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Abstract 

Although much research has focused on cognitive ability and the genetic and 

environmental factors that might influence it, this aspect of human nature is still far 

from being well understood.  It has been well-established that certain factors such as age 

and education have significant impacts on performance on most cognitive tests, but the 

effects of variables such as cognitive pastimes and strategies used during testing have 

generally not been assessed.  Additionally, no genetic variant has yet been 

unequivocally shown to influence the normal variation in cognitive ability of healthy 

individuals.  Candidate gene studies of cognition have produced conflicting results that 

have not been replicable, and genome-wide association studies have not found common 

variants with large influences on this trait. 

Here, we have recruited a large cohort of healthy volunteers (n=1,887) and 

administered a brief cognitive battery utilizing diverse, common, and well-known tests.  

In addition to providing standard demographic information, the subjects also filled out a 

questionnaire that was designed to assess novel factors such as whether they had seen 

the test before, in what cognitive pastimes they participated, and what strategies they 

had used during testing.  Linear regression models were built to assess the effects of 

these variables on the test scores.  I found that the addition of novel covariates to 
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standard ones increased the percent of the variation in test score that was explained for 

all tests; for some tests, the increase was as high as 70%. 

Next, I examined the effects of genetic variants on test scores.  I first performed a 

genome-wide association study using the Illumina HumanHap 550 and 610 chips.  

These chips are designed to directly genotype or tag the vast majority of the common 

variants in the genome.  Despite having 80% power to detect a common variant 

explaining at least 3-6% (depending on the test) of the variation in the trait, I did not find 

any genetic variants that were significantly associated after correction for multiple 

testing.  This is in line with the general findings from GWA studies that single common 

variants have a limited impact on complex traits. 

Because of the recent technological advances in next-generation sequencing and 

the apparently limited role of very common variants, many human geneticists are 

making a transition from genome-wide association study to whole-genome and whole-

exome sequencing, which allow for the identification of rarer variants.  Because these 

methods are currently costly, it is important to utilize study designs that have the best 

chance of finding causal variants in a small sample size.  One such method is the 

extreme-trait design, where individuals from one or both ends of a trait distribution are 

sequenced and variants that are enriched in the group(s) are identified.  Here, I have 

sequenced the exomes of 20 young individuals of European ethnicity: 10 that performed 

at the top of the distribution for the cognitive battery and 10 that performed at the 
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bottom.  I identified rare genetic variants that were enriched in one extreme group as 

compared to the other and performed follow-up genotyping of the best candidate 

variant that emerged from this analysis.  Unfortunately, this variant was not found to be 

associated in a larger sample of individuals.  This pilot study indicates that a larger 

sample size will be needed to identify variants enriched in cognition extremes. 

Finally, I assessed the effect of topiramate, an antiepileptic drug that causes 

marked side effects in certain cognitive areas in certain individuals, on some of the 

healthy volunteers (n=158) by giving them a 100 mg dose and then administering the 

cognitive test two hours later.  I compared their scores at this testing session to those at 

the previous session and calculated the overall level to which they were affected by 

topiramate.  I found that the topiramate blood levels, which were highly dependent on 

weight and the time from dosing to testing, varied widely between individuals after this 

acute dose, and that this variation explained 35% of the variability in topiramate 

response.  A genome-wide association study of the remaining variability in topiramate 

response did not identify a genome-wide significant association. 

In sum, I studied the contributions of both environmental and genetic variables 

to cognitive ability and cognitive response to topiramate.  I found that I could identify 

environmental variables explaining large proportions of the variation in these traits, but 

that I could not identify genetic variants that influenced the traits.  My analysis of 

genetic variants was for the most part restricted to the very common ones found on 
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genotyping chips, and this and other studies have generally found that single common 

genetic variants do not have large affects on complex traits.   As we move forward into 

studies that involve the sequencing of whole exomes and genomes, genetic variants with 

large effects on these complex traits may finally be found. 
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1. Introduction  

1.1 Cognitive ability 

Cognitive ability, and its inter-individual variation, is one of the most interesting 

aspects of human function, and arguably the one closest to what makes us human.  Our 

brains are capable of leading us through a variety of tasks, from multitasking to 

remembering events that occurred years ago to focusing on pertinent information 

despite distractions, and individuals perform such tasks at vastly different levels. 

General intelligence, a concept first described over a century ago, is claimed to be the 

part of our cognition that underlies our performance on all tasks, no matter how 

different[1].  Because the concept of general intelligence is based on measuring 

performance on a wide range of tasks, it cannot be assessed using only one or two 

cognitive tasks; instead, it requires the averaging or factor analysis of performance on 

several disparate cognitive tasks.  Scores on IQ tests, which measure a wide variety of 

cognitive abilities, are often used as a surrogate of one’s general intelligence. 

While a measure of general intelligence or IQ can account for a large amount of 

the variability in test scores for specific cognitive tasks, at least 50% of the variability in 

each task is still usually due to other factors[2, 3].  For example, an individual with a 

high general intelligence score but relatively low attention may score similarly on a task 

that measures attention as an individual with a lower general intelligence score but 

relatively high attention.  Therefore, how someone responds to a specific cognitive task 
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is likely not just a product of their general intelligence level, but is rather an amalgam of 

abilities in different cognitive areas.  Many of these cognitive areas have been well-

defined over the years: the areas I focus on in this study are shown in Table 1. 

Table 1: Cognitive areas assessed in this study 

Cognitive 

Area 

Description Heritabilities of 

tests measuring this 

area 

Processing 

Speed 

How quickly one can process information 0.2-0.38[4-6] 

Verbal 

Episodic 

Memory 

Ability to store, retain and retrieve a verbal 

event 

0.16-0.47[7, 8] 

Working 

Memory 

Ability to temporarily store and manipulate 

information 

0.27-0.49[9] 

Attention Ability to concentrate on a stimulus 0.2-0.5[5-7, 10] 

Verbal or 

Semantic 

Fluency 

Ability to think of new words belonging to a 

certain category 

0.16-0.37[7, 8, 10, 11] 

Executive 

Control 

Ability to control and coordinate other 

cognitive areas through such actions as 

planning, selecting relevant information and 

interpreting rules 

0.26-0.68[5-7, 10, 12, 
13] 

 

1.1.2 Environmental influences on cognition (adapted from[14])1 

Many factors are known to affect cognitive performance. It is a well-accepted fact 

that demographic, social, and medical factors impact test scores. Age and education 

                                                      

1 This section is part of a submitted work that was co-authored by Deborah K. Attix (study design, writing 

of manuscript), Patrick J. Smith (study design, writing of manuscript), Ornit Chiba-Falek (recruitment of 

subjects, writing of manuscript), Tracy O'Connor Pennuto (study design, writing of manuscript), Kristen N. 

Linney (organization of study, recruitment of subjects), and David B. Goldstein (study design, writing of 

manuscript). 
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have large effects on many cognitive tests[15-24], while variables such as ethnicity, 

gender, history of head injury, drug abuse, alcohol abuse, dysphoria, native language, 

cognitive pastimes, and socioeconomic status are also often found to affect test 

scores[15-21, 23-34].  It is also known that prior exposure to tests increases scores at 

subsequent testing sessions for most measures, but that the magnitude and source of 

these gains vary across instruments[35]. 

Furthermore, it is known that people benefit from the use of cognitive strategies 

during cognitive tests[36-38], but little is known about the frequency and impact of the 

use of such strategies under normal testing circumstances.  The benefit of using imagery, 

or visualization, to word list recall is well known[39, 40], and studies have shown that 

words and concepts that are evocative of imagery are easier to remember[41, 42].  

Grouping or chunking when remembering a list of digits improves performance; by this 

method, the subject remembers the sequence 1-6-3-4-5-2 as 16-34-52[43, 44].  Ideally, 

standardized cognitive tests are constructed in a manner that minimizes or eliminates 

the use of such strategies by test subjects: this precaution increases the chances of the 

measurement reflecting the actual construct being measured. Standardized tests, 

however, may fall short in this regard as the application of some strategies cannot be 

prevented. 

Depending on the cognitive task or test, environmental variables are expected to 

influence the outcome on a level that is equal to or even surpasses the genetic 
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contributions.  Environmental variables have not always been well-assessed, and many 

potential contributions to performance have not been considered in genetic studies of 

cognition.  This is likely because environmental variables can be difficult to assess, and it 

is not clear if their influences are truly environmental in nature or are the result of 

genetic factors themselves.  In contrast to many previous studies, in Chapter 3 I consider 

environmental variables that may affect test outcome, assess their contributions to 

cognitive tests, and discuss their relevance and the possible complications of their use. 

1.1.3 Genetic influences on cognition (partially adapted from[45]2) 

It has long been assumed that there is a genetic component to cognitive ability in 

humans.  In 1869, the first detailed study on the inheritance of cognitive abilities, 

Hereditary Genius by Sir Francis Galton, was published.  His work showed that 

intellectual abilities tended to run in families, the same way as physical attributes[46].  In 

more recent times, twin and family studies have been used to more fully characterize the 

heritability of general intelligence and cognition.  Heritability is defined as the 

proportion of variation in a trait that can be attributed to genetic variation between 

individuals. In humans, heritability is often measured via studies of monozygotic twins 

raised apart and comparisons between monozygotic and dizygotic twins. Interestingly, 

                                                      

2 This section is part of a published manuscript that was co-authored by Dalia Kasperaviciūte (recruitment 

of subjects, writing of manuscript), Deborah K. Attix (study design, writing of manuscript), Anna C. Need 

(study design, writing of manuscript), Dongliang Ge (data analysis), Greg Gibson (study design, 

recruitment of subjects), and David B. Goldstein (study design, writing of manuscript). 
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for general intelligence the heritability increases with age: it is estimated to be as low as 

0.3 in early childhood and as high as 0.8 in old age[5, 47-50].  Estimates of heritability are 

highly dependent on the environment; if the environments of individuals are very 

different, then the heritability of any trait examined will be lower than it would be if the 

individuals were raised in identical environments.  One proposed explanation for this 

trend is that the morphological changes that the brain undergoes with age are largely 

genetically determined[50].  It has also been proposed that heritability increases with 

age because the efficiency of neuronal repair may vary widely between individuals and 

be largely influenced by genetic variation[50].  In support of this hypothesis, cognitive 

performance measured in the same individuals at ages 11 and 80 was found to be 

associated with the APOE ε4 allele, but only at the older age (demented individuals 

were excluded)[51].  In addition to the high heritability seen for general intelligence, 

tests that measure performance in different cognitive areas have also been demonstrated 

to have reasonably high heritabilities, which motivates a search for genetic contributions 

to each area of cognition as well.  Also, because neurological diseases such as 

Alzheimer’s disease tend to affect only certain cognitive areas, an understanding of how 

those specific areas work will be relevant to treatment. 

Most of what we know about the biology of cognition comes from genetic and 

pharmacological manipulations in model organisms.  There are a number of proteins 

that, if disrupted or up-regulated, have been shown to produce specific alterations in the 
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function of discrete cognitive areas such as short-term and long-term memory.  Studies 

of these phenomena, as well as studies of brain tissue and nerve cells in vitro, have 

elucidated some of the pathways involved in neuronal signaling[52, 53].  For example, it 

has been demonstrated that repeated stimulation of a neuron with glutamate results in 

an influx of calcium ions through N-methyl-D-aspartic acid (NMDA) receptors.  This 

calcium influx causes the activation of a number of molecules that act to both 

phosphorylate α-amino-3-hydroxy-5-methyl-4-isoxazole propionic acid (AMPA) 

receptors, increasing their sensitivity to further stimulation with glutamate, and produce 

more AMPA receptors, increasing overall excitability of the neuron50; 51.  Although there 

is a very basic understanding of some of the pathways underlying learning and memory 

in model organisms, the full complexity behind cognitive functioning is still far from 

being understood. 

While studies in model organisms have been useful for understanding some of 

the underlying biology behind traits such as learning and memory, they do not tell us 

anything about which genes will have natural variation affecting cognition in human 

populations.  The search for such gene variants in humans has not been easy.  While 

many studies have identified loci that influence cognitive disorders such as retardation 

and dementia, this has not been the case with normal variation in performance on 

cognitive tasks.  Several recent studies have performed genome-wide linkage scans for 

cognitive performance, but this has not resulted in a clear indication of which genes or 
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even genomic regions are involved in this phenotype (reviewed in[54]).  The most 

common approach has been to look at candidate genes implicated from studies in model 

organisms, but results from such studies have often proved difficult to replicate[54-56].  

A list of some of these genes is presented in Table 2. 

Table 2: Genes reported to be associated with cognition in humans 

Gene Gene 

function 

Polymorphism Associated 

cognitive areas 

Problems 

Catechol-O-

methyltransferase 

(COMT) 

Degradation 

of dopamine 

Nonsynonymous 

coding SNP 

Processing 

Speed[57], 

Attention[57, 58], 

Executive 

Function[59-64], 

Working 

Memory[60-62, 65] 

Often 

schizophrenic 

patients, same 

cognitive areas 

don’t always 

replicate 

Brain-derived 

neurotrophic 

factor (BDNF) 

Regulator of 

neural 

plasticity 

Nonsynonymous 

coding variant 

Episodic 

Memory[66-68], 
Working 

Memory[69], 

Executive 

Function[69] 

Usually 

schizophrenic or 

bipolar patients, 

same cognitive 

areas don’t always 

replicate 

Apolipoprotein-E 

(APOE) 

Lipid 

metabolism 

Isoform ε4 Memory[70-73] Usually AD 

patients or elderly 

5-HT2A receptor 

(HTR2A) 

Serotonin 

receptor 

Nonsynonymous 

coding SNP, 

promoter SNP 

Memory[74, 75] “Replicated” with 

different SNP 

Cholinergic 

muscarinic 2 

receptor 

(CHRM2) 

Acetylcholine 

receptor 

3’UTR SNP, 

intronic SNP 

General 

Intelligence[76], 

Non-Verbal 

Intelligence[77, 78] 

Failure to replicate 

same phenotype 

with same SNP 

Cathepsin D 

(CTSD) 

Acid 

protease 

Nonsynonymous 

coding SNP 

General 

Intelligence[79] 

Elderly 

population, not 

independently 

replicated 
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None of the variants listed in Table 2 have affects in healthy individuals that are 

supported by strong evidence.  These and similar candidate gene studies have been 

plagued by the problems of small sample sizes and inadequate correction for multiple 

testing.  Furthermore, studies that claim to replicate the original findings often assay 

different phenotypes or genetic variants.  Another problem is that many of these 

variants were discovered in studies that were originally intended to find an association 

between a genetic variant and a pathological phenotype, such as schizophrenia. 

 Interestingly, the only published genome-wide association (GWA) studies on 

cognition to date have not reported an association with any of the genes that had been 

previously implicated in candidate gene studies[45, 80-82].  Instead, most have reported 

no significant associations, although one did report an association between delayed 

recall of a word list and single nucleotide polymorphisms (SNPs) in two genes, kidney 

and brain protein (KIBRA) and calmodulin-binding transcription activator 1 

(CAMTA1)[80, 81].  A study in our group failed to replicate this finding[83].  As their 

genome-wide association study (GWAS) was performed using pooled DNA samples, 

the original association may have been caused by stratification, which was poorly 

controlled for.  Overall, the genetic control of cognition in humans is rather poorly 

understood. 

In contrast to the previous work done on the genetics of cognition, the research I 

present in Chapters 4 and 5 combines a diverse cognitive battery with genome-wide 
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association, whole-exome sequencing, and a large sample size of healthy volunteers.  

This approach provides unprecedented power for the discovery of genetic variants that 

influence human cognition.  Understanding the genetic control of human cognition will 

not only provide insights into what it is that makes us human, but may also assist the 

development of methods to treat cognitive dysfunction stemming from aging, disability 

or disorders. 

1.2 Genetic contributions to complex traits (adapted from[84]3) 

GWA studies, which have thus far focused on very common SNPs (minor allele 

frequency (MAF)>0.05), have been completed for most common human diseases and 

many related traits. These studies represent most of the very common gene variants 

(minor allele frequency > ~5%) in the human genome and have identified over 500 

independent strong SNP associations (p<1x10-8) (www.genome.gov/26525384). Most of 

these associated SNPs, however, have very small effect sizes, and the proportion of 

heritability explained is at best modest for most traits[85]. Furthermore, GWAS signals 

have rarely been tracked to causal polymorphisms, leading many to assume that the 

causal variants must have subtle regulatory effects. Partially in response to this 

assumption, genome-wide patterns of gene expression have been characterized in 

multiple tissue types, and many common variants influencing gene expression have 

                                                      

3 This section is part of a published manuscript that was co-authored by David Goldstein (writing of 

manuscript). 
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been identified[86, 87]. Surprisingly, variants associated with gene expression show little 

overlap with those associated with disease[88]. Although no systematic efforts to 

identify rare variants (MAF<0.01) associated with common diseases have yet been 

feasible, several rare variants have nevertheless been identified that confer a substantial 

risk of disease; for example, autism, mental retardation, epilepsy and schizophrenia 

have  been shown to be influenced by rare structural variants affecting genes (reviewed 

in[89]). Additionally, it seems possible that some, perhaps even many, of the current 

GWAS signals could reflect the effect of multiple rare variants that have been credited to 

common variants[90]. Whatever underlies the GWAS signals seen for common diseases, 

it is clear that GWAS of very common variants rarely succeeds in securely implicating 

specific genes in specific common diseases, which greatly limits its importance for 

applications such as drug development. 

Taken together, these observations support the long-established idea that rare 

variants could be the primary drivers of common diseases[91-93]. Over the past several 

years this view has been less popular, at least in part of the research community, than 

the theory that common diseases are more strongly influenced by many common gene 

variants with small effects on risk[94-97]. Although the relative impact of common and 

rare variants on common diseases remains an unanswered, empirical question, the 

results of the last several years make a strong case for common diseases being  more 

similar to Mendelian diseases than is postulated by the common disease-common 
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variant model[98]. In particular, it seems possible that much of the genetic control of 

common diseases is due to rare and generally deleterious variants that have a strong 

impact on the risk of disease in individual patients. It is also likely that the variants with 

the largest effect sizes will be those that have obvious functional consequences. This 

rare, functional variant model is consistent with the absence of secure linkage evidence 

for most common diseases (for example, nearly every chromosome arm has been 

“linked” to schizophrenia and bipolar disorder (reviewed in[99-101])). Variants that 

increase the risk of disease by less than about four-fold are expected to generate 

inconsistent linkage evidence[102], leaving scope for the presence of many rare variants 

with a strong impact on disease risk. The available linkage evidence for many common 

diseases securely confirms high locus heterogeneity; otherwise, the weak linkage 

evidence would tend to point toward the same genome regions in different families, 

which is generally not the case. This is not to say that common variants play no part in 

common diseases. Indeed, studies of some Mendelian diseases indicate that common 

variants may often have a key role as modifiers of the effects of more rare, higher 

penetrant contributors to disease risk[103, 104], and it seems reasonable to expect this to 

also hold for common diseases. 

 If this view is correct, it has fundamental implications for the discovery of the 

genetic bases of common diseases and for therapeutic applications. 
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1.2.1 The genetic architecture of common diseases 

Although most of the complex traits that have been studied by GWAS have 

reasonable levels of heritability, the proportion of that heritability that has been 

explained by very common variants has been surprisingly low. This limited impact is 

well-illustrated by two diseases that have been subject to exceptionally large studies. 

Despite a discovery sample size of 10,128 and a replication sample size of 53,975, the 18 

common variants found to be significantly associated with type 2 diabetes appear to 

explain only about 6% of the increased risk of disease among relatives[105, 106]. 

Likewise, a meta-analysis of schizophrenia GWAS that included a total of 8,008 cases 

and 19,077 controls identified only seven significant SNPs, some in high linkage 

disequilibrium with each other and each with an odds ratio (odds of having 

schizophrenia if you have the variant divided by the odds of having schizophrenia if 

you do not) below 1.3, despite a heritability of 80-85% for schizophrenia[107]. 

Pharmacogenetic traits may be an exception: they have not been extensively studied, but 

associated variants of large effect have been identified by GWAS[108-112]. This 

difference in effect size may reflect the lack of long-term selection on many such traits. 

Several explanations for the missing heritability, and solutions for finding it, 

have been offered. One popular view had been that because disease status is determined 

by many underlying factors, intermediate phenotypes related to the condition would 

provide a more tractable target in GWAS than the disease itself. Available data, 
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however, provide little support for this view. For example, cognitive traits are perhaps 

the leading endophenotype in schizophrenia, but GWAS have proved no more 

successful for cognitive traits in normal individuals than for the study of schizophrenia 

itself[45, 82]. 

Another popular theory is that the variation contributing to common diseases 

has subtle effects and is context-dependent. For example, some have argued that specific 

combinations of common variants may lead to substantially greater effects on risk than 

is apparent for any individual common variant. While this explanation is theoretically 

possible, there are currently few clear examples of common variants identified in GWAS 

that interact strongly with each other or with the environment to affect a complex trait. 

Nevertheless, methods for detecting interactions amongst the many common variants in 

the human genome are still immature[113], and it remains possible that novel analytic 

and experimental approaches will identify new risk profiles that emerge from multi-way 

interactions.  

Finally, a recent study suggests that parent-of-origin effects may be important for 

common disease[114], and that the incorporation of such information into GWA studies 

may increase the estimated contribution of associated common variants to disease risk. 

1.2.2 Rare variants and common diseases 

For common variants that have been definitively shown to associate with a trait, 

the underlying causal variant has very rarely been found, although there is supporting 
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evidence for certain traits; examples include a prostate cancer-associated SNP that is 

upstream of a gene and associates with changes in its expression level in cell lines, and 

breast cancer-associated intronic SNPs that associate with expression and the differential 

binding of transcription factors[115, 116].Because pinning down common causal variants 

with subtle effects is difficult, many could eventually be confirmed over time. Even for 

apparently clear examples, however, such as age-related macular degeneration (AMD), 

a now classic example of a disease-associated common variant, there is still no general 

agreement on whether the identified coding variant explains the observed 

associations[117-119]. The common disease-common variant hypothesis[98] led to the 

general assumption that some as yet unidentified common variant is responsible for the 

associations seen in most GWAS[91, 106, 120, 121]. This assumption has influenced 

much of the follow-up research, in which the focus has generally been on resequencing 

within the linkage disequilibrium block defined by common variants[122-125]. Even 

when rare variants in the same regions as GWAS signals have been identified[126, 127], 

supporting the view that they could influence disease risk, these seem to be viewed as 

independent of the original association.  

Although the GWA studies performed so far were designed to fully characterize 

direct effects of very common variants, they have provided little information about 

whether the rest of the genetic control for each trait is only slightly more rare than the 

general detection threshold in these GWAS (about 5%) or substantially more rare. This 
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question is critical because the answer determines the optimal research strategies. In 

Table 3, I outline a division of potential causal variant frequencies and their implications 

for analysis methods. 

Table 3: Potential frequencies of causal variants in complex traits 

Variant Class Minor Allele Frequency Implications for analysis 

Very common Between 5 and 50% Amenable to association analysis using 

current GWAS methods 

Less common Between 1 and 5% Amenable to association analysis using 

variants catalogued in the 1000 Genomes 

Project 

Rare (but not 

private) 

Less than 1%, but still 

polymorphic in one or 

more major human 

populations 

Amenable to framework of extreme 

phenotype resequencing, as well as co-

segregation in families 

Private Restricted to probands 

and immediate 

relatives 

Difficult to analyze except through co-

segregation in families. As linkage 

evidence will (by definition) be modest, 

discovery would be limited to the most 

recognizable of variants. 

 

1.2.2.1 Rare copy number variants 

 The same gene chips used to evaluate common SNPs can also be used to analyze 

the roles of common and rare large copy number variants (CNVs), and this approach, 

along with others, has identified secure connections between CNVs and common 

diseases (reviewed in[89]). While systematic work on large CNVs in disease is in its 

infancy, specific CNVs are associated with an effect on the risk of disease that 

dramatically exceeds the effects of most common variants associated with a disease. For 

example, three rare deletions were recently shown to be associated with schizophrenia 
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with odds ratios estimated at 2.7, 11.5, and 14.8[94], which are substantially higher than 

the typical values for common variants that are associated with a disease: of those 

GWAS case-control associations with p-values below 1x10-8, only 13% had an odds ratio 

above 2, and only 1% had odds ratios above 10 (www.genome.gov/26525384). There are 

two obvious mechanistic possibilities to explain the pathogenicity of these deletions: 

haploinsufficiency, and the revealing of recessive mutations on the homologous 

chromosome (Figure 1). Rare CNVs are simply one class of rare variants that may 

contribute to common diseases, and the example of Mendelian diseases (see below) 

strongly suggests that rare CNVs will be a minority of all the rare variants that 

contribute to disease risk.  
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Figure 1: Role of deletions in disease predispostion 

This figure shows a heterozygous deletion (brackets) and five genes (blue boxes) on the 

homologous chromosome, with lightning bolts representing mutations. Deletions can be 

linked to a disease either by causing a deleterious haploinsufficiency (A) or by revealing 

deleterious recessive mutations (B). In (B), the recessive mutations that are revealed 

could predispose to different conditions. Because individuals bearing a recessive 

mutation predisposing to one condition or another would effectively become 

homozygotes for those mutations in the presence of a deletion, the same deletion can 

become associated with multiple conditions. For example, deletion of a region in 2p16.3 

has been shown to be associated with schizophrenia, autism and mental retardation[128-

131]. The easiest way to resolve these possibilities will be through sequencing of the 

homologous chromosome in individuals with the relevant deletions. 

 

1.2.2.2 Synthetic associations 

It has long been recognized that a common variant could record a diluted signal 

of risk due to a more rare causal variant of large effect. An early paper from the 
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HapMap consortium made this point in 2003, noting: “even a relatively uncommon 

disease-associated variant can potentially be discovered using this approach. Reflecting 

its historical origins, the uncommon variant will be travelling on a chromosome that 

carries a characteristic pattern of nearby sequence variants. In a group of people affected 

by a disease, the rare variant will be enriched in frequency compared with its frequency 

in a group of unaffected controls.”[94] 

Nevertheless, the properties of such associations had not been systematically 

explored until a recent study by Dickson et al[90]. They considered a model in which 

one or more “rare” variants (defined as below the threshold of reliable representation in 

GWAS) were the only contributors to disease risk. They then asked how often a signal of 

risk conferred by such variants would be picked up and credited to common variants in 

a typical GWA study (Figure 2). They found that in typical GWAS sample sizes, rare 

variants can easily create genome-wide significant associations, and the properties of 

such associations can be dramatically different from what occurs when the causal 

variant is common. For example, the causal variants can be megabases away from the 

common variants that carry the signal of the association, and the real risk effects can be 

several fold stronger than what is credited to a common variant. In addition, and 

counter-intuitively, the likelihood of a genome-wide significant signal credited to 

common variants can increase with the number of rare causal variants in a region 

(because multiple rare variants can load up onto the same haplotype defined by a 
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common variant). Dickson et al. referred to these associations as “synthetic 

associations,” a special case of indirect association. This term was not meant to imply 

that such associations are spurious in any way and was intended to emphasize these 

differences from what is expected when the causal variant is common. 
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Figure 2: Synthetic associations (Following[90]) 

Shown is a set of chromosomes (grey boxes) containing a common (green and yellow 

boxes) variant and four rare (red X) variants. At the top, the area of linkage 
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Figure 2 continued 

disequilibrium (LD) surrounding the common variant is shown, as are nearby genes. 

Each rare variant can cause the disease and collectively they are more common on the 

haplotype containing the green version of the common variant. In a GWAS for this 

disease the rare variants will not be directly assessed, but will often create a signal that is 

credited to one or more common variants. In most cases (as illustrated), the signal 

credited to the common variant would be far weaker than the real effects of the causal 

variants. Furthermore, because the LD block containing the common variants does not 

extend to the gene containing the causal variants, one might assume that the causal 

variant must be regulatory. However, in synthetic associations, causal variants can lie 

within a much larger region than the LD block surrounding the associated, common 

variant. 

 

It is unknown how many GWAS signals may be due to synthetic associations, 

but the ease with which they could occur does question some of the inferences that have 

been drawn about the results of GWAS and also mandates a more open-minded 

approach to following up GWAS signals. For example, when associated SNPs are far 

from the nearest gene, it is often assumed that a regulatory variant of subtle effect must 

be the cause, such as for the SNPs in 8q24 that are associated with colorectal cancer[132-

134] and located hundreds of kilobases from the oncogene MYC. Although there is 

evidence supporting MYC regulation by this region, there has been no definitive link 

between the associated variants and this regulation[135, 136]. However, as a synthetic 

association can be driven by rare variants that are megabases from the GWAS signal 

(Figure 2)[90], the “locus” implicated by a GWAS association might be much larger than 

has typically been assumed. The effect sizes of the causal variants may also be 

substantially larger than that of the common variant that tags them. Accepting the 

possibility of synthetic associations means that follow-up sequencing efforts for GWAS 
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results should not be restricted to the block of linkage disequilibrium surrounding a 

discovery variant that is defined by common variants. 

While there has been little systematic effort devoted to finding synthetic 

associations, it has been shown that rare or less common variants in some of the same 

genomic regions as GWAS signals influence disease risk. For example, one region that 

has been associated with height via GWAS contains the gene GDF5, which was already 

known to contain rare variants resulting in skeletal disorders[127, 137]. In a study of 

type 1 diabetes that sequenced the area around a GWAS signal in the gene IFIH1, four 

rare or less common functional variants were identified that were protective in addition 

to the originally associated common variant[126]. More recently, a common variant 

(minor allele frequency of 0.194 in European Americans) in C20orf194 was found in a 

GWAS to be associated with hemolytic anemia in response to interferon alpha and 

ribavirin treatment (for chronic hepatitis C infection) with a p-value of 1.1×10-45 [108]. 

However, follow-up genotyping of two functional variants with lower frequencies 

(minor allele frequencies of 0.076 and 0.123) in the nearby gene ITPA showed that these 

variants entirely accounted for the original GWAS signal. Furthermore, using a model 

where each minor allele, for either lower frequency variant, was counted once, the p-

value dropped to 2.2×10-91. This is one of the few examples where the causal variants 

from a GWAS signal have been definitively identified, and in some ways it matches the 

characteristics of a synthetic association, in which multiple functional variants load up in 
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the same direction on a haplotype defined by a more common variant included on the 

gene chip. In this case, the causal variants explaining the association are common, 

perhaps because the trait relates to a drug response[138] . 

1.2.3 Strategies to identify disease-causing variants 

The basic paradigm employed in the recently completed phase of GWAS was to 

catalogue very common variants and genotype them either directly or indirectly 

(through linkage disequilibrium) in cases and controls. These GWA studies successfully 

represented variants with a frequency of ~5% or higher in the general population. If 

variants that are slightly less common than this, in the range of 1-5%, contribute 

importantly to common diseases, then a simple extension of this paradigm is 

appropriate. This line of thought implicitly underlies the 1000 Genomes Project, which is 

extending the catalogue of known human variants down to a frequency near 1% 

(http://www.sanger.ac.uk/resources/software/ssahasnp/). Chips for a new wave of 

GWAS, which will account for these less common variants, are already being designed 

by companies such as Illumina and Affymetrix. A second analysis of phenotypes using 

the millions of genotypes available on these chips is likely to identify some new 

associations. If, however, much of the causation is due to rare variants, then such an 

approach is unlikely to uncover much more of the genetic control of diseases than has 

already been revealed by the current GWAS efforts. The CNVs recently implicated in 
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many common diseases generally have population frequencies considerably below this 

threshold[129, 139, 140]. 

To capture such rare variants, it will be necessary to sequence entire genomes of 

“cases” instead of genotyping a catalogue of variants. Up until very recently, this was a 

daunting task. However, new machines (reviewed in[141]) can currently sequence 55 

billion bases in about 10 days; although this rate has been increasing with remarkable 

rapidity, the cost per accurate base call is still the most important parameter and needs 

improving. This impressive amount of data provides sufficient “coverage” to identify 

most variants present in a given genome, and the increase in sequencing capacity is 

allowing more labs to sequence whole genomes. While sample sizes would have to be 

large to identify rare variants of small effect, there are many examples of variants (or 

genotypes) with large enough effects to be strongly enriched in specific populations. For 

example, individuals who are homozygous for the CCR5Δ32 deletion, which comprise 

about 1% of the general European population, are virtually immune to HIV 

infection[142-144]. This protection increases the frequency of such homozygotes in 

individuals who have been highly exposed to HIV and yet remain uninfected up to 20-

fold[145]. In another example, the frequency of the risk factor HLA-B*5701 is increased 

as much as 30-fold in individuals who are hypersensitive to the antiretroviral drug 

abacavir compared with the general population[146, 147] [148]. While neither of these 

variants is rare, they demonstrate that the frequency of variants influencing complex 
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traits can be so enriched in carefully defined populations that they should be readily 

identified even in a whole-genome sequencing study. 

1.2.3.1 Whole-genome and whole-exome sequencing 

The most comprehensive study of the role of inherited variation in diseases will 

involve whole-genome sequencing of all enrolled subjects. Such studies will eventually 

be carried out in a manner similar to GWAS, with very large sample sizes that will 

provide sufficient statistical evidence to implicate variants on the basis of association 

evidence alone. In the interim, it will be important to focus on designs that are 

optimized to detect the role of causal variants in smaller samples.  

Proof of concept examples of the identification of rare, disease-causing variants 

are now available for whole-genome and whole-exome sequencing strategies. For 

example, Ng et al.[149] sequenced the exomes of four unrelated cases with Freeman-

Sheldon syndrome and eight controls. Although the cause of this disease was already 

known, the authors demonstrated that the causal variants were evident after whole-

exome sequencing, as the causal gene was the only gene that contained at least one 

coding indel or nonsynonymous or splice-site variant in all four cases and none of the 

controls or dbSNP. 

Choi et al.[150] used whole-exome sequencing to discover the cause of disease in 

an individual with an unclear diagnosis. They identified a small number of homozygous 

missense mutations in positions that were highly conserved from invertebrates to 
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humans. One such variant was in a gene known to cause congenital chloride-losing 

diarrhea, consistent with the patient’s symptoms.  

Most importantly, whole-genome and whole-exome sequencing have been used 

to identify the previously unknown causes of diseases. For example, Ng et al.[151] 

discovered the unknown cause of Miller syndrome by performing whole-exome 

sequencing in four cases from three kindreds and eight controls. They located the causal 

gene by identifying genes that had coding indels, nonsynonymous variants or splice-site 

variants in all the cases but none of the controls. Although the causes of such Mendelian 

diseases will  be easier to discover than those of more complex diseases, these successes 

indicate that whole-genome sequencing of even a small number of individuals can 

identify causal variants. 

Until complete genomic sequencing is inexpensive enough to employ in the very 

large sample sizes that would be needed to perform whole-genome association studies 

with no a priori weighting of putative functional variants, two designs are likely to be 

the primary engines of discovery. The first design involves selecting families that have 

multiple affected individuals (family-based sequencing), and the second approach 

involves selecting individuals that are at the extreme end(s) of a trait distribution 

(extreme-trait design) (Figure 3). Extreme-trait designs will be particularly important for 

identifying variants that are rare, but not private, and that have modest to high effect 

sizes.  
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Figure 3: Strategies for identifying disease-causing variants 
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Figure 3 continued 

Two discovery strategies using next generation sequencing are likely to be of particular importance while sequencing costs remain 

high: a | sequencing in families with multiple affected individuals (shaded individuals are affected), and b | sequencing individuals 

at one or both ends of a trait distribution (the size of the individual represents the severity of the phenotype). In the former case, it 

may often prove economical to first sequence the most distantly related co-affected individuals. Under either scenario, it is likely that 

follow-up genotyping in additional families or cohorts to confirm the role of candidate variants will be of particular importance. Red 

stars represent the causal variant. In (a), stars of other colors represent variants shared by the sequenced individuals that do not 

segregate in the family. 
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1.2.3.2 Sequencing affected individuals in families 

Under this design, a family with multiple individuals affected with a common 

disease would be selected. One economical design could involve the initial sequencing 

of the most distantly related, co-affected family members and the identification of 

overlapping variants, as the more distantly related the co-affected individuals, the fewer 

genetic variants they will share. However, even distant relatives will share too many 

variants to allow easy identification of the causal variants, even when relatives share the 

same rare causal variants (which will not always be the case). The list of variants will 

therefore need to be further screened by function, zygosity, population frequency and/or 

the type of gene affected to focus on the most likely candidates. Promising variants 

would then be checked for co-segregation within the family. However, for most 

common diseases, the evidence emerging from co-segregation analyses will not be 

sufficient to distinguish amongst a large set of candidate pathogenic variants. For 

example, consider a pedigree involving 16 individuals that are affected with bipolar 

disorder and 35 that are unaffected[152]; the probability of co-segregation by chance 

would be 0.0003. This statistic means that co-segregation analysis would be a possible 

approach for prioritizing amongst a small set of key functional variants, such as protein-

truncating variants, but would be insufficient for distinguishing amongst more general 

classes, such as all coding variants, let alone all identified variants. With such a small 

discovery sample size, the successful narrowing down of possible causal variants will be 



  

30 

heavily dependent on the causal variant being rare or private and of obvious functional 

consequence. Most likely, the discovery paradigm will require combining co-segregation 

evidence with evidence from additional families and association evidence that is based 

on the typing of candidate variants in large case-control cohorts. The development of 

appropriate test statistics combining these different lines of evidence is a current priority 

for the field. 

This suggests that modest linkage evidence may be a promising way to narrow 

down the region (and variants) of interest. For example, Sobreira et al.[153] discovered 

the cause of metachondromatosis, a dominant Mendelian disease with incomplete 

penetrance, by first running a linkage analysis on a small pedigree, with DNA for only 

12 family members. The analysis implicated six regions, with LOD scores of 2.5, 1.8, and 

1.07, that comprised a total of 42 MB. The authors then sequenced the entire genome of 

one affected patient from this pedigree and eight unrelated controls, and focused 

analysis on private, good quality variants with functional consequences for protein-

coding genes within the 42 linked megabases. This allowed them to identify the 

causative protein-truncating variant, which was found in a linkage peak with the second 

highest LOD score; this variant was confirmed by locating a similar variant in a second, 

unrelated family with the disease. Although these results are for a Mendelian disease, 

and similar studies for common diseases are unlikely to be this simple, they show that a 
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combination of weak linkage evidence and functional prioritization can be used to 

identify the causative variant by sequencing only one patient genome. 

1.2.3.3 Extreme-trait sequencing 

The basic model would be to sequence a small, carefully selected population at 

one or both ends of the extremes of a phenotype (this idea has been discussed 

previously[154] and an exploration of power in this context is available[155]). Obvious 

examples include individuals known to be highly exposed to HIV that remain 

uninfected or individuals at the extremes of the distributions for blood pressure. Because 

variants that contribute to the trait will be enriched in frequency in such a population, 

even small sample sizes may suggest many candidate variants that can then be 

genotyped for confirmation in a much larger group of samples. Consider a case where a 

variant is enriched 30-fold in such an extreme population, as with hypersensitivity to 

abacavir. If this variant were rare in the general population, say with a minor allele 

frequency of 0.1%, then one would need to sequence about 30 extreme individuals to see 

it once. Although identifying enrichment for this particular variant would likely involve 

the sequencing of at least 100 extreme individuals, this is not the case if multiple rare 

variants in the same gene affect the phenotype. Searching for genes with an enrichment 

of rare variants in extreme individuals will implicate this gene even at a low number of 

sequenced genomes, although again this will be heavily dependent on the variants being 

of obvious function. Although currently the only examples of identifying causal variants 
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via whole-genome or whole-exome sequencing come from Mendelian diseases, Ng et 

al.[149, 151] used this technique to identify genes that were enriched for rare variants in 

a very small number of cases versus controls: the same variant did not need to be 

present in all cases. For follow-up of variants identified in extreme-trait sequencing, 

family members of the extreme individuals will be invaluable for confirming potentially 

causal variants through co-segregation analysis. This strategy will be an effective 

complement to extreme-trait sequencing in nearly every case where family members 

who show variability in the trait are available for such a follow-up. 

 These two strategies will be some of the most effective methods for using whole-

genome sequence data from a small number of individuals. It seems likely that for many 

diseases that affect only a small proportion of the population (e.g., schizophrenia, 

epilepsy, ALS), both designs will be employed and will complement one another. 

However, they will also face many challenges. The success of family-based sequencing 

will depend on the rarity of causal variants in the population at large, and the genetic 

bases of conditions that affect a relatively small proportion of the population are likely 

to be more easily identified than conditions such as type 2 diabetes that affect a much 

higher proportion of the population. In the latter case, even families that carry relatively 

high impact rare variants will show imperfect co-segregation, and the enrichment of 

specific causal variants amongst affected, unrelated individuals will be much lower. For 

extreme-trait sequencing, accurate phenotyping will be of vital importance; as only a 
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small number of individuals will be sequenced, the inclusion of even one non-extreme 

individual because of factors such as measurement error could affect the analysis. At 

small sample sizes, both methods will also depend on the causal variants being of 

obvious functional consequence. Furthermore, the accurate calling of variants and 

sufficient coverage to identify the presence of causal variants in all individuals will be 

critical. Finally, the sheer number of rare and private variants that will be identified will 

make identification of the causal variants difficult; this problem will be compounded by 

both locus and allelic heterogeneity. 

1.2.4 The importance of recognizability 

In both family-based and extreme-trait discovery paradigms, a key determinant 

of statistical power will be whether causal sites tend to be ‘recognizable,’ that is, whether 

the variants have an obvious function. Examples of recognizable variants would be ones 

that delete some or all of a gene, introduce a premature stop site into a protein, or result 

in a non-conservative amino acid substitution. The general inability of GWAS of very 

common variants to identify causal sites has led to the wide belief that most signals must 

reflect subtle regulatory variants that are not easily recognized[156-158]. However, this 

view is based on assumption, not observation, and it is possible that the variants 

contributing to common diseases behave more like those contributing to Mendelian 

diseases, where the variants tend to have obvious effects[159, 160]. In contrast to this 

lack of information about the underlying causes of complex diseases, tens of thousands 
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of variants causing Mendelian diseases have been catalogued and characterized. Most of 

these variants are readily recognizable[159, 160]. If common diseases have genetic causes 

that are, in this way, similar to those of Mendelian diseases, then we can expect most of 

them to be missense, nonsense, or splicing variants, or obviously functional deletions or 

insertions. 

To illustrate the importance of recognizability, consider the number of candidate 

variants in different functional groups. For example, Pelak et al.[161] compared the 

frequencies of different classes of variations in 10 case and 10 control genomes. There 

were 383,913 variants (single nucleotide and indels) present in at least two cases and no 

controls. Testing such a large number of variants would require a p-value of 1.3x10-7 to 

declare a true association. However, if restricting to only variants that affect the coding 

sequence, then this number dropped to 2,354, requiring a p-value of only 2.2x10-5. If 

restricting to only protein-truncating variants, then the number dropped further to 152, 

requiring a p-value of 3.3x10-4. It will therefore be essential to develop methods that 

prioritize variants based on their likelihood to contribute to disease. 

Additionally, the analysis of sequence data presents a fundamentally different 

challenge from the analysis of a targeted set of polymorphisms, as was the paradigm for 

GWAS. The most fundamental distinction is that in a sequencing study, it is necessary to 

assess all variants that have been identified, and many of these variants will not have yet 

been included in polymorphism databases. To deal with such data, it is necessary to 
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have an integrated bioinformatic environment that begins with the accurate calling of 

variants based on the sequence data and that includes the categorization of all identified 

variants, novel or known, into functional categories. 

The challenges begin with variant calling. Even after the sequence reads for a 

whole genome have been aligned, which takes a few days using programs such as 

BWA[162] or Bowtie[163], single nucleotide variants (SNVs) and indels must be 

identified, a process that takes programs like SAMTools[164] or sashaSNP 

(http://www.sanger.ac.uk/resources/software/ssahasnp/) a few more days. The 

identification of other classes of variants, such as CNVs or inversions, requires the 

deployment of variant calling methods that are based on a combination of read depth 

and read pair methods[165-167]. Following these variant calling procedures, it is critical 

that the called variants are annotated, distinguished in terms of their likely functional 

consequences, and presented to researchers in a format that can be utilized for analysis. 

Many existing visualization tools can conveniently display the aligned short reads from 

sequence data in the context of annotation features (for example, genes and known 

variants); however, they were not designed to actually annotate the variants[168-171]. To 

perform annotation and analysis, many groups have constructed local annotation 

servers[149], used their own in-house annotation pipelines[172-175], or sometimes 

developed new genome browsers[176]. However, there is still a need for an efficient and 
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publicly available software tool that can annotate, organize, and interpret the millions of 

variants that are called in each genome. 

Our group has developed a unique software environment called 

SequenceVariantAnalyzer (SVA)[177] that takes as input the variants called for each 

genome sequenced, as well as the quality scores and coverage statistics, and annotates 

and stores them for subsequent analysis. Individual genomes are classified as either 

cases or controls, and variants can be screened by function, location, zygosity, and 

quality. The software comes with a number of functions to prioritize genes or variants, 

such as identifying variants that are found in the homozygous state only in cases, 

searching for genes that are enriched with truncating variants only in cases and not in 

controls, and identifying compound heterozygotes. Software that performs these 

functions makes the analysis of whole-genome sequence data possible, and will be 

essential to human geneticists in the coming years.  
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1.3 Pharmacogenetics (adapted from[84]1) 

Pharmacogenetics is a recently growing field that attempts to identify genetic 

variants contributing to an individual’s response to a drug.  Although the effect sizes of 

SNPs identified via GWAS have been very modest for most complex traits, this has not 

been true for the small number of pharmacogenetic traits that have been studied in this 

manner. Of the nearly 450 GWAS signals from case-control studies reported in “A 

Catalog of Published Genome-Wide Association Studies” (www.genome.gov/26525384; 

not screened for independence) to have a p-value below 1x10-8, only five have been 

studies of pharmacogenetic traits (two of these represent replications of one of the 

others). Despite this imbalance, these traits have some of the strongest associations 

found: all five have an odds ratio above 1.95, which is true of only 13.8% of associated 

SNPs for non-pharmacogenetic traits, and two of them have odds ratios above 25.0, an 

effect size seen for only one non-pharmacogenetic association. These results may simply 

reflect the low-hanging fruit, and as more pharmacogenetic GWAS are performed it may 

be found that most pharmacogenetic variants do not have effects this large. However, 

thus far they support the long-standing theory that the genetic variants contributing to 

pharmacogenetic traits will often have little phenotypic consequence prior to the 

administration of a drug [178] (note that this is not to say that variants influencing drug 

                                                      

1 This section is part of a published manuscript that was co-authored by David Goldstein (writing of 

manuscript). 
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response have never been under selection for other reasons, for example as has been 

postulated for genetic variants affecting CYP2D6 (reviewed in[179]), which may have 

been influenced by handling alkaloid toxins in the diet). Because humans have spent 

most of their evolutionary history unexposed to drugs, many pharmacogenetic traits 

have largely escaped the attention of natural selection. This is in contrast to other 

complex traits, which have been under comparatively heavy selection unless their effects 

on fitness come very late in life. Because of this lack of constraint on the evolution of 

variants affecting pharmacogenetic traits, they have had the opportunity to rise in 

frequency via genetic drift. While this does not mean that such variants will always be of 

a sufficiently high frequency to be detected by GWAS, they are more likely to be so than 

are the variants that have been under selection due to their effect on common diseases 

and other complex traits. 

While much of the pharmacogenetic work done to date has focused on how 

individuals vary in their drug metabolism rates, little has been done to show how 

genetic variants influence the extent to which the drug affects other specific aspects of 

the patient’s response[180].  Studying the pharmacogenetics of a drug’s side effects 

could be particularly rewarding, as adverse drug reactions (ADRs) are one of the leading 

causes of death in the US[181].  Specifically, unraveling the pharmacogenetics of 

cognitive side effects would not only increase drug safety but also increase our 

understanding of the genetics of cognition. 
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1.3.1 Response to topiramate 

One drug that has been well-documented to cause cognitive side effects is 

topiramate, which was originally approved for use as an anticonvulsant [182-184].  It 

acts by enhancing the inhibitory neurotransmitter GABA as well as inhibiting voltage-

dependent sodium channels, AMPA and kainite glutamate receptors, and carbonic 

anhydrase[185-190].  It has now been approved not only for use in treating epilepsy but 

also migraines.  It has also shown some efficacy in treating obesity, addictions to 

substances such as alcohol and tobacco, psychiatric conditions such as bipolar disorder 

and bulimia nervosa, and even reducing the severity of scar tissue[191-202]. 

While many antiepileptic drugs are associated with cognitive side effects, none 

have effects as severe, specific and well-characterized as topiramate[203-205].  In the 

initial double-blind placebo trials, epilepsy patients who were given topiramate reported 

higher levels of language and speech problems, somnolence, difficulty with memory, 

confusion, and impaired concentration and attention than controls, and were 2.5 times 

more likely to discontinue due to adverse side effects[5].  In the years since, comparing 

cognitive tests of subjects while they are and are not taking topiramate has become a 

common way of quantifying cognitive side effects.  Subjects who take topiramate tend to 

perform worse on cognitive tests than they did before taking the drug, or after they 

stopped taking it[206-208].  This is still true even when compared to controls who are 

tested before and after taking either placebo or a different anti-epileptic drug[209-217].  
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Some areas of cognition, such as attention and episodic memory, have been generally 

shown not to be affected by topiramate, while others, such as verbal fluency and 

working memory, are.  This implies that topiramate is not affecting general intelligence 

or simply slowing down cognition, but is rather specifically affecting discrete cognitive 

domains.  

While many patients do complain of cognitive side effects from topiramate, not 

all patients feel that topiramate affects them.  Two studies have shown that when 

epilepsy patients or healthy volunteers were given a series of cognitive tests before and 

after taking topiramate, the change in individual scores formed a normal distribution, 

with many patients not deteriorating at all and only some decreasing in score[209, 210].  

Another study showed that while as a group epilepsy patients performed significantly 

better on cognitive tests after they stopped taking topiramate, on an individual level 

only about half of the subjects showed significant improvement[206].  While this 

distribution of change scores certainly may be due to environmental differences between 

individuals, no study has yet found an environmental factor that can explain the 

difference in response.  This suggests that genetic components may explain a portion of 

the variation in response. 

To date, no one has looked for genetic contributions to cognitive response to 

topiramate.  As it is not extensively metabolized by the body, it is unlikely that drug 

metabolizing enzymes play a significant role in patients’ response to this drug.  
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However, there is a clear difference in the level of drug safety for patients, as different 

patients experience different levels of adverse cognitive effects.  If topiramate really does 

affect only certain aspects of cognition and not others, then identifying genotypes 

associated with these cognitive side effects would not only be useful for future drug 

prescription methods, but would also provide insights into the pathways of cognitive 

functioning.  Understanding how a drug can affect one aspect of cognition but not 

another could help pinpoint how each area of cognition is controlled.  Any genes found 

to influence how a certain aspect of cognition is affected by topiramate would also lead 

to a greater understanding of how that aspect of cognition works. 

1.4 Thesis Overview 

First, in Chapter 2 I describe the cohort of healthy volunteers that our lab has 

been collecting since 2006, the tests in the cognitive battery that we use, the distribution 

of the scores, and the general data analysis techniques.  In Chapter 3, I identify the 

variables that influence score on each test, including novel variables that are not usually 

examined.  Next, in Chapter 4 I perform a GWAS of common variants in this cohort.  

Then, in Chapter 5 I choose the top and bottom 5% of the distribution for cognitive 

performance in young subjects of European ethnicity and perform whole-exome 

sequencing.  Finally, in Chapter 6 I administer the cognitive battery to subjects after they 

have taken one dose of the antiepileptic drug topiramate, characterize the differences in 
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individual responses, and perform another GWAS of common variants. Chapter 7 

addresses future directions. 
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2. Cohort and cognitive tests (partially adapted from[14, 
45]1) 

2.1 Introduction 

This chapter will describe the characteristics of the individuals who were 

recruited for this study, the information that was collected about them, and the cognitive 

tests that were administered.  Additionally, the test score distributions are reported and 

a principal component analysis is performed.  Because Chapters 3, 4, 5, and 6 all use the 

same cognitive battery and subsets of the same cohort, Chapter 2 serves as this section of 

the methods and provides an overview of the data that will be analyzed in the 

subsequent chapters. 

2.2 Subjects 

The cohort used in this dissertation consists of 1,048 subjects who were recruited 

with ads posted around Duke University and local retirement homes between 2006 and 

2010 and took a battery of diverse cognitive tests (hereafter referred to as “full battery”).  

An additional 839 individuals were recruited from the Duke University and North 

                                                      

1 This section is part of a submitted work that was co-authored by Deborah K. Attix (study design, writing 

of manuscript), Patrick J. Smith (study design, writing of manuscript), Ornit Chiba-Falek (recruitment of 

subjects, writing of manuscript), Tracy O'Connor Pennuto (study design, writing of manuscript), Kristen N. 

Linney (organization of study, recruitment of subjects), and David B. Goldstein (study design, writing of 

manuscript), and a published manuscript that was co-authored by Dalia Kasperaviciūte (recruitment of 

subjects, writing of manuscript), Deborah K. Attix (study design, writing of manuscript), Anna C. Need 

(study design, writing of manuscript), Dongliang Ge (data analysis), Greg Gibson (study design, 

recruitment of subjects), and David B. Goldstein (study design, writing of manuscript). 
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Carolina State University campuses and took just two of the tests from the full battery 

(hereafter referred to as “rollout”). Their demographics are shown in Table 4, as are the 

demographics of the subsets of the cohort used in each of the subsequent chapters.
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Table 4: Demographics of study participants 

Demographics are listed as n (%) unless otherwise indicated.  Different subsets of the cohort are used in the chapters of this thesis as 

outlined below, with Chapter 2 describing the entire cohort.  n, sample size; SD, standard deviation; RB, rollout battery; FB, full 

battery; SP, strategies and pastimes; CV, common variants; HG, homogeneous group; RV, rare variants; FU, follow-up genotyping; 

C, control; TPM, topiramate. 

 

 Ch. 2 

RB 

Ch. 2 

FB 

Ch. 3 

SP 

FB 

Ch. 4 

CV 

RB 

Ch. 4 

CV 

RB 

(HG) 

Ch. 4 

CV 

FB 

Ch. 4 

CV 

FB 

(HG) 

Ch. 5 

RV 

FB 

Ch.5 

RV 

FB 

(FU) 

Ch. 6 

C 

FB 

Ch. 6 

TPM 

FB 

n 1,887 1,048 594 1,294 572 814 224 218 554 206 135 

Age in years (mean, SD, range) 28.2, 

16.5, 

18-93 

33.1, 

20.3, 

18-93 

31.0, 

20.2, 

18-91 

26.6, 

13.7, 

18-91 

21.1, 

2.6, 

18-29 

29.8, 

16.3, 

18-91 

21.5, 

2.9, 

18-29 

22.1, 

3.1, 

18-29 

29.5, 

14.9, 

18-91 

31.4, 

12.9, 

18-76 

25.7, 

8.4, 

19-55 

Years of education (mean, SD, 

range) 

14.9, 

2.3, 

7-20 

15.3, 

2.5, 

7-20 

14.9, 

2.5, 

11-20 

14.9, 

2.2, 

7-20 

14.5, 

1.9, 

12-19 

15.3, 

2.5, 

7-20 

14.7, 

2.3, 

12-19 

15.1, 

2.4, 

12-20 

15.3, 

2.9, 

7-20 

16.1, 

2.4, 

7-20 

14.9, 

2.5, 

8-20 

BDI (mean, SD, range) N/A 5.9, 

5.8, 

0-42 

5.4, 

5.2, 

0-33 

N/A N/A 5.6, 

5.4, 

0-42 

5.0, 

4.8, 

0-27 

4.7, 

4.0, 

0-23 

6.0, 

5.6, 

0-42 

5.9, 

6.0, 

0-42 

3.4, 

3.6, 

0-14 

Education Current 

Undergraduate 

1,072 

(57%) 

439 

(42%) 

315 

(53%) 

763 

(59%) 

440 

(77%) 

358 

(44%) 

149 

(67%) 

120 

(55%) 

230 

(42%) 

45 

(22%) 

75 

(56%) 

No college degree, 

non-student 

105 

(6%) 

96 

(9%) 

40 

(7%) 

58 

(4%) 

0 58 

(7%) 

0 0 30 

(5%) 

13 

(6%) 

4 

(3%) 
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Table 4 continued 

 Bachelors degree, 

no further 

education 

204 

(11%) 

168 

(16%) 

68 

(11%) 

145 

(11%) 

0 123 

(15%) 

0 25 

(11%) 

93 

(17%) 

54 

(26%) 

16 

(12%) 

Current Graduate 

Student 

327 

(17%) 

179 

(17%) 

98 

(15%) 

116 

(9%) 

132 

(23%) 

156 

(19%) 

75 

(33%) 

61 

(28%) 

111 

(20%) 

56 

(27%) 

31 

(23%) 

Graduate Degree 177 

(9%) 

164 

(16%) 

83 

(14%) 

203 

(16%) 

0 117 

(14%) 

0 12 

(6%) 

90 

(16%) 

38 

(18%) 

9 

(7%) 

 Duke student 1,153 

(61%) 

581 

(55%) 

N/A 810 

(63%) 

437 

(76%) 

485 

(60%) 

211 

(94%) 

172 

(79%) 

323 

(58%) 

N/A N/A 

Ethnicity African 242 

(13%) 

147 

(14%) 

97 

(16%) 

164 

(13%) 

0 124 

(15%) 

0 0 63 

(11%) 

23 

(11%) 

24 

(18%) 

European 1,119 

(59%) 

645 

(62%) 

331 

(56%) 

898 

(69%) 

572 

(100%) 

489 

(60%) 

224 

(100%) 

218 

(100%) 

336 

(61%) 

142 

(69%) 

68 

(50%) 

East Asian 259 

(14%) 

110 

(11%) 

75 

(13%) 

102 

(8%) 

0 80 

(10%) 

0 0 67 

(12%) 

17 

(8%) 

18 

(13%) 

Hispanic 65 

(3%) 

34 

(3%) 

20 

(3%) 

28 

(2%) 

0 28 

(3%) 

0 0 18 

(3%) 

5 

(2)% 

4 

(3%) 

South Asian 118 

(6%) 

67 

(6%) 

42 

(7%) 

47 

(4%) 

0 55 

(7%) 

0 0 41 

(7%) 

9 

(4%) 

14 

(10%) 

Other 84 

(4%) 

45 

(6%) 

29 

(5%) 

54 

(4%) 

0 38 

(5%) 

0 0 29 

(5%) 

10 

(5%) 

7 

(5%) 

Female 1,026 

(54%) 

623 

(59%) 

335 

(56%) 

687 

(53%) 

301 

(53%) 

479 

(59%) 

112 

(50%) 

105 

(48%) 

321 

(58%) 

140 

(68%) 

72 

(53%) 



  

 

4
7
 

Table 4 continued 

English Native speaker 1,587 

(84%) 

891 

(85%) 

495 

(83%) 

1,257 

(97%) 

631 

(99%) 

694 

(85%) 

215 

(96%) 

213 

(98%) 

455 

(82%) 

182 

(88%) 

114 

(84%) 

Non-native: bad 

English 

24 

(1%) 

17 

(2%) 

N/A 0 0 0 0 0 10 

(2%) 

N/A N/A 

 

Non-native: ok 

English 

255 

(14%) 

96 

(9%) 

N/A 0 0 84 

(10%) 

4 

(2%) 

0 76 

(14%) 

N/A N/A 

Non-native: perfect 

English 

45 

(2%) 

44 

(4%) 

N/A 37 

(3%) 

5 

(1%) 

36 

(4%) 

5 

(2%) 

5 

(2%) 

23 

(4%) 

N/A N/A 

Alcohol or drug abuse 45 

(2%) 

45 

(5%) 

26 

(4%) 

31 

(2%) 

17 

(3%) 

31 

(4%) 

17 

(8%) 

10 

(5%) 

19 

(5%) 

N/A N/A 

 



 

 

48

2.3 Cognitive tests 

All full battery subjects were given a brief neurocognitive test battery that 

utilized 11 common, well-known measures, administered and scored using the 

standardized procedures outlined in their respective manuals:  

-TrailsA. This is the first part of the Trail Making Test[218] and requires rapid 

sequencing of a straightforward series. The phenotype measured was the time to 

completion, regardless of number of errors. 

-TrailsB. This is the second part of the Trail Making Test[218]; it is a more 

difficult test of cognitive flexibility, requiring the subject to follow a sequential pattern 

while shifting cognitive sets. The phenotype measured was the time to completion, 

regardless of number of errors. 

-Controlled Oral Word Association (COWA) subtest of the Multilingual Aphasia 

Examination[219]. This test measures lexical fluency.  The subject was given 60 seconds 

to think of words beginning with a certain letter.  The phenotype was total number of 

correct words across 3 letters. 

-Animal Fluency. This is a brief measure of semantic fluency.  The phenotype 

was total number of animals named in 60 seconds. 

-Digit Symbol.  This is a processing Speed subtest of the Wechsler Adult 

Intelligence Scale-III[220]. It captures psychomotor sequencing; the subject transcribes 
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numbers into symbols according to a code key, and the phenotype measured was the 

number of correct symbols in 120 seconds. 

-Symbol Search.  This is a processing Speed subtest of the Wechsler Adult 

Intelligence Scale-III[220].  It measures scanning and target identification, and the 

phenotype measured was the number of correct answers in 120 seconds. 

-Digit Span Forward.  This subtest of the Wechsler Adult Intelligence Scale-

III[220] measures attention and concentration as reflected by the number of digits 

remembered in forward order. The phenotype was the maximum number of digits 

correctly repeated in the forward order. 

-Digit Span Backward. This subtest of the Wechsler Adult Intelligence Scale-

III[220] measures attention and concentration as reflected by the number of digits 

remembered in backward order. The phenotype was the maximum number of digits 

correctly repeated in the forward and reverse order. 

-Stroop Color-Word.  The Stroop Test[221] measures sensitivity to interference 

through trials with changing task demands (reading, color identification, and response 

inhibition). The phenotype measured was the number of correctly named colors, despite 

word interference, in 45 seconds. 
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-Immediate Story Recall. This portion of the Green Prose Recall[222] test 

quantifies immediate recall of contextually organized stories. The phenotype was the 

number of correctly recalled concepts from the stories. 

-Delayed Story Recall.  This portion of the Green Prose Recall[222] test quantifies 

30-minute delayed recall of contextually organized stories. The phenotype was the 

number of correctly recalled concepts from the stories. 

Rollout subjects only took the Stroop test and the Digit Symbol test.  A small 

portion of the rollout subjects (n=97) also took Immediate Story Recall.  Additionally, the 

Beck Depression Inventory-II (BDI)[223], a well-known measure of depressive 

symptomatology, was administered to full battery subjects, and the Montreal Cognitive 

Assessment (MOCA)[224], a quick test for signs of dementia, was administered to the 

128 subjects recruited from retirement homes, all of whom took the full battery. 

2.4 Background information questionnaire 

Before testing, full battery subjects were given a questionnaire that asked for 

information about age, education, ethnicity, gender, native language, current 

medications, and history of head injury,  psychiatric or neurological conditions,  

learning disabilities, drug use, and alcohol use (defined as notable with >21 drinks per 

week or “regular” drug use). 
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For the subjects who indicated that English was not their first language, the 

examiner indicated if they had difficulty with English or if their English was perfect.  

The individuals who either fell between these two extremes or who were not rated by 

the examiner (unintentional omissions) were designated as having ok English.  These 

ratings were utilized in the genetic analyses to remove the potentially confounding 

effects of differential skill with English. 

Subjects were also asked about pastimes: the number of hours per week spent 

reading books, whether or not they currently “often play word games such as crossword 

puzzles”, and whether or not they currently “often play number games such as 

Sudoku.”  After testing, they were further asked if they had seen any of the tests before 

or if they participated in activities that were similar to any of the tests. 

Subjects were also asked if they had used any strategies during the test.  The first 

20 subjects listed any strategies they had used for each test.  A list of the most common 

responses was complied and future subjects were given these options plus an “other” 

option.  The frequencies of endorsements of each of these 40 possible strategies 

(including “other”) are discussed in Chapter 3. 

There were 304 full battery subjects who did not complete the questionnaire at 

the time of testing.  Of these subjects, 130 completed the questionnaire 290 ± 145 days 

(mean ± standard deviation (SD)) after completing the questionnaire; they were told the 
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date on which they had taken the test and were asked to complete the questionnaire as if 

they were back on that day.  An additional 20 individuals never completed the 

questionnaire for their initial testing session and only filled it out at a subsequent testing 

session 221 ± 121 days after the first session. The remaining 154 individuals did not 

complete the questionnaire: for these subjects, the only demographic information 

available was age, education, ethnicity, gender, and native language; for 89 of these 

individuals I also had information on history of head injury, current medications, and 

history of psychiatric or neurological conditions or a learning disability. 

Rollout subjects did not take the complete questionnaire and only provided 

information on age, education, ethnicity, gender, native language, history of head injury, 

current medications, and history of psychiatric or neurological conditions or a learning 

disability. 

2.5 Test score distributions 

There was a wide range of performance on these tests (Table 5).  Due to examiner 

error or other problems such as colorblindness on the Stroop, some subjects did not have 

scores for certain tests; these individuals were dropped from analysis of the tests they 

did not complete.  Delayed Story Recall, missing n=5; TrailsA, n=2; TrailsB, n=5; Digit 

Span Forward, n=1; Digit Span Backward, n=1; COWA, n=1; Digit Symbol, n=17; 

Animals, n=1; Symbol Search, n=6; Color-Word, n=24. 
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Table 5: Score statistics for each test 

Test n Mean SD Min Max 

Immediate Story Recall 1,145 52.28 10.66 10 76 

Delayed Story Recall 1,043 42.57 12.80 0 74 

TrailsA (sec) 1,046 24.14 12.07 9 139 

TrailsB (sec) 1,043 54.60 43.52 14 585 

Digit Span Forward 1,047 7.15 1.32 3 9 

Digit Span Backward 1,047 5.64 1.44 2 8 

COWA 1,047 45.11 11.45 12 81 

Digit Symbol 1,870 88.45 18.14 17 133 

Animals 1,047 23.71 6.45 5 46 

Symbol Search 1,042 39.35 10.62 6 60 

Color-Word 1,863 49.49 12.38 11 109 

PC1 1,048 0.00 2.3 -8.09 6.724 

 

Scores on all tests visually followed a normal distribution and thus were left 

untransformed, except for TrailsA and TrailsB, which were transformed using a Box Cox 

transformation in STATA ((λ-0.5604261-1)/-0.5604261 for TrailsA and (λ--0.4941979-1)/ -0.4941979 

for TrailsB)[225].  These exact transformations were used for all analyses of TrailsA and 

B (Figure 4). 
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Figure 4: Transformation of TrailsA and TrailsB 

TrailsA and TrailsB, measured in seconds to completion, did not follow a normal 

distribution; a BoxCox transformation remedied this problem. 

 

The phenotype distributions were shifted towards better performance for 

university students as compared to those not currently in school, however even within 

this subset, test scores still covered a wide range and did not substantially deviate from 

a normal distribution (Figure 5). 
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Figure 5: Test score distributions for university students 

For three tests in the full battery and PC1, the scores of current university students 

(black, no fill) are shown over the scores of those not currently enrolled in school (beige 

fill). 

 

2.6 Principal component analysis 

I performed principal component analysis on the test scores from the full battery.   

When an individual was missing a single test score, for principal component analysis 

their missing scores were replaced with imputed values.  Scores were imputed using the 

missing value analysis function in SPSS, utilizing expectation maximization 
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algorithms[226].  The first principal component (PC1) explained 52% of the total 

variation in test scores and received approximately equal loadings from all tests. It was 

therefore taken as a measure of overall performance on the battery.
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3. Environmental influences on baseline cognition 

(adapted from[14]1) 

3.1 Introduction 

Essential to the practice and science of clinical neuropsychology is the accurate, 

unbiased measurement of cognition.  For this reason, the use of standardized, well-

validated cognitive tests with known population norms is widespread.  In order to 

maximize the precision of these measurements it is important to understand what 

variables influence these test scores, and to what degree. 

Although demographics, history, and testing strategies can affect test outcome, 

not all of these variables are taken into account in clinical practice.  A clinician may, for 

example, look at digit span score differently when testing an individual who reports 

having entered a contest for memorizing digits of pi, but they will not routinely ask 

individuals taking this test if they’ve seen each measure before, if they’ve used a 

grouping or chunking strategy, or if they frequently play number games or memorize 

strings of numbers.  While exceptional skills or developmental problems are frequently 

reported or queried (e.g., special classes, learning disabilities), the effects of daily 

                                                      

1 This section is part of a submitted work that was co-authored by Deborah K. Attix (study design, writing 

of manuscript), Patrick J. Smith (study design, writing of manuscript), Ornit Chiba-Falek (recruitment of 

subjects, writing of manuscript), Tracy O'Connor Pennuto (study design, writing of manuscript), Kristen N. 

Linney (organization of study, recruitment of subjects), and David B. Goldstein (study design, writing of 

manuscript). 
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activities and strategy use are not typically investigated for consideration in clinical and 

research settings,  perhaps because their frequencies in the general population and their 

effect sizes in the context of other variables that affect performance are unknown. 

In this study, our brief battery of neuropsychological tests was administered to a 

large cohort of individuals of differing ages, ethnicities, and education levels.  These 

subjects were also asked about their pastimes as well as the strategies they used during 

testing. The purpose of the present study is to establish what, if any, impact these 

variables have on neuropsychological test performance.   

3.2 Methods 

3.2.1 Exclusion criteria 

For this study, only full battery subjects were utilized, and all subjects who did 

not complete the full questionnaire at the time of the testing were excluded.  In addition, 

subjects who had a history of reported neurological conditions, significant psychiatric 

conditions, ADD, ADHD, a learning disability, a head injury currently impacting 

memory (head injuries not reported to impact memory were not excluded), were 

currently taking a drug or combination of drugs that was likely to impact their cognition 

or be indicative of a cognitive impairment, or had not completed the demographic, 

history or pastimes questions were excluded. 
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There were 73 subjects had taken the rollout battery first and then later enrolled 

for the full battery; these subjects were excluded from the analysis of those tests.  Seven 

of these individuals had also taken Immediate Story Recall previously and were 

excluded from analysis of that test. 

The final sample size for this study was 594. 

3.2.2 Identification of pastimes and strategy use 

As discussed in Chapter 2, participants indicated their level of participation in 

cognitive activities.  Their responses are shown in Table 6. 

Table 6: Pastimes analyzed in this study. 

A) Shows the hours per week spent reading books and whether or not plays word 

games and number games; B) shows the previous test exposure and familiarity with 

each task.  Note that when a subject reports having seen a test before, it was not part of a 

study done in our lab (i.e., none of these subjects took the rollout battery first). 

 

A. 

Hours per week spent reading books (mean, SD, range) 4.6, 6.7, 0-60 

Plays word games (n (%)) 159 (27%) 

Plays number games (n (%)) 146 (25%) 

 

B. 

Test Seen before Does activity similar to test 

TrailsA 63 (11%) 19 (3%) 

TrailsB 37 (6%) 7 (1%) 

COWA 111 (19%) 48 (8%) 

Animals 83 (14%) 37 (6%) 

Digit Symbol 73 (14%) 12 (2%) 

Symbol Search 63 (11%) 8 (1%) 

Digit Span Forward 125 (21%) 24 (4%) 

Digit Span Backward 78 (13%) 8 (1%) 
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Table 6 continued 

Stroop Color-Word 214 (41%) 4 (1%) 

Immediate story recall 87 (15%) 22 (4%) 

Delayed story recall 81 (14%) 17 (3%) 

 

In addition to completing the strategies questionnaire described in Chapter 2, 

responses on the COWA and Animals tests were analyzed by the examiner to provide a 

more objective assessment of the strategies used by the subjects; for the COWA, the 

examiner indicated if the subject used the same word with a different meaning (e.g., pair 

and pear) at least once, and for Animals, if the subject alphabetized their answers 

(requiring at least four alphabetical animals in a row), grouped their answers by habitat 

(requiring at least four animals from the same habitat in a row), or subcategorized their 

answers (e.g., dog, greyhound, terrier; requiring at least three in a row).  For Animals, 

these examiner ratings of strategy use were used instead of the corresponding 

questionnaire responses given by the subjects in the final models.  For COWA, using the 

same word with a different meaning was not an option on the questionnaire and no 

subjects wrote it in as their strategy.  The frequencies of the use of all strategies is shown 

in Table 7.
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Table 7: Strategies used by the 594 subjects included in this study. 

For each test, subjects were given the options listed in the “Options picked” column; they could also write in a strategy under 

“Other.” 

Test Options picked n 

(percent) 

Written into "Other" space n 

(percent) 

Determined by examiner N 

(percent) 

TrailsA Recite out loud 106 (18%)     

  Look ahead 20 (3%)   

  Recite in head 52 (9%)   

  Other 30 (5%)   

TrailsB Visualization 174 (29%)     

Recite out loud 175 (29%)     

  Recite in head 50 (8%)   

  Other 55 (9%)   

COWA Look for objects in room 174 (29%)     

Substitute letters to form 

words 

258 (43%)     

  Categorize by word 

meaning 

54 (9%)   

  Visualization 20 (3%)   

  Other 31 (5%)   

    Use same word with different 

meaning 

132 (22%) 

Animals Visualization 240 (40%)     

Subcategorize 296 (50%)     

Group by habitat 219 (37%)     

  Name alphabetically 10 (2%)   

  Other 21 (4%)   
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Table 7 continued 

     Subcategorize 257 (43%) 

    Group by habitat 381 (64%) 

    Name alphabetically 26 (4%) 

Digit Symbol Memorize symbols 270 (52%)     

Copy from already filled in lines 196 (38%)     

  Other 16 (3%)   

Symbol Search   Other 70 (12%)   

Digit Span Forward Group 235 (40%)    

Visualization 239 (40%)    

Repeat to self 362 (61%)    

  Other 24 (4%)   

Digit Span Backward Group 201 (34%)    

Visualization 291 (49%)    

Repeat to self 328 (55%)    

  Other 27 (5%)   

Stroop Color-Word Focus on part of the word 138 (27%)    

Blur eyes 130 (25%)    

Group 66 (13%)    

  Other 12 (2%)   

Immediate Story Recall Focus on key words 339 (58%)    

Visualization 341 (58%)    

  Other 29 (5%)   

Delayed Story Recall Focus on key words 331 (56%)    

Visualization 286 (48%)    

  Other 8 (1%)   
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3.2.3 Data analysis 

Correlations between variables were calculated using STATA[225].  Linear 

forward regression analyses were performed in STATA with a p-value cutoff for 

inclusion into the model of 0.05.  Analysis was performed in three tiers as shown in 

Figure 6. 

 

Figure 6: Flow chart of analysis procedure for determining the effects of covariates. 

Regression analyses were performed in three tiers: Tier 1 tested basic demographics as 

covariates, Tier 2 tested more complete demographics as covariates, Tier 3: Pastimes  
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Figure 6 continued 

tested using information about pastimes as covariates, and Tier 3: Strategies tested 

including information about test-taking strategies as covariates. 

 

In Tier 1, the regression model was built using only age and education as 

potential covariates.  Education was coded as years of education plus a dummy variable 

for whether currently a student, with non-students as the baseline, and these two 

variables were grouped so that inclusion of one in the model required inclusion of the 

other.  For Tier 2, those covariates that contributed to the first tier with p<0.05 were kept 

in the model, and ethnicity, gender, BDI, native language, and a history of drug or 

alcohol abuse were added as potential covariates.  For Tier 3, again those from the 

previous tier with p<0.05 were kept and new potential covariates were added separately 

for two different models, one with variables reflecting pastimes and one with variables 

reflecting strategies.  The pastimes analyzed are shown in Table 6, and the strategies 

analyzed are shown in Table 7.  

3.3 Results 

3.3.1 Tier 1: Basic demographics 

The regression analysis design is shown in Figure 6, and the results are presented 

in Table 8.  Both age and education were important predictors of performance on every 

test except for COWA, which was only influenced by education, and TrailsA and Stroop 
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Color-Word, which were only influenced by age.  These variables explained between 6 

and 46% of the variation in these tests.  
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Table 8: Results of regression analyses, performed in three tiers: basic demographics, more complete demographics, and a third 

tier of either pastimes or strategies. 

Total r2 indicates the r2 for the entire model, including all previous tiers, and % r2 increase indicates the improvement of this tier over 

the previous tier.  Boxes are shaded if the % r2 increase is greater than 20%.  Only covariates that contributed to the model with 

p<0.05 are shown.  All pastimes and strategies were correlated with better scores except for Digit Symbol: copy symbols from other 

lines and COWA: look for objects in room. 

 

 

 

 

 

 

 

 

 

 Tier 1: Basic 

demographics 

Tier 2: More complete demographics Tier 3: Pastimes Tier 3: Strategies 

Test Significant 

covariates 

total 

r2 

Significant 

covariates 

total 

r2 

% r2 

increase 

over Tier 1 

Significant 

covariates 

total 

r2 

% r2 

increase 

over Tier 2 

Significant covariates total 

r2 

% r2 

increase 

over Tier 2 

TrailsA 

(transformed) 

Age 0.305 Ethnicity, native 

language, BDI 

0.373 22.30% Number 

games 

0.388 4.02% None 0.373 0.00% 

TrailsB 

(transformed) 

Education, 

age 

0.331 Ethnicity, native 

language, BDI 

0.393 18.73% Number 

games, seen 

before 

0.423 7.63% Other 0.397 1.02% 

COWA Education 0.059 Ethnicity, native 

language 

0.096 62.71% Word games, 

activity 

0.159 65.63% Same word different meaning, 

substitute letters, categorize by 

meaning, look for objects in 

room 

0.149 55.21% 

Animals Education, 

age 

0.166 Ethnicity, native 

language 

0.268 61.45% Activity 0.283 5.60% Grouping by habitat, 

subcategorizing 

0.438 63.43% 

Digit Symbol Education, 

age 

0.455 Ethnicity, native 

language, gender, 

alcohol or drug 

abuse 

0.558 22.64% Number 

games, seen 

before 

0.576 3.23% Copy symbols from other lines 0.571 2.33% 

Symbol Search Education, 

age 

0.429 Ethnicity, native 

language, gender, 

BDI 

0.505 17.72% Number 

games 

0.523 3.56% None 0.505 0.00% 
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Table 8 continued 

 Digit Span 

Forward 

Education, 

age 

0.110 Ethnicity, native language, 

gender 

0.166 50.91% None 0.166 0.00% Grouping 0.210 26.51% 

Digit Span 

Backward 

Education, 

age 

0.070 Ethnicity, native language 0.125 78.57% Word games, activity, 

seen before 

0.148 18.40% Grouping, other 0.213 70.40% 

Stroop Color-Word Age 0.359 Ethnicity, native language, 

BDI 

0.429 19.50% Seen before 0.441 2.80% Blurred vision 0.456 6.29% 

Immediate Story 

Recall 

Education, 

age 

0.106 Ethnicity, native language, 

gender 

0.220 107.55% None 0.220 0.00% Visualization, key 

words 

0.239 8.64% 

Delayed Story 

Recall 

Education, 

age 

0.177 Ethnicity, native language 0.263 48.59% None 0.263 0.00% Visualization 0.273 3.80% 
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3.3.2 Tier 2: More complete demographics 

All test results were influenced by both ethnicity and native language.  BDI 

affected Immediate Story Recall, TrailsA, TrailsB, Symbol Search, and Stroop Color-

Word.  Gender affected Immediate Story Recall, Digit Span Forward, Digit Symbol, and 

Symbol Search, and a history of alcohol or drug abuse affected Digit Symbol.  Adding 

these covariates increased the r2 of the models between 18 and 108%. 

Tier 3: Pastimes 

Participation in cognitive activities as pastimes was common among my sample, 

with 159 (27%) playing word games, 146 (25%) playing number games, and an average 

of 4.6 hours per week spent reading books.  Greater frequency of playing number games 

affected TrailsA, TrailsB, Digit Symbol, and Symbol Search, and frequently playing 

word games affected Digit Span Backward and COWA.  Reporting having seen the test 

before was important for performance on TrailsB, Digit Symbol, Digit span Backward, 

and Stroop Color-Word, and doing an activity similar to the test was important for Digit 

Span Backward, COWA, and Animals.  Adding this information increased the r2 of the 

models between 0%, for Immediate and Delayed Story Recall and Digit Span Forward, 

and 66%, for COWA. 
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3.3.3 Tier 3: Strategies 

The number of tests on which a subject reported using a strategy was 7.4 ± 2.4 

(mean ± SD).  The total number of strategies each subject reporting using, with the 

maximum possible being 40, was 10.2 ± 4.4.  The use of strategies affected performance 

on all tests except for TrailsA and Symbol Search.  Grouping (i.e., chunking) was 

important for Digit Span Forward and Backward; using the same word with a different 

meaning, substituting letters to form new words, categorizing words by meaning, and 

looking around the room for objects were important for COWA; copying numbers from 

other lines affected Digit Symbol score; grouping by habitat and subcategorizing were 

important strategies for Animals; blurring vision was important for Stroop Color-Word 

score; visualization and focusing on key words were important for Immediate Story 

Recall; visualization was important for Delayed Story Recall; and “Other” was 

important for TrailsB and Digit Span Backward.  Adding information about strategies 

increased the r2 of the models over the Tier 2 by between 0% and 70%. 

3.4 Discussion 

In the present study, factors not typically considered to be major sources of 

variation in test scores produced much larger than anticipated effects. Of course, the 

impact of such variability on diagnostic validity is unknown, but these results are an 

important first step in appreciating how habits and test taking approaches may impact 
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outcomes. The findings demonstrate that demographic and historical factors, cognitive 

pastimes, and test-taking strategies are independent predictors of cognitive test results 

in a large cohort of healthy, cognitively normal individuals, and that surprisingly, 

pastimes and strategies can have a profound impact on many cognitive tests. The major 

observations of this study include that the magnitude of the effect on certain tests was 

particularly notable, with the contributions of pastimes and strategies outweighing those 

of some of the more traditional variables (Table 8); that the frequency of strategy use and 

pastimes was greater than anticipated (Tables 6 and 7); that some strategies had negative 

effects on test outcome; and that participation in certain test-similar activities affected 

test outcome. 

An impressive effect of non-traditional variables was observed on Digit Span.  

Scores on both Digit Span forward and backward were much improved in individuals 

who used a chunking strategy; inclusion of this variable into the model increased the 

amount of variation explained by 27% for Digit Span forward and nearly 70% for 

backward.   Here, 40% and 34% of subjects reported using chunking on the Digit Span 

forward and backward subtests, respectively. Although this strategy was more common 

among current university students (40-48% used it), its use was also reported in 21% of 

those not currently enrolled in school.   
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Another notable influence from these variables was observed on COWA.  COWA 

scores had the least percent of their variation explained by the standard covariates used 

in Tiers 1 and 2, with an r2 of only 0.096 at Tier 2.  The addition of information about 

pastimes, however, increased the r2 for this model to 0.159, while adding information 

about strategies increased the r2 to 0.149. Adding both strategies and pastimes to the 

model at once increased the r2 to 0.200, a 108% increase over the Tier 2 model.  The 

covariates that produced the largest increase in r2 for this test were whether one 

currently often plays word games and whether one does a test-similar activity. 

Yet another substantial impact from non-traditional variables was seen on 

Animals. The strategies used in the Animals test increased the r2 of the model by 63% 

over the standard covariates used in the first two tiers.  The strategies of importance 

were grouping by habitat and subcategorizing answers (e.g., dog, greyhound, terrier).  

Interestingly, the correlation between the examiner and participant ratings of these 

strategies was low (r=0.18 grouping animals by habitat; r=0.19 subcategorizing animals.  

For the regression analysis, I used the examiner ratings (exploratory analysis revealed an 

r2 increase of 15% when using participant ratings versus an increase of 66% when using 

examiner ratings).  

The frequency of strategy use was surprising and notable. I found that most 

individuals use strategies during the testing process (Table 7).  Although 70% of my 



 

 

72

participants were university students, strategies were also used by non-students.  One 

interesting finding was that the use of different strategies were highly correlated with 

each other.  For example, 98% of participants reported using a strategy on at least one of 

the tests, but 84% reported using a strategy on at least six tests and 19% reported using a 

strategy on at least ten. 

All pastimes and strategies that significantly influenced a test outcome did so in 

a positive manner, with two notable exceptions.  For the COWA test, looking for objects 

in the room was correlated with a worse test outcome; the same was true of copying 

symbols from other lines for the Digit Symbol subtest.  It is possible that these represent 

inefficient test-taking strategies that actually distract the participant or slow them down. 

Interestingly, participation in activities similar to a test were important 

predictors of performance on several measures (Digit Span Backward, COWA, and 

Animals).  For Digit Span Backward, only eight individuals reported doing an activity 

similar to the test.  For COWA, 48 participants reported doing a test-similar activity; the 

effect was primarily attributable to playing Scattergories and other unspecified 

activities, with a smaller effect for playing a different word game or doing an activity 

that represented the same concept as COWA.  For Animals, 37 participants reported 

doing a test-similar activity; here the effect was mostly explained by frequent exposure 
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to animals (e.g., biologists or frequent watchers of animal TV shows) and playing word 

games similar to this task. 

It is also noteworthy that a strategy of “Other” was found to have an effect on 

performance on Trails B and Digit Span Backward.  For Trails A, the association was 

driven by participants who indicated that they had looked ahead.  However, no single 

“Other” strategy was found to be responsible for the association with Digit Span 

Backward. These results suggest that there likely are additional test taking approaches 

that may account for variance that are not presently considered.  

Although the pastimes and strategies were analyzed separately in the regression 

models presented, I also built regression models containing all significant variables from 

both methods to see if the strategies and pastimes added information to the models 

independently.  There were negligible differences in the analysis approaches; most 

variables remained significant even when they were all included in the same model.    

It is worth mentioning that the models built for these tests can only show 

associations, not causality.  Thus, while it may be that use of the strategies and pastimes 

presented here result in an increase in test score, it may also be that individuals who 

perform well on tests are predisposed to participate in cognitive pastimes and use 

strategies during tests.  Furthermore, one should be cautious when applying such 

variables to datasets to screen out sources of variation in test scores, as the variables 
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themselves may be of interest. For example, if there is a genetic component to the 

propensity to play word games, then a study of genetic factors influencing test score 

may be ill-served by controlling for this inter-individual difference. 

My study built on previous efforts by describing the relationship between 

specific cognitive tests and both strategy use and participation in cognitive pastimes.  

Previous studies have shown that frequent participation in cognitive activities can be 

associated with test scores, especially for older individuals and those who are less well-

educated[28-34].  These studies have largely focused on activities such as reading and 

access to books, writing, and playing games or doing puzzles.  The reading of books in 

particular has been shown to be a main component of the cognitive activities that 

associate with test scores in older persons [34], so it is interesting that I do not replicate 

this finding.  This may be because my sample size was not as large as that in the 

previous study or because my population consisted of mostly younger adults.  Also, I 

queried other pastimes in addition to reading, which may have been better 

representatives of the association between cognitive pastimes and test scores.  

These results, revealing the frequency of strategy use and the impact of both 

strategies and pastimes on test outcome, support the utility of querying such factors in 

clinical practice. Interpretation of scores could be impacted by the consideration of such 

variables. The magnitude of the impact of the variables described here were often 
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profound, with effects as large as or larger than traditional demographic information.  

Further study of the most efficient way to collect and account for these factors, their use 

in different age groups, and their impact on other measures is needed.  Importantly, 

while there are clearly factors impacting test scores that are not routinely considered, 

whether or not this variance requires consideration in the interpretive process remains 

to be seen. As such, critical examination of the influence of these variables on diagnostic 

validity warrants further consideration.  
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4. Genetic influences on baseline cognition: common 

variants (adapted from[45]1) 

4.1 Introduction 

Human cognitive performance is both highly variable and under strong genetic 

control.  Virtually all cognitive tests that have been studied show appreciable 

heritabilities[10, 12, 227].  For example, all of the tests in my study have heritabilities that 

have been estimated to be at least 15%, some ranging as high as 50% (Table 9).  Although 

there have been a number of candidate gene studies testing the effects of specific 

polymorphisms on cognitive tasks, few definitive associations have emerged that meet 

contemporary standards of evidence[228].  Surprisingly, there have been few genome-

wide studies, and those that have been performed have either had negative findings or 

findings that have failed to replicate[80-83, 229-231]. 

While it seems clear that genetic variation strongly influences cognitive 

performance in humans, identification of the important genetic differences remains 

elusive.  With the aim to discover these variants, I performed a GWAS on my large 

cohort of healthy individuals.  The battery they took utilizes objective, standardized tests 

that are of the highest relevance in studies involving psychiatric and neurological 

populations.  The diverse aspects of cognition measured in this study are not only 

                                                      

1This section is part of a published manuscript that was co-authored by Dalia Kasperaviciūte (recruitment of 

subjects, writing of manuscript), Deborah K. Attix (study design, writing of manuscript), Anna C. Need 

(study design, writing of manuscript), Dongliang Ge (data analysis), Greg Gibson (study design, 

recruitment of subjects), and David B. Goldstein (study design, writing of manuscript). 
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interesting in their own right but also have documented relevance to psychiatric traits 

and are considered important endophenotypes in psychiatric conditions and illnesses 

(Table 9). 

Table 9: Cognitive areas, endophenotype use and estimated heritabilities of tests used 

in this battery 

Cognitive Test Cognitive Areas Measures 

Endophenotype in 

Estimated 

Heritability 

Immediate 

Story 

Recall[222] 

Verbal Episodic Memory Schizophrenia[232]  0.24-0.32(word 

list, not story) [7, 

8]  

Delayed Story 

Recall[222]  

Verbal Episodic Memory Schizophrenia[232]  0.16-0.47(word 

list, not story) [7, 

8]  

TrailsA[218] Attention, Processing Speed Schizophrenia[232]  0.2-0.38[5, 6]  

TrailsB[218] Attention, Processing 

Speed, Executive Control 

Schizophrenia[232]

, ADHD[233],  

0.26-0.5[5-7, 10]  

Digit Span 

Forward[220]  

Working Memory Bipolar 

Disorder[234],  

Schizophrenia[232]

, ADHD[235],  

0.27[9]  

Digit Span 

Backward[220]  

Working Memory  Bipolar 

Disorder[234] 

Schizophrenia[232]

, ADHD[235],  

0.49[9]  

COWA[219]  Verbal Fluency, Executive 

Control 

Schizophrenia[232, 

236]  

0.31-0.34[8, 10]  

Animals[237]  Semantic Fluency Schizophrenia[236]  0.16-0.37[7, 8, 11]  

Digit 

Symbol[220]  

Processing Speed, Working 

Memory, Executive Control 

Schizophrenia[238] 

ADHD[233],  

0.36-0.68[5, 10, 

12]  

Symbol 

Search[220]  

Processing Speed, 

Executive Control 

ADHD[233]  0.28[4]  

Stroop Color-

Word[221]  

Attention, Executive 

Control 

Schizophrenia[232] 

ADHD[233],  

0.33-0.5[7, 10]  
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4.2 Methods 

4.2.1 Exclusion criteria 

For this study, I utilized all individuals who had taken the rollout or full 

batteries, regardless of when or whether they had completed the entire background 

information questionnaire.  Subjects were excluded if they had a MOCA score below 26 

(n=19), were taking a drug or combination of drugs that was decided by a pharmacist as 

likely to impact their cognition or be indicative of a cognitive impairment (n=60), were 

diagnosed with a serious neurological disorder (n=39), had a head injury resulting in 

memory problems (n=2), were diagnosed as learning disabled (n=18), or had a serious 

psychiatric history (n=13).  Individuals with a blood relative already in the study were 

also excluded (n=3). 

The individuals who were noted to have significant difficulties communicating 

in English were dropped from all analyses for this study, and those who were identified 

as speaking perfect English were included in all analyses.  The individuals who fell 

between these two extremes were also excluded from analysis unless native language 

was not found to have a significant influence on that test (determined in regression 

models described below).  To see which tests excluded those with English as a second 

language, see Table 10. 
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4.2.2 SNP Genotyping 

Each subject donated 20mL of blood or 5mL saliva for DNA extraction.  DNA 

was extracted using the QIAGEN (Venlo, The Netherlands) Autopure LS.  The DNA for 

1,561 subjects was genotyped using Illumina (San Diego, California, USA) genotyping 

chips and SNPs from the HumanHap610 were used for analysis.  Samples were 

genotyped using Illumina genotyping chips: 2 were genotyped on the HumanHap317, 

101 on the HumanHap1M, 462 on the HumanHap550, and 996 on the HumanHap610.  

For samples genotyped on more than one chip, the average concordance was 99.99%.  

For analysis purposes, only SNPs present on the HumanHap610 were used.  Stringent 

QC checks were used: both samples with more than 1% missing genotype calls and 

SNPs with more than 1% of individuals called as missing were excluded.  Twenty-seven 

individuals were excluded due to poor quality genotyping.  Because some DNA came 

from saliva samples and some came from blood, I compared the genotyping quality of 

978 samples from saliva and 457 samples from blood.  While the average call rate was 

significantly lower in saliva samples, this was only a difference of an average call rate of 

99.96% for blood samples and 99.94% for saliva samples.  QC checks were also 

performed by looking at the genetic sexes of the individuals and cryptic relatedness.  

Furthermore all SNPs not in Hardy-Weinberg Equilibrium (p<1x10-4) were flagged, 

although they were kept in the analysis. 



 

 80

4.2.3 Covariates 

The covariates found to be associated with each phenotype in Chapter 3 were 

tested again in a forward multivariate regression model using the stepwise pe command 

in STATA[225] for association in this larger dataset.  Additionally, for students I tested 

adding a dummy variable to indicate which university they attended, and because the 

analyses for Digit Symbol, Stroop Color-Word and Immediate Story Recall included 

both full battery and rollout subjects, I tested a dummy variable for rollout for these 

tests.  Testing location was also included as a variable, and ethnicity was coded by 

EIGENSTRAT axes as described below.  BDI was not considered as a potential covariate 

for Stroop Color-Word despite the association from Chapter 3 because it was not 

collected in the rollout subjects.  As regression models for PC1 were not built in Chapter 

3, here all variables found to have a significant influence on at least one of the tests were 

considered in the model for PC1.  With the exception of gender and ethnicity, which 

were always included in the model, contribution to the model with a p-value of at most 

0.05 was required for inclusion (Table 10). 

For individuals missing data on binomial covariates (those who did not fill out 

the full questionnaire), their value for each covariate was set to baseline and a dummy 

variable reflecting who was missing this information was added to the model.  A 

dummy variable was also added to indicate whether they had taken the full 

questionnaire at the time of testing, or later. 
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Table 10: Covariates used in regression models for each phenotype 

Regressions always include all significant EIGENSTRAT axes and sex.  All individuals with difficulty with English were excluded 

and those with perfect English were kept: individuals who fell between these two extremes were included or not as indicated in the 

English as a second language column.  Covariates marked with an asterisk (*) were only collected in the 674 subjects who completed 

the full questionnaire; when such covariates were included, dummy variables were added indicating whether they had taken the full 

questionnaire and if they had taken it at the time of testing. 

 

Test Covariates English as a 

second 

language 

Variation 

explained by 

covariates 

Immediate 

Story Recall 

Age, education, testing location, visualization* Included 22% 

Delayed Story 

Recall 

Age, education, testing location, visualization* Included 26% 

TrailsA Age, BDI score, plays word games* Included 30% 

TrailsB Age, education, testing location, BDI score, plays word games*, seen 

before* 

Excluded 37% 

Digit Span 

Forward 

Age, education, grouping* Excluded 15% 

Digit Span 

Backward 

Age, education, grouping *, seen before* Excluded 18% 

COWA Education, testing location, using the same word with a different 

meaning, looking for objects in room*, substituting letters*, plays 

word games*, similar activity* 

Excluded 21% 
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Table 10 continued 

Digit 

Symbol 

Age, education, whether Duke student, testing location, plays number games*, copy symbols 

from previous lines*, seen before*, alcohol or drug abuse* 

Excluded 40% 

Animals Age, subcategorizing (dog, poodle, greyhound…), grouping by habitat, similar activity*, plays 

word games* 

Included 37% 

Symbol 

Search 

Age, education, BDI score, plays number games* Included 47% 

Stroop 

Color-

Word 

Age, whether Duke student, seen before*, blurred eyes* Excluded 30% 

PC1 Age, education, BDI score, testing location, plays word games*, plays number games*, seen 

Stroop Color-Word before*, blurred eyes on Stroop Color-Word*, grouping on Digit Span*, 

grouping by habitat on Animals, subcategorizing on Animals, same word with different 

meaning on COWA, COWA activity* 

Excluded 58% 

 



 

 83

 

4.2.4 Association analysis 

EIGENSTRAT analysis[239] was performed on my subjects to determine 

ethnicity. Although there were 203 significant axes, the first five represented the major 

ethnic groups and explained much more of the variation than did the subsequent axes 

(Figure 7).  The 5th through 20th axes only represented variation between individuals of 

African ethnicity; the remainder of the axes likely did the same or captured variation 

within the other ethnic groups.  Therefore, only the first five EIGENSTRAT axes were 

used as covariates in all analyses. 
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Figure 7: Scree plot of EIGENSTRAT axes 

The first five axes stand out as making much larger contributions than do the remaining 

significant axes.  

 

Each SNP was analyzed in plink[240], using an additive linear model with the 

selected covariates for each phenotype.  As target phenotypes I considered the scores on 

each of the tests and PC1.  The minor allele frequency cutoff for analysis was set to 5/2n, 

thus 0.002 for the two main tests and 0.004 for the expanded battery.  Twelve 
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phenotypes analyzed against approximately 585 000 SNPs each (the number varies 

slightly depending on the phenotype) requires a Bonferroni-corrected p-value of 7.1x10-

9.  Results for SNP association analysis were visualized using WGAViewer[241]. 

Select polymorphisms from previous studies of cognition were analyzed if 

present on the Illumina HumanHap610 or tagged with an r2 above 0.8 on the chip (Table 

11). 

I also tested for the effect of common CNVs by using a set of SNPs known to tag 

CNVs[242].  Of 285 SNPs identified as tagging a CNV[243], 193 were on the 

HumanHap610 and used in my genome-wide analysis.  These SNPs were examined for 

association with each phenotype in a separate regression analysis, and the correction for 

multiple testing required a p-value below 2x10-5. 

To assess association in a more homogeneous group, I additionally performed 

analysis on only those individuals who were students of European ethnicity less than 30 

years of age.  EIGENSTRAT axes were re-built for just the Europeans and analysis was 

done for these subjects using all four significant EIGENSTRAT axes; the other covariates 

were kept the same as in the initial analysis (Table 10).  With on average 560 000 SNPs 

tested for each of 12 phenotypes, a p-value of 7.4x10-9 is required to declare genome-

wide significance after Bonferroni correction. 

Power calculations for association analysis were performed using the PowerCalc 

software at (http://www.genome.duke.edu/labs/goldstein/software/)[244].  The 
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parameters used in PowerCalc were LD of 1 between SNP and causal variant, sample 

size equal to what fit that phenotype, number of SNPs equal to 7,019,854 (6,726,316 for 

young students of European ethnicity), and covariates and variance explained by 

covariates to zero.  When interested in how much adding covariates boosted the power, 

then the covariates parameter was set to the appropriate number for that phenotype and 

the variance explained by covariates was determined using a linear regression.  For 

power calculations for CNV-representing SNPs, the parameters were the same except 

that the total number of SNPs was lowered to 2,498. 

4.3 Results 

4.3.1 Genome-wide SNP association study 

The two main phenotypes examined in this study, Digit Symbol and Stroop 

Color-Word, were analyzed in 1,294 subjects using genotype data from the Illumina 

HumanHap610 and an additive linear regression model including covariates to 

minimize the effects of environmental influences (Table 10).  Phenotypes for an 

additional 9 cognitive tests and PC1 were available for 814 subjects and were analyzed 

in the same manner.  No polymorphism achieved a significant association after 

correction for multiple testing. 

4.3.2 Association testing in SNPs of special interest 

CNVs that are known to be tagged by SNPs on the HumanHap610 were also 

analyzed, via their proxy SNPs[242, 243].  No CNV-representing SNPs were found to be 
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significantly associated with any of the tests in our battery despite 80% power to detect 

variants explaining at least 2% (for Digit symbol and Stroop Color-Word) to 3% (for the 

remaining tests) of the variation in test score. 

Select polymorphisms previously found to be associated with cognitive tasks in 

GWA or candidate gene studies were also analyzed for association with each of the 12 

phenotypes (Table 11).  These polymorphisms were either present on the Illumina 

HumanHap610 or tagged on the chip.  No candidate polymorphisms were significantly 

associated after using a Bonferroni correction for multiple testing. 

Table 11: Association with candidate polymorphisms for human cognitive function. 

The p value shown is for best association of 12 phenotypes in my cohort, corrected for 

multiple testing.  This variants chosen for this analysis are also shown and described in 

Table 2, with the exception of CAMTA1 and KIBRA, which were added because of they 

were significantly associated in a previous GWAS.  The APOE polymorphism from 

Table 2 is not shown here because it was not well-tagged on the genotyping chip. 

Gene Polymorphism Genotyped 

SNP 

r2 in 

Europeans 

 Lowest 

p 

Catechol-O-

methyltransferase 

(COMT) 

Nonsynonymous 

coding SNP (rs4680) 

rs4680 - 1.0 

Brain-derived 

neurotrophic factor 

(BDNF) 

Nonsynonymous 

coding variant 

(rs6265) 

rs6265 - 1.0 

5-HT2A receptor 

(HTR2A) 

Nonsynonymous 

coding SNP (rs6314) 

rs6314 - 1.0 

Cholinergic muscarinic 

2 receptor (CHRM2) 

3’UTR SNP 

(rs8191992) 

rs10246819 0.9 1.0 

Intronic SNP 

(rs2350780) 

rs2350780 - 1.0 
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Table 11 continued 

Cathepsin D (CTSD) Nonsynonymous coding 

SNP (rs17571) 

rs17571 - 1.0 

Kidney and Brain Protein (KIBRA) Intronic SNP (rs17070145) rs9313411 1 1.0 

Calmodulin binding transcription 

activator 1 (CAMTA1) 

Intronic SNP (rs7547519) rs7547519 - 1.0 

Intronic SNP (rs4908449) rs4908608 1 1.0 

 

4.3.3 Genome-wide SNP association study in homogeneous group 

To analyze a more homogeneous group, I also performed GWA analysis of these 

12 phenotypes by restricting my dataset to students of European ethnicity less than 30 

years of age.  Again, no SNP was found to be significantly associated after correcting for 

all tests in this set of 572 subjects (224 for full battery). 

4.4 Discussion 

GWA studies have revealed a limited role of common genetic variation in 

complex traits[85], especially psychiatric diseases{, 2007 #10;Muglia, 2008 

#91;O'Donovan, 2008 #100}.  It has been proposed that this inability to find single 

common genetic variants of large effect stems from the problem that such conditions are 

heterogeneous in nature, and that endophenotype measurements will be much more 

clean and amenable to genetic analysis[248].  Here I have studied a number of tests that 

assess underlying endophenotypes of a number of important psychiatric conditions.  I 

evaluated the performance of healthy volunteers on these tests and found that, 

consistent with what is observed for the end clinical conditions themselves, no single 
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common SNP makes a major contribution to variation in the population.  This is 

consistent with findings from model organisms that the distribution of effect size for 

causal common variants is the same regardless of the type of phenotype under 

study[249].  While my moderate sample size does limit my ability to detect variants of 

small effect, for Digit Symbol and Stroop Color-Word, both tests of executive function, 

we can conclude it is unlikely that any variant explains more than 3% of the variation, 

while for the other tests in our battery no variant explains more than 6%.  The effective 

power is even greater than 3-6%, as environmental covariates built into the regression 

model explained 15-58% of the variation in each phenotype.  For example Symbol 

Search, with covariates explaining 47% of the total variation, has an effective power of 

80% to detect variants explaining at least 3% of the remaining variation in the trait.  

Finding that no single common variant has a large effect on these phenotypes is 

consistent with a separate study our lab performed on phenotypes related to very 

specific aspects of memory[82] and with the emerging body of evidence that many key 

human phenotypes under long term selection are not heavily dependent on common 

variation in individually detectable polymorphisms.   

While none of the SNPs or common CNVs analyzed in this study met my 

threshold for declaring genome-wide significance, it is worth pointing out that many 

thousands of the SNPs analyzed had p-values much lower than those reported in typical 

candidate gene studies of comparable size, and many of the genes that are represented 
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could be argued to be strong candidate genes on the bases of influencing transmitter 

systems relevant to given traits or related criteria. This indicates that candidate gene 

studies may have been too liberal in their cutoffs for declaring an association significant. 

Although the sample size in this study precluded the discovery of variants 

affecting less than 3 to 6% of the variation in these traits, the results are consistent with 

the hypothesis that common diseases may be more influenced by deleterious variants 

held in low frequency by natural selection than by common variants of large effect as 

postulated by the common disease common variant hypothesis.  It is of course also 

possible that a great number of common variants of small effect influence such traits as 

was recently reported in a study on 

schizophrenia{TheInternationalSchizophreniaConsortium, 2009 #362}, or that many 

common variants interact with each other to influence risk.  However, since there are 

already multiple examples of rare variants impacting risk for psychiatric diseases[140, 

251, 252], it seems likely that characterization of such variants is the most promising 

strategy likely to progress the study of the genetics of psychiatric and other complex 

disease conditions.  Further, my results are consistent with the idea that identifying rare 

causes of disease will be more fruitful than efforts directed at genetically homogeneous 

endophenotypes. 
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5. Genetic influences on baseline cognition: rare variants 

(pilot study) 

5.1 Introduction 

As reviewed in section 1.2, GWAS has revealed a limited role of common genetic 

variation for many human complex traits; this has been particularly true of 

neuropsychiatric traits{, 2007 #10;Muglia, 2008 #91;O'Donovan, 2008 #100} and has also 

been true for endophenotypes such as those measured by the tests in our cognitive 

battery[45, 82]. This limited role indicates that such traits may be largely influenced by 

rare genetic variants of large effect.  While it is also possible that complex traits are 

mostly influenced by complex interactions of common genetic variants with each other 

and the environment, this hypothesis is very difficult to test; to be studied rigorously in 

the context of cognition, an extremely large cohort of well-described individuals would 

be needed.  The cohort described in this dissertation is not yet of a size to make such a 

study possible; it is also likely that the information I have collected about pastimes and 

strategies would not be sufficient for such an extensive work. 

As the GWA studies performed thus far have left much of the variation 

contributing to phenotypes unexplained, the next step in uncovering genetic sources of 

variation is likely to be whole-genome or whole-exome sequencing.  Because the costs of 

these methods are currently too high to allow sequencing of a very large number of 

individuals, studies must be designed to maximize the chance of discovery while 
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sequencing a small number of people.  One such study design is the extreme-trait 

method, where individuals from one or both ends of a trait distribution are sequenced 

and variants that are enriched in either group are identified (described in section 1.2.3.3). 

As the GWAS from Chapter 4 did not identify any associations that were 

significant after correction for multiple testing, I have begun to use the extreme-trait 

design to search for rare variants that affect cognition using whole-exome sequencing.  

Here I have compared the variants called by exome sequencing in 10 individuals from 

each end of the PC1 distribution for young individuals of European ethnicity. 

5.2 Methods 

5.2.1 Exclusion criteria 

Subjects were excluded from this study if they were taking any psychiatric 

medications, were diagnosed with any neurological disorder, had a head injury 

resulting in memory problems, were diagnosed as learning disabled, ADD or ADHD, 

had difficulty with English, had any psychiatric history, had never finished a college 

degree (except for current students), reported current regular drug use, or were over the 

age of 29.  Additionally, individuals who were not clearly of European ethnicity by 

EIGENSTRAT analysis were excluded, and individuals who performed poorly and 

either had a BDI above 13 or reported atypical conditions on the testing- day, such as a 

lack of sleep or an illness, were excluded.  This resulted in a list of 218 sequencing 
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candidates.  The top and bottom 10 individuals for PC1 score, representing the top and 

bottom 4.5%, were chosen for whole-exome sequencing (Figure 8). 

 

Figure 8: Distribution of PC1 in sequenced subjects 

Shown in beige is the distribution of PC1 for all 1,048 individuals described in Chapter 2.  

In black with no fill is the distribution of the 218 individuals considered in this chapter, 

and with black fill are the individuals who had their exomes sequenced. 

5.2.2 Sequencing, alignment and variant calling 

For this study, 19 samples had DNA that had been extracted from blood and 1 had 

DNA from saliva (extraction methods described in section 4.2.2).  The DNA was 

processed through exon capture using the Agilent SureSelect Human All Exon Kit (Santa 

Clara, California, USA) and then sequenced with the Illumina Genome Analyzer II (San 

Diego, California, USA) using the manufacturers’ protocols. In brief, the DNA was 

sheared using the covaris E210 followed by end repair, addition of a single A base, 

adaptor ligation, gel electrophoresis to isolate 350-400 bp fragments, and then PCR 

amplification.  Next, the size-selected libraries were hybridized to RNA baits that each 
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contained bases corresponding to an exon, and the hybridized strands were pulled out 

with magnetic beads, amplified by PCR and used for cluster generation on the flow cell.  

All prepared flow cells were run using the paired-end module, with read lengths of 

approximately 110 bases. 

DNA was aligned to the reference genome (NCBI Build 36 Ensembl release 50) 

using the BWA software[162].  SAMtools was used to remove potential PCR duplicates 

via the rmdup command[164].   It was also used for variant identification using the pileup 

command with the –c option and default settings.  The variants were then filtered using 

SAMtool’s variation filter with the default settings but removing the filter for a maximum 

allowed coverage per variant by setting it to 10 million.  All SNVs were screened for 

quality by requiring a SNP quality score of at least 20, a consensus score of at least 20, 

and at least 3 reads supporting the variant; for indels, an indel quality score of 50, an 

indel consensus score of 20 and at least 3 reads supporting the variant were required.  

Selected variants were visually confirmed by inspecting the read alignments using 

SAMtools’ Text Alignment Viewer[164]. 

For this study, coverage was defined as the mean read depth of bases that were 

intended to be captured by SureSelect; these bases, which include most protein-coding 

exons and about 100bp into their surrounding introns, represented 1.3% of the genome.  

All analyses in this study were restricted to the regions that are captured by SureSelect. 

The same criteria for variant calling were used for 68 control genomes and 8 

control exomes that had been sequenced as part of other projects in our lab. 
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5.2.3 Burden Analysis 

The number of variants in each annotated functional category was determined 

for each individual.  The totals for the 10 high PC1 and the 10 low PC1 were calculated 

and stratified by their presence in dbSNP (to isolate rarer variants).  A one-tailed 

unpaired t-test with unequal variance was performed in Microsoft Excel (2007) to 

compare the totals for these extreme groups, with a p-value of 0.01 required for 

significance. 

5.2.4 Fisher’s exact 

The Fisher’s exact command in SVA[177] utilizes plink[240] and outputs results 

for dominant, recessive, trend, genotypic, and allelic models.  Here, only the trend 

model was considered. The comparisons performed were high PC1 versus low PC1 (the 

results of this analysis were used to identify variants enriched in either the low PC1 or 

high PC1 groups) and high PC1 versus both low PC1 and 76 controls.  As a major effect 

of common variants had already been ruled out by GWAS, all variants with a minor 

allele frequency of at least 0.05 in the 76 controls were excluded.  After this exclusion, 

there were 16,375 variants left in the analysis that compared high PC1 to low PC1, 

requiring a p-value of 3.1x10-6 to declare statistical significance.  In the comparison of 

high PC1 to all 86 controls, variants were also excluded if more than 20% of the variants 

found in controls came from the low PC1 group, as these were likely to be artifacts 

stemming from the larger number of genomes than exomes in the controls.  After these 
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exclusions, 25,569 variants were left in the analysis, requiring a p-value of 2.0x10-6 to 

declare significance. 

5.2.5 Follow-up genotyping 

rs61735696 was genotyped using a TaqMan® (Applied Biosystems) assay and 

standard protocols. Results were visualized using a 7900 HT Fast Real-Time PCR 

System, and genotypes were successfully obtained for 554 other individuals who had 

taken the full battery.  The association of this variant with PC1 was determined using a 

linear regression model in STATA[225], and a p-value of 0.05 was required to declare 

significance. 

5.3 Results 

5.3.1 Sequence and variant quality 

The coverage for the exomes from the blood samples ranged from 64.5x to 

110.1x, with a mean coverage of 74.9x and 92.1% of bases covered at least 5x.  The 

coverage for the exome from saliva was 93.4x, with 95.1% of bases covered at least 5x. 

There were an average of 23,349 SNVs and 2,364 indels called in the exomes, and 

the number variants called in the saliva sample was well within the range found for the 

blood samples (Table 12).  There was a trend for fewer of the saliva variants to be 

already known, however: 93% of the blood SNVs were found in dbSNP, as compared to 

89% of those from the saliva sample. 
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Table 12: Variants found in exomes 

For blood, the numbers shown are mean (range).  For this listing, variants that were 

called homozygous but had a read depth below 10 were re-classified as heterozygous. 

 

Variant Function Blood Saliva 

Het Hom Total Het Hom Total 

SNVs Nonsynonymous 

coding 

4,506 

(4,188-

4,820) 

2,462 

(2,113-

2,731) 

6,967 

(6,464-

7,464) 

5,404 2,541 7,945 

Synonymous 

coding 

3,883 

(3,659-

4,149) 

2,194 

(1,912-

2,471) 

6,077 

(5,678-

6,496) 

4,636 2,348 6,984 

Stop lost 8 (3-12) 3 (2-5) 11 (8-15) 7 1 8 

Stop gained 37 (27-43) 10 (7-

14) 

47 (38-54) 42 10 52 

Potential splice site 834 (746-

886) 

472 

(411-

521) 

1,306 

(1,218-

1,389) 

503 243 746 

Intronic 4,308 

(3,986-

4,576) 

2,438 

(2,163-

2,699) 

6,746 

(6,313-

7,275) 

5,186 2,611 7,797 

5'UTR 414 (342-

458) 

193 

(163-

245) 

607 (526-

703) 

505 217 722 

3'UTR 472 (433-

514) 

269 

(227-

304) 

741 (682-

818) 

577 290 867 

Exonic non-coding 

RNA 

41 (28-57) 18 (11-

26) 

60 (47-79) 55 20 75 

Intergenic 403 (367-

451) 

208 

(160-

256) 

611 (534-

683) 

1,029 509 1,538 

Total 14,904 

(12,923-

15,882) 

8,266 

(7,199-

9,172) 

23,171 

(21,586-

24,849) 

17,944 8,790 26,734 

Indels Coding disrupting 

frameshift 

376 (105-

2,067) 

10 (5-

14) 

386 (114-

2,076) 

219 14 233 

Coding disrupting 

non-frameshift 

97 (85-

127) 

4 (2-7) 101 (87-

131) 

107 2 109 
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Potential splice site 353 (312-

400) 

15 (9-

23) 

367 (323-

417) 

402 16 418 

Intronic 1,207 

(1,034-

1,534) 

119 (95-

157) 

1,326 

(1,167-

1,640) 

1,345 129 1,474 

5'UTR 30 (22-39) 6 (4-11) 36 (26-44) 37 7 44 

3'UTR 77 (58-

110) 

6 (3-10) 83 (65-

115) 

89 7 96 

Intergenic 123 (103-

165) 

6 (3-9) 129 (110-

171) 

138 3 141 

Total 2,192 

(1,720-

4,343) 

166 

(130-

218) 

2,359 

(1,870-

4,496) 

2,263 182 2,445 

 

5.3.2 Burden analysis 

There was no statistically significant difference in the total number of SNVs or 

indels found in the cases and controls.  This was still true when restricting to rare 

variants (not found in dbSNP) and/or protein-truncating variants (stop gains or losses or 

frameshift indels).  For example, the total number of protein-truncating SNVs found in 

high PC1 exomes was 116, vs. 108 in the low PC1 exomes. 

5.3.3 Fisher’s exact 

A Fisher’s exact test was performed in SVA[177] to identify variants (SNVs or 

indels) that were significantly different between groups, after excluding common 

variants.  No variant survived correction for multiple testing in the comparison of the 10 

high PC1s to the 10 low PC1s; the lowest p-value was 3.4x10-3, representing an 

imbalance where 0 of 10 high PC1s had a variant that was found in 6 of 10 low PC1s.  
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For analysis of variants enriched in the low PC1s, I therefore concentrated on the 38 

variants that were found in at least 4 low PC1s and 0 high PC1s.  A visual inspection of 

the alignments for these variants confirmed 28 as likely to be real.  Two of these were 

nonsynonymous coding variants in genes that have been implicated in nervous system 

development (EPH receptor A7 (EPHA7) and laminin, alpha 3 (LAMA3)); however, 

HapMap listed MAFs above 0.05 for both of these variants and thus they were not 

followed up further. 

For analysis of variants enriched in the high PC1s, another Fisher’s exact test was 

performed using both the 76 controls and the low PC1s as controls.  After excluding 

common variants and correcting for multiple testing, 42 variants were found to be 

significantly different between these two groups.  Visual inspection of the alignments for 

these variants showed that 12 appeared to be real; the others appeared to be false calls 

due to alignment error or sequencing mistakes.  Two were nonsynonymous variants in 

genes with known nervous system functions (reticulon 4 (RTN4) and sidekick homolog 

1, cell adhesion molecule (chicken) (SDK1)); however, the variant in RTN4 was found to 

have a MAF above 0.05 in HapMap. The nonsynonymous variant in SDK1 (rs61735696) 

has a CEU MAF of 0.014; it was found in 3 high PC1s and 0 controls. 

5.3.4 Follow-up genotyping 

Because rs61735696 was neither genotyped on the Illumina Humanhap610 nor 

tagged with an r2 > 0.8 by any SNP on the chip, and was thus not covered by the analysis 



 

 100

in Chapter 4, this variant was genotyped separately in 554 other individuals randomly 

chosen from the PC1 distribution.  This variant was found to have a MAF of 0.05 in this 

group, and it did not associate with PC1 when analyzed either alone or with the set of 

covariates used for the GWAS in Chapter 4. 

5.4 Discussion 

A comparison of 10 low PC1 exomes to 10 high PC1 exomes did not identify 

variants with p-values that could survive correction for multiple testing, which was 

expected with a sample size this small.  Additionally, most of the significant variants 

identified by comparing 10 high PC1 exomes to 86 controls were found to be from false 

variants, with 12 exceptions.  However, all but one of these variants were non-coding, in 

a gene with no obvious connection to cognition, or with a MAF in HapMap above 0.05. 

Follow-up genotyping of the one remaining variant, rs9328733, in 554 other individuals 

with PC1 scores did not replicate this association. 

The negative results found in this study match those in the GWAS of common 

variants described in Chapter 4.  However, this exon capture study was severely 

underpowered to find any significant differences between the PC1 extremes.  Correction 

for multiple testing required a p-value of 3.1x10-6, and the best p-value that can be 

obtained from a Fisher’s exact in a study with 10 cases and 10 controls is 1x10-5.  The 

comparison of 10 high PC1s to all 86 controls was better able to meet the requirements 

for significance, but was hampered by the lack of knowledge about the cognitive status 
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of the 76 random controls and the fact that most control samples had been sequenced by 

whole-genome sequencing, which could lead to biases in the calling of certain variants 

even though the analysis was restricted to the regions that are captured by SureSelect.  

This problem was made evident by the fact that most of the variants that were 

associated in this comparison proved to be false calls when visually inspected; this was 

not true of the top associations in the comparison that was restricted to the 20 extreme 

exomes.  Additionally, there were 11 significantly associated variants that have not yet 

been followed up because of their annotation characteristics; it is still possible that some 

of these associations will be shown to be real once they are followed up. 

One interesting aspect of this study was the finding that the DNA from a saliva 

source produced results comparable to those from a blood source.  Because of the 

random nature of whole-genome sequencing, only samples that are not contaminated by 

foreign DNA can be trusted to give accurate results.  Saliva samples are contaminated by 

bacterial DNA and are therefore not suitable for this use.  However, it was not known if 

they would be suitable for exome sequencing: the exon capture step enriches for the 

desired DNA segments, but it was possible that there would be enough foreign DNA 

present that the resulting sequence quality and coverage would be lower. The results of 

this study show that a saliva sample can produce an exome that is comparable in quality 

to the exomes for DNA from blood; exon-capture of additional saliva samples should be 

performed to validate this result. 
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In this study, I performed a burden analysis to determine if rare variants or 

variants with clear potential for a deleterious function, such as protein-truncating and 

nonsynonymous variants, were more common in individuals with a low PC1 than in 

individuals with a high PC1.  The hypothesis for this test was that individuals with a 

low PC1 might have a greater burden of deleterious variants, or genetic load, than did 

individuals with a high PC1.  In this study of young, healthy individuals of European 

ethnicity, this hypothesis was not supported. 

One shortcoming of this study is the lack of information about structural 

variants.  While exome sequencing produces extensive data on exonic SNVs and small 

indels, which are usually considered to be the variants of most interest, it misses all large 

structural variants, including those affecting transcripts.  Another problem with the 

current analysis methods available for Next Generation sequencing, whether whole-

genome or whole-exome, is the quality and reliability of the indels that are called.  Most 

of the variants that were followed up in this study and determined not to be real were 

indel calls.  Indels can be difficult to align and call correctly because of repetitive 

sequences, homology to other genes and sequencing mistakes.  Currently, these 

difficulties can result in many false-positive associations. 

Although whole-genome and -exome sequencing studies have already identified 

causal variants for multiple diseases using very small sample sizes[149-151, 153, 161], 

none of these studies have been performed on a trait as complex as cognition.  It is likely 
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that complex traits will require larger sample sizes than do Mendelian diseases when 

determining the underlying genetic contributions. 

It is also likely that multiple variants in multiple genes will affect the traits of 

interest.  It is therefore crucial to use analysis methods that can take multiple rare 

variants into account.  SVA’s gene prioritization function will be useful for just such an 

analysis[177].  This function first excludes all of the common variants in the genome or 

exome.  Then, it counts up all the variants of a certain function (options of stop gain; 

stop gain or nonsynonymous; or stop gain or nonsynonymous predicted by the MAPP 

software[253] to be intolerable)  in each gene in the cases and controls and ranks the 

genes according to the enrichment of such variants in the cases.  This function will be of 

great utility in future analyses, but the exact parameters to use for a study of cognition 

are not straightforward.  One might assume that protein-truncating or intolerable 

nonsynonymous variants could predispose an individual to a low PC1, but this scenario 

seems less likely when looking for enrichment of variants in individuals with high PC1. 

Although my search for rare variants that influence cognition has not yet been 

successful, this is not a surprising outcome given the small sample size and early-stage 

analysis methods used here. Future work in this area may yield more satisfactory 

results. 
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6. Environmental and genetic influences on cognitive 

response to topiramate 

6.1 Introduction 

Understanding the genetic contributions to the manner in which an individual’s 

cognitive performance responds to a drug would not only provide information about 

how the drug affects the brain, but also more generally about the biological processes 

that govern cognition.  Topiramate is an antiepileptic drug that has been shown to have 

marked, treatment-limiting side effects on specific aspects of cognitive performance, 

both in patients and in healthy volunteers[203-205].  As these severe side-effects occur 

only in certain individuals, identifying genetic or environmental variables that influence 

one’s cognitive response would be of great utility in determining whether to administer 

this drug to a patient in the clinic. 

It has been demonstrated that topiramate affects cognition within three hours of 

taking the first dose and that the level of cognitive inhibition is similar to that 

experienced after long-term topiramate use[215].  Furthermore, topiramate has a 20-30 h 

half-life[182] and is thus cleared from the body within a few days; it has been well-

documented that side effects resulting from topiramate use cease once the drug is 

cleared from the body[206-208, 254-259]. Additionally, it has no known permanent side 

effects resulting from a single dose. 
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This drug is therefore suited to a pharmacogenetics study in which healthy 

volunteers are given an acute dose.  This method is likely to be particularly useful for a 

genetic study requiring a large sample size and a clean phenotype, as studies involving 

epilepsy patients would likely be confounded by individual variations in dosing and 

titration, concomitant drug use, and the effects of epilepsy on the brain, in addition to 

the difficulties involved in gathering a large sample size of patients who were measured 

using the same cognitive battery.  Here, I have administered a brief cognitive battery to a 

group of 158 healthy volunteers both at baseline and at approximately two hours after 

dosing with 100 mg of topiramate.  I have characterized their score changes relative to 

demographic variables and to 206 healthy volunteers who took the battery twice 

without drug.  Additionally, I have performed a GWAS of cognitive response to acute 

topiramate exposure and compared the results to a GWAS of adverse cognitive effects in 

epilepsy patients taking topiramate. 
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6.2 Methods 

6.2.1 Subjects and exclusion criteria 

For this study, subjects who had taken the full battery as described in Chapter 2 

were invited to take the test a second time, either with or without topiramate.  All those 

who were invited for a second testing were screened to exclude individuals with a 

history of reported neurological conditions, a serious psychiatric history, a learning 

disability, a history of a head injury currently impacting memory, or who were currently 

taking a drug or combination of drugs that was decided by a pharmacist as likely to 

impact their cognition or be indicative of a cognitive impairment. 

Those who were invited to take topiramate were further screened to remove 

individuals who were taking any antidepressants, anxiolytics, psychostimulants like 

Ritalin, prescribed analgesics, or antipsychotics, as well as individuals who had a history 

of drug or alcohol abuse, had previously taken topiramate and had an adverse reaction, 

were depressed, or had clinically significant cardiovascular, endocrine, hematopoietic, 

hepatic, neurologic, psychiatric, or renal disease.  All females were required to pass a 

pregnancy test before being administered topiramate, and all individuals were required 

to have a BDI score below 14.  Furthermore, subjects were advised to use contraception 

while taking topiramate and were required to agree to not drink alcohol, use 

recreational drugs, or drive a car for 24 h after taking topiramate. 
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There were 206 individuals who took the cognitive test twice without topiramate.  

The mean ± SD time between testing sessions was 186 ± 33 days.  There were 128 

individuals who took topiramate at their second testing session: here the time between 

tests was 308 ± 250 days. Thirty of the individuals who took the test twice without 

topiramate also took it a third time with topiramate, and the time between their second 

and third tests was 810 ± 128 days.  Different versions of the Green Prose Recall and 

COWA were used consistently at the second and third test sessions. 

6.2.2 Topiramate testing session 

Each subject was given a 100 mg dose of topiramate, administered by a nurse.  

After 2.0 ± 0.4 hours (when plasma levels of the drug usually peak[260-262]), the 

individual had their blood drawn (for measurement of topiramate blood levels; blood 

draw was not performed on 17 individuals) and was then asked to describe any side 

effects they were experiencing, without prompting for specific symptoms.  The 

individual was also asked to rate on a scale of zero to ten how much they thought the 

topiramate was affecting their brain, and then the cognitive battery was administered.  

After the battery, the individual was given an unopened can of soda at a temperature of 

4-8°C, with a choice of Coke, Diet Coke or Sprite.  The individual was asked if the soda 

tasted differently from normal, and was further asked to give details about any 

difference.  They were then asked again to rate the level to which topiramate was 
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affecting their brain on a scale of zero to ten, and were then asked a series of specific 

questions about side effects (shown below in Table 15). 

6.2.3 Topiramate blood levels 

The blood collected for topiramate blood levels was spun at 10,000 x g for 10 min, 

at least 5 min and less than 2 h after the blood was drawn.  There were 9 samples that 

were centrifuged between 2 and 4.5 h after the blood draw; their blood levels did not 

appear to be different from the others.  The supernatant was removed and stored at -

80°C until analysis.  Quantitation of the topiramate levels was then achieved through a 

simultaneous assay that was developed for the measurement of nine AEDs[263].  

Topiramate and its internal standard d12-topiramate were obtained from Toronto 

Research Chemicals (North York, Canada).  Drug was isolated from 100 uL of plasma on 

Strata-X 30-mg (Phenomenex) SPE cartridges.  A calibration curve of six standards 

ranging from 0.375-30 ug/mL was used for quantification with QC samples of 0.625, 2.5, 

and 25 ug/mL for accuracy measurements.  The limit of quantification was set at 0.375 

ug/mL, and a limit of detection was defined as a signal to noise ratio of 3:1 or less.  

Separation and analysis of topiramate and the d12-topiramate levels were carried out on 

a 2010A Shimadzu single-quadrupole HPLC-MS system with APCI interface, a SCL-

10Avp system controller, dual LC-10ADvp pumps, SIL-10ADvp autoinjector, and a 

DGU 14A degasser.  The separation was achieved on a Shimpak XR-ODS (50 mm X 4.6 

mm id, 2.2 u particle size) column using a 14-41% organic gradient, reversed phase 
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elution and a flow rate of 0.8 mL/min.  Mobile phases consisted of a 20 mM acetate 

buffer (pH-5.6) and a mixed organic solution of 6.5% tetrahydrofuran, 61.3% acetonitrile, 

and 32.2% methanol. The assay was validated for topiramate by running five calibration 

standards and three QCs in triplicate on five different days.  Accuracies were reported 

as ± 6.34%, ± 1.14%, and ± 11.20% for the low, middle, and high QCs, respectively.  The 

coefficient of variance for within- and between-day variability was < 9.56% and < 8.9%, 

respectively.  Because of inaccuracies in measurement stemming from the inherent 

tendency of a linear regression to fit the high end of a curve more heavily than the low, 

the values were weighted using the 1/X2 method, which has been shown to be more 

accurate than other methods[264]. In this method, the known concentrations of the 

calibration curve are X, and this data is used to generate a correction factor for each level 

of the curve.  These correction factors are then used to calculate a new slope, intercept, 

delta, and r2 for the calibration curve.  All samples are then fit to this weighted curve to 

achieve the weighted levels. 

Of the 138 blood samples, topiramate was not detected in 3; these samples had 

been drawn at only 0.91, 1.00 and 1.08 h after topiramate administration.  These three 

samples were excluded from the genetic analyses of cognitive response. 

6.2.4 Data analysis 

To quantify the change scores, I used standardized regression based models as 

described below[265].  This approach uses regression modeling to derive prediction 
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equations for retest scores based on initial baseline performances, while taking into 

account the impact of demographic and other variables that can impact the rate of 

change. As such, the equations are then applied as the normative standard to determine 

to what degree each participant’s observed rate of change differs from expectation. 

First, linear regression models were built to describe the change in test score for 

the 206 individuals who took the test twice without topiramate.  The change in test score 

(T2 – T1) for each of the 11 cognitive tests was determined and used as the dependent 

variable, and the independent variables tested in the model were initial test score (T1), 

days between test sessions, ethnicity, age, education, gender, native language, PC1 at T1, 

BDI at T1 and BDI at T2.  A p of 0.05 was required for inclusion in the model, using a 

forward regression with the stepwise pe command in STATA[225] (Table 13).  Strategies 

and pastimes were not tested as covariates because 91 of these subjects never completed 

the full questionnaire.   

Table 13: Factors influencing normal change in test score 

Only variables influencing the model with p<0.05 are included here.  Each variable is 

followed by (+), to signify that it influenced the score toward a better outcome, or (-), to 

signify a worse outcome.  The r2 is the percent of variation in change scores explained by 

these variables. 

 

Test Significant covariates r2 

Immediate Story 

Recall 

Initial score (-), Initial PC1 (+) 0.27 

Delayed Story 

Recall 

Initial score (-), Initial PC1 (+), Male (-), Initial BDI (+), 

English second language (+) 

0.26 

TrailsA Initial score (-), Initial PC1 (+), Age (-) 0.24 

TrailsB Initial score (-), Initial PC1 (+), Male (-), Age (-) 0.33 
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Table 13 continued 

Digit Span Forward Initial score (-), Initial PC1 (+) 0.28 

Digit Span Backward Initial score (-), Initial PC1 (+), Male (+) 0.23 

COWA Initial score (-), Initial PC1 (+) 0.20 

Digit Symbol Initial score (-), Male (-), Age (-) 0.07 

Animals Initial score (-), Initial PC1 (+) 0.27 

Symbol Search Initial score (-), Initial PC1 (+), Age (-) 0.12 

Color-Word Initial score (-), Initial PC1 (+), Age (-) 0.15 

 

These regression models indicate how variables such as age influence change in 

test scores.  Next, these standardized regression based models[265] were used to 

calculate expected change scores for each individual, including those who took 

topiramate.  For individuals who had taken the test three times, change was calculated 

as T3 – T2. The difference between the expected change score and the actual change 

score was calculated and then normalized by dividing by the standard error of the 

estimate (SEE).  The scaled SRB change scores for each test are the values that were used 

for analysis and descriptive purposes in this study.  Change on each test was analyzed 

as its own phenotype, and in addition, principal component analysis was performed on 

the 11 SRB change scores; the first axis was found to account for 35% of the variability in 

change scores for those who took topiramate, and it was used as a measure of the overall 

change in score, ChangePC1. 

Forward linear regression models were then built for each cognitive response 

phenotype, again using the stepwise pe function in STATA[225], restricting to 

individuals who took topiramate.  The independent variables tested were age, 
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education, weight, native language, BDI at testing session, days between test sessions, 

time between topiramate administration and battery, topiramate blood levels, whether 

or not it was their third time taking the test, ethnicity (EIGENSTRAT[239] axes) and 

gender.  Additionally, the pastimes and strategies shown in Chapter 3 to have the 

strongest influences on test scores were tested as potential covariates.  This included: for 

Digit Span Forward and Backward, the use of a grouping strategy; for COWA, whether 

currently plays word games, whether does an activity similar to this test, whether 

substituted letters to form new words, and whether used the same word with a different 

meaning (determined by examiner); and for Animals, whether does an activity similar to 

the test, whether grouped animals by habitat (determined by examiner), and whether 

subcategorized animals (determined by examiner).  Topiramate blood levels were also 

analyzed as a phenotype; again the stepwise pe function was used in STATA to test the 

effects of the independent variables of weight, time til blood draw, age, ethnicity, and 

gender. 

Additionally, the following side effects were considered as case-control 

phenotypes: 1) soda tasted less carbonated, 2) soda tasted less sweet, 3) soda tasted 

normal, 4) ever reported paresthesia, and 5) ever reported nausea.  Logistic regression 

models were built for each of these phenotypes in STATA, and the independent 

variables tested were blood levels, weight, ethnicity, gender, time til test, age, BDI, and 

education; ChangePC1 and the post-test self-rated effect of topiramate were also tested 
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as potential covariates to monitor their effects.  Additionally, logistic regression models 

were also built for the side effects of dizziness, tiredness or light-headedness (grouped 

together) or confusion, concentration difficulties or difficulties with words (grouped 

together), although these were not included as phenotypes for genetic analysis because 

more quantitative measures of such side effects were provided by the cognitive tests. 

A linear regression model in STATA was also used to determine the r2 between 

the self-rated effect of topiramate and ChangePC1.  A Fisher’s exact in STATA was used 

to determine if the perception of taste differences differed significantly by soda type. 

6.2.5 Analysis of epilepsy patients taking topiramate 

I also had retrospective information available for 493 epilepsy patients who had 

taken topiramate for seizure prevention.  These patients were recruited through the 

Duke EPIGEN study, a retrospective IRB-approved observational study of chronic 

epilepsy patients at Duke University Medical Center (DUMC) and at the Université 

Libre de Bruxelles in Brussels, Belgium.  A DNA sample was obtained from each patient, 

and medical records were reviewed retrospectively.  Selected clinical data, including a 

comprehensive past medical history and demographic information, epilepsy diagnosis, 

seizure type and frequency, drug initiation and stop dates, and adverse effects from 

AEDs were recorded in a relational database (InForm).   

This study involved 279 patients from the Duke site and 214 patients from the 

Belgium site; they were analyzed as one group. Using the medical records in the 
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database, word-finding difficulty, defined as tip-of-tongue aphasia or difficulty 

retrieving words, was identified by either patient reports or clinical evaluation. Patients 

were classified as cases if there was evidence in the InForm database, enrollment 

interview, or clinic notes that the patient had experienced word-finding difficulty or 

cognitive adverse effects with a reasonable relationship to the initiation of topiramate.  

Patients who did not report any ADRs with topiramate use were classified as controls. 

There were 167 patients who were excluded from the study due to lack of information 

that made classification difficult. 

The association of monotherapy, concomitant use of valproic acid, levetiracetam, 

or lamotrigine, family history of epilepsy, history of head injury, febrile seizures, or 

neural disease (i.e., meningitis, encephalopathy, etc.), and left temporal epileptic focus 

with cognitive adverse effects was determined using a chi-squared test. The titration 

rate, maximum dose, and maintenance dose were not considered because of insufficient 

data.  Of the variables tested, only a history of head injury and concomitant use of 

levetiracetam were found to be have significant effects on whether the patient 

experienced word-finding difficulty or cognitive adverse effects with topiramate use. 

6.2.6 Genome-wide association study 

All but three samples from healthy volunteers were successfully genotyped 

using the Illumina HumanHap chip (12 on the 1 million, 42 on the 550, and 101 on the 

610) and had been used in the cognition GWAS described in Chapter 4. 
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Samples from the epilepsy patients were genotyped using the 610 and 

underwent the same QC procedures as the healthy controls. 

Linear regressions for each continuous phenotype were performed using 

plink[240].  The covariates used in analyses of cognitive response are shown in Table 14; 

for blood levels, the covariates used were weight and time til testing.  EIGENSTRAT 

axes and gender were always used as covariates regardless of significance.  The 

minimum MAF was set to 0.018.  Because of the small sample size and because a logistic 

regression in plink does not indicate when a variant perfectly cosegregates with a trait, a 

Fisher’s exact regression (which does not allow covariates) was used for the case-control 

phenotypes recorded in the healthy volunteers.  Testing 18 phenotypes by an average of 

574,000 SNPs each requires a p-value of 4.8x10-9 to declare significance after correcting 

for multiple tests. 

For the epilepsy patients, a separate logistic regression was performed in plink, 

with a minimum MAF of 0.003.  Thirty-six individuals were removed as 

EIGENSTRAT[239] outliers, resulting in a final sample size of 290. The covariates used 

were the seven significant EIGENSTRAT axes and gender; other covariates were not 

used because their effects were small (p>0.01) and the data was missing for many 

patients.  The p-values for this case-control study were combined with the ChangePC1, 

COWA and Animals GWAS p-values using Stouffer’s Z score method. 
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Power calculations for association analysis were performed using the PowerCalc 

software at (http://www.genome.duke.edu/labs/goldstein/software/)[244].  The 

parameters used in PowerCalc were LD of 1 between SNP and causal variant, sample 

size equal to 135, number of SNPs equal to 10,332,608 (49,428 for candidate gene 

analysis), and covariates and variance explained by covariates to zero. 

6.2.7 Candidate gene analysis 

Genes with functions that were more likely to be affected by topiramate were 

selected as candidate genes.  They were identified by pulling all genes with the gene 

ontology (GO)[266] molecular functions of kainate selective glutamate receptor activity 

(GO:0015277), AMPA selective glutamate receptor activity (GO:0004971), carbonic 

anhydrase activity (GO:0004089), GABA receptor activity (GO:0016917), GABA receptor 

binding (GO:0050811) or sodium channel activity (GO:0005272) or the GO cellular 

components of kainate selective glutamate receptor complex (GO:0032983), AMPA 

selective glutamate receptor complex (GO:0032281) or sodium channel complex 

GO:0034706 from BioMart (Ensembl Genes 58, GRCh37)[267].  Additionally, the genes 

phosphoglycolate phosphatase (PGP) and MARCKS-like 1 (MARCKSL1) were chosen 

because they are known to function as multidrug resistance proteins.  SNPs defined in 

BioMart (Ensembl Variation 58, dbSNP130) as residing within, upstream or downstream 

of these genes were identified; if they were on the Illumina HumanHap 610 and had 

been included in the GWAS, they were analyzed separately for significance, with 
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correction only for these SNPs (2,746 SNPs x 18 phenotypes required a p-value of 1.0x10-

5). 

6.3 Results 

6.3.1 Normal change in test scores 

Variables found to influence normal change in test score, in the 206 individuals 

who took the test twice without topiramate, are shown in Table 13.  It was found that 

change in all test scores was negatively impacted by score at the previous test session 

and positively impacted by PC1 at the previous session.  The exception was Digit 

Symbol, which was only influenced by the initial test score and not the initial PC1.  

Additionally, males had more of a negative change on Delayed Story Recall, TrailsB and 

Digit symbol, and more of a positive change on Digit Span Backward.  Age had a 

negative effect on TrailsA, TrailsB, Digit Symbol, Symbol Search, and Color-Word, and 

native language and initial BDI had positive effects on Delayed Story Recall. 

6.3.2 Change after taking topiramate 

The only test that topiramate did not affect was Color-Word (Figure 9). All of the 

other tests in the battery were significantly affected by topiramate, and the percent of 

variation in change in test score explained by whether or not the subject took topiramate 

varied from 15 to 51%, with 59% of the variation in ChangePC1 explained by this 

variable (Figure 9, Table 14).   
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Figure 9: Change in test scores by whether or not took topiramate 

Here, the SRB change scores of all 158 individuals (black outline, no fill) who took 

topiramate are compared to the 206 who did not (beige fill) for a subset of the tests.  

Immediate Story Recall, COWA and ChangePC1 all show clear effects of topiramate, 

while Color-Word does not. 
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Table 14: Effect of topiramate, topiramate blood levels and other covariates on change in test score 

The regression model built to determine the percent of variation in test scores explained by whether the subject took topiramate 

included all 206 subjects who did not take topiramate and all 158 who did.  The regression models built to determine the percent of 

variation in test score explained by topiramate blood levels and other variables was restricted to the 135 subjects who took 

topiramate, had blood levels measured and were included in the GWAS.  

 

Test Cognitive 

areas   

Past studies 

show effect? 

Effect 

in this 

study 

r2 for taking 

topiramate 

(n=364) 

r2 for 

topiramate 

blood levels 

(n=135) 

Additional 

significant covariates 

(n=138) 

r2 of full 

model 

(n=135) 

Immediate 

Story Recall 

Verbal 

Episodic 

Memory   

Uncertain[207-

210]   

Yes 0.15 0.11  0.11 

Delayed 

Story Recall 

Verbal 

Episodic 

Memory   

Uncertain[207-

211, 217]   

Yes 0.22 0.17 Ethnicity 0.25 

TrailsA Attention, 

Processing 

Speed   

Uncertain[206, 

212, 214, 268]   

Yes 0.31 0.15  0.15 

TrailsB Attention, 

Processing 

Speed, 

Executive 

Control   

Uncertain[206, 

212, 214, 268]   

Yes 0.28 0.15  0.15 

Digit Span 

Forward 

Working 

Memory   

Yes[206, 212, 

214]   

Yes 0.25 0.09 Native language, 

grouping 

0.14 
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Digit Span 

Backward 

Working 

Memory    

Uncertain[193, 

206-208, 212, 214, 

268]   

Yes 0.21 0.07 Grouping 0.09 

COWA Verbal 

Fluency, 

Executive 

Control   

Yes[206-212, 214, 

215, 217]   

Yes 0.51 0.16 BDI 0.21 

Digit 

Symbol 

Processing 

Speed, 

Working 

Memory, 

Executive 

Control   

Yes[207, 210, 

216]   

Yes 0.20 0.16  0.16 

Animals Semantic 

Fluency   

Yes[208, 210, 

212, 215]   

Yes 0.34 0.08 Ethnicity, time til 

testing, 

subcategorizing, 

grouping by habitat 

0.25 

Symbol 

Search 

Processing 

Speed, 

Executive 

Control   

Unknown   Yes 0.49 0.21  0.21 

Color-Word Attention, 

Executive 

Control   

No[209, 210, 217]   No 0.01 0  0 

ChangePC1   Yes 0.59 0.35 Native language 0.37 
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When restricting to individuals who took topiramate, the biggest factor 

influencing change scores was the topiramate blood levels (r2 between 0.07 and 0.21 

depending on the test; r2=0.35 for ChangePC1).  Blood levels were available for 141 of the 

individuals who took topiramate; they were normally distributed and 38% of their 

variation was explained by weight and the time from topiramate administration to 

testing (Figure 10). 

  

 

Figure 10: Topiramate blood levels 

Shown is the normal distribution of the topiramate blood levels, the positive relationship 

between blood levels and the time til blood draw and the negative relationship between 

blood levels and weight. 
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After accounting for weight and time til blood draw, linear regression showed 

that there was a trend for males to have lower topiramate levels than females (p=.009).  

There was no significant effect of age or ethnicity on blood levels. 

In addition to blood levels, some other variables were found to influence the SRB 

change scores in those who took topiramate.  Ethnicity affected Delayed Story Recall, 

use of the grouping strategy affected Digit Span Forward and Backward, native 

language affected Digit Span Forward and ChangePC1, BDI affected COWA, and 

ethnicity, time til testing, and use of the subcategorizing and grouping by habitat 

strategies affected Animals. 

6.3.3 Reported side effects 

Before and after testing, subjects reported the level to which they felt that 

topiramate was affecting their brain on a scale of 0 (no effect) to 10 (severe effect): before 

testing, the average rating was 2.8 ± 2.6, and after it was 4.6 ± 2.9.  There was a 

significant correlation between these self-ratings and ChangePC1: before the battery, 8% 

of the variation in self-ratings was explained by ChangePC1 (p=2.2x10-4), and after the 

battery, 19% (p=1.5x10-8) (Figure 11). 
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Figure 11: Self-rating of topiramate effect vs. ChangePC1 

Self-ratings of the effect of topiramate were correlated with ChangePC1, but most of the 

variation in each was not explained by this correlation. 

 

Subjects also reported side effects both before and after testing; the frequency of 

these side effects is listed in Table 15. 

Table 15: Side effects reported before and after administration of the cognitive battery 

Before testing, subjects were asked to describe any side effects they were feeling and 

were not prompted with specific examples.  After testing, subjects were asked to 

respond yes or no to each of the options listed. These entries are written as n (%).  The 

percent increase column demonstrates how many additional subjects reported side 

effects when prompted after testing. 

 

Side effect Self-identified 

before testing 

Prompted after 

testing 

Percent 

increase 

Tired 16 (10%) 39 (25%) 144% 

Light-headed (or tipsy) 19 (12%) 36 (23%) 89% 

Dizzy 15 (9%) 42 (27%) 180% 

Difficulty concentrating 9 (6%) 75 (47%) 733% 

Confusion 13 (8%) 34 (22%) 162% 

Difficulty with words 1 (1%) 77 (40%) 7600% 

Nausea 6 (4%) 11 (7%) 83% 

Jittery 2 (1%) 16 (10%) 700% 
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Table 15 continued 

Paresthesia Any 23 (15%) 46 (29%) 100% 

Arms or 

hands 

12 (8%) 26 (16%) 117% 

Legs or feet 7 (4%) 16 (10%) 129% 

Head or 

face 

12 (8%) 13 (8%) 8% 

Entire body 2 (1%) 2 (1%) 0% 

Affected daily life 4 (3%) 5 (3%) 25% 

 

Subjects identified more side effects after the testing session; most side effects 

had at least a 100% increase in endorsement when subjects were asked about them 

specifically after the testing session.  Some covariates were found to influence these 

responses: logistic regressions found that blood levels (p=0.003), age (p=0.006) and 

education (p=0.01) were associated with paresthesia; education (p=0.05) with nausea; 

blood levels (p=7.0x10-5), time til testing (p=0.005), and gender (p=0.02) with a grouping 

of tiredness, light-headedness and dizziness; and blood levels (p=0.001) with a grouping 

of concentration difficulties, confusion and difficulty with words.   Testing the addition 

of ChangePC1 and post-test self-rating as covariates in these models showed that self-

ratings had a small additional effect on paresthesia (p=0.016), while self-ratings 

(p=1.6x10-4) and ChangePC1 (p=0.002) completely replaced the effect of blood levels on 

the grouping of concentration difficulties, confusion and difficulty with words.  In 

contrast, these variables added nothing to the models for nausea or the grouping of 

tiredness, lightheadedness and dizziness. 
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Subjects were also given a soda after testing and asked about changes in the 

flavor.  Sixty-nine percent indicated that it tasted different: 47% reported that it was less 

carbonated (49% of whom reported that it was completely flat), 34% indicated that it 

was less sweet (16% of whom indicated that the sweetness was completely absent), and 

14% reported other taste differences such as more carbonation or bitterness.  There was 

no statistically significant difference in the frequency of changes in taste by the type of 

soda that was consumed.  However, there was a tendency for those who experienced 

less carbonation to also experience less sweetness (p=0.02).  Females were more likely to 

experience less carbonation (p=0.002), but no other covariates tested had significant 

effects on the carbonation, sweetness or normalness of the soda. 

6.3.4 Healthy volunteer genome-wide association study 

There were 135 individuals analyzed in the GWAS.  Change on each test was 

analyzed as its own phenotype, as was ChangePC1, topiramate blood levels, and the 

case-control phenotypes of less soda carbonation, less soda sweetness, normal soda 

flavor, paresthesia, and nausea.  No SNP remained significant after correction for 

multiple testing. 

SNPs from genes that were more likely to be involved in topiramate function 

were analyzed separately.  There were 88 candidate genes containing a total of 2,746 

SNPs that had been included in the analysis.  After correcting for the multiple tests 

performed within this subset of SNPs, there was still no significant association. 
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6.3.5 Epilepsy patient genome-wide association study 

We classified 78 epilepsy patients as having word-finding difficulty with 

topiramate and 212 as having no adverse effects with topiramate use.  A GWAS of these 

samples produced a minimum p-value of 1.1x10-7, which is not significant after 

correcting for the 576,901 SNPs examined.  The p-values from this analysis were 

combined with those from ChangePC1, and also separately with those from the changes 

in COWA and Animals, to effectively increase the sample size.  After this combination, 

the top p-value was only 1.7x10-7. 

6.4 Discussion 

Here, I have administered topiramate to a cohort of healthy controls and 

measured how it affects their cognitive performance.  I have found that topiramate 

blood levels vary widely between individuals after an acute dose and that these blood 

levels explain much of the variation in cognitive response to topiramate.  However, no 

genetic variants were significantly associated with the phenotypes studied. 

The first step in this study was to determine what factors influence changes in 

scores between test sessions when no drug is administered. I found that all tests in this 

battery were negatively impacted by the score at the previous test session, which is in 

concordance with earlier studies on this topic[265].  This negative impact of the original 

score may reflect regression to the mean, where those who were outliers due to chance 

at their first test session perform more closely to the population norm at the second 
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session.  In contrast to previous studies of change in test scores[265], I did not find an 

effect of education on any test.  This may be due to the fact that most of the subjects in 

this study were university students.  It is also interesting to note that baseline PC1 had a 

positive influence on the change score for most tests in this study; this result shows that 

individuals who perform well overall tend to benefit from a larger practice effect. 

After using this retest data from controls to correct for the expected changes in 

those who took topiramate, I found that all tests in this battery, and ChangePC1, were 

significantly affected by having taken topiramate except for Stroop Color-Word.  

Previous studies had shown that Stroop Color-Word was not affected by topiramate, so 

this result was expected[209, 210, 217].  For the tests that were affected by topiramate, 

blood levels were always the most important predictor of the magnitude of the effect.  

This result was not anticipated, as it is known that the majority of topiramate is excreted 

unmetabolized, and previous studies have not reported large differences in absorption 

rates[182, 260, 262].  Topiramate blood levels, in turn, were largely affected by weight 

and time til testing.  It is clear in Figure 10 that blood levels increased as time til testing 

increased; in future studies, it may therefore be more useful to wait longer than 2.0 ± 0.4 

h for testing, as this may remove some of the noise from differences in absorption rates.  

As for weight, it is intuitive that this variable would have an effect on topiramate blood 

levels, but many previous studies on topiramate have not considered weight as a 

variable or scaled the doses by weight[209-211, 216]. 
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Although previous studies have shown that topiramate affects some of the tests 

studied here, few have examined the variables that might influence such a response.  

Here, I have shown that after accounting for the effect of blood levels, there are some 

variables that impact change scores: ethnicity, native language, BDI, certain testing 

strategies, and for COWA time til testing (Table 14).  However, the effects of these 

variables were small and test-specific.  Interestingly, I found no variables with a 

consistent effect on the change scores for all or even most tests, and I found no effect of 

age, gender or education.  There has been some evidence that individuals with learning 

disabilities are less likely to complain of adverse side effects of topiramate[269]; 

however, in this study a linear regression that corrects for native language and 

topiramate blood levels shows no relationship between initial PC1 and ChangePC1 

(p=0.25). 

Although it is known that topiramate can affect taste perception, especially of 

carbonated beverages due to its activity as a carbonic anhydrase inhibitor, there has 

been no standardized study of its effects on taste.  Here, I administered carbonated 

beverages to subjects after they had taken topiramate and asked them to indicate if and 

how its taste was different from normal.  I found that most individuals reported a 

difference in taste (69%). Interestingly, there was much inter-individual variability in the 

type of taste change experienced.  The most commonly-reported side effect was less 

carbonation (47%), but more carbonation was reported as a side effect as well (4%).  
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Although reporting less carbonation was correlated with reporting less sweetness 

(p=0.02), there were still a large number of individuals who only reported the one side 

effect and not the other (40%).  Furthermore, 4% of individuals reported more sweetness, 

and others reported effects such as extra bitterness (11%), spiciness (4%), acidity (3%) or 

saltiness (1%).  It is also of interest that some individuals reported that either the 

carbonation (23%) or the sweetness (5%) or both (3%) was completely gone: in some 

cases, the soda was even reported to taste like water (2%).  These results suggests that a 

larger study of topiramate’s effects on taste should be performed, preferably using a 

more standard procedure such as before and after tasting and a general Labeled 

Magnitude Scale[270]. 

In this study I did not find any common genetic variants that had a significant 

impact on response to topiramate.  Because topiramate is known to act on the inhibitory 

neurotransmitter GABA, voltage-dependent sodium channels, AMPA and kainite 

glutamate receptors, and carbonic anhydrase[185-190], I therefore separately examined 

SNPs from genes encoding or affecting these compounds.  Unfortunately, the number of 

SNPs that were genotyped in the candidate genes was too high for any SNP to survive 

the correction for multiple testing.  It seems that such candidate gene studies may not 

work well in a GWAS setting: because each SNP can tag multiple other known and 

unknown SNPs, it is difficult to reduce the number of SNPs examined based on their 

likelihood of having a functional effect on the gene, or tagging a variant with a 
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functional effect.  Because analyzing all variants in a gene requires such a low p-value 

for correction for multiple testing, it seems reasonable to only do such an analysis if only 

a small number of specific genes or genetic variants is intended to be interrogated. 

One aspect of this study that could be considered a shortcoming was the lack of a 

placebo group.  Because the cognitive effects of topiramate are already well-established, 

identifying significant differences between those given placebo and those given drug 

was not a goal of this study.  Instead, the focus was to compare differences between 

individuals in how they respond to topiramate, and a placebo group would add very 

little information to such an analysis.  However, the description of specific changes in 

soda taste reported here are novel and would therefore have benefitted from a 

comparison of their frequencies with a placebo group. 

In this study, I have administered topiramate to a cohort of healthy volunteers 

because it seems to affect scores on cognitive tests more profoundly in healthy 

volunteers than it does in epilepsy patients[208-212, 215, 217].  This is likely due to the 

more complex environment of an epilepsy patient: epilepsy itself affects the brain, as do 

other anti-epileptic drugs the patient is taking, and so the effect of topiramate by itself is 

somewhat masked.  Genetic analysis requires a very clear-cut phenotype: in order to be 

successful, the exact level of change in cognitive score before and after taking topiramate 

must be a result of having taken topiramate, and preferably nothing else.  Migraine 

patients or those with bipolar disorder offer a somewhat less complex environment, but 
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again they are suffering from a chronic condition which may confuse the association 

between topiramate use and scores on cognitive tests.  If the use of topiramate to treat 

other conditions, such as obesity or scar tissue, becomes more common, then such 

cohorts may be more useful for a study of cognitive response. 

In addition to the potentially confounding effects of the disease itself, the self-

assessment of cognitive response to a drug is questionable.  Here, I have shown that an 

individual’s self-assessment of the extent to which they are affected by topiramate is 

poorly associated with their actual response to topiramate, especially if they are asked 

prior to taking a cognitive battery.  This indicates that self-assessment of response to 

topiramate, and to other drugs that affect cognition, will not produce a reliable 

phenotype for use in genetic analysis.  While genetic studies of the effects of topiramate 

in epilepsy or migraine patients are likely to be useful, especially if they examine long-

term instead of acute dosing, my results indicate that the use of quantitative cognitive 

test results in such studies are essential. 

Only a few studies have administered cognitive tests after an acute dose of 

topiramate, but these studies have shown similar trends in change in test scores to those 

observed in long-term studies[215, 216].  While it has not been definitively shown that 

an individual’s cognitive response to an acute dose correlates with their response to 

long-term treatment, a small study did show a correlation of 0.72 between change in 

score for an attention task after acute dose and change in score after four weeks of 
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treatment[271].  As it is not absolutely clear that an individual’s cognitive response to an 

acute dose correlates with their response to long-term treatment, follow-up studies 

should be performed that compare acute response to response over a longer period of 

topiramate dosing. 

If reaction to an acute dose of topiramate is indeed well-correlated with long-

term reaction to topiramate, then continuing to administer such a dose to healthy 

volunteers will allow the collection of a large cohort of subjects that have been given 

both the drug and a battery of cognitive tests in a standardized manner.  The current 

study was under-powered to detect the effects of genetic variants, with only 80% power 

to detect a variant explaining 24% of the variation in ChangePC1 (19% of the variation if 

restricted to candidate genes).  However, the quantitative, unbiased phenotype assessed 

here, unclouded by disease conditions, will allow for a powerful study once a larger 

number of subjects has been assessed.  Such a study should allow for the identification 

of genetic variants that influence one’s cognitive response to topiramate.  This would 

immediately be of practical importance, as doctors could selectively prescribe 

topiramate to patients who are unlikely have cognitive side effects.  More broadly, 

understanding what genes mediate the specific cognitive effects of topiramate will also 

allow a deeper understanding of how those specific cognitive processes are controlled. 
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7. Future Directions (partially adapted from[84]1) 

Here, I found that easily-assessed environmental variables could have very large 

impacts on the performance of individuals on standardized cognitive tests.  For 

example, those who used a grouping or chunking strategy on Digit Span Backward were 

able to remember, on average, 1.1 more digits than those who did not; this strategy was 

used by 34% of subjects and explained 13% of the variation in scores on this test.  In 

contrast, I found no genetic variants affecting cognition, despite 80% power to find 

common variants explaining 3-6% of the variation in each trait.  This negative result is in 

line with the findings from most GWA studies and from my under-powered study on 

the effects of topiramate: it seems that common variation plays a limited role in complex 

traits.  Together, this data indicates that environmental variables should be taken under 

serious consideration in genetic studies, and more importantly that such studies should 

not focus only on common genetic variants. 

Both the professional and the lay communities have adjusted to the apparently 

limited impact of genetic differences on common diseases. For example, there appears to 

have been a dampening of enthusiasm in industry for the use of genetic association data 

in prioritizing drug targets, while the provision of genetic risk profiles has become 

commonplace and even allows social engagement at “spit parties,” where party-goers 

                                                      

1 This section is part of a published manuscript that was co-authored by David Goldstein (writing of 

manuscript). 
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produce saliva samples for genotyping. This attitude is in stark contrast to the more than 

25 million Americans with rare genetic diseases 

(http://rarediseases.info.nih.gov/AboutUs.aspx#GARD), many of which can be 

diagnosed with highly accurate genetic tests (http://genetests.org). However, these 

reactions to the characteristics of common genetic variation may be at odds with rare 

genetic contributions to common diseases. The identification of rare variants that 

influence diseases is suddenly feasible thanks to next generation sequencing, and it is 

possible that discovery will move faster than generally anticipated. If rare, obviously 

functional variants are big players in common diseases, then whole-genome sequencing 

will allow definitive connections to be rapidly established between specific genes and 

many important common diseases. Definitive connections, for example a clearly 

functional mutation in a single gene conferring a strongly elevated risk of a disease, 

would provide validated therapeutic targets to the pharmaceutical industry. Indeed, it 

may not be an overstatement to suggest that genetic discovery is by far the most likely 

avenue to ameliorate the ongoing crisis in global drug development[272]. This 

prediction assumes, however, that rare variants will be found that have large influences 

on common diseases, that their biological functions will be obvious, and that locus and 

allelic heterogeneity will not obfuscate insights into the mechanisms of disease. How 

often these assumptions will hold is currently unknown and will largely determine the 

rate of discovery in the coming years. 
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Before discovery genetics focused on rare variants can be systematized in a 

manner analogous to what was successfully accomplished in the study of common 

variants, many technical challenges will need to be overcome. The development of 

analysis techniques to cope with the millions of variants called per genome will be a 

high priority, as well as techniques that can combine data about different rare variants 

into one analysis. The development of software to accurately identify CNVs and 

inversions will also be important, as there is currently no highly accurate method to 

identify all such variants present in a genome. Even methods for calling simpler 

variants, such as those affecting a single nucleotide, will need to be improved, as 

currently there are tens of thousands of false positive variant calls per genome{Roach,  

#440}, which further complicates the search for causal variants. Even more effort must be 

deployed to accurately call small insertions and deletions, which are currently called 

much less accurately than single site changes. Furthermore, it will be essential for 

researchers to carefully choose cases and controls for each study: as costs restrict sample 

size, the success of each project will be highly dependent on the careful selection of 

individuals to sequence. If rare variants of large effect are found, then a transition 

toward the study of particular pathogenic variants that strongly influence diseases will 

greatly increase the importance of designs that allow for the evaluation of family 

members carrying putative causal variants. The availability of large control cohorts that 

can be recalled and phenotypically evaluated will also be crucial, especially if 
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unscreened controls from the general population are used for multiple studies involving 

different phenotypes. Unlike variants with weak influences, which could be expected to 

appear in the population at large without much phenotypic effect, a variant of strong 

effect is unlikely to appear in a phenotypically normal individual. Confirmation of such 

potentially causal variants will therefore often require the careful evaluation of the 

phenotype in any controls that are carriers. 

Although I am optimistic that rare variants will be identified in the coming years 

that have at least modest effects on complex traits, it is also possible that such variants 

will not be found.  For example, the fact that the average population IQ has been 

continuing to increase dramatically over the last century[274] has led some researchers 

to hypothesize that the available estimates of heritability are incorrect and that 

environment plays a much larger role in cognition than is appreciated[275].  It is also 

possible that complex interactions between genes, other genes and the environment will 

be the main contributors to complex traits, or that epigenetic differences will be of great 

importance.  Researchers should therefore not be discouraged from developing methods 

that can detect contributions from these types of variation. 

 Until the cost of whole-genome sequencing drops to a level that is similar to 

whole-exome sequencing (including the cost of the exome capture step), whole-exome 

sequencing will be a good alternative strategy for many studies. Because the most 

obvious variants to influence diseases will be the clearly functional ones, whole-exome 
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sequencing should pack most of the variation of interest into a much smaller, more cost-

effective, and more easily interpreted bundle. However, there are drawbacks to this 

technique: most importantly, it almost entirely misses all structural variation. Whole-

exome sequencing is also restricted to a certain set of exons: if causal variants lie within 

exons that are not targeted, they will not be identified. Additionally, the capture 

methods currently used are non-specific enough that they require sequencing a far 

greater number of bases than expected based on the size of the exome, which makes 

whole-exome sequencing prices comparable to those of low-coverage whole-genome 

sequencing. However, low-coverage sequencing will miss many of the variants present 

in only a single individual. For these reasons, high-coverage whole-genome sequencing 

will be the method of choice once it becomes more affordable, and the rapid increase in 

the sequencing capacity of existing platforms, as well as the development of new, less-

expensive platforms[276], suggests this will not be more than a few years away. 

It seems likely that in the next five years, rare and private variants with moderate 

to large effects on many complex traits will be discovered. With respect to personal 

genomics, it is possible that genome sequencing could provide specific enough 

information about the risk of common diseases to influence lifestyle choices and the use 

of relatively noninvasive monitoring programs (e.g., imaging); it might even lead to an 

expansion of interest in couples-based and fetal screening. This outlook is tempered by 

past experience that has shown that risk factors for disease, even when well-
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characterized, have not been extremely useful in the clinical setting[277]; this may well 

continue to be true even if rare variants of large effect are found to influence common 

diseases. However, if a large enough set of definitive connections can be established 

between specific genes and diseases, then a subset of these discoveries may lead to clear 

clinical deliverables.  

7.1 Genetic influences on cognition 

Our lab is continuing to recruit subjects for the study of cognition, and at least 20 

new individuals take the cognitive battery each month.  This increasingly large cohort 

will be a valuable resource for future studies.  In addition to genotyping the individuals 

in this cohort in the continuing search for common variants affecting cognition, I will be 

expanding the number of subjects on the high and low ends of PC1 who have their 

exomes sequenced.  Currently, four additional samples from young individuals of 

European ethnicity have been submitted for sequencing, and it is likely that individuals 

from the ends of the distributions for other ethnicities will be included soon as well. 

Although the initial sequencing analysis reported in Chapter 5 did not result in 

the discovery of a definitive association between any variants and PC1, as the methods 

improve and the sample size grows larger, discovery will become more likely.  One 

source of frustration in the analysis reported here was the indels, which, because of the 

alignment difficulties they cause, are often called incorrectly and can lead to false 

positives and negatives.  After the sequences from the four additional European samples 
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are complete, I will redo the analysis after screening the indels with a new heterozygote 

ratio filter that our lab has developed.  This method removes indel calls with a ratio of 

alleles that is too far from the 1:1 ratio expected for heterozygotes; this should be 

extremely useful as the majority of false indels can be identified by their low or high 

allelic ratios.  Additionally, our lab has now sequenced close to 300 exomes and 100 

genomes that can be used as controls to rule out common variants; the use of these new 

samples and data from HapMap will be of great utility in the endeavor to remove 

common variants from the analysis.  Furthermore, the use of the gene prioritization 

feature described in section 5.4, which can identify genes that are affected by multiple 

rare variants of a certain function in one group of individuals but not another, will 

strengthen the analysis by allowing for multiple causal variants instead of just one. 

 

7.2 Genetic influences on cognitive response to topiramate 

Our lab is also continuing to recruit healthy volunteers for the study of 

topiramate, with about five new subjects per month.  The sample size used for the study 

in Chapter 6 was very low, and the study was not well-powered to identify variants 

explaining less than 24% of the variation in the traits investigated.  Although combining 

the results with those from the case-control study of epilepsy patients increased the total 

sample size to over 400, the phenotypes measured (complaints about cognitive side-
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effects of topiramate vs. quantitatively measured effects of topiramate) may be too 

different for such an analysis to identify causal variants. 

In addition to continuing to recruit more subjects to this study for analysis via 

GWAS, select individuals will also have their genomes or exomes sequenced to search 

for rare variants affecting response to topiramate.  Currently, twenty African-Americans 

who took topiramate are having their genomes sequenced for use as controls for another 

study.  While these samples were not selected to lie at the extremes of the distributions 

for response to topiramate, they do exhibit different ChangePC1s, soda taste changes, 

and paresthesia reports: it may therefore be possible to identify rare genetic variants 

contributing to these responses in these individuals.  As the sample size for the study 

grows, additional individuals, chosen from the ends of the ChangePC1 distribution, will 

be sequenced to add to this analysis.   
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