified as statistically significant in the Finnish dataset, two 20 Mb regions were identified as 

statistically significant in the Italian dataset, and zero 20 Mb regions were identified as statistically 

significant in the US dataset. In total, sixteen ~20 Mb segments on eleven chromosomes were 

reported as statistically significant in at least one of the three described datasets 
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These segments are described in Table 4. They are also visualized in the heat plot in Figure 2, 

which shows heritability estimates across the genome for each dataset. The x-axis represents 

chromosomes 1-22 and the y-axis represents the length of each chromosome in base pairs.  The 

regions of interest are identified by greater color pigmentation within the ~12-22 Mb segments, 

and the significance is denoted by number of stars, with three stars denoting statistical 

significance as previously defined.  The bottom right panel of Figure 2 showed the most 

significant regions from all three cohorts meta-analyzed, where each bar represents ~1 Mb. The 

results of this meta-analysis are discussed below.  

 

The sixteen statistically significant segments were extracted from all three datasets and 

subdivided into identical 1 Mb regions. Theoretically, this would result in twenty 1Mb segments 

within each of the sixteen larger segments. However, as the initial ~20 Mb segments were slightly 

variable in size, it was sometimes necessary to add genomic landscape to the beginning or end 

of these smaller regional segments, resulting in more than 20 1Mb segments. In addition, a few of 

the sixteen segments bordered a telomere, resulting in less than 20 1Mb segments, as the 

telomeres were not well-sequenced in genotyping arrays.  Following this subdivision of the 

sixteen significant segments, GCTA was reapplied to each 1Mb segment - now capturing an 

identical region in each dataset.  These dataset specific heritability estimates results are lengthy 

and presented in the Appendix, Table A2.  The heritability estimates from the 1Mb segments were 

then meta-analyzed using random effects.  The results can be viewed in the fourth panel of the 

previously described heat plot located in Figure 2, which shows the most significant regions from 

all three cohorts meta-analyzed.  In this panel, each bar represents 1Mb, resulting in an additional 

number of segments. 

 

These results confirm that some of the significant, localized regions contributing to the heritability 

of ALS were those previously identified by GWAS, or were located in nearby bordering regions. 

Furthermore, they suggest that small-effect variants contributing to disease risk are potentially 

located near the common SNPs identified by GWAS as associated with disease.  While the 
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heritability estimates presented here did not identify causal variants or estimate the variants’ 

effect on disease, they did indicate that variants driving disease susceptibility remain to be 

discovered.  

 

In light of these results, of particular interest is determining how the small effect burden 

surrounding GWAS loci compares to other areas of the genome. This could be tested by 

comparing the effect burden of the sixteen significant segments to other randomly selected 

genomic regions of the same size. As these sixteen regions included both GWAS associated and 

non-GWAS associated segments of the genome, this analysis would provide an interesting 

comparison for quantifying small effects in these regions. This potential experiment is explored 

further in the Discussion section.   

 

High heritability values were observed in several segments previously identified by GWAS, with 

the most notable example of this occurring on the short arm of chromosome 9. Here, the known 

hexanucleotide repeat expansion, which causes over 40% of familial and 20% of sporadic ALS 

cases, is located (Renton et al., 2011). Another heritability peak was observed next to the 1Mb 

region of chromosome 9 containing VCP, a gene thought to contribute to the development of 

familial ALS (J. O. Johnson et al., 2010). These associations can be viewed in Figure 3, which 

shows the initial 20 Mb genomic segment subdivided into 1 Mb regions, and presents the 

heritability results produced by meta-analysis. The gene model accompanying each figure 

describes protein-coding segments located in the 1 Mb regions with the most significant p-value. 

 

Other genomic regions identified as contributing significant heritability to ALS have not been 

identified by prior GWAS work, but are located near potential genes of interest. They include a 

region on chromosome 15 containing the NPAP1 gene, located from chr15:24920541-24928593, 

which is expressed in the brain and associated with Prader-Willi syndrome (Neumann et al., 

2012).  The region tagging this gene in this analysis was located from chr15:24001200-25001200  
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(p = 0.0008515), and is shown in Figure 4.  Figure 4 follows the same format at Figure 3, where 

the initial 20 Mb region is divided in 1 Mb segments. 

 
A previously known gene associated with ALS, ITPR2, showed a minor peak in an otherwise flat 

region of chromosome 12 (Figure 5). An additional region of interest was located about 15 Mb 

away, where a peak containing the CPNE8 gene was also found. CPNE8 has been associated 

with prion disease, a family of disorders resulting in progressive neurodegeneration (Lukic and 

Mead, 2011). The long arm of chromosome 22 also produced significant heritability estimates, 

suggesting potential genomic regions of interest to ALS risk.  The most significant segments on 

this chromosome were located in very gene rich regions (Figure 6), and included a number of 

genes with prior associations to known diseases, although none to ALS. The remaining significant 

segments identified in this analysis are presented in the Appendix, Figures A1-A14.  

 

 
Table 4. Significant Regions of Heritability for ALS in 20 Mb segments 
Chr  Start Position End Position  # of 1 Mb regions 
1 101224461 155035451 29 
1 229140452 249239465 21 
2 42090039 60179107 19 
3 175185077 197946621 23 
6 31078005 40360438 10 
6 133350936 153795781 21 
8 10422 14769426 14 
8 108409931 129707023 22 
9 13689066 39689066 27 
9 69829191 81829191 12 
10 8898654 18713883 10 
12 19097205 42475874 22 
15 22001200 51739685 30 
15 79666981 102520965 23 
21 39086965 48119751 10 
22 34675903 51243297 17 
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Figure 2. Heat map of ALS regional results 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ap ≤ .0004, bp ≤ .001,  cp ≤ .0007,  dp ≤ .0003 
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Aim 3 – X Chromosome Association Study 

 

It was expected that variants influencing disease risk would be present on the X chromosome. To 

test for the presence of genome-wide associations on the X chromosome, an association analysis 

was performed on 17,976 individuals from six PD datasets containing X chromosome data, 

including the German, Dutch, Finnish, UK, and the two US datasets.  Association analyses 

compared the frequency of alleles between groups of individuals to determine if any alleles 

occurred at a higher frequency among one group of individuals when compared to another. 

Testing this hypothesis was expected to reveal potential risk loci located on the X chromosome by 

identifying variants influencing the risk of PD development and associated with sex.  

 

This analysis was stratified according to two variables.  A quantitative age at onset variable was 

selected in order to examine a variable known to differ significantly across individuals diagnosed 

with PD, and binary case/control status was selected to compare the disease population with a 

control group. A single marker regression test was used to evaluate the association between the 

variable, or phenotype, and the marker, or genotype. The underlying assumption was that the 

marker will only show an association with the trait if it is in LD with an ungenotyped causative 

mutation, or is itself causative. The power to detect an association depends in part on the r2 value 

between the genotyped marker and the ungenotyped causative mutation. This value represents 

the correlation coefficient between a pair of alleles that measures the probability of one marker 

given the presence of another. At any given marker, two copies of an allele assumed to have 

twice the effect of a single copy and zero copies of the allele will have zero effect (Gondro et al., 

2013).  

 

The age at onset analysis identified six variants with suggestive associations (or, associations 

which were close to reaching statistical significance) for Parkinson’s disease, and the 

case/control analysis identified three suggestive variants. Traditionally, significance levels for 

GWAS were set at p-value < 5e-8 to correct for multiple testing issues created by testing a large 
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number of SNPs independently.  As the X chromosome contained significantly fewer variants 

than the autosomes, the significance level was set at p-value < 1e-7, similarly calculated to 

account for the number of SNPs tested.  

 

Suggestive variants are described in Table 5, where the beta value indicates the effect size of the 

variant. The case/control associated variants exhibited small effect sizes, which suggested only a 

small difference between cases and controls.  In addition, the variants identified were found in 

only three of the twelve datasets (six datasets, split by sex).  While the age at onset analysis 

produced six variants, most of these exhibited strong negative beta values.  A negative beta 

value implies that a variant occurs more often in control individuals than in case individuals, thus 

suggesting a possible protective effect.  

 

Manhattan plots for this analysis are shown in Figure 7.  Manhattan plots are used when a large 

number of data points are available, and are ideal for presenting results of genomic association 

studies. The X-axis represents genomic coordinates, and the Y-axis is plotted with the negative 

logarithm of the p-value for each SNP association. The SNPs with the strongest associations will 

have the greatest –log(p-value), creating a plot that looks like a city skyline – hence the name 

‘Manhattan’ plot.   

 

Few of the nine variants identified here were located near candidate genes, and many were found 

in only a small number of the selected studies. While the number of suggestive SNPs identified in 

several regions of the X chromosome suggested these regions of the genome that may contribute 

to the risk of Parkinson’s disease development, further work is necessary to clarify the 

significance of these results. 
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Table 5.  
XWAS variants 

 

Model SNP 
Position 
(b37) Gene A1 A2 Beta 

Standard 
Error P-value 

N of 
studies 

Case/ 
Control rs2491014 138897380 ATP11C C A 2.18 147.72 6.42E-06 3 
  rs6626460 145011465 na G C 1.22 7.10 3.40E-06 3 
  rs73562627 142470283 na A G 1.95 76.85 6.99E-06 3 
Age at 
Onset rs16979925 15518449 na A G -17.57 3.90 6.81E-06 5 
  rs16979926 15518526 na A G -17.43 3.89 7.38E-06 5 

  rs28519977 15490890 
PIR-FIF, 
BMX T C -23.72 5.30 7.62E-06 3 

  rs5963468 38384639 na A G -4.80 1.04 4.05E-06 10 
  rs60190273 149496537 na G C 3.47 0.78 9.01E-06 2 
  rs6655249 153718811 SLC10A3 A G -19.00 4.25 8.03E-06 1 

 

Figure 7.  
XWAS Manhattan plots for disease association. 

 

 

 

 

 

 

 

 

 

 

 



 
 

61 

Following the GWAS analysis, narrow-sense heritability estimates were produced for each X 

chromosome dataset, using all available SNPs and all available individuals, stratified by sex. The 

general pattern showed that very little heritable genetic variation within these datasets was 

contributing to disease, with a mean of 0.7% phenotypic variance across 6 cohorts including both 

sexes, 0.42% phenotypic variance in the male-stratified cohorts, and 1.39% phenotypic variance 

in the female-stratified cohorts. This finding supported the results of the X chromosome GWAS 

and showed that very little genetic variation on the X chromosome contributes to Parkinson’s 

disease.  While this result supports the null hypothesis in that there is no strong association 

between the X chromosome and the risk of Parkinson’s disease, it will be possible to revisit this 

work and clarify the significant of these results as additional data becomes available.  
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CHAPTER 4 

DISCUSSION 

 

Coupled with physical and historical evidence, genetic data represent a source of information that 

can be used to explain change in populations over time. For biological anthropology, a more 

precise description of variation in the heritable components that influence disease will be of great 

interest moving forward, particularly when attempting to understand population-level 

susceptibility.  Interactions between humans, their genome, and the environment are key to 

understanding issues with long histories in the biological anthropology literature, particularly 

levels of population relatedness and the mechanisms by which complex disease affect humans 

and human populations. Heritability analyses have remained useful in the study of human 

variation because, in addition to quantifying estimates of genetic variance that contribute to 

phenotypes, they are correlated with predictions about an organism’s response to selection and 

thus form a critical aspect of predicting genetic risk. 

 

It is well understood that disease can result from deleterious genetic mutations, although some 

alleles exhibit a protective affects against disease. For example one of the APOE alleles 

associated with AD is found in controls much more frequently that would be expected by chance, 

while another allele in the same gene is associated with increased risk of disease (Seshadri et al., 

2010; Harold et al., 2009; Lambert et al., 2009). There are several models in evolutionary theory 

that explain why a protective allele and a deleterious allele would exist in the same gene, 

including the balancing selection model and the allele-dosage model (Akey et al., 2004; Innan 

and Kondrashov, 2010). In the instance of neurodegenerative disease, associated alleles do not 

become deleterious until later in life. Research on APOE suggests that the allele ultimately 

contributing to the development of AD may also confer an advantage in cognitive function early in 

life. If this advantage increases the fitness of its carriers, then it may serve as an example of 

antagonistic pleiotropy (Carter and Nguyen, 2011).  
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Environmental exposures and the influence of gene-environment interactions also play a role in 

the development of neurodegenerative disease. The types of neurodegenerative disease 

examined here are phenotypically unique, but there is some genetic overlap between them. 

Variable manifestations of disease are likely the result of some unknown environmental factors or 

a cumulative sum of genetic insults that varies between individuals. Furthermore, while many 

mutations have been identified that affect the body’s cellular processes and result in the diseases 

described here, these mutations vary in their functionality and do not all affect the body in the 

sample way.  For example, mutations in PARK2 result in early-onset PD when the parkin proteins 

produced by this gene fail to degrade toxins that affect dopaminergic neurons.  Individuals with 

this form of PD mutation usually lack the presence of Lewy bodies upon neuropathological 

examination. Mutations in DJ-1 are similar to PARK2, except protein translocation in mitochondria 

occurs as a response to oxidative stress. In fact, many of the protein products produced by genes 

associated with neurodegenerative diseases interact with mitochondria and are influenced by 

oxidative stress. This observation suggests these two factors are influential in disease 

pathogenesis and should be examined more closely (Lin and Beal, 2006). While certain 

environmental stresses have been associated with particular variants that contribute to the 

disease risk of AD and PD development (Figure 8; from Ang, 2010), for the majority of cases, 

causative factors are unknown.  

 

Figure 8. Overlapping genetic and environmental influences in PD and AD (Ang, 2010) 
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The data presented here suggest that a large portion of heritable variation in neurodegenerative 

diseases has not been identified by traditional methods including GWAS.  While a small degree of 

heritable genetic variation is tagged by the common SNPs present on most microarray 

genotyping assays, more recent work suggests that rare variants play a greater role in disease 

etiology than previously imagined (Cirulli and Goldstein, 2010; Manolio et al., 2009; Pritchard, 

2001). The results of this study generally support this conclusion.  

 

The goal of Aim 1 was to establish how much phenotypic variation is not captured by GWAS 

methods, as well as how much heritability exists genome-wide for neurodegenerative disease.  

Across all disease types tested here, ten-fold increases were reported by genome-wide 

heritability analyses when compared to results from the described in the GWAS literature (Fogh 

et al., 2013; Keller et al., 2012). In PD, the known ~3% of heritability identified by GWAS is 

confirmed by these analyses, and increases to 27% when the whole genome is considered 

simultaneously.  The results are similar for ALS, where the heritability increases from a known 

~2% to a heritability of 21% when the whole genome is considered simultaneously, although the 

p-value for AD was non-significant. The results presented here confirm prior GWAS heritability 

estimates that have been produced from measuring previously identified loci.  They further serve 

as validation of the methods employed here which, when GCTA is extended to only GWAS 

associated SNPs, similar estimates are produced.. 

 

However, the Aim 1 analysis also produced some unexpected results.  For example, when 

considering the cohorts of early and late onset PD, it was expected that the heritability estimate 

for early onset PD would show a higher portion of phenotypic variance than late onset PD, 

because early onset PD is more likely to be familial.  However, this was not observed. There are 

a number of possible explanations for this result, including the combined effects of rare variants 

not being tagged by current genotyping methods and not produced by imputation, possible 

environmental factors, non-additive genetic effects, or a stochastic component.  As many early-

onset cases of neurodegenerative disease are familial, it would be interesting to apply these 
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analyses to early onset subsets of ALS and AD samples to determine if the same pattern is 

observed. In this study, PD was the only population with enough individuals to test an early-onset 

population, and even then the early-onset results, while showing an increased measure of 

heritability compared to GWAS results, were short of statistical significance.  

 

Additional factors may also influence genome-wide heritability estimates, including demographic 

differences between datasets. For example, the more recent ancestry and expansion of the 

Finnish population is reflected in its genetic structure. Compared with the other datasets, the 

Finnish produced lower heritability estimates across the genome, but higher estimates when only 

GWAS SNPs are considered. That is to say, when measuring heritability using only the common 

SNPs that have been previously associated in a GWAS, the Finnish population produces higher 

heritability estimates than other, more admixed, populations. This result suggests that the overall 

homogeneity of the Finnish population contributes to a common and substantial genetic burden 

that is well captured by the SNPs available on genotyping arrays. 

 

Mutations can vary by ancestry group, and there are many potential contributors to an increased 

genetic burden in one population compared to another. For example, consanguineous marriage 

can result in an increased genetic burden as recessive mutations are given the opportunity to 

present as homozygous, and founder effects following a population bottleneck result in a loss of 

genetic variation that increases sensitivity to genetic drift, and this increased likelihood that 

deleterious mutations are passed on to the following generations.  For example, GBA mutations 

resulting in PD are more common in individuals of Ashkenazi Jewish ancestry, while SOD1 

mutations resulting in ALS are more common in individuals of Amerindian and European descent. 

Additionally, populations like the Finnish, which are genetically distinct from the rest of the 

Europe, generally have differing prevalence values for many diseases than the rest of Europe. 

This observation suggests the Finnish population experienced a population bottleneck at a 

relatively recent point in its demographic history.  Such an interpretation is supported by 
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frequency studies of the ALS mutation c9orf72, which is present at a higher incidence in Northern 

European populations like Finland than the rest of Europe, suggesting a founder effect.   

 

In general, European populations are thought to be at greater risk for not only neurodegenerative 

diseases, but also for autism, schizophrenia, and mitochondrial disorders (Fu et al., 2011; Morris, 

2011; Tang, 2006). This may reflect a sort of ascertainment bias, whereby Europeans are also 

the most studied populations and therefore it only appears that they exhibit a greater incidence of 

disease when compared with other populations, although it may also reflect truly greater 

susceptibility. Genetic research suggests that Europeans and European-Americans exhibit a 

greater genetic disease burden because they emerged from a smaller and less genetically 

diverse portion of the original early modern human population founded in Africa. This more 

ancient population bottleneck resulting in the peopling of Europe, the Middle East, and Asia, 

occurred around 45,000 years ago, and could have resulted in an increased number of alleles 

that contribute to disease in particular subpopulations, like the Europeans. 

 

Between data sets and within study populations, the heterogeneity observed in GWAS-only 

regions is notable.  It suggests potential differences in the coverage of the genome between 

individuals in regions where prior associations have been made. This may result from the 

inclusion of datasets that have been genotyped on several different genotyping platforms, which 

results in raw datasets that contain different genotyping markers.  The use of imputation to 

compare the same set of SNPs between individuals should account for this difference.  However, 

genotypes are imputed based on the haplotype structure of each dataset.  Thus, while analysis 

occurs across the same set of SNPs, some differences are expected. While such differences may 

minimally influence the variants included in the GWAS-only regions of these analyses, the known 

GWAS variants defining these regions are still included within all of the datasets used here.  The 

heterogeneity observed in GWAS-only regions may also be population specific. In this case, 

datasets with very low GWAS-only heritability estimates would be candidates for future  
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sequencing studies, as these populations are not well covered by GWAS microarrays have been 

shown by these analyses to harbor genetic variation associated with disease.   

 

Disease prevalence also influences heritability estimates, though to a lesser degree (Do et al., 

2011). To account for the larger prevalence within the case population and to control for 

ascertainment biases, GCTA was used to transform the explained variance estimate from the 

observed scale to the underlying scale. Prior work has shown that assumed prevalence has only 

a small impact on GCTA estimates. In particular, work done by Do et al. (2011) show that 

prevalence values ranging three-fold impact estimates of genetic variance by only ~5%. The 

analyses presented here show that using a conservative prevalence value still provides ample 

resolution to identify increased phenotypic variance in neurodegenerative diseases.  

 

Despite the substantial increases in heritability estimates over traditional GWAS methods, the 

estimates presented in the Aim 1 results represent a lower boundary of heritability.  This is 

because indel and structural variants are not considered, as these kinds of variants are not 

measured on genotyping arrays, nor are they imputed from SNP data.  This exclusion does not 

introduce any error into the heritability estimates presented here; it simply represents another 

aspect of the genome where unaccounted heritable variation may exist and contribute to disease 

risk.  Future work estimating the heritability associated with indel or structural variants would not 

conflict with the estimates presented here, but add to them (Eichler et al., 2010; Manolio et al., 

2009).  Additionally, while disease-causing variation is likely tagged by the SNPs considered 

here, direct genotyping would almost certainly produce higher estimates of genetic variance.  This 

is because large-scale, direct sequencing efforts can tag variants that were missed by microarray 

and imputation (Carstens et al., 2012). This step is critical, as rare variants missed by this method 

are more likely to harbor deleterious, large effect mutations (Li et al., 2011, 2010). The 

reapplication of these methods to whole-genome sequence data could produce a new upper-

boundary for heritability estimates of neurodegenerative disease phenotypes.  

 



 
 

68 

In study Aim 2, the mixed modeling approach implemented by GCTA was expanded to identify 

regions of the genome that contain more of the heritable risk for ALS. While some of the genomic 

regions identified by this expanded GCTA method have been previously implicated in ALS 

(ALSGEN Consortium et al., 2013; Chiò et al., 2012; Renton et al., 2011; J C Schymick et al., 

2007; Traynor et al., 2010), others represent novel areas that may contain causative risk variants. 

These regions should be targeted in candidate sequencing studies. This suggestion is supported 

by the observation of significant estimates in the regions near c9orf72, which is a known causal 

region for ALS (Renton et al., 2011) and which was not well identified by GWAS because, as a 

repeat expansion, it is not well captured in genotyping arrays. Understanding the fraction of 

phenotypic variance determined by such regions will be critical to future work aimed at the 

deduction of ALS’s genetic architecture, an important intermediary step in developing gene-based 

personalized medicine. The next step in identifying the small effect variants contributing to 

significant heritability signals for ALS is to fine map these regions and determine the source of the 

greater heritability estimates observed in these samples. This could be performed by a simple 

analysis looking at the cumulative effect burden in regions were heritability estimates are 

particularly high.  

 

Future heritability analyses incorporating exome data and denser genome coverage will also 

likely see increased heritability estimates, for neurodegenerative diseases and other complex 

traits alike.  The phenomenon of ‘missing heritability’ has troubled researchers interested in the 

genetic causes of complex diseases and complex phenotypes in general, but as efforts in exome 

and whole-genome sequencing increase and datasets continue to grow, quantifications of 

heritability will produce better estimates for complex diseases as more of the genome is 

measured (Keller et al., 2012; Manolio et al., 2009; Visscher et al., 2008).  While the analyses 

described in Aims 1 and 2 present ten-fold increases over what was previously known regarding 

the heritability of neurodegenerative disease, the ultimate importance of these analyses lies in 

their support of the hypothesis that disease risk is likely the result of the combined effects of 

many genes. For clinicians and neurologists, this information may change how disease risk is 
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addressed, and how common risk factors are identified. For evolutionary biologists, this provides 

additional evidence that disease risk is represented by a complex relationship between many 

genetic and environmental factors (Brown et al., 2005; Singleton and Hardy, 2011). Considering 

that a great number of the genes that contribute to genetic disease are ancient, this further 

suggests that the processes associated with genetic disease are themselves ancient and that 

modeling these cellular processes in model organisms should provide relevant functional 

knowledge for the disease process in humans (Domazet-Loso and Tautz, 2008).  

 

Aim 3 of this work describes potentially novel risk variants on the X chromosome that contribute 

to the risk of PD development. An examination of the X chromosome is currently absent within 

the PD literature, and reports on the X chromosome, in general, have lagged behind analyses 

performed on the autosomes (Hickey and Bahlo, 2011; König et al., 2014; Loley et al., 2011). 

This work demonstrates that X chromosome data can provide insights into complex disease when 

the unique features of the X chromosome and the underlying properties of the available data are 

accounted for (Hickey and Bahlo, 2011; Loley et al., 2011). While the data presented here do not 

reach statistical significance, the Bonferroni correction is highly conservative, and the variants 

identified should thus be considered suggestive of association. Of greater interest is the clear 

difference in association patterns observed between the sexes, suggesting that sex is a variable 

with a measurable influence on disease.   

 

Sex differences in neurodegenerative disease are of great interest as these diseases 

disproportionally affect males and females in both prevalence and severity. Future experiments 

examining sex-effects in neurodegenerative disease might explore metabolic, physiological, and 

genetic pathways.  For example, estrogen activity in the central nervous system has been shown 

to have a complex interaction with neurodegenerative disease and may moderate risk to disease 

susceptibility by acting as a neuroprotectant (Shulman, 2002). Environmental and cultural 

variabilities between the sexes should also be explored.  
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As males and females are generally analyzed together to increase power in genome-wide 

association studies, SNP association differences for these diseases are not generally reported. 

However, there is evidence that these differences may play a role in disease pathology. For 

example, abnormal cell division occurs on the X chromosome of some AD patients, and X 

chromosome loss is a hallmark feature of aging in females (Bajić et al., 2009; Yurov et al., 2014). 

This area of the genome represents a kind of ‘Wild West’ of genomic research – it has yet to be 

properly explored and likely contains a great deal of information regarding disease association 

and pathology.  

 

Because the X and Y chromosomes were once genetically identical (Griffin, 2012), there is much 

interest in delineating the genetic structure of the sex chromosomes and understanding the 

continuing processes involved in their differentiation (Griffin, 2012). The X chromosome is known 

to contribute to early developmental sexual differentiation within the brain, and prior work has 

demonstrated reduced expression changes on this chromosome are associated with 

neurodegenerative diseases (Carruth et al., 2002; Swingland et al., 2012).  So where are the 

causal disease variants? It is possible that in the case of neurodegenerative disease, many small 

effect variants remain unidentified because there are simply not enough samples available to 

power their discovery. However, genomic analyses of the chromosome X have laid the 

groundwork for future studies exploring the evolution and differentiation of the sex chromosomes 

in humans by providing evidence that measurable differences exist between the sexes.  

 

More sophisticated association models will facilitate future exploration of the genetic architecture 

of the X chromosome, but the work described here shows that even current methods are 

applicable to complex phenotypes when genotype data are available. In performing a GWAS of 

the X chromosome data for PD, it was learned that there are no moderate or large effect genes 

that contribute to disease, when measured in a sample population of approximately fifteen 

thousand individuals. As more samples become available and the power to detect smaller effect 

variants increases, these results may change. The X chromosome remains an exceptional area 
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of the genome for future research, as it can inform studies of genetic distance, migration, and 

effective population size, which are long examined areas of demographic history studied by 

biological anthropologists (König et al., 2014; Vicoso and Charlesworth, 2006). Considering that 

the demographic history associated with neurodegenerative disease is largely unknown, insight 

into these population variables could be useful for determining populations at risk for disease.  

Identifying such populations will be informative for future genetic analyses of the entire genome.  

 

All three of the Specific Aims described in this study rely on meta-analyses to identify patterns 

across populations. Meta-analyses have aided in the development of a global perspective, as 

measures of heterogeneity have allowed differential ancestry effects to be anticipated and 

accounted for. Conserved populations like the Finns will exhibit reduced allelic and genetic 

heterogeneity compared to a more outbred group (Ioannidis et al., 2007; Rotimi and Jorde, 2010; 

Tian et al., 2008), and may even harbor single founder mutations quite common in the disease 

population. A classic example of this is the c9orf72 variant on chromosome 9 that was shown to 

cause the majority of ALS cases in the Finnish population. In this case, heterogeneity was caused 

by genuine genetic factors and not variability in participant collection or clinical treatment, and the 

identification of these factors has lead to a better understanding the ALS disease mechanism in 

the global population.  

 

In general, different populations are expected to exhibit different levels of heritability, as 

populations are defined by the differentiation of alleles and genotypes comprising their breeding 

population. To study global population structure means to recognize differential degrees of 

heritability between populations. Advances in genotyping technologies have hugely improved the 

understanding of global migration patterns by observing human genetic variation between 

population subgroups (Beerli, 2006; Nevo, 1995). However, the majority of published association 

studies have been performed on European ancestry populations using autosomal data. This is 

due primarily to logistical and statistical power constraints, but it presents an information bias in 

the record of genomic study to date. There are likely some trans-ethnic variants, common across 
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different global ancestry groups such as European, Asian, or African, that escape significance in 

single ancestry GWAS but which would be tagged by larger, more genetically diverse samples 

(Bogardus, 2009). 

 

Neurodegenerative disease is complex, and many potentially instructive analyses cannot be 

performed on humans because of ethical restrictions. Such experiments may require the 

reproduction or expedition of disease, aimed at determining the disease mechanism or 

mechanisms; or require artificially introducing DNA in order to study the model organism’s 

pathological process of disease. Primates and other mammals do not experience the same 

physiological trajectory of neurodegenerative disease development seen in humans.  However, 

aged non-human primates and some other mammals including dogs and horses do show similar 

changes in brain and behavior as humans undergoing the neurodegenerative disease process 

(Price et al., 1991).  For example, the brains of older monkeys show degeneration and structural 

abnormality in neurons and axons.  Older dogs can exhibit tremors, disorientation, and cognitive 

dysfunction that are similar to the characteristics defining certain neurodegenerative diseases in 

humans (Swain et al., 2014). For these reasons, animal models are often used to perform the 

experiments that would be ethically questionable or unacceptable in a human-centric study 

design.  

 

When considering an animal model, several factors must be considered, including the stage of 

the disease in question and associated symptoms, similarities of the anatomical and pathological 

features in the proposed model, and reproducibility of the model (Porras et al., 2012). Transgenic 

and knock-in mice have been bred for use in AD and PD research, and, while successful in some 

instances, the resulting work has indicated that these models do not present the true 

neurodegeneration observed in humans (Chan 2004; Price et al. 1991). Non-human primates are 

much more genetically and anatomically similar to human than other animal models, which make 

these species more relevant (Emborg, 2007; Price et al., 1991). However, the use of primates in 

research requires enormous ethical and economic considerations beyond those of Rodentia, as 
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providing for the welfare of primates often requires a commitment of several decades (Emborg, 

2007; Price et al., 1991).  In addition, while the artificial induction of neurodegenerative states in 

primate models can be useful depending on the question posed, but the complexities of the 

human brain cannot be replicated exactly in these species.  

 

While animal models represent an important tool in understanding disease etiology, differences in 

disease presentation, gene-environment complexities, and male-female dimorphism are to be 

expected and can produce results that are difficult to interpret with regard to humans. Studies 

making use of animal models can illustrate or clarify factors regarding brain biology (Price et al., 

1991), but ultimately animals do not develop human diseases nor are they necessarily 

susceptible to the underlying, predisposing conditions that contribute to disease development.  

For neurodegenerative disease, this means that animal studies should continue to be 

supplemented by the genomic analyses of humans with disease. The recruitment and long-term 

observation of as many thousands of sick individuals as possible is critical to the advancement of 

our understanding of neurodegenerative diseases. Further exploration of the genetic architecture 

of disease, supported by continuing technological developments in genomic science, will be 

critical in determining which individuals are at risk for disease and ultimately preventing its 

development.  

 

The path to disease is still not well understood, but modern research has made leaps and bounds 

in filling in the gaps. Genetics provides a critical magnifying glass into the molecular process that 

results in the human phenotype, but it must not be at the expense of continued research on 

outside influences like inequalities in diet and environment.  
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CHAPTER 5 

CONCLUSIONS 

 

Humans are unique in the animal kingdom in that we show a remarkable breadth of phenotypic 

variation despite being among the most genetically similar of all species. The reasons for this 

pattern include the relatively short evolutionary history of Homo sapiens and the propensity of its 

members to migrate and mate with individuals outside of local populations, which has increased 

homogenization of the species (Price et al., 2010).  Considering that primates are not as 

susceptible to neurodegenerative disease as humans are, the suite of diseases examined in this 

work is particularly useful for exploring how human genetic variation may result in a uniquely 

human phenotype.  The potential link between human longevity and brain size may represent a 

coupling of phenotypes that evolved together, but as the human brain rapidly increased in size 

and complexity, so too did its susceptibility to neurodegeneration. Now, as advances in medical 

science continue to lengthen the human lifespan, the proportion of humans affected by 

neurodegenerative is rapidly increasing. Understanding how the variation present with the 

genome contributes to this uniquely human susceptibility is critical for producing effective 

treatments and ultimately preventative interventions.  

 

However, neurodegenerative disease is complex.  The disease with which an individual is 

afflicted is not always apparent, diagnostic criteria change over time, certain symptoms overlap 

between conditions, and some conditions may co-exist. By accurately describing the genetic 

architecture of these diseases, it becomes possible to identify differences in pathology that 

characterizes neurodegenerative conditions, and separate the mechanisms responsible for the 

varying phenotypes that all result in neurodegeneration. The analyses described here constitute a 

significant advancement in neurodegenerative disease research, as quantifying the heritable 

components of the casual variants resulting in neurodegenerative diseases will inform future 

research regarding the identification of disease causing loci, and will support large scale 

sequencing efforts and rare variant analyses. The identification of candidate regions produced by 
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these analyses provides further avenues by which research in this field can continue towards the 

ultimate goal of treatment for individuals suffering from neurodegenerative disease.  

 

Moreover, this work represents the application and integration of informatics to the field of 

biological anthropology, by way of population genetics. Examining the heritable components of 

disparate populations is possible with the use of genetic data. Biological research in general has 

benefited from working in tandem with informatics, which allow for large-scale computational 

analyses that have been previously unmanageable. The addition of the anthropological 

perspective can only benefit the future direction of human genetic research, as it serves as the 

ultimate reminder of the people who are affected by the diseases studied here, and the 

importance of documenting the variation that exists between our populations. As the sheer 

number of data continues to grow, collaboration among research groups will result in more 

interesting analyses, and the power to detect variation on a finer scale may provide new 

perspective on what it means to be human 
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APPENDIX 

Table A1. 
Cohort level heritability estimates 

Disease Cohort 
Cohort 
Subset SNP subset 

Heritability 
Estimate 

Estimate 
SE 

N 
Cases 

N 
controls 

AD GenAda All Samples All SNPs 0.0920 0.1317 825 796 
      AD GWAS SNPs in PD-loci/regions 0.0305 0.0152 825 796 
      AD GWAS regions excluded 0.0580 0.1303 825 796 
    Late Onset All SNPs 0.0476 0.1427 712 721 
      AD GWAS SNPs in PD-loci/regions 0.0307 0.0163 712 721 
      AD GWAS regions excluded 0.0003 0.1416 712 721 
  LoadCidr All Samples All SNPs 0.4974 0.1609 1266 1279 
      AD GWAS SNPs in PD-loci/regions 0.4887 0.1592 1266 1279 
      AD GWAS regions excluded 0.1493 0.0279 1266 1279 
    Late Onset All SNPs 0.8083 0.5415 546 119 
      AD GWAS SNPs in PD-loci/regions 0.8717 0.5365 546 119 
      AD GWAS regions excluded 0.0000 0.0631 546 119 

PD US All Samples All SNPs 0.1825 0.046 971 3034 
      PD GWAS SNPs in PD-loci/regions 0.0376 0.0096 971 3034 
      PD GWAS regions excluded 0.1435 0.0459 971 3034 
    Early Onset All SNPs 0.0802 0.2144 365 276 
      PD GWAS SNPs in PD-loci/regions 0.0131 0.0359 365 276 
      PD GWAS regions excluded 0.0475 0.2149 365 276 
    Late Onset All SNPs 0.2273 0.08 572 1620 
      PD GWAS SNPs in PD-loci/regions 0.0334 0.0145 572 1620 
      PD GWAS regions excluded 0.1740 0.08 572 1620 

  GER All Samples All SNPs 0.2590 0.0803 742 944 
      PD GWAS SNPs in PD-loci/regions 0.0470 0.0152 742 944 
      PD GWAS regions excluded 0.2286 0.0807 742 944 
    Early Onset All SNPs 0.2255 0.1627 302 670 
      PD GWAS SNPs in PD-loci/regions 0.1110 0.0302 302 670 
      PD GWAS regions excluded 0.1543 0.1628 302 670 
    Late Onset All SNPs 0.2212 0.2222 367 267 
      PD GWAS SNPs in PD-loci/regions 0.0218 0.0359 367 267 
      PD GWAS regions excluded 0.1832 0.2239 367 267 

  NL All Samples All SNPs 0.4260 0.0559 772 2024 
      GWAS SNPs in PD-loci/regions 0.0234 0.0108 772 2024 
      PD GWAS regions excluded 0.4308 0.0555 772 2024 
    Early Onset All SNPs 0.1331 0.1255 366 871 
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      GWAS SNPs in PD-loci/regions 0.0353 0.0222 366 871 
      PD GWAS regions excluded 0.1562 0.1254 366 871 
    Late Onset All SNPs 0.5311 0.1051 379 1148 
      GWAS SNPs in PD-loci/regions 0.0268 0.0207 379 1148 
      PD GWAS regions excluded 0.5311 0.1055 379 1148 

  UK All Samples All SNPs 0.1642 0.0272 1705 5200 
      GWAS SNPs in PD-loci/regions 0.0272 0.0092 1705 5200 
      PD GWAS regions excluded 0.1411 0.0271 1705 5200 
    Late Onset All SNPs 0.1676 0.0395 1258 2699 
      GWAS SNPs in PD-loci/regions 0.0240 0.0122 1258 2699 
      PD GWAS regions excluded 0.1509 0.0395 1258 2699 
  ICE All Samples All SNPs 0.4912 0.0444 604 4916 
      GWAS SNPs in PD-loci/regions 0.0000 0.0167 604 4916 
      PD GWAS regions excluded 0.5177 0.044 604 4916 
    Late Onset All SNPs 0.4466 0.0604 449 2624 
      GWAS SNPs in PD-loci/regions 0.0000 0.0238 449 2624 
      PD GWAS regions excluded 0.4734 0.0596 449 2624 
  FR All Samples All SNPs 0.2432 0.0494 1039 1984 
      GWAS SNPs in PD-loci/regions 0.0625 0.0112 1039 1984 
      PD GWAS regions excluded 0.1984 0.0499 1039 1984 
    Late Onset All SNPs 0.2228 0.1161 340 1984 
      GWAS SNPs in PD-loci/regions 0.0478 0.0222 340 1984 
      PD GWAS regions excluded 0.2070 0.1163 340 1984 
  MF All Samples All SNPs 0.1791 0.0771 876 857 
      GWAS SNPs in PD-loci/regions 0.0181 0.0127 876 857 
      PD GWAS regions excluded 0.1701 0.0762 876 857 
    Late Onset All SNPs 0.2245 0.1279 387 496 
      GWAS SNPs in PD-loci/regions 0.0585 0.0265 387 496 
      PD GWAS regions excluded 0.2520 0.1266 387 496 

ALS US All Samples All SNPs 0.2740 0.0963 276 807 
      GWAS SNPs in PD-loci/regions 0.0000 0.0097 276 807 
      ALS GWAS regions excluded 0.2740 0.0991 276 807 
    Late Onset All SNPs 0.2843 0.0973 181 579 
      GWAS SNPs in PD-loci/regions 0.0000 0.0134 181 579 
      ALS GWAS regions excluded 0.2843 0.1026 181 579 
    Limb Onset All SNPs 0.0917 0.1228 208 807 
      GWAS SNPs in PD-loci/regions 0.0000 0.0117 208 807 
      ALS GWAS regions excluded 0.1324 0.1211 208 807 
    Bulbar Onset All SNPs 0.7259 0.3474 68 807 
      GWAS SNPs in PD-loci/regions 0.0000 0.0288 68 807 
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      ALS GWAS regions excluded 0.7259 0.3549 68 807 

  Finnish All Samples All SNPs 0.2096 0.0084 440 521 
      GWAS SNPs in PD-loci/regions 0.0434 0.0095 440 521 
      ALS GWAS regions excluded 0.2096 0.0088 440 521 
    Late Onset All SNPs 0.2237 0.0111 303 520 
      GWAS SNPs in PD-loci/regions 0.0339 0.0109 303 520 
      ALS GWAS regions excluded 0.2237 0.0118 303 520 
    Limb Onset All SNPs 0.2343 0.0136 260 521 
      GWAS SNPs in PD-loci/regions 0.0688 0.0123 260 521 
      ALS GWAS regions excluded 0.2343 0.0149 260 521 
    Bulbar Onset All SNPs 0.3493 0.0173 116 521 
      GWAS SNPs in PD-loci/regions 0.0123 0.0179 116 521 
      ALS GWAS regions excluded 0.3493 0.0169 116 521 

  Italians All Samples All SNPs 0.2314 0.0815 507 263 
      GWAS SNPs in PD-loci/regions 0.0093 0.0112 507 263 
      ALS GWAS regions excluded 0.2314 0.0793 507 263 
    Late Onset All SNPs 0.2282 0.0902 430 231 
      GWAS SNPs in PD-loci/regions 0.0132 0.0132 430 231 
      ALS GWAS regions excluded 0.2282 0.0873 430 231 
    Limb Onset All SNPs 0.2135 0.0904 362 263 
      GWAS SNPs in PD-loci/regions 0.0082 0.0124 362 263 
      ALS GWAS regions excluded 0.2135 0.0933 362 263 
    Bulbar Onset All SNPs 0.2278 0.2029 145 263 
      GWAS SNPs in PD-loci/regions 0.0000 0.0224 145 263 
      ALS GWAS regions excluded 0.2278 0.2021 145 263 
Heritability estimates are presented for each cohort.  
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Table A2.  
 
ALS Regional Results 
Chr Segment 

Start (bp) 
Segment 
End (bp) 

Heritability 
Estimate 
from Random 
Effects 

Lower 95% 
Confidence 
Interval 

Upper 95% 
Confidence 
Interval 

P-value 
from 
Random-
Effects 

Het. χ² 
distribution 

Het. P-
value 

1 101224461 102224461 0.012 -0.002 0.026 8.18E-02 2.52 2.84E-01 
1 102224461 103224461 0.004 -0.011 0.018 6.28E-01 0.31 8.55E-01 
1 103224461 104224461 0.023 -0.006 0.051 1.15E-01 0.66 7.17E-01 
1 104224461 105224461 0.011 -0.005 0.027 1.74E-01 1.31 5.20E-01 
1 105224461 106224461 0.010 -0.007 0.028 2.36E-01 2.72 2.56E-01 
1 106224461 107224461 0.005 -0.011 0.020 5.67E-01 0.56 7.56E-01 
1 107224461 108224461 0.004 -0.008 0.016 5.16E-01 0.25 8.82E-01 
1 108224461 109224461 0.008 -0.007 0.024 2.96E-01 2.56 2.78E-01 
1 109224461 110224461 0.002 -0.011 0.014 7.94E-01 0.08 9.60E-01 
1 110224461 111224461 0.005 -0.005 0.015 3.64E-01 0.57 7.51E-01 
1 111224461 112224461 0.004 -0.007 0.014 4.68E-01 0.37 8.29E-01 
1 112224461 113224461 0.004 -0.007 0.015 4.79E-01 1.16 5.59E-01 
1 113224461 114224461 0.010 -0.006 0.025 2.16E-01 0.56 7.55E-01 
1 114224461 115224461 0.006 -0.007 0.018 3.64E-01 1.58 4.54E-01 
1 115224461 116224461 0.004 -0.010 0.017 5.79E-01 0.27 8.74E-01 
1 116224461 117224461 0.013 -0.003 0.030 1.13E-01 1.37 5.04E-01 
1 117224461 118224461 0.008 -0.004 0.020 2.07E-01 2.02 3.65E-01 
1 118224461 119224461 0.011 -0.007 0.028 2.29E-01 1.20 5.48E-01 
1 119224461 120224461 0.008 -0.007 0.023 2.90E-01 1.21 5.45E-01 
1 120224461 121224461 0.030 0.003 0.058 3.26E-02 1.44 4.87E-01 
1 145035451 146035451 0.026 -0.032 0.084 3.78E-01 0.54 7.63E-01 
1 146035451 147035451 0.000 -0.016 0.016 1.00E+00 0.00 1.00E+00 
1 147035451 148035451 0.000 -0.027 0.027 1.00E+00 0.00 1.00E+00 
1 149035451 150035451 0.067 0.021 0.113 4.30E-03 1.00 6.00E-01 
1 150035451 151035451 0.030 0.003 0.057 3.05E-02 1.00 6.00E-01 
1 151035451 152035451 0.023 0.002 0.043 3.09E-02 3.68 1.59E-01 
1 152035451 153035451 0.023 0.000 0.045 4.59E-02 6.33 4.23E-02 
1 153035451 154035451 0.015 -0.005 0.035 1.48E-01 0.43 8.07E-01 
1 154035451 155035451 0.010 -0.004 0.023 1.74E-01 1.62 4.45E-01 
1 229140452 230140452 0.008 -0.007 0.022 2.96E-01 1.67 4.34E-01 
1 230140452 231140452 0.000 -0.009 0.009 9.43E-01 0.01 9.97E-01 
1 231140452 232140452 0.006 -0.006 0.017 3.31E-01 0.46 7.95E-01 
1 232140452 233140452 0.007 -0.005 0.018 2.64E-01 3.88 1.44E-01 
1 233140452 234140452 0.013 0.002 0.024 2.55E-02 4.02 1.34E-01 
1 234140452 235140452 0.001 -0.007 0.010 7.56E-01 0.15 9.29E-01 
1 235140452 236140452 0.013 -0.006 0.033 1.78E-01 0.88 6.44E-01 
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1 236140452 237140452 0.002 -0.010 0.015 7.28E-01 0.49 7.81E-01 
1 237140452 238140452 0.000 -0.009 0.009 1.00E+00 0.00 1.00E+00 
1 238140452 239140452 0.008 -0.004 0.019 1.99E-01 0.51 7.73E-01 
1 239140452 240140452 0.000 -0.010 0.010 1.00E+00 0.00 1.00E+00 
1 240140452 241140452 0.013 0.001 0.025 4.11E-02 3.77 1.52E-01 
1 241140452 242140452 0.002 -0.007 0.012 6.37E-01 1.05 5.93E-01 
1 242140452 243140452 0.007 -0.005 0.020 2.34E-01 1.17 5.57E-01 
1 243140452 244140452 0.018 -0.005 0.041 1.25E-01 1.84 3.98E-01 
1 244140452 245140452 0.003 -0.006 0.013 5.01E-01 0.25 8.84E-01 
1 245140452 246140452 0.005 -0.006 0.015 3.86E-01 1.26 5.32E-01 
1 246140452 247140452 0.009 -0.006 0.023 2.59E-01 1.90 3.88E-01 
1 247140452 248140452 0.009 -0.004 0.021 1.65E-01 2.28 3.20E-01 
1 248140452 249140452 0.043 -0.006 0.092 8.87E-02 1.23 5.40E-01 
1 249140452 249239465 0.000 -0.200 0.200 1.00E+00 0.00 1.00E+00 
2 42090039 43090039 0.001 -0.014 0.015 9.34E-01 0.02 9.90E-01 
2 43090039 44090039 0.002 -0.009 0.014 6.95E-01 0.27 8.74E-01 
2 44090039 45090039 0.008 -0.006 0.023 2.74E-01 0.57 7.53E-01 
2 45090039 46090039 0.009 -0.003 0.022 1.21E-01 3.66 1.61E-01 
2 46090039 47090039 0.003 -0.007 0.012 5.93E-01 0.36 8.36E-01 
2 47090039 48090039 0.002 -0.007 0.012 6.28E-01 0.44 8.04E-01 
2 48090039 49090039 0.004 -0.011 0.019 5.97E-01 0.32 8.53E-01 
2 49090039 50090039 0.008 -0.006 0.021 2.55E-01 0.29 8.66E-01 
2 50090039 51090039 0.002 -0.010 0.014 7.26E-01 0.13 9.39E-01 
2 51090039 52090039 0.008 -0.006 0.022 2.48E-01 0.85 6.53E-01 
2 52090039 53090039 0.009 -0.005 0.023 2.21E-01 1.60 4.50E-01 
2 53090039 54090039 0.006 -0.006 0.017 3.34E-01 0.36 8.34E-01 
2 54090039 55090039 0.002 -0.012 0.016 8.03E-01 0.09 9.56E-01 
2 55090039 56090039 0.012 -0.003 0.027 1.12E-01 0.20 9.04E-01 
2 56090039 57090039 0.013 -0.002 0.028 8.58E-02 1.63 4.42E-01 
2 57090039 58090039 0.008 -0.009 0.025 3.66E-01 0.79 6.73E-01 
2 58090039 59090039 0.025 0.007 0.044 6.49E-03 4.09 1.29E-01 
2 59090039 60090039 0.014 0.000 0.028 5.59E-02 2.39 3.02E-01 
2 60090039 60179107 0.006 -0.018 0.031 6.16E-01 0.30 8.63E-01 
3 175185077 176185077 0.008 -0.007 0.024 3.06E-01 2.95 2.29E-01 
3 176185077 177185077 0.003 -0.008 0.014 5.95E-01 0.55 7.58E-01 
3 177185077 178185077 0.006 -0.006 0.017 3.39E-01 1.13 5.70E-01 
3 178185077 179185077 0.005 -0.008 0.019 4.26E-01 0.57 7.53E-01 
3 179185077 180185077 0.005 -0.009 0.019 4.85E-01 0.52 7.70E-01 
3 180185077 181185077 0.015 -0.004 0.035 1.28E-01 0.24 8.86E-01 
3 181185077 182185077 0.000 -0.011 0.012 9.47E-01 0.01 9.95E-01 
3 182185077 183185077 0.007 -0.006 0.020 3.00E-01 1.80 4.06E-01 
3 183185077 184185077 0.006 -0.008 0.019 3.98E-01 0.43 8.05E-01 
3 184185077 185185077 0.009 -0.004 0.022 1.77E-01 0.40 8.20E-01 
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3 185185077 186185077 0.005 -0.006 0.015 3.79E-01 1.38 5.02E-01 
3 186185077 187185077 0.003 -0.007 0.013 5.98E-01 0.51 7.74E-01 
3 187185077 188185077 0.005 -0.005 0.014 3.22E-01 6.37 4.13E-02 
3 188185077 189185077 0.001 -0.009 0.011 8.36E-01 0.12 9.44E-01 
3 189185077 190185077 0.001 -0.009 0.010 9.14E-01 0.01 9.93E-01 
3 190185077 191185077 0.008 -0.004 0.019 2.07E-01 1.20 5.50E-01 
3 191185077 192185077 0.000 -0.011 0.011 1.00E+00 0.00 1.00E+00 
3 192185077 193185077 0.006 -0.006 0.018 3.50E-01 0.48 7.87E-01 
3 193185077 194185077 0.004 -0.006 0.014 4.68E-01 1.29 5.26E-01 
3 194185077 195185077 0.003 -0.008 0.015 5.63E-01 0.65 7.23E-01 
3 195185077 196185077 0.005 -0.008 0.018 4.45E-01 0.63 7.28E-01 
3 196185077 197185077 0.006 -0.006 0.018 3.22E-01 0.13 9.35E-01 
3 197185077 197946621 0.018 -0.006 0.043 1.38E-01 1.69 4.29E-01 
6 31078005 32078005 0.004 -0.010 0.019 5.45E-01 1.18 5.54E-01 
6 32078005 33078005 0.013 -0.005 0.031 1.49E-01 5.46 6.51E-02 
6 33078005 34078005 0.010 -0.003 0.023 1.31E-01 1.49 4.75E-01 
6 34078005 35078005 0.031 0.008 0.055 9.95E-03 0.26 8.76E-01 
6 35078005 36078005 0.005 -0.011 0.021 5.14E-01 0.20 9.03E-01 
6 36078005 37078005 0.006 -0.007 0.018 3.57E-01 0.83 6.59E-01 
6 37078005 38078005 0.004 -0.009 0.017 5.63E-01 0.56 7.54E-01 
6 38078005 39078005 0.003 -0.009 0.015 6.24E-01 0.14 9.33E-01 
6 39078005 40078005 0.010 -0.002 0.022 1.03E-01 0.47 7.90E-01 
6 40078005 40360438 0.009 -0.013 0.031 4.30E-01 0.63 7.31E-01 
6 133350936 134350936 0.004 -0.009 0.018 5.49E-01 0.97 6.15E-01 
6 134350936 135350936 0.006 -0.004 0.017 2.46E-01 1.34 5.12E-01 
6 135350936 136350936 0.008 -0.007 0.023 3.13E-01 0.71 7.01E-01 
6 136350936 137350936 0.006 -0.012 0.024 5.23E-01 0.49 7.81E-01 
6 137350936 138350936 0.004 -0.006 0.013 4.57E-01 0.30 8.59E-01 
6 138350936 139350936 0.006 -0.007 0.018 3.70E-01 0.65 7.22E-01 
6 139350936 140350936 0.005 -0.005 0.015 3.53E-01 5.27 7.18E-02 
6 140350936 141350936 0.014 -0.007 0.035 1.87E-01 3.05 2.18E-01 
6 141350936 142350936 0.017 -0.003 0.037 9.36E-02 1.92 3.84E-01 
6 142350936 143350936 0.005 -0.008 0.017 4.76E-01 1.17 5.56E-01 
6 143350936 144350936 0.003 -0.008 0.015 5.91E-01 0.10 9.52E-01 
6 144350936 145350936 0.007 -0.006 0.020 2.66E-01 0.49 7.83E-01 
6 145350936 146350936 0.012 -0.011 0.034 3.00E-01 0.87 6.47E-01 
6 146350936 147350936 0.003 -0.009 0.015 6.12E-01 0.15 9.27E-01 
6 147350936 148350936 0.003 -0.007 0.014 5.55E-01 0.70 7.03E-01 
6 148350936 149350936 0.005 -0.005 0.015 3.27E-01 4.51 1.05E-01 
6 149350936 150350936 0.016 -0.003 0.034 9.97E-02 3.03 2.20E-01 
6 150350936 151350936 0.004 -0.006 0.014 4.63E-01 0.44 8.04E-01 
6 151350936 152350936 0.003 -0.007 0.013 5.76E-01 1.83 4.00E-01 
6 152350936 153350936 0.004 -0.007 0.015 5.08E-01 0.44 8.04E-01 



 
 

96 

6 153350936 153795781 0.006 -0.008 0.021 4.13E-01 0.51 7.73E-01 
8 10422 1010422 0.006 -0.006 0.019 3.30E-01 0.57 7.51E-01 
8 1010422 2010422 0.015 0.003 0.027 1.82E-02 0.27 8.72E-01 
8 2010422 3010422 0.005 -0.005 0.016 3.46E-01 1.75 4.17E-01 
8 3010422 4010422 0.008 -0.002 0.018 1.35E-01 1.56 4.58E-01 
8 4010422 5010422 0.011 0.000 0.021 4.00E-02 1.00 6.06E-01 
8 5010422 6010422 0.002 -0.008 0.011 7.10E-01 0.48 7.88E-01 
8 6010422 7010422 0.007 -0.004 0.017 2.19E-01 1.74 4.20E-01 
8 8010422 9010422 0.006 -0.007 0.020 3.71E-01 0.06 9.72E-01 
8 9010422 10010422 0.011 -0.004 0.026 1.55E-01 1.70 4.28E-01 
8 10010422 11010422 0.009 -0.004 0.023 1.84E-01 1.00 6.07E-01 
8 11010422 12010422 0.004 -0.010 0.017 5.78E-01 1.05 5.91E-01 
8 12010422 13010422 0.005 -0.008 0.017 4.90E-01 1.98 3.71E-01 
8 13010422 14010422 0.008 -0.002 0.019 1.18E-01 0.14 9.33E-01 
8 14010422 14769426 0.002 -0.012 0.016 8.00E-01 0.09 9.57E-01 
8 108409931 109409931 0.005 -0.012 0.022 5.66E-01 0.20 9.03E-01 
8 109409931 110409931 0.015 -0.003 0.034 1.11E-01 6.04 4.89E-02 
8 110409931 111409931 0.007 -0.007 0.022 3.26E-01 2.54 2.80E-01 
8 111409931 112409931 0.033 0.002 0.064 3.98E-02 3.33 1.89E-01 
8 112409931 113409931 0.026 -0.001 0.052 5.96E-02 1.52 4.69E-01 
8 113409931 114409931 0.013 -0.012 0.038 3.23E-01 1.39 4.98E-01 
8 114409931 115409931 0.004 -0.012 0.019 6.36E-01 0.21 9.02E-01 
8 115409931 116409931 0.005 -0.010 0.021 4.86E-01 0.33 8.46E-01 
8 116409931 117409931 0.016 -0.003 0.035 1.04E-01 1.25 5.35E-01 
8 117409931 118409931 0.011 0.000 0.023 5.32E-02 1.08 5.83E-01 
8 118409931 119409931 0.009 -0.003 0.020 1.38E-01 1.35 5.08E-01 
8 119409931 120409931 0.006 -0.008 0.019 3.97E-01 1.13 5.68E-01 
8 120409931 121409931 0.012 -0.005 0.029 1.51E-01 0.99 6.11E-01 
8 121409931 122409931 0.009 -0.004 0.023 1.63E-01 1.30 5.21E-01 
8 122409931 123409931 0.013 0.000 0.026 5.86E-02 1.44 4.87E-01 
8 123409931 124409931 0.012 0.001 0.023 4.03E-02 4.55 1.03E-01 
8 124409931 125409931 0.006 -0.005 0.017 2.75E-01 1.46 4.83E-01 
8 125409931 126409931 0.016 0.003 0.028 1.44E-02 0.94 6.24E-01 
8 126409931 127409931 0.004 -0.008 0.015 5.46E-01 0.26 8.78E-01 
8 127409931 128409931 0.005 -0.005 0.015 3.14E-01 0.30 8.59E-01 
8 128409931 129409931 0.008 -0.004 0.020 1.74E-01 4.87 8.77E-02 
8 129409931 129707023 0.013 -0.014 0.039 3.38E-01 0.29 8.65E-01 
9 13689066 14689066 0.006 -0.004 0.017 2.46E-01 3.02 2.20E-01 
9 14689066 15689066 0.002 -0.009 0.013 6.84E-01 0.10 9.53E-01 
9 15689066 16689066 0.024 0.008 0.040 2.45E-03 0.52 7.70E-01 
9 16689066 17689066 0.004 -0.009 0.016 5.94E-01 0.31 8.58E-01 
9 17689066 18689066 0.006 -0.005 0.016 2.99E-01 2.82 2.45E-01 
9 18689066 19689066 0.009 -0.002 0.020 1.08E-01 2.22 3.29E-01 
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9 19689066 20689066 0.013 0.001 0.026 4.11E-02 1.51 4.70E-01 
9 20689066 21689066 0.014 -0.004 0.031 1.35E-01 2.58 2.76E-01 
9 21689066 22689066 0.016 0.000 0.031 5.17E-02 5.72 5.73E-02 
9 22689066 23689066 0.020 0.007 0.034 3.88E-03 4.87 8.77E-02 
9 23689066 24689066 0.020 0.001 0.038 3.42E-02 2.41 2.99E-01 
9 24689066 25689066 0.014 0.001 0.027 3.86E-02 2.05 3.58E-01 
9 25689066 26689066 0.011 -0.003 0.024 1.16E-01 6.20 4.52E-02 
9 26689066 27689066 0.005 -0.007 0.016 4.03E-01 1.27 5.30E-01 
9 27689066 28689066 0.011 -0.001 0.022 7.44E-02 3.22 2.00E-01 
9 28689066 29689066 0.019 0.001 0.036 4.23E-02 6.71 3.49E-02 
9 29689066 30689066 0.024 0.002 0.046 3.40E-02 4.37 1.13E-01 
9 30689066 31689066 0.017 -0.001 0.034 6.93E-02 9.38 9.20E-03 
9 31689066 32689066 0.008 -0.010 0.025 3.91E-01 0.68 7.10E-01 
9 32689066 33689066 0.008 -0.004 0.021 1.85E-01 1.90 3.87E-01 
9 33689066 34689066 0.017 -0.005 0.039 1.25E-01 1.77 4.13E-01 
9 34689066 35689066 0.010 -0.007 0.026 2.47E-01 1.88 3.91E-01 
9 35689066 36689066 0.013 -0.001 0.027 7.05E-02 2.34 3.10E-01 
9 36689066 37689066 0.006 -0.006 0.019 3.33E-01 1.80 4.06E-01 
9 37689066 38689066 0.012 -0.001 0.026 7.60E-02 7.11 2.86E-02 
9 38689066 39689066 0.014 -0.014 0.041 3.22E-01 1.26 5.33E-01 
9 69829191 70829191 0.010 -0.006 0.025 2.30E-01 1.02 6.01E-01 
9 70829191 71829191 0.004 -0.009 0.017 5.18E-01 0.90 6.38E-01 
9 71829191 72829191 0.005 -0.010 0.020 4.97E-01 0.90 6.38E-01 
9 72829191 73829191 0.005 -0.007 0.016 4.23E-01 0.72 6.97E-01 
9 73829191 74829191 0.003 -0.014 0.019 7.47E-01 0.26 8.77E-01 
9 74829191 75829191 0.010 -0.007 0.026 2.54E-01 3.12 2.10E-01 
9 75829191 76829191 0.011 -0.002 0.023 8.67E-02 0.71 7.00E-01 
9 76829191 77829191 0.009 -0.002 0.020 1.05E-01 3.54 1.71E-01 
9 77829191 78829191 0.002 -0.007 0.011 6.78E-01 0.23 8.93E-01 
9 78829191 79829191 0.016 -0.002 0.033 7.44E-02 3.21 2.01E-01 
9 79829191 80829191 0.004 -0.007 0.015 4.53E-01 0.31 8.55E-01 
9 80829191 81829191 0.000 -0.019 0.019 1.00E+00 0.00 1.00E+00 
10 8898654 9898654 0.010 -0.004 0.024 1.63E-01 5.32 6.98E-02 
10 9898654 10898654 0.006 -0.004 0.016 2.43E-01 0.98 6.13E-01 
10 10898654 11898654 0.004 -0.006 0.014 4.61E-01 1.37 5.04E-01 
10 11898654 12898654 0.008 -0.003 0.019 1.38E-01 0.99 6.10E-01 
10 12898654 13898654 0.005 -0.005 0.015 3.11E-01 0.25 8.82E-01 
10 13898654 14898654 0.014 0.003 0.024 1.47E-02 0.52 7.70E-01 
10 14898654 15898654 0.012 0.000 0.025 5.17E-02 4.47 1.07E-01 
10 15898654 16898654 0.007 -0.006 0.020 2.98E-01 0.95 6.23E-01 
10 16898654 17898654 0.009 -0.002 0.020 1.12E-01 0.49 7.84E-01 
10 17898654 18713883 0.014 0.000 0.027 4.22E-02 1.59 4.52E-01 
12 19097205 20097205 0.005 -0.007 0.016 4.44E-01 0.69 7.07E-01 
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12 20097205 21097205 0.008 -0.003 0.020 1.65E-01 0.01 9.94E-01 
12 21097205 22097205 0.014 -0.004 0.031 1.27E-01 0.77 6.80E-01 
12 22097205 23097205 0.007 -0.007 0.020 3.21E-01 1.06 5.89E-01 
12 23097205 24097205 0.006 -0.006 0.018 3.04E-01 1.07 5.87E-01 
12 24097205 25097205 0.005 -0.005 0.015 3.20E-01 2.62 2.70E-01 
12 25097205 26097205 0.017 0.005 0.030 7.49E-03 0.70 7.04E-01 
12 26097205 27097205 0.005 -0.005 0.015 3.12E-01 0.78 6.76E-01 
12 27097205 28097205 0.003 -0.009 0.015 6.00E-01 0.15 9.28E-01 
12 28097205 29097205 0.007 -0.010 0.023 4.29E-01 1.67 4.34E-01 
12 29097205 30097205 0.012 -0.005 0.028 1.66E-01 2.09 3.51E-01 
12 30097205 31097205 0.007 -0.006 0.021 2.91E-01 2.67 2.63E-01 
12 31097205 32097205 0.005 -0.008 0.018 4.49E-01 0.52 7.72E-01 
12 32097205 33097205 0.010 -0.003 0.023 1.50E-01 0.48 7.87E-01 
12 33097205 34097205 0.035 0.007 0.063 1.27E-02 3.10 2.12E-01 
12 34097205 35097205 0.026 -0.030 0.081 3.67E-01 0.44 8.03E-01 
12 37097205 38097205 0.113 -0.012 0.238 7.57E-02 0.00 1.00E+00 
12 38097205 39097205 0.042 -0.005 0.089 8.26E-02 0.67 7.14E-01 
12 39097205 40097205 0.013 -0.007 0.032 2.09E-01 4.20 1.23E-01 
12 40097205 41097205 0.010 -0.005 0.026 1.88E-01 5.30 7.07E-02 
12 41097205 42097205 0.010 -0.005 0.026 1.97E-01 0.97 6.16E-01 
12 42097205 42475874 0.029 0.005 0.053 1.77E-02 4.37 1.12E-01 
15 22001200 23001200 0.008 -0.010 0.026 3.71E-01 0.54 7.63E-01 
15 23001200 24001200 0.000 -0.011 0.012 9.42E-01 0.01 9.96E-01 
15 24001200 25001200 0.034 0.014 0.053 8.52E-04 14.91 6.00E-04 
15 25001200 26001200 0.007 -0.003 0.018 1.68E-01 1.75 4.18E-01 
15 26001200 27001200 0.005 -0.005 0.015 3.13E-01 0.70 7.03E-01 
15 27001200 28001200 0.009 -0.002 0.020 1.19E-01 2.22 3.30E-01 
15 28001200 29001200 0.027 0.000 0.054 5.42E-02 0.78 6.79E-01 
15 29001200 30001200 0.006 -0.007 0.019 3.48E-01 1.95 3.78E-01 
15 30001200 31001200 0.014 -0.004 0.031 1.29E-01 2.29 3.18E-01 
15 31001200 32001200 0.007 -0.007 0.021 3.21E-01 0.80 6.71E-01 
15 32001200 33001200 0.007 -0.007 0.021 3.51E-01 0.63 7.31E-01 
15 33001200 34001200 0.003 -0.007 0.013 6.14E-01 0.45 7.99E-01 
15 34001200 35001200 0.009 -0.006 0.023 2.55E-01 0.85 6.55E-01 
15 35001200 36001200 0.008 -0.005 0.021 2.18E-01 1.27 5.29E-01 
15 36001200 37001200 0.008 -0.004 0.020 2.07E-01 3.92 1.41E-01 
15 37001200 38001200 0.003 -0.009 0.015 6.01E-01 0.46 7.95E-01 
15 38001200 39001200 0.008 -0.005 0.021 2.29E-01 3.37 1.85E-01 
15 39001200 40001200 0.000 -0.011 0.011 9.91E-01 0.00 1.00E+00 
15 40001200 41001200 0.012 -0.003 0.026 1.08E-01 0.11 9.45E-01 
15 41001200 42001200 0.006 -0.013 0.026 5.30E-01 0.07 9.66E-01 
15 42001200 43001200 0.016 -0.002 0.034 7.63E-02 1.27 5.30E-01 
15 43001200 44001200 0.004 -0.026 0.034 7.86E-01 0.11 9.49E-01 
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15 44001200 45001200 0.008 -0.022 0.038 5.98E-01 0.45 7.98E-01 
15 45001200 46001200 0.019 -0.003 0.040 8.93E-02 1.98 3.73E-01 
15 46001200 47001200 0.005 -0.007 0.017 4.07E-01 0.93 6.28E-01 
15 47001200 48001200 0.012 -0.005 0.028 1.67E-01 5.31 7.02E-02 
15 48001200 49001200 0.002 -0.014 0.018 8.35E-01 0.06 9.69E-01 
15 49001200 50001200 0.006 -0.018 0.030 6.09E-01 1.12 5.71E-01 
15 50001200 51001200 0.014 -0.002 0.031 9.34E-02 3.52 1.72E-01 
15 51001200 51739685 0.014 -0.005 0.033 1.52E-01 9.51 8.60E-03 
15 79666981 80666980 0.011 -0.001 0.023 6.70E-02 1.04 5.94E-01 
15 80666981 81666981 0.005 -0.006 0.016 3.34E-01 2.22 3.30E-01 
15 81666981 82666981 0.012 -0.001 0.026 7.63E-02 0.15 9.28E-01 
15 82666981 83666981 0.013 -0.010 0.036 2.81E-01 0.15 9.27E-01 
15 83666981 84666981 0.016 0.000 0.033 5.16E-02 3.48 1.75E-01 
15 84666981 85666981 0.003 -0.012 0.018 6.93E-01 0.11 9.46E-01 
15 85666981 86666981 0.006 -0.008 0.020 4.33E-01 0.76 6.84E-01 
15 86666981 87666981 0.008 -0.005 0.021 2.07E-01 2.70 2.60E-01 
15 87666981 88666981 0.004 -0.007 0.015 5.08E-01 0.08 9.63E-01 
15 88666981 89666981 0.007 -0.005 0.019 2.48E-01 1.48 4.76E-01 
15 89666981 90666981 0.011 -0.004 0.026 1.36E-01 2.42 2.99E-01 
15 90666981 91666981 0.011 -0.004 0.027 1.50E-01 1.59 4.51E-01 
15 91666981 92666981 0.004 -0.006 0.014 4.29E-01 2.45 2.94E-01 
15 92666981 93666981 0.009 -0.002 0.021 1.16E-01 0.47 7.90E-01 
15 93666981 94666981 0.005 -0.005 0.014 3.37E-01 0.39 8.24E-01 
15 94666981 95666981 0.015 0.004 0.027 1.01E-02 0.91 6.35E-01 
15 95666981 96666981 0.004 -0.006 0.013 4.25E-01 1.38 5.01E-01 
15 96666981 97666981 0.001 -0.008 0.011 8.05E-01 0.17 9.17E-01 
15 97666981 98666981 0.013 0.002 0.025 2.68E-02 6.51 3.85E-02 
15 98666981 99666981 0.005 -0.004 0.015 2.81E-01 1.49 4.76E-01 
15 99666981 100666981 0.001 -0.009 0.011 8.37E-01 0.07 9.68E-01 
15 100666981 101666981 0.008 -0.003 0.020 1.39E-01 1.60 4.49E-01 
15 101666981 102520965 0.002 -0.008 0.012 7.52E-01 0.17 9.17E-01 
21 39086965 40086965 0.008 -0.003 0.019 1.44E-01 0.78 6.78E-01 
21 40086965 41086965 0.010 -0.003 0.023 1.43E-01 2.27 3.22E-01 
21 41086965 42086965 0.001 -0.009 0.011 8.09E-01 0.07 9.64E-01 
21 42086965 43086965 0.007 -0.003 0.017 1.52E-01 0.89 6.42E-01 
21 43086965 44086965 0.005 -0.005 0.015 3.12E-01 1.42 4.91E-01 
21 44086965 45086965 0.013 -0.002 0.028 8.34E-02 0.76 6.83E-01 
21 45086965 46086965 0.005 -0.007 0.017 4.23E-01 0.62 7.34E-01 
21 46086965 47086965 0.012 0.001 0.023 3.06E-02 24.08 0.00E+00 
21 47086965 48086965 0.005 -0.011 0.021 5.53E-01 0.69 7.10E-01 
21 48086965 48119751 0.000 -0.116 0.116 1.00E+00 0.00 1.00E+00 
22 34675903 35675903 0.014 -0.011 0.038 2.74E-01 1.86 3.95E-01 
22 35675903 36675903 0.021 -0.004 0.047 1.03E-01 1.62 4.44E-01 
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22 36675903 37675903 0.038 0.015 0.062 1.46E-03 3.53 1.71E-01 
22 37675903 38675903 0.034 0.007 0.060 1.16E-02 3.61 1.64E-01 
22 38675903 39675903 0.022 -0.006 0.050 1.21E-01 3.10 2.12E-01 
22 39675903 40675903 0.000 -0.034 0.034 1.00E+00 0.00 1.00E+00 
22 40675903 41675903 0.009 -0.025 0.043 5.96E-01 0.50 7.79E-01 
22 41675903 42675903 0.004 -0.029 0.038 8.04E-01 0.11 9.46E-01 
22 42675903 43675903 0.015 -0.009 0.039 2.24E-01 1.21 5.45E-01 
22 43675903 44675903 0.020 -0.005 0.045 1.18E-01 2.83 2.43E-01 
22 44675903 45675903 0.010 -0.014 0.034 4.13E-01 0.40 8.21E-01 
22 45675903 46675903 0.010 -0.020 0.040 5.21E-01 0.27 8.76E-01 
22 46675903 47675903 0.001 -0.023 0.025 9.45E-01 0.01 9.96E-01 
22 47675903 48675903 0.003 -0.023 0.030 7.97E-01 0.13 9.35E-01 
22 48675903 49675903 0.015 -0.007 0.038 1.85E-01 0.99 6.11E-01 
22 49675903 50675903 0.034 0.008 0.059 9.98E-03 0.16 9.25E-01 
22 50675903 51243297 0.020 -0.003 0.044 9.18E-02 0.80 6.71E-01 
Imputed data was divided into equal 1mb chunks in each cohort; the boundaries of each chunk are presented here in base 
pairs. Heritability was estimated for these chunks using GCTA. Regions with significant values in any of the three cohorts 
were chosen for further review. This included 2 regions on chromosomes 1, 6, 8, and 15, and 1 region on chromosomes 2, 3, 
9, 10, 12, 21, and 22. Values in these regions were meta-analyzed across cohorts and are presented here. 
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Figure A1.  
Regional heritability estimate and gene models for chromosome 1, region A.  
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Figure A2. 
Regional heritability estimate and gene models for chromosome 1, region B.  
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Figure A3. 
Regional heritability estimate and gene models for chromosome 1, region C. 
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Figure A4.  
Regional heritability estimate and gene models for chromosome 2  
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Figure A5. 
Regional heritability estimate and gene models for chromosome 3.  
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Figure A6. 
Regional heritability estimate and gene models for chromosome 6, region A. 
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Figure A7.  
Regional heritability estimate and gene models for chromosome 6, region B.  
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Figure A8. 
Regional heritability estimate and gene models for chromosome 8, region A.  
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Figure A9. 
Regional heritability estimate and gene models for chromosome 8, region B. 
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Figure A10.  
Regional heritability estimate and gene models for chromosome 9, region B.  
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Figure A11. 
Regional heritability estimate and gene models for chromosome 10.  
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Figure A12.  
Regional heritability estimate and gene models for chromosome 15, region B.  
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Figure A13.  
Regional heritability estimate and gene models for chromosome 21.  
 
 
 
  
 
 


