
ABSTRACT 

MYERS, RACHEL ANNE. Population Genetic Methods for Detecting Genetic 
Contributions to Complex Traits. (Under the direction of Jeffrey Thorne and Eric Stone.) 

 

Linking genomic variation to observed differences in phenotype is a major goal in 

both statistical and population genetics. These two fields have recently been split due to 

the requirement in population genetics for sequence data while statistical genetics utilizes 

genome-wide ascertained data. However, more advanced sequencing technologies are 

now bridging this gap between statistical and population genetics for genome-wide 

studies by providing faster and more affordable sequencing.  

Our focus is to incorporate tests of natural selection from population genetics with 

genotype-phenotype associations from statistical genetics in order to better understand 

genomic variation in complex traits. In chapter two, we study natural selection and anti-

malarial drug resistance associations in Plasmodium falciparum. In chapter three, we 

expand the study to include both a genome-wide genotyping dataset as well as a greater 

range of anti-malarial drugs. In chapter four, we explore the hypothesis that de novo 

mutations cause Autism Spectrum Disorder and Schizophrenia. Finally, in chapter five, 

we test the rare variant hypothesis using resequencing data from unaffected individuals 

and individuals diagnosed with Autism Spectrum Disorder or Schizophrenia. Through 

these studies, we demonstrate the importance of understanding how natural selection is 

linked with phenotype, as well as analyzing the resulting impact on allele frequency and 

genomic variation.  
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Chapter 1 Complex Trait Models in the Age of Resequencing 
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Introduction 

Understanding the genetic etiology of complex traits or diseases in natural 

populations of both humans and human pathogens is an important focus in medical and 

statistical genomics because understanding the genetic causes of complex disease leads to 

early diagnosis and personalized treatments.  One of the main issues concerning this 

relationship is determining the link between causal allele frequencies and their effects on 

phenotypic variation.  The Common Disease – Common Variant (CDCV) hypothesis 

proposes that this relationship can be best described by a limited set of common alleles 

individually contributing to a smaller portion of phenotypic variation in complex disease.  

In contrast, the Common Disease – Rare Variant (CDRV) hypothesis argues that this 

relationship is better modeled through a larger set of rare alleles each contributing to a 

larger portion of phenotypic variation in complex disease. Each hypothesis has relative 

strengths and weaknesses depending on the complex disease that they are trying to 

model.  For example, diseases that do not affect reproductive fitness are better described 

by the CDCV while diseases that have a detrimental impact on reproduction are better 

modeled by the CDRV.  The following sections will describe both of these hypotheses in 

detail, discussing their experimental designs, practical applications, and limitations.  This 

chapter will conclude with an overview of natural selection and its role in both the CDCV 

and the CDRV hypotheses. 
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The Common Disease - Common Variant Hypothesis 

Overview 

The common disease – common variant (CDCV) hypothesis proposes that 

common or complex diseases having an inherited component are caused by alleles at 

moderate frequency (minor allele frequency > 0.05). This hypothesis was derived from 

observations of Mendelian diseases, where genetic markers showed a strong association 

with phenotype status. For example, the apoliopotien E type 4 allele (APOE-epsilon 4) is 

associated with increased risk of Alzheimer’s Disease [1].  Expanding on these 

observations, Collins and Lander proposed creating a catalogue of common variants and 

using those variants to search for susceptibility genes by testing allele frequency 

differences in affected versus unaffected cohorts [2].    

The human leukocyte antigen (HLA) system became the first genomic region to 

be thoroughly mapped and used to test for autoimmune disease associations [3]. As the 

catalogue of common variants grew with the HapMap project [4,5], coupled with 

technologies capable of parallelized genotyping of hundreds of thousands of variants in a 

single sample [6], systematic genome-wide association studies became a popular tool for 

studying human complex diseases and traits. Additionally, this strategy of cataloguing 

common variants and systematically testing associations with different traits and diseases 

were adapted for model organisms and human pathogens (e.g. Plasmodium falciparum 

[7,8]). 
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Experimental Design 

CDCV is primarily tested using genome-wide association studies (GWAS). The 

two main types of GWAS are dictated by phenotype; discrete (case-control) and 

quantitative. A case-control design consists of a cohort of affected samples (cases) and a 

cohort of unaffected samples (controls). A quantitative trait design consists of a random 

collection of samples for which a continuous trait is measured (e.g. blood pressure or 

drug response). For both designs, the ideal sample selection would have a homogenous 

population; however, this is rarely the case. Typically samples are drawn from multiple 

populations, which creates population structure in theses study cohorts because allele 

frequency varies between populations.  However, this population structure can result in 

false positive associations due to variance in allele frequencies within populations and 

between populations.  To address such false positives, several methods for controlling 

population structure have been devised. For example, one method pairs cases and 

controls based on ethnicity or sampling location to standardize population representation 

in each cohort. Such a methodology can mitigate the effects of false positive associations 

since standardizing population representation also standardizes allele frequency variance 

between cohorts. Alternatively, evidence of population structure from either principal 

component analysis [9] or software programs such as structure [10] can be incorporated  

as cofactors in association tests. This correction is important since researchers have 

proposed using “common controls” [11], or a group of normal individuals that have been 

genotyped and available to other researchers, as controls for multiple GWAS.  
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The genotype data collected from the cohorts in GWAS are extracted utilizing 

microarray technologies like Affimetrix’s SNPchip and Illumina’s BeadChip. These tools 

are commonly used to genotype thousands to millions of previously ascertained single 

nucleotide polymorphisms (SNPs) in each sample. One of the primary criticisms of these 

aforementioned tools is that the collection of SNPs for these tools has been ascertained by 

resequencing a limited set of samples. For example, SNPs ascertained using the HapMap 

European samples could be detrimental to a study focusing on African-American 

populations. Also, testing every known common variant is beyond the scope of current 

array-based technologies. Due to this limitation, a smaller, informative set of SNPs that 

have strong correlations with their neighbors (r2 ! 0.8) can be used [12]. These SNPs, 

called tagSNPs, can capture most of the common variation by utilizing the linkage 

disequilibrium (LD) patterns observed in HapMap samples [13]. Quality control filters 

including Hardy Weinberg Equilibrium, call rate, minor allele frequency, and Mendelian 

error are then applied to the genotype calls to minimize error in the resulting genotype 

data. 

Tests of genotype – phenotype association range from a !2 to likelihood ratio 

tests. The !2, extensions of !2 like the Armitage-Cochran trend test [14], and logistic 

regression are used to test in case-control studies. Linear regressions, correlation tests, 

and likelihood tests are used to evaluate genotype – phenotype associations for 

quantitative traits. Covariates, such as gender, population structure, and environment that 

may have an effect on phenotype can be incorporated as factors in both logistic and linear 
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regression-based testing. SNPs with P values meeting a cutoff (e.g. P value > 0.05) after 

multiple testing correction (e.g. Bonferroni) or a False Discovery Rate (FDR) [15] cutoff 

(e.g. 0.01) are considered candidate variants. Follow-up studies aim to either replicate 

these associations in a second and larger population, resequence the candidate region to 

find causal SNPs, or conduct functional studies in model organisms. While P values 

indicate the statistical significance of a SNP association with phenotype, the impact of the 

allele on the phenotype is summarized in one of three ways: an odds ratio (OR), an effect 

size, or a relative risk (RR).  

 

Examples 

GWAS has been widely used for studying complex human diseases, including 

breast cancer[16,17,18,19], autism [20,21], schizophrenia [22,23,24], bipolar disorder 

[24], coronary artery disease, types 1 and 2 diabetes, Crohn’s disease [11], and human 

response to HIV [25] or malaria [26]. In 2007, the Wellcome Trust Case Control 

Consortium (WTCCC) reported findings for the one of the largest GWAS ever 

completed. Two thousand cases and three thousand shared controls were used to test 

genetic associations for seven common diseases – bipolar disorder, coronary artery 

disease, Crohn’s disease, hypertension, rheumatoid arthritis, type 1 diabetes, and type 2 

diabetes [11]. They reported twenty-four association signals across six of the seven 

diseases, and these signals have been the focus of several follow-up studies. For example, 

WTCCC reported 7 loci associated with type 1 diabetes, and a follow up study using 
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independent samples of similar ethnicity confirmed 4 of the 7 loci [27]. This study-to-

study variability in association results and limited replication is a common occurrence in 

human GWAS.  

In addition to humans, GWAS has been used to map variants involved in plants to 

identify genetic determinates of pathogen response [28] and response to environmental 

stressors [29]. As efforts to catalogue common variants in human pathogens are 

completed (e.g. Plasmodium falciparum [7,8]), researchers aim to apply lessons learned 

from human GWAS to human pathogens. 

 

Limitations 

While the CDCV hypothesis has been somewhat successful, researchers have 

found both technical and theoretical limitations with using GWAS to study complex 

diseases. Technical limitations include sample size requirements, variation ascertainment, 

and the narrow focus of current genotyping technology, while the primary theoretical 

limitation is the assumption the phenotypes are selectively neutral.  

The most limiting factor in GWAS is the sample size required to detect loci with 

modest effect sizes. Power studies have shown 3000-5000 samples are required to detect 

SNPs with effect sizes of 1.3 with 80% power [30]. Such large sample size requirements 

make GWAS a collaborative endeavor rather than a single-lab investigation. This reliance 

on collaboration and cooperation between multiple labs can create tangible hurdles such 

as lab-to-lab variation and greater potential for experimental error. Also, due to the 
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inverse exponential relationship between the required sample size and effect size [30],  

some larger studies may be under-powered and those associations found in larger studies 

maybe of strong effect rather than moderate effect.  

Another technical limitation in GWAS is due to the genotyping technology; most 

microarrays are biased towards European ancestry populations and reduced coverage for 

other populations, particularly African populations. For example, genome coverage may 

range from 64-93% for the Caucasian (CEU) HapMap samples and 29-68% for the 

Yoruba (YRI) HapMap samples when r2 ! 0.8 between included SNPs and neighboring 

SNPs [31]. This bias arises from the populations selected for the ascertainment SNPs. 

Coverage for non-European populations will improve with ongoing efforts to catalogue 

common variation and LD structure in other populations.  

The major theoretical limitation of the CDCV hypothesis is the assumption that 

phenotypes are selectively neutral. The basis of this assumption is that the complex 

diseases and traits studied tend to be late onset and/or do not affect reproduction. 

Additionally, due to the complex nature of a disease and its genetic components, 

selection is assumed to be negligible at causal sites. This neutrality assumption is often 

violated, for example, individuals affected with autism are less likely to reproduce. The 

resulting selection reduces the frequency of susceptibility alleles [32], which decreases 

power to detect causal variants.  

The final issue with GWAS is that many studies have been completed, but few 

have successful follow-up studies. This suggests that results may be population specific, 
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spurious, or that the follow-up studies may be under powered. Some of these issues have 

convinced researchers to consider alternative genetic models such as CDRV for 

describing the genetic components of phenotype variability. 

 

The Common Disease - Rare Variant Hypothesis 

Overview 

For several human traits, the CDCV hypothesis has explained a small proportion 

of genetic etiology. This came as a surprise when these traits (e.g. neurological disorders) 

were highly heritable. However, complex disease studies focused on small families 

showed rare inherited and/or de novo variants associated with disease [33,34]. These 

findings altered how researchers viewed the cause of genetic diseases, emphasizing the 

role of rare variation in common disease. The common disease – rare variant (CDRV) 

hypothesis proposes that the genetic etiology of complex disease is heterogeneous; many 

different variants found at low frequency can be causal.  

Historically, interrogation of rare variation has been limited to resequencing a 

select group of candidate genes or structural differences. These structural differences, 

such as genomic losses and gains, are inferred from genotyping and tiling arrays. As 

technologies for exome, transcriptome, and whole genome sequencing become affordable 

(e.g. ABI SOLiD and Illumina Genome Analyzer), researchers can capture the entire 

realm of sequence variation in a sample population and test rare variant contributions to 

complex traits and diseases at a genome-wide scale. 
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Experimental Design 

Like CDCV, testing the CDRV hypothesis begins by utilizing case/control design 

or quantitative design. Ideally, all cases and controls should be sampled from a 

homogenous population. Similar to testing the CDCV hypothesis, population structure is 

an issue for CDRV but for an entirely different reason. In CDCV, population structure is 

tested for and controlled. In CDRV, however, population structure is eliminated through 

removing outlier samples until a homogenous population remains. Outlier samples host 

variants that are private to the source population, but not present in the population being 

studied. Their removal is necessary because samples from different populations will 

inflate the number of rare variants detected. 

The types of rare variants studied will determine the technology used to 

interrogate the samples. Rare structural variants have been interrogated using 

comparative genome hybridization (CGH) genotyping and tiling arrays [35], while 

resequencing can better interrogate rare SNPs and small insertions and deletions (indels) 

[36]. For studying a limited set of candidate genes, technologies like Sanger sequencing 

and Pyrosequencing are suitable; however, to study rare variants, genome-wide, cost-

effective massively parallelized or “next gen(eration) sequencing” is required. 

Several different methods for testing rare variant contributions to diseases have 

been proposed, each evaluating a different aspect of rare variants. A commonly used 

approach involves testing for an excess number of individuals carrying rare alleles versus 
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individuals not carrying rare alleles in cases compared to controls. Significance is 

assessed using Fishers Exact test for one rare variant per gene or the Mantel-Haenszel test 

for multiple rare variants at a given gene [37]. Li and Leal proposed that for any given 

gene, one method for testing association is to collapse all rare variants into a single 

variant and then to test this collapsed variant for association with the phenotype [38]. 

Another commonly used method utilizes Fisher’s Exact Test to evaluate the ratio of rare 

missense mutations to silent mutations in cases and controls [39]. This method is used 

since rare protein-altering (nonsynonymous) mutations are more likely to be deleterious 

than silent (synonymous) mutations and be more prevalent in disease-associated genes in 

the affected cohort. A common extension of both methods is to use mutation severity 

predictors (e.g. MAPP [40], SIFT [41] and Polyphen [42]) to classify the rare missense 

mutations as protein damaging or benign, and test for excess of rare damaging variants 

within a gene. 

Like GWAS, similar multiple testing corrections are applied and P values are 

used to determine significance. While summary statistics describing the impact of the 

variant association like odds ratio and relative risk are used, it is unclear what these 

measures indicate and whether they can accurately predict the risk of disease. 

 

Examples 

Ever since the realization of gene-scale sequencing for hundreds of samples, 

researchers have focused on resequencing candidate genes implicated in human disease 
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or intermediate phenotypes (e.g. high density lipoprotein cholesterol ‘HDL-C’ levels, 

blood pressure) to uncover their genetic factors. Studies include Cohen et al.’s 

investigation of rare allelic contributions to HDL-C levels in Canadians and participants 

of the Dallas Heart Study.  An excess of nonsynonymous mutations private to the low 

HDL-C group was found in three candidate genes, adenosine triophosphate binding 

cassette transporter A1 ‘ABC1’, apolipoprotein A1 ‘APOA1’, and lecithin cholesterol 

acyltransferase ‘LCAT’, when compared to private nonsynonymous mutations found in 

the high HDL-C or nonsynonymous variants found common to both low HDL-C and 

high HDL-C groups [39]. In a related study, Cohen et al. link low absorption of 

cholesterol to rare nonsynonymous variants in the candidate gene Niemann-Pick Type C1 

Like 1 (NPC1L1) [43].  

A Framingham Heart Study report showed carriers of rare variants (MAF < 

0.001) in the genes SLC12A3, SLC12A1, and KCNJ1 had significantly lower blood 

pressure than non-carriers [44]. Contrasting carrier and non-carrier siblings further 

supported this result, demonstrating that the rare variant carriers had lower blood 

pressures than their non-carrier siblings. The authors also report that most the rare 

variants were predicted to have severe effects using SIFT [41] and PolyPhen [42], which 

predict amino acid substitution effects based on phylogenetic conservation and physical 

properties of the amino acids. Both the excess of rare variants in individuals with low 

blood pressure and the predicted severity of those variants suggest these mutations are 

deleterious and strongly affect blood pressure. 
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As analysis of whole genomes becomes tractable in both the sequencing 

technology and bioinformatics arenas, rare variant detection and analysis will expand to 

genome-wide scans rather than candidate gene resequencing. For example, a recent 

whole-genome sequencing of a single quartet, with both offspring affected with Miller’s 

syndrome and primary ciliary dyskinesia, implicated a handful of SNPs and genes likely 

to cause the diseases based on observed inheritance [45]. An earlier study of Miller’s 

syndrome demonstrated resequencing could be used to find causal variants in rare, 

Mendelian disorders. Ng et al [46] used exome resequencing of two siblings and two 

unrelated individuals affected with Miller’s syndrome.  Using just the two siblings, only 

nine genes showed mutational patterns that matched the recessive disease model, adding 

just one more affected individual reduced the number of genes to a single gene, DHODH, 

as associated with Miller’s syndrome. As these whole genome studies expand to multiple 

families, candidate regions will become further refined without the limitation of only 

resequencing candidate genes. 

  

Limitations 

The major technological limitation for genome-wide testing of the CDRV 

hypothesis is resequencing. Even with affordable sequencing technologies, the limitation 

lies in not in the physical sequencing, but in the bioinformatics work for accurately 

assembling short sequence reads and annotating sequence variation [47].  Efforts are 

being made to improve methods for distinguishing true mutations from those that arise 
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from experimental and alignment error. Even if experimental error is eliminated, the 

ability to detect rare variants remains limited, but improves with increased sample size. 

Li and Leal report that in a random sample of 100 individuals, 18.1% of variants with a 

population frequency of 0.001 will be detected genome-wide. However, when the sample 

size is increased to 1000 individuals, 86.5% of variants with frequency 0.0001 will be 

detected. When focusing on detecting all variants within a gene for diseased vs. control 

cohorts, there is a positive correlation in probability of detecting all rare variants and 

relative risk [48]. 

Methods for testing rare CDRV are also limited and one of the current areas of 

research.  Historically, the genomic unit for detecting excess of rare variants has been 

defined as a gene or groups of candidate genes. As full genome sequencing becomes 

more popular, defining the physical unit to test CDRV will become more involved. For 

example, gene definitions could be extended to include up and down stream regions, tests 

could be completed in sliding window fashion, or genes could be grouped by gene 

families, pathways, and/or interacting genes. Existing methods for testing CDRV need 

refinement, expanding on current methods to include expectations of disease mutation 

evolution and population genetics. 
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Natural Selection 

Overview 

Natural selection affects genomic variation, from altering the distribution of allele 

frequencies to shaping haplotype structure in a population. The premise of natural 

selection is alleles that enhance survival and reproduction will increase in frequency [49]. 

The major types of natural selection include positive, negative or deleterious, and 

balancing selection. Mutations conferring increased fitness will increase in frequency or 

undergo positive selection. Negative selection occurs when mutations that decrease 

reproductive fitness are removed from the population. Finally, balancing selection, 

sometimes known as heterozygote advantage, occurs when allelic heterogeneity has 

increased reproductive fitness. Several tests of neutral evolution have been developed 

based on neutral theory and population genetic expectations.  

 

Tests of Natural Selection 

Model-based and qualitative tests have been developed to detect different types of 

selection which each leave different signatures in the genome. Tests of selection include 

site frequency based tests (e.g. Tajima’s D), divergence based tests (e.g. McDonald 

Kreitman), or haplotype sharing tests (e.g. Long Range Haplotype). 

In resequenced genomic regions, the distribution of allele frequencies is 

informative to the selective events that have occurred. Two examples of allele frequency 

based tests of natural selection are evaluating departures of a population’s site frequency 
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spectrum (SFS) from neutral expectations and Tajima’s D. The site frequency spectrum 

provides information about the history of a population, including selection. However, 

demography and selection can have similar effects on the SFS: population growth can 

look like negative selection, and bottlenecks can look like balancing selection. SFS-based 

inferences of selection must also account for demography, typically by estimating 

demographic parameters from an SFS derived from non-functional sites and estimating 

selection parameters (") from functional sites [50,51]. Like the SFS, demography and 

selection both affect Tajima’s D. Tajima’s D [52] is the contrast of two population 

mutation rate (4Nµ) estimators: #W based on the number of segregating sites detected and 

$ based on the number of pair-wise differences. Under neutral theory of evolution, the 

two mutation rate estimators are equal and Tajima’s D is zero. A positive Tajima’s D 

indicates balancing selection or population bottlenecks, while negative Tajima’s D can 

arise from positive selection or population growth [53]. Since demographic forces affect 

the whole genome and selection is locus specific, contrasting gene specific Tajima’s D to 

genome-wide estimates is a method of isolating selection effects from demographic 

effects.  

Differences in accumulation of synonymous and nonsynonymous mutations 

between species can be used to detect positive or balancing selection. McDonald and 

Kreitman [54] describe a test (MK test) of neutral evolution where the counts of 

synonymous and nonsynonymous fixed differences (Ds and  Dn, respectively) between 

two species and the counts of synonymous and nonsynonymous polymorphisms (Ps and 



 17 

Pn, respectively) make up a two by two contingency table. Under neutrality, the expected 

value of the expected value of the ratio Ps to Ds equals Pn to Dn  and departures from 

neutrality are detected using a !2 test with 1 degree of freedom. Departures from 

neutrality can be assigned as diversifying positive selection when Dn/Ds > Pn/Ps and as 

balancing selection when Dn/Ds < Pn/Ps [55]. The MK test has been expanded to estimate 

the fraction of nonsynonymous divergent sites driven by positive selection (%) [56], the 

proportion of nonsynonymous polymorphisms that are deleterious [57], and the selection 

coefficient (") [58,59]. Unlike Tajima’s D, the MK test is robust to demography, as 

demography affects both nonsynonymous and synonymous sites.  

Qualitative based tests of positive selection evaluate haplotype sharing for each 

allele of a segregating variant. Selective sweeps leave a unique signature in the genome, 

as a specific allele rises in frequency due to positive selection, the haplotype the allele 

resides on will also increase in frequency, leaving a region in the genome with elevated 

LD surrounding the selected allele. This effect is known as the hitchhiking effect [60].  

Partial selective sweeps, or selective sweeps that have not reached fixation, can be 

detected using the Long Range Haplotype (LRH) test. Haplotype homozygosity of an 

allele is measured using the extended haplotype homozygosity (EHH) statistic, defined 

as: given a core SNP allele and distance x, the probability two randomly chosen 

chromosomes carrying the core SNP allele are identical by state for the entire interval 

between the core region to the distance x [61]. Distance can be measured either as 

physical (bases) or genetic (cM) distance, however, using genetic distance is preferred to 
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control for variation in recombination rates. The LRH test tests for haplotypes with high 

frequency (>0.1) and high EHH relative to the genome-wide distributions and/or 

coalescent simulations are putative targets of positive selection. Extensions of this test 

include the iHS test [62] in which evaluates the log ratio of integrated EHH for each 

allele of the core SNP, and the XP-EHH [63] which contrasts haplotype homozygousity 

between populations to identify selective sweeps that have reached fixation in one 

population but not the other. 

At the genome-wide level, EHH-based tests have an advantage over the MK test 

and Tajima’s D since EHH can be used with ascertained data. Now that genome-wide 

resequencing is feasible, this advantage is no longer key. EHH-based tests also allow 

detection of very recent selective sweeps (less than 400 generations ago) with more 

power than Tajima’s D or the MK test [61]. Tajima’s D can be used to detect selection 

that has occurred 40,000 to 280,000 generations ago [64], and the MK test can be used to 

detect older selective events that have occurred since speciation. 

 

Examples 

Glucose-6-phosphate dehydrogenase (G6PD) is an X-linked gene that encodes an 

enzyme key to withstanding oxidant stress. There are three major alleles of G6PD (B, A, 

A-) with enzyme activities ranging from 100% to 12%. G6PD allele frequencies vary by 

geography [65]. At the global perspective, there is evidence of balancing selection 

through reports of positive Tajima’s D and the observation all the alleles are frequent (> 
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10%), including alleles associated with reduced activity [66].  However, the LRH test 

showed a significant signal of positive selection for a G6PD haplotype found in the 

African populations and not the European-American or Asian populations [61]. The 

G6PD haplotype that showed extended haplotype homozygosity is one with reduced 

enzymatic activity and causes acute hemolytic anemia. In malaria endemic regions, the 

same reduced activity G6PD A- alleles confer a reduced risk (50%) for severe malaria 

[67], likely due to the anemic red blood cells being toxic to the parasite. This suggests in 

malaria endemic regions, carrying deficient G6PD alleles is more advantageous than 

carrying the normal G6PD allele. Meanwhile, in non-malaria endemic regions, the 

reduced activity G6PD alleles have been removed from the populations due to its 

reduction in fitness. 

 

Complex Disease Model Predictions 

The CDCV hypothesis postulates causal variants are selectively neutral due to the 

complex nature of the disease, however this assumption is often incorrect. For example, 

complex diseases like autism and schizophrenia have reduced reproductive fitness and 

thus, are not selectively neutral phenotypes[68,69]. Causal variants may be subject to 

deleterious selection and slowly removed from the population, suggesting the CDRV 

model better describes causal variants. At the other extreme, variants associated with 

advantageous phenotypes (e.g. parasite drug resistance) may be subject to positive 

selection and reach fixation in study populations or have allele frequencies that vary by 
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environment (e.g. G6PD). For these reasons, it is key to investigate both allelic 

associations and evidence of different types of selection when testing genetic 

contributions to complex diseases.  
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Abstract 

Plasmodium falciparum, the etiological agent of the most severe form of human 

malaria, kills more people than all inherited diseases combined. Little is known, however, 

about the distribution and diversity of mutations in the P. falciparum genome, either 

among populations or in specific regions of the genome. Here we show the extent to 

which immunity and/or drug associated selective pressures shapes these parasite 

genomes. Analyses of a resequencing and microsatellite survey of 99 parasite genomes 

from 3 continents reveals that the genome-wide rate of mutation for P. falciparum is low 

relative to other eukaryotes, however, a number of mutations and genes, particularly 

those associated with drug resistance, are contributing to local adaptation among 

continents. For example, almost all amino acid changes in genes involved in host-

pathogen interactions and electron transport are adaptive. After controlling for population 

structure, we identified a number of new, as well as previously reported, genes associated 

with resistance to three anti-malarial drugs. We find differences in associations between 

populations indicative of population specific adaptation, and often multiple drugs 

associated with the same polymorphism. We validate these association methods and 

demonstrate the power of our methods in the context of P. falciparum drug phenotypes 

and population structure. We note that a number of loci associated with drug resistance 

show signatures of positive selection. Model-based analyses of selection reveal that these 

associated genes, including pfcrt, have some of the highest levels of diversity in the 
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genome, suggesting that these genes were subject to a form of balancing selection 

previous to the introduction of drugs and drug selective sweeps.  

 

Author Summary 

Many investigations of drug resistance and selection in malaria parasites have 

adopted candidate loci approaches with limited geographical sampling. Here we use a 

global sample of parasites with genome-wide variation to make inferences of selection 

and drug resistance association in P. falciparum, a causative agent of malaria. By 

examining population structure, we evaluate the relationship of genotype and geography, 

make global and regional inferences of selection, and observe how response to selective 

pressures varies by continent using a wide range of population genetic tools. We observe 

a collection of haplotypes that have undergone continent specific selective sweeps. 

Additionally, the population structure results were used as corrections in a drug resistance 

association study of cultured parasites to eliminate spurious associations caused by 

population structure. The power of the association methods was evaluated in depth with 

simulated structured populations and experimental phenotypes. We also used two 

methods that treat population structure as either a fixed or random effect to further assess 

the reliability of these population-based association methods. In this portion of the study, 

we detect associations in a previously reported drug resistance associated gene, the 

putative chloroquine resistance transporter (pfcrt), as well as new genes associated with 

in vitro drug response.  



 30 

 

Introduction 

The deadly relationship between humans and Plasmodium falciparum has been a 

driving evolutionary force shaping genome composition in both species. Among 

populations, this antagonistic evolutionary process is predicted to increase rates of local 

adaptation of the parasite to different host populations or environments [1]. Global 

parasite populations are exposed to varying levels of immune system or drug pressures 

and therefore may use a number of deterministic mechanisms to adapt to these new 

environments. Natural or artificial selection leaves signatures in genomes that may 

contribute to population specific adaptations and is useful for identifying new candidate 

targets for vaccines [2,3]. Allelic variation at alternative loci may be responsible for 

differences in susceptibility to different host environments. Identifying the extent to 

which distinct populations of parasites use differing means to evade immunity is critical 

to identifying new potential targets for vaccines or drugs, and in understanding how these 

populations may respond to drugs or vaccines. 

Our knowledge of population diversity in P. falciparum varies widely depending 

on either the genomic regions, markers or population studied [4,5,6,7]. For example, a 

number of previous studies of diversity and population structure in P. falciparum have 

focused specifically on sequence data of either known antigen genes that are likely to be 

under immune selection [for example 8] or non-coding regions [9]. Many genome-wide 

surveys have also used non-coding molecular markers, such as microsatellites [4] that are 
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unlikely to be the target of selection. Genotyping single nucleotide polymorphisms 

(SNPs) [for example 10,11] or probing single feature polymorphisms (SFPs) [3] are 

useful in capturing a genome-wide picture of variation. Ultimately, re-sequencing surveys 

of genomic variation is critical for capturing the fine-scale information necessary for 

making inferences about selection and demographic processes [11,12,13].  

Determining the influence of selection on the evolution of the P. falciparum 

genome requires global approaches to analyzing patterns of coding variation. Currently, it 

is not known to what extent recent selection events, such as those associated with drug or 

immune evasion, are geographically restricted. For example, P. falciparum may evolve 

differently among populations due either to, varying levels of drug exposure or variable 

transmission rates in different regions. Selection due to the evolution of drug resistance in 

parasites is of particular importance to medical science, and is a worldwide problem; 

reported failure rates for the historically effective treatment chloroquine in South 

America are 80%, 50% in East and Central Africa, and 40% in South-East Asia (World 

Malaria Report 2005).  

To investigate global and regional selection and population variability, we 

resequenced 93 genes found on chromosome 3, from 99 global isolates in four major 

regions (n=35, Africa; n=29, Asia; n=23, S. America; and n=11, Papua New Guinea). A 

subset of these SNPs were previously analyzed [10].We also resequenced 60 of the 93 

loci on chromosome 3 for an out-group, P. reichenowi . This is the first re-sequencing 

survey of this large number of samples and genes for P. falciparum. We use the 
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resequencing results in conjunction with the previously published resequencing survey of 

transporter genes [14,15], a genome-wide microsatellite survey [16], and the genome-

wide resequencing survey of five isolates [13] in this analysis. 

Our analyses address three related issues about the evolutionary mechanisms 

shaping genome-wide variation. First we infer how different forms of selection shape 

variation genome-wide among different populations and identify potentially new 

candidate genes/SNPs subject to immune or drug pressures. Second, to address how 

different populations were adapting to different environments, we compare signatures of 

selection at individual genes among the three continents. We apply new population 

structure correction methods to the chromosome 3 and transporter re-sequencing surveys 

and ask if there are genotypes that correlate with drug resistance data for three anti-

malarial drugs- atovaquone-proguanil, chloroquine, and quinine. Additionally we 

investigate microsatellite associations with drug resistance and the performance of these 

association methods. Finally, we asked whether functional variants, including those we 

find in association with drug resistance are differentiated among populations more so 

than random expectation and subject to selection using likelihood based methods. Here 

we show that these methods are robust even when used with relatively small samples. 
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Results and Discussion 

Population Mutation Rates and Inferences of Selection 

A recent genome-wide SNP survey revealed the overall population mutation rate 

at coding regions for P. falciparum is small (2Nµ(2-s) = 0.0005 per nucleotide, where N 

is the effective population size, µ is the per base mutation rate, and s is the fraction of the 

population produced by selfing [17]) relative to other organisms [13]. The high AT base 

composition (~80%) of P. falciparum has clearly played a significant role in limiting 

overall level of silent polymorphisms [18]. However, through surveys of polymorphism 

over large genomic regions from large numbers of parasites, we can draw some general 

and specific conclusions about the stochastic and deterministic forces shaping variation in 

P. falciparum. 

Sequence data from a collection of 99 isolates from four major geographical 

regions revealed 368 single nucleotide polymorphisms (over 44,296 bases). Table 2-1 

shows the breakdown of synonymous and nonsynonymous mutations per population. We 

observed an excess of nonsynonymous polymorphism, globally and in Africa (Table 2-1), 

when using the McDonald-Kreitman (MK) test [19] which included polymorphism data 

within P. falciparum and interspecific differences between P. falciparum and its most 

closely related species, P. reichenowi. Also, when genes were grouped by gene ontology 

(Generic GO Term Mapper, http://go.princeton.edu/cgi-bin/GOTermMapper), some 

groups showed an excess of nonsynonymous polymorphism consistent with balancing 

selection. The effect was more pronounced when we removed polymorphisms 
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segregating at < 5%. Other GO groups showed an excess of nonsynonymous substitutions 

between species consistent with adaptive evolution (Figure 2-1).  

We inferred the genome-wide mutation rate and the deleterious mutation rate in 

coding regions, and asked what proportion of mutations is subject to positive selection 

[20,21]. All methods used to make these inferences make an assumption that silent 

mutations are neutral. The method of Bierne and Eyre-Walker [22] used the frequencies 

of silent and replacement polymorphisms within species, and similar counts between 

species (P. falciparum and P. reichenowi), to infer the proportion of amino acid 

substitutions (%) that were adaptive. For P. falciparum chromosome 3 data, this quantity 

was not significantly different from zero (not shown), similar to calculations made for 

humans [23]. However, using polymorphisms discovered genome-wide by Mu et al. [13] 

and Jeffares et al. [12], which were well-validated and were grouped according to gene 

ontology, specific functional categories showed a significant signature of positive 

selection (Table 2-2). These categories included genes associated with host-pathogen 

interactions and electron transport. Genes coding for transporter proteins were of 

particular interest because these proteins are known to be associated with drug resistance 

in a number of species including P. falciparum. 

We mapped candidate regions along chromosome 3 that were associated with 

local adaptation in each of the populations surveyed. We first performed a number of 

standard tests for departures from neutrality. The Tajima's D [24] statistic assessed 

whether the frequency spectrum of polymorphism at each gene departs from neutrality. 
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Simulations were conducted of the coalescent to assess significance using demographic 

parameters inferred by Joy et al. [6]. Specifically, p values for the Tajima’s D statistics 

for loci of parasites from Africa and South America were estimated based on 10,000 

coalescent simulations of stationary population sizes conditioned on the number of 

segregating sites. Simulations of a population growth model were performed for 

comparisons to PNG and Asia Tajima’s D statistics [6].  

The distribution of Tajima’s D values on the 3rd chromosome per gene varied 

spatially among populations (Table 2-3). Relative to other populations, Africa had a 

greater mean negative Tajima’s D across genes (Table 2-4), suggesting a higher 

proportion of rare or singleton SNPs, possibly due to population expansion. PNG had 

more heterogenous distribution, a number of genes showed the signature of either recent 

population-specific selective sweeps or balancing selection (Table 2-3). For example, a 

number of contiguous coding regions on chromosome 3 among African parasites (regions 

included loci PFC0175w to PFC0185w and PFC250c to PFC310c) had significantly 

negative Tajima’s D values, as would be expected for a local selective sweep in the 

region. Similarly, among Asian samples, a region at the 5’ end of the chromosome 

consisting of 3 loci (PFC0050c, PFC0060c, and PFC0075c) also had significantly 

negative Tajima’s D values. One locus was significantly positive in both Asia and PNG 

(PFC0505w). 

Finally, selective sweeps that have not yet reached global fixation may drive new 

adaptive mutations up to intermediate frequency. In these cases, the favored allele 
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increases in frequency very fast, and as a result is associated with an unusually long 

haplotype of low diversity. We have previously showed that LD and recombination rates 

vary among populations [10]. Therefore, a haplotype that is unusually long will standout 

as a region subject to recent selection. To identify haplotypes that were unusually long, 

we calculated the integrated Haplotye Homozyougisty (iHH) for each SNP along 

chromosome 3 [25]. Simulations were performed to identify outliers. We computed these 

statistics for all populations combined as well as separate. Haplotypes near the sub-

telomeric regions stood out as having an excess iHH relative to the rest of the 

chromosome where a number of potential antigen encoding genes reside [26]. The only 

other potential signature of a partial selective sweep was in Africa in a region spanning 

197313 to 318121 bp that included loci PFC0185w through to PFC0310c. Interestingly, 

loci PFC0185w, PFC0195w, PFC0245c, PFC0295c, and PFC0310c also showed 

nominal associations with chloroquine and quinine resistance among African parasites 

(see below). 

 

Geographic selection 

We also asked whether functional and non-functional classes of sites evolve 

differently among populations by estimating rates of genetic drift for these different 

classes. Under selective neutrality, genetic differentiation between populations is 

determined by genetic drift; however, natural selection acting upon specific loci may 

homogenize differentiation (e.g. balancing selection) or lead to an excess of 
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differentiation (e.g. geographically restricted directional selection relative to neutrally 

evolving loci throughout the genome) [27,28,29,30]. To measure population 

differentiation among sites for all four populations, we used a Bayesian method [31,32] 

that fits a statistical model of population structure related to FST, the coefficient of 

population differentiation. The model defined the difference of each population from a 

hypothetical average, or ancestral, population by a variance parameter cj for each 

population j [31] (Table 2-5). This parameter was analogous to FST values, but instead of 

being limited to a single estimate of differentiation for a pair or group of populations, we 

have an estimate of the variance parameter for each population. 

Synonymous, nonsynonymous, and transporter gene SNPs exhibited significantly 

different patterns of differentiation among populations. In Africa and in America (South 

and Central), nonsynonymous sites were significantly more differentiated than 

synonymous sites (Rank-Wilcoxon p<0.001, p=0.003, respectively). A number of genes 

for which there was strong differentiation between populations also showed significant 

association with drug-resistance in one or more populations [14], and overall we could 

reject the hypothesis that the two are uncorrelated. This result was perhaps surprising, as 

one might expect drug resistance mutations to have reached global fixation. However, 

geographic variation in drug usage, and fitness-costs associated with resistance, will lead 

to a selection-migration balance that allows for fixation of advantageous variants in 

geographic regions of high drug-usage, and polymorphism in regions of lower usage [33]. 

We suggest that peaks of differentiation may therefore reflect loci involved in resistance 



 38 

to anti-malarial drugs, and we tested the assertion by examining genotype - drug response 

associations. 

 

Population Structure and Associations with Drug Resistance 

Previous association studies conducted in P. falciparum have used geographic 

locations as indicators of population structure and correct for the structure by conducting 

within continent or sampling location association tests [14]. This approach is sensitive to 

spurious associations due to recent migrants, admixed isolates, mislabeling, and other 

instances where geography is an inaccurate indicator of the population structure. We 

improved on these population structure corrections by using a new but widely used [for 

example 34,35,36,37,38,39] principal component analysis (PCA) approach. PCA was 

both a test for population structure and also a correction method, permitting isolates to 

have continuous mixtures of ancestry that are defined genetically, rather than having 

discrete populations defined by collection location. The power and Type 1 error of the 

PCA implementation EIGENSOFT [40,41] and a simple sequence repeat (SSR) 

association test were evaluated using simulated structured populations and experimental 

phenotypes (chloroquine IC50). We then tested the presence of population structure using 

the chromosome 3 SNPs along with the previously analyzed transporter genes [14] with 

EIGENSOFT. Additionally, the SNP data combined with variation at 348 SSR loci [16] 

spaced ~75 kb apart throughout the genome was analyzed using STRUCTURE [42,43] to 

also assess population structure. Finally, we used the PCA results for population structure 
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correction in the SNP data, and structure results for the SSR data, to detect statistical 

associations with in vitro drug resistance, measured as the concentration required for 50% 

inhibition of parasites (IC50). 

 

Power and Type 1 Error of Association Methods for P. falciparum Drug Response  

The power to detect associations using EIGENSOFT has been reported and 

showed improvement over other association tests in structured populations, however 

these reports are only suggestive of the power and error in our study. We assessed the 

power and validity of EIGENSOFT to detect associations using the experimental 

phenotypes and simulated structured populations. Using Hudson’s coalescent simulator 

ms [44], we simulated an island model with four populations, unequal migration, unequal 

population size and recombination (4Nr = 50). The PCA of the simulations showed 

several significant axes of variation indicating population structure in the datasets. To 

assign phenotypes, the simulated sites were screened for SNPs with frequency 0.366 – 

0.42, corresponding to the frequency of chloroquine susceptible isolates in the sample. 

The resulting SNP was then used to assign phenotypic values from the chloroquine 

susceptible and resistant IC50 distributions to each sample, resulting in a completely 

linked SNP – phenotype dataset. One hundred replicates were analyzed using 

EIGENSOFT and p values were obtained by permutation tests. The power for this 

method experiment-wide was 0.62 and the Type 1 error was < 8 x 10-4. At the nominal 

level (p value " 0.05) the power was .95 and the Type 1 error was 0.03. The power study 
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revealed the method had sufficient power to detect associations and a conservative Type 

1 error.  

SSR polymorphism data traditionally has not been used in the association 

framework and has the drawback of too much allelic diversity (relative to the number of 

samples), yet because SSRs were already available [16], we used them to also test for 

associations. We evaluated the performance of the SSR association test by examining the 

power and Type 1 error. The power to detect associations and Type 1 error of the SSR 

association method was estimated by simulating the largest sub-population, Africa, using 

the demographic parameters reported by Joy et al. [6]. Simcoal2 [45], a coalescent 

genetic diversity simulator, was used to generate samples (40) of completely linked SSRs 

and SNPs. A single SNP was removed and used to assign resistant or susceptible 

chloroquine IC50 values to each sample, resulting in completely linked SSR – phenotype 

samples. The simulated samples were then tested for associations. This process was 

repeated 1000 times. At the Bonferroni significance level (% = 0.05), the power to detect 

a true association given the distribution of chloroquine phenotypes in Africa was 0.004, 

and at the nominal significance level (p value ! 0.05) the power was 0.17. The Type 1 

errors experiment-wide and nominally were 0.001 and 0.045 respectively. The low power 

was expected due to small sample size and high allelic diversity of the SSRs, however the 

low Type I error demonstrated the statistical credibility of the SSR associations detected.  

Finally, we used a linear mixed model association method, which used an identity 

by state matrix to control for population structure. Efficient Mixed Model Association 
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(EMMA) [46] differed from EIGENSOFT by modeling population structure as a random 

effect, meaning the observed population structure in the samples is a subset of the 

naturally existing population structure. Conversely, EIGENSOFT modeled population 

structure as a fixed effect meaning the observed structure is a complete sampling of the 

naturally existing population structure. The resulting population structure correction used 

in EMMA was larger due the larger variance estimator of the random effect and yielded a 

more conservative test of genotype-phenotype association. 

 

Population Structure in Global Samples of P. falciparum 

The PCA of the SNP data showed five significant axes of variation; the top 2 axes 

of variation accounted for 16% and 7.6% of the genetic variation and separated Africa 

and AsiaPNG, and then America from Africa (Figure 2-2 A). This population partitioning 

agreed with previous empirical [4,16,47] and STRUCTURE results [10]. The 3rd, 4th, and 

5th axes (explained 4.0%, 3.7 % and 3.6% of the genetic variation) appeared to stratify the 

American population, separating samples from Brazil and Peru, with consistent variance 

in the remaining populations. Similarly, in the STRUCTURE analysis for the SNPs and 

348 SSRs (Figure 2-2 B) the best-supported model was K = 3 populations consistent with 

the top 2 PCA results and the previous studies. We found a handful of isolates appearing 

to be an admixture of two or more groups which was also consistent with previous 

studies [10]. For example, we found that some Asian isolates appeared to be a mix of the 

“African” cluster and a 3rd cluster (Figure 2-2 C). We observed that for a large 
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proportion of Asian samples, genome-wide “mixing” or recombination was evident 

among African (in red) and Asian (in yellow) samples. Also clear, was the assignment of 

PNG samples to Africa. In this case, the PCA population structure correction provided an 

advantage over using continental groupings for association studies; the admixed samples 

having corrections according to all axes of ancestry, rather than a single population 

assignment.  

 

Drug Response Association 

Drug resistance, a continuous trait, was measured as the concentration required 

for 50% inhibition of the pathogens (IC50) for atovaquone-proguanil (Table 2-6), 

chloroquine, and quinine. The latter two are described in Mu et al [14]. The SNP data 

was analyzed using an implementation of PCA (EIGENSOFT [40,41]) for detecting and 

controlling for population structure. The PCA revealed a clustering of chloroquine 

susceptible (IC50 13.6-76.1 nM [14]) isolates (Figure 2-4) suggesting the population 

structure may reflect differences in drug tolerance. To avoid population structure 

corrections that were related to phenotype, the significant axes of variation were 

evaluated for correlations with the drug phenotypes. Each population class (Global, 

Africa, Asia, and America) was evaluated individually for population structure and 

associations. The five significant axes of variation discussed in the population structure 

analysis were used for corrections in the Global population; two significant axes of 

variation (p value = 1.5 x 10-8 and 0.0019, respectively) were used for population 
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structure correction in the Asian population, while the African and American populations 

had no principal component corrections due to phenotypic correlations. We detected 8 

SNPs in two genes (Table 2-7), and 6 different SSR loci (Table 2-8), with significant 

drug resistance associations after Bonferroni multiple testing corrections (% = 0.05). SNP 

and SSR drug resistance associations that were population specific may have evolved 

before or after population differentiation, perhaps in response to geographic differences 

in drug treatments over the past few decades.  

Two genes having SNPs in association with drug phenotypes using both 

EIGENSOFT (Table 2-7) and EMMA were MAL7P1.27, or the putative chloroquine 

transporter (pfcrt), and a novel association with PFC0850c, a hypothetical protein. 

Polymorphisms in pfcrt have a well-documented role in chloroquine resistance 

[14,48,49,50] and served as positive controls for the PCA association method. PFC0850c 

was associated with quinine resistance at the global level and had nominal associations 

with both chloroquine and quinine in the AsiaPNG population. PFC0850c is orthologous 

to an endonuclease/exonuclease/phosphatase of the rodent malaria parasite P. yoelii and 

other Plasmodium species. PFC0850c has not been previously reported to be involved in 

drug resistance. The previous analysis of variance of the transporter genes revealed 

several significant associations [14]; only one gene was detected at the experiment-wide 

significance level in this study. This suggested the PCA and the EMMA correction 

methods used here were more conservative than the previous study.  
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A population specific SSR association (Table 2-6) was found at marker C13M30 

(p value = 0.034) on chromosome 7 (599.7-.9 kb, 40.3 cM), overlapping MAL7P1.50 

encoding the erythrocyte membrane protein 1 (pfemp1), a cytoadherence protein 

expressed on the surface of infected red blood cells. Two novel associations included a 

chromosome 7 marker, 7A11 (332.87 kb, 23.1 cM), within the gene PF07_0024, 

(putatitive inositol phophatase) associated with chloroquine response (p value < 0.019). 

Also, two novel markers were identified on chromosome 4 to be in association with 

atovaquone-proguanil resistance in Africa. 

The Bonferroni multiple testing correction tends to be conservative, therefore we 

also reported SNPs and SSRs with nominal p value < 0.05 in at least 2 of the 3 

populations, or at the global level (Tables 2-9, 2-10, and 2-11 respectively). We observed 

chloroquine resistance associated with multiple pfcrt SNPs in both the African and 

American populations, reflecting differences in chloroquine resistance segregation 

between populations. The ABC transporter also showed a similar pattern of nominal 

associations with chloroquine in Asia and America. SSR marker C4M39 on chromosome 

4 (666.2 kb, 31.6 cM) had associations with quinine and atovaquone-proguanil in at least 

2 populations. We also saw a collection of SNPs, including those in pfcrt and PFA0590w 

(putative ABC transporter), had nominal associations with multiple drugs (chloroquine 

and quinine). Sites that were associated with different drugs acting in opposing directions 

(different alleles favorable for different drug resistances) may act to maintain variation 

among populations, which may be a form of balancing selection. 
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Selection at Drug Associated Loci 

In the case of non-neutral phenotypes, association results may be considered 

jointly with selection. Selective sweeps can remove polymorphism, thus decrease the 

ability to detect associations. In contrast, balancing selection, which maintains 

polymorphisms within or among populations, resulting in alleles with higher frequencies, 

increases power to detect associations with phenotypes. Genes that have SNPs in 

association with drug phenotypes were tested for departure from neutrality using 

MLHKA [51], a maximum likelihood multi-locus extension of the HKA [52] test. Two 

models were tested; the alternative (selection) model that included two genes with SNP 

associations and pfmdr1 as targets of selection and the null (neutral) model where all 

genes were selectively neutral. The maximum likelihoods of both models were 

determined and likelihoods were tested for statistical improvement of the alternative over 

the null. The test was carried out in each population separately using the same gene set. 

We observed a significant improvement for the selection model over the neutral model in 

all populations (Global, p value = 1.5e-5; Africa, p value = 0.0012; Asia - with PNG, p 

value = 5.4e-6; America, p value = 0.00037). The parameter k, a scaling factor which 

estimates how much diversity has been decreased or increased from neutral expectations 

in response to selection, was 11.5 globally, 8.4 in Africa, 9.9 AsiaPNG, and 11.2 in 

America for pfcrt, suggesting variation was high at these loci before a partial drug sweep. 

The high diversity at pfcrt suggested this locus was subject to balancing selection before 
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P. falciparum exposure to drug treatment, and that the use of drugs caused a selective 

sweep in some populations. Even if different mutations or haplotypes confer resistance, 

that variation had to be present for selection to act upon it. Similarly, hypothetical protein 

PFC0850c had k values ranging from 6.9 to 20.8 suggesting variation was maintained. 

Conversely, previously identified pfmdr1 had k values that are all < 1, suggesting 

diversity has been decreased, which is consistent with the reported selective sweep. 

Linkage disequilibrium (LD) block (regions where D’ > 0.80) averaged range 

from 11.2 kb in Africa to 53 kb in PNG [10]. Therefore non-neutrally evolving loci 

within a 40 kb window of associated SSR loci were also of interest. Two such loci were 

PFD0720w close to SSR marker C4M39 and PF14_0325 close to C14M115. PFD0720w 

appeared to have a deficit of fixed nonsynonymous sites (inferred from the MK test), 

suggesting selective constraint. The PF14_0325 gene had a surplus of fixed differences 

suggesting positive selection.  

Selective sweeps have previously been reported at pfcrt and dhfr (dihydrofolate 

reductase), with varying strengths, at different geographical locations [16,53]. Nash et al. 

[53] genotyped the pfcrt and dhfr loci in 130 parasites and showed losses of 

heterozygosity in strains resistant to chloroquine, consistent with loci subject to selective 

sweeps in a Southeast Asian population. Wootton et al. [16] evaluated genome-wide 

allelic diversity in the SSR dataset, noting high allele sharing along chromosome 7 and 

suggested that positive selection has occurred at pfcrt as separate events in the 

populations. Additionally, they reported LD extends > 200 kb from loci subject to 
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selection in chloroquine resistance parasites. Similarly, we observed chromosome 7 SSR 

associations ~ 100 and ~ 130 kb from pfcrt. As well, we saw SSR associations ~90 kb 

from dhfr, comparable to the 98 kb hitchhiking range in the Laos population reported by 

Nash et al., and an MK signal of non-neutrality at PFD0720w, 20 kb from dhfr. This 

suggested the SSR associations were reflections of drug induced selective sweeps and 

linkage disequilibrium rather than functional associations. 

 

Conclusions 

We have shown that P. falciparum has been subject to multiple forms of 

selection. Widespread anti-malarial drug-treatment has had a strong impact on the P. 

falciparum genome as noted by high differentiation of transporters SNPs and SNPs 

associated with drugs [26,54,55,56]. We showed that with even limited sample size, we 

could detect both known and novel associations. The sample sizes for our association 

were no doubt small relative to other studies in humans due to the laborious nature of 

testing for drug associations in the laboratory. However, our laboratory IC50 measures 

were fairly reliable compared to tests in the field [57], where starting and ending 

estimates of parasite numbers could be more accurately characterized. Finally, another 

novel finding in this study was the high degree of variation observed at previously 

characterized loci associated with partial sweeps. It raised questions about the function of 

these genes, apart from their association with drug resistance. 
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Finally, from our analysis of just one chromosome, we have identified a number 

of genes potentially subject to alternative forms of recent and ancient selection and a 

novel drug resistance association. The genome was fairly conserved relative to other 

genomes. No doubt, there were a number of constraints due to the complex life history of 

this particular pathogen. However, analysis of this one chromosome suggested that 

potentially 5% of loci genome-wide were subject to some form of adaptive selection. 

Although mutation rates appeared to be low in malaria, estimates were consistent with 

similar calculations made for other eukaryotes with short generation times. Regardless, a 

small proportion of amino-acid substitutions allowed the parasite to adapt to the ever-

changing host environments.  
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Methods 

SNP and SSR Population Structure  

The chromosome 3 sequence polymorphism was collected as described in Mu et 

al [13]. The transporter gene SNP set and the chloroquine and quinine IC50 for the 

parasites were described previously [14]. The chromosome 3 SNP data sets formed the 

SNP dataset (genotyped: NAfrica = 36, NAsiaPNG = 57, NAmerica = 23). To ensure accuracy in 

allele frequency calculations, normalization, and the subsequent PCA, the haploid SNP 

data was recoded to diploid homozygotes (0, 2) data and then analyzed using the 

principle component analysis (PCA) based association method EIGENSOFT [41]. The 

SSR and SNP data were merged and analyzed using the admixture model implemented in 

STRUCTURE v. 2.2 [42] with ploidity = 1, K ranged from 2 to 5 and chains of 500000 

iterations and 100000 burn-in iterations.  

Ancestry of each locus was estimated from STRUCTURE output as follows:  

 

where k is the ancestral population (1..K), nij is the genotype of sample i at locus j, 

p( a | k ) is the frequency of allele a at locus i in ancestral population k, and p( k | ni ) is 

the ikth element of the Q matrix, or the proportion of sample i’s genome coming from 

population k. 
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SNP Association 

The SNP data and atovaquone-proguanil, chloroquine and quinine IC50 datasets 

(phenotyped: NAfrica = 24, NAsiaPNG = 48, NAmerica = 16) were analyzed for association 

analysis using EIGENSOFT, treating the phenotype as a continuous variable and 

correcting for population structure in both the genotype and phenotype. The 5 significant 

axes of variation from the PCA SNP structure analysis were used for structure corrections 

in EIGENSOFT for the association analysis of the Global population. Additionally, 2 

axes of variation were used in the Asian population, and none in the remaining 

populations. The genotypes and phenotypes were adjusted by a factor of the location of 

the genotype or phenotype along the axis and the ancestry regression coefficient of the 

axis for all axes of variation used which is mathematically equivalent to using the axis of 

variation (eigenvector) matrix as a covariate in a multi-linear regression. The test statistic 

is , where N is the sample size, K is number of axis of variation used 

in the adjustments, and r is the correlation of adjusted genotypes and adjusted 

phenotypes. The same recoding of genotypes (haploid to diploid) used in the PCA 

population structure analysis was used here. The recoding, or linear scaling, did not 

change the correlation (r2) between genotypes and phenotypes; hence the test statistics 

and p values were unchanged.  

 Finally, phenotypes were permuted 250 000 times and (nominal) significance 

was obtained by counting the number of permuted test statistics equal to or greater than 

! 

" 2 = (N #K #1)$ r2
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the experimental test statistic. The Bonferroni multiple testing correction was then 

applied. 

 

 SSR Association 

Each SSR marker i was tested using: , where na is the 

number of isolates with allele a, µ is the phenotype mean of all samples, and Pa is the 

sum of the na phenotypic values with allele a. The analysis was done within each 

population; Africa, AsiaPNG, and America. Significance was obtained using the same 

permutation scheme as the SNP data. Sample sizes were small for the SSR dataset (68 

samples phenotyped, NAfrica = 34, NAsiaPNG = 18, NAmerica = 16) and subsequently reduced 

power of detection, particularly since allelic diversity was high, resulting in high degrees 

of freedom (up to 33 df) for each locus. We examined the effect of binning alleles into 2, 

3, 4, 5, and 6 alleles total for each site to reduce degrees of freedom and increase power. 

The binned data was analyzed using a !2 test for each marker. Phenotypes were permuted 

10000 times and (nominal) significance was assessed. The Bonferroni multiple testing 

correction was then applied. Percent of loci with a p value below 0.05, .001, and .005 for 

binning schemes and drugs were obtained, and although binning appeared to increase the 

number of loci detected, no one binning strategy improved detection over all phenotypes.  
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SNP Power Analysis 

Ninety-nine samples of 201 sites were simulated from a four island model with 

unequal migration rates, unequal population sizes and recombination, generated using 

Hudson’s ms [44]. The experimental chloroquine IC50 values were divided into two 

distributions- resistant and susceptible, defined by a natural break in the over all 

distribution, and resulted in a frequency of 0.39 for chloroquine susceptibility. The 

simulated sites where screened for segregation in at least 2 of the 4 populations and a 

minor allele frequency range of 0.366 - 0.425. The SNP meeting the frequency and 

segregating conditions was used to assign phenotypes, sampling with replacement from 

the susceptible and resistant IC50 distributions. The resulting datasets were analyzed using 

EIGENSOFT with corrections on 5 axes of variation. P values were obtained by 

permuting the phenotypes 250000 times and counting the number of times a test statistic 

was as or more extreme as the original results. The process was repeated 100 times to 

determine power, counting the number of the 100 replicates in which the linked SNP was 

significant. To determine Type 1 error, a phenotype permutation was taken as the result 

and compared to the rest of the permutations to obtain p values in each of the 100 

simulations. Type 1 error was report as the number of times an association was detected 

at the unlinked SNP out of the 100 simulations. Both power and Type 1 error were 

determined with and without the Bonferroni multiple testing correction. 
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 SSR Power Analysis 

A sample size of 40 completely linked SSR and 10 SNPs were simulated using 

simcoal2 [45], and growth and population size parameters reported by Joy et al [6]. The 

SNPs were filtered for minor allele frequency > 0.225 and then used to assign 

phenotypes. To mimic the African population, the chloroquine IC50 values of the African 

isolates were divided into two distributions, resistant and susceptible, using the same 

break as in the SNP power analysis. The phenotypes were assigned to the simulated 

samples based on the filtered SNP, sampled with replacement from the two different 

distributions. The resulting data set was tested for associations and p values of the 

associations were obtained from 10000 permutations of the phenotypes. The process was 

repeated for 1000 simulations and power was determined as the number of times an 

association between the SSR and phenotype was detected. The same simulation process 

was conducted for an unlinked SSR and phenotype to determine Type 1 error. Both 

power and Type 1 error were determined with and without the Bonferoni multiple testing 

correction. 

 

Maximum Likelihood Hudson Kreitman and Aguade (MLHKA) test 

Polymorphism data and divergence data from Jeffares et al [12] were combined 

for the 2 genes with SNP associations, pfmdr1, and 10 randomly chosen genes from 

chromosome 3 and evaluated for signals of selection using MLHKA [51,52], a maximum 

likelihood multiple locus version of the HKA test. The null model consisted of all 13 



 54 

genes as neutral loci and the alternative model was the 3 associated genes as selected loci. 

To evaluate model improvement, 2( ln( alt ) – ln( null ) ) was assumed to be distributed 

!2 with 3 degrees of freedom. This test was repeated for the African, Asian, American, 

and PNG populations.  

 

Proportion of Positively Selected Amino Acids 

Inferring the proportion of adaptive mutations genome-wide or at particular 

groups of genes could be estimated by a simple extension of the McDonald–Kreitman 

test [19,20,21]. The assumption was made that synonymous substitutions and 

polymorphism are neutral. To estimate the average proportion of amino-acid substitutions 

which were driven by adaptive evolution we needed to combine data across genes (see 

rationale and method in Smith and Eyre-Walker [20]). The proportion of positively 

inferred amino acids, %, was approximately equal to 1-(Ds/Dn)(Pn/(Ps+1)) where Pn and 

Ps were the number of polymorphic amino acid or silent sites within species. To estimate 

% we used the likelihood approach outlined by Bierne and Eyre-Walker [22]. Estimates 

were made genome-wide and for separate GO function categories but only for primate 

malaria as substantial population data does not exist for rodent malaria.  

 

Calculation of M and U.  

Sequences were aligned by ClustalX [58]. For each pair of genes, we calculated 

the rates of synonymous and nonsynonymous substitution. We used methods as described 
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in Eyre-Walker and Keightley (2000). The genomic amino acid (M) and deleterious (U) 

mutation rates were calculated as  

 

where averages were unweighted averages across genes and Z is a constant that converts 

the per site estimate to a per genome per generation estimate: e.g., for 

human/chimpanzee,  

. 

 

We used the Goldman and Yang [59] approach implemented in PAML to calculate 

synonymous and nonsynonymous substitution rates. We used the codon frequency model 

3, which is a free parameter model and calculated substitution rates using base 

composition and codon frequency from the data. M = Z(Ds) and U = M - Z(Dn)/3. The 

synonymous substitution rate was correlated to the level of synonymous codon bias in 

some species. This may be due to selection on synonymous codon use or a downward 

bias in the methods used to correct for multiple hits in sequences with high codon bias. 

Four-fold and two fold substitution rates were correlated to codon bias. We calculated L 

which was the departure from expected codon usage assuming no codon bias calculated 

as a weighted 2 statistic [60], summed over amino acids, assuming an empirical genomic 

G and C base content of 21% averaged across species. To correct our mutation rate 

estimates, we regressed the estimates of M and U obtained from each gene against the 

! 

M = Z(KtsNts + KtvNtv)   U = M " ZK n /3

! 

Z =
2(genomes) " 80,000(genes) "1500(bp for a gene) " 25(years for a generation)

12 "10^6(years of divergence)
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average L value taking the y intercepts as our corrected M and U values; these were the 

predicted values of M or U for no synonymous codon bias. 

 

Estimating Genetic Drift 

Inferences of ancestral populations and measures of differentiation: The model 

took the form of a Beta-binomial 

 

where P is the number of populations, L is the number of loci, nij is the number of 

chromosomes typed at the ith SNP in the jth population and xij is the number of copies of 

the chosen SNP variant at locus i in population j. We estimated the model parameters in a 

Bayesian framework. 

 

! 

xij ~ Bin(nij,"ij); "ij ~ Beta #i(1$ cj)
cj

, (1$#i)(1$ cj)
cj

% 

& 
' 

( 

) 
* 

i =1,...,L;  j =1,..P
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Figure 2-1. The ratios of nonsynonymous and synonymous polymorphisms (pn/ps) 
and divergence (dn/ds) for genes grouped by Gene Ontology. 
Indicated are groups that are significant (* denotes p value < 0.05, ** denotes p value < 
0.01) differentiated at nonsynonymous sites between species using a Fisher’s Exact Test 
(usually indicative of positive selection) and those groups that show a significant excess 
of nonsynonymous polymorphisms (indicative of and excess of either deleterious - 
nonsynonymous alleles at low frequency- or balancing selection – nonsynonymous 
alleles at high frequency).  
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Figure 2-2. Global Population Structure in P. falciparum.  
A) EIGENSOFT inferences of population structure. The 
top 3 axes of variation from the principle component 
analysis of random chromosome 3 SNPs. B) Population 
structure for SNP and SSR data combined (NAfrica = 40, 
NAsia = 55, NAmerica = 29, and NPNG = 10) using the 
admixture model implemented in Structure v.2.2. C) The 
top is ancestry of each SSR locus in each isolate inferred 
from STRUCTURE v2.2 output. The grey shadings at the 
bottom is expected heterozygosity (He) for the SSR data 
plotted by loci across the genome. 
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Figure 2-3. EIGENSOFT inferences of population structure.  
Indicated are individual isolates exhibiting chloroquine resistance (IC50 from 170.3 – 
951.6 nM) or susceptibility (IC50 from 13.6-76.1 nM) 
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Table 2-1. McDonald-Kreitman Tests for Departures from Neutrality for the 
Length of Chromosome 3.  
 Dn Ds Pn Ps p Value 
All samples (n=99) 279 189 92 40 0.042 
Africa (n=36) 279 189 65 26 0.035 
Asia (n=29) 284 193 47 21 0.145 
PNG (n=11) 284 196 36 14 0.095 
South America (n=23) 284 193 46 24 0.361 
 
 
Table 2-2. Frequency of Positively Selected Amino Acids per Gene Ontology Group.  
Proportions inferred according to Smith and Eyre-Walker (2002). 

GO term # of genes in GO group Proportion of a.a 
cell cycle 16 0.25 
cytoskeleton organization 
and biogenesis 

10 0.34 

secondary metabolism 2 0.43 
cytoplasm organization 
and biogenesis 

20 0.43 

organelle organization and 
biogenesis 

16 0.45 

cell organization and 
biogenesis 

24 0.49 

electron transport 5 0.62 
host-pathogen interaction 5 1.0 
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Table 2-3. Tajima’s D by Gene and Population. 
  Africa   Asia   America   PNG   
Gene Tajima's D p Tajima's D p Tajima's D p Tajima's D p 
PFC0050c -0.1977 0.6860 -1.5325 0.0418 -0.3922 0.6858 -0.7781 0.5814 
PFC0060c -1.2529 0.2578 0.0000 NA -0.6620 0.4464 -1.1284 0.9372 
PFC0070c 0.0968 0.7982 -1.6865 0.0244 -1.6496 0.0444 0.5308 0.5836 
PFC0075c 0.0000 NA -1.7328 0.0038 -1.1608 0.2860 -1.1284 0.9980 
PFC0080c -1.7520 < 0.0001 -0.4303 0.6320 -1.1939 0.1378 0.6714 0.7638 
PFC0090w -0.9900 0.3610 -0.3355 0.7560 -1.3033 0.1674 -1.7910 0.0012 
PFC0095c 0.2683 0.5296 0.6129 0.4572 1.4793 0.1410 -1.4295 0.5552 
PFC0100c 0.4951 0.4234 -0.7529 0.3306 1.0838 0.2114 0.0000 NA 
PFC0125w 0.6948 0.4998 0.1609 0.7992 0.2700 0.6922 -0.6484 0.1774 
PFC0135c 0.0000 NA -1.1493 0.0642 0.0000 NA 0.0000 NA 
PFC0165w -0.6680 0.3472 -0.2880 0.7346 0.5996 0.4900 -1.1139 0.6616 
PFC0170c -0.7279 0.3172 -1.5092 0.0286 0.2752 0.5864 -1.1284 0.9702 
PFC0175w -1.7233 0.0008 0.0000 NA -1.1608 0.2848 0.0000 NA 
PFC0180c -1.6270 0.0258 1.5339 0.1148 1.4329 0.1052 -0.7781 0.7644 
PFC0185w -1.3024 0.0268 1.4190 0.1338 -1.6789 0.0522 -1.7116 0.6480 
PFC0195w -0.2318 0.5464 -1.5092 0.0300 0.2426 0.6220 -1.1284 0.5614 
PFC0215c -0.8750 0.4058 -1.0805 0.3034 -0.6620 0.4640 -0.7781 0.7766 
PFC0220w -1.1331 0.2566 1.1680 0.2196 0.1859 0.4850 0.0362 0.5984 
PFC0230c -1.5612 0.0694 -1.1505 0.1858 1.2194 0.2454 0.1013 0.4922 
PFC0235w -1.7233 0.1384 0.0000 NA 0.0000 NA 0.0000 NA 
PFC0245c -0.5442 0.5946 -0.7529 0.3316 1.5826 0.0428 -1.1284 0.0672 
PFC0250c -2.0069 < 0.0001 -0.6908 0.5640 0.0000 NA 0.0000 NA 
PFC0255c -1.5612 0.0030 0.0000 NA 0.0799 0.7554 0.0000 NA 
PFC0260w -1.1331 0.1772 -1.1493 0.0702 0.0000 NA -1.4295 0.3680 
PFC0265c -1.4953 0.0244 -1.1493 0.0728 0.0000 NA 0.3619 0.0704 
PFC0270w 0.0000 NA -1.1493 0.0632 0.0000 NA 0.0000 NA 
PFC0285c -1.1331 0.1434 -1.5092 0.0266 1.0838 0.2162 0.0000 NA 
PFC0295c -1.4953 0.0368 1.4425 0.1450 0.0000 NA -0.1000 0.8630 
PFC0310c -1.2664 0.0268 -1.1493 0.0690 0.2752 0.5844 -1.1284 0.7914 
PFC0325c -1.0860 0.2142 0.0000 NA -1.1608 0.2828 0.0000 NA 
PFC0330w -1.1331 0.0676 0.0000 NA -1.1608 0.2904 -1.1284 0.0496 
PFC0335c -1.1331 0.3686 0.0000 NA -1.1608 0.2874 0.0000 NA 
PFC0340w -0.7279 0.4426 0.0000 NA -0.5905 0.6180 0.0000 NA 
PFC0345w 0.4807 0.5706 1.1534 0.2630 -1.1608 0.2920 -1.4295 0.0654 
PFC0355c -0.8750 0.2850 -0.3870 0.4828 0.5681 0.4656 -0.2895 0.2334 
PFC0370w -1.8850 < 0.0001 0.0000 NA -1.1608 0.3016 0.0000 NA 
PFC0380w -0.7014 0.8336 -1.1493 0.0676 -0.6620 0.4500 -1.1284 0.0272 
PFC0395w -1.1331 0.5318 0.0000 NA 0.0000 NA -1.1284 0.1160 
PFC0420w -1.4953 0.0762 0.0000 NA 0.1859 0.4840 0.0000 NA 
PFC0425w -0.6718 0.4686 -0.3870 0.4846 -0.3674 0.7430 -1.1284 0.0950 
PFC0435w 0.0000 NA -0.3870 0.4778 -1.1608 0.2978 -1.1284 0.3598 
PFC0440c -0.4210 0.6380 -0.7885 0.4210 0.0000 NA -1.1284 0.6740 
PFC0441c -1.0860 0.1940 1.5949 0.0896 0.0000 NA 1.4427 0.0118 
PFC0460w -1.1946 0.1854 -1.0036 0.3354 -0.1442 0.9086 -0.9316 0.0410 
PFC0465c 0.3528 0.3318 -1.1493 0.0746 1.5327 0.0798 -1.1284 0.0376 
PFC0485w -0.9176 0.2078 -1.5092 0.0300 0.1859 0.4672 -1.1284 0.3938 
PFC0486c 0.0000 NA 0.0000 NA -1.1608 0.2888 0.0000 NA 
PFC0505c 0.6019 0.6470 1.9755 0.0442 -0.9469 0.3504 1.4379 0.0046 
PFC0510w -0.9006 0.3356 -1.7328 0.0122 -0.6620 0.4390 0.0000 NA 
PFC0515c -1.4953 0.0574 0.1124 0.7516 0.0000 NA -1.1284 0.0538 
PFC0530w -1.1331 0.2946 -0.7529 0.3224 -1.1608 0.2852 0.0000 NA 
PFC0545c 0.0000 NA -1.1493 0.0790 -0.6620 0.4566 0.0000 NA 
PFC0550w -0.5128 0.4832 0.0000 NA 0.0000 NA 0.0000 NA 
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Table 2-3. Continued 

PFC0560c -1.4953 0.1582 0.0000 NA -1.1608 0.2964 0.0000 NA 
PFC0580c 0.1486 0.8396 0.0924 0.7590 0.8344 0.2878 0.0000 NA 
PFC0600w -0.8133 0.4262 0.0000 NA -0.2131 0.6008 0.0000 NA 
PFC0615w -1.4953 0.2292 0.5277 0.3922 0.5351 0.3680 0.0000 NA 
PFC0625w -0.8133 0.2650 0.0000 NA 0.5351 0.3714 -1.1284 0.0212 
PFC0630w -1.4089 0.0058 -1.1493 0.0724 0.0000 NA 0.0000 NA 
PFC0640w 0.0700 0.9518 -0.2880 0.7622 -0.8639 0.4156 -1.4295 0.0104 
PFC0650w -1.4953 0.0072 -0.0472 0.9910 0.0000 NA -1.1284 0.3834 
PFC0701w -0.9006 0.3132 0.0000 NA -1.1608 0.2840 0.0000 NA 
PFC0705c -1.0732 0.2592 2.0142 0.0362 -0.8639 0.4330 -1.4295 0.0042 
PFC0730w 0.0000 NA 0.0000 NA -1.1608 0.2890 0.0000 NA 
PFC0735w -1.1331 0.1672 0.0000 NA 0.0000 NA 0.0000 NA 
PFC0745c 0.4951 0.4188 -0.2480 0.7734 1.2833 0.1598 0.6714 0.7230 
PFC0755c 0.0000 NA 0.0000 NA 0.0000 NA -0.1267 0.6614 
PFC0760c -1.4089 0.0226 -1.1493 0.0760 -0.6401 0.5594 -1.1284 0.0130 
PFC0765c -1.2843 0.0708 -1.1493 0.0718 -0.6361 0.5814 0.0000 NA 
PFC0770c 0.0000 NA 0.0000 NA -1.1608 0.2732 0.0000 NA 
PFC0775w 0.0000 NA 0.0000 NA 0.0000 NA -1.1284 0.6754 
PFC0790w 0.0000 NA 0.0000 NA -0.2131 0.6256 0.0000 NA 
PFC0805w 1.1929 0.1286 -0.3870 0.4786 1.4329 0.1094 0.0000 NA 
PFC0830w -0.3937 0.3978 -0.0012 0.9800 -0.6153 0.6122 0.0362 0.3412 
PFC0831w -1.1331 0.2164 -1.1493 0.0894 0.0000 NA 0.6714 0.7762 
PFC0835c 0.0000 NA 0.0000 NA -0.6620 0.4476 0.0000 NA 
PFC0840w -1.2843 0.0752 -0.3870 0.4850 0.8344 0.2814 -1.1284 0.2302 
PFC0850c -1.5612 0.0162 1.5938 0.1114 -1.1608 0.2904 -0.1000 0.2680 
PFC0870w -1.1331 0.3824 0.0000 NA 1.5327 0.0772 0.0000 NA 
PFC0880c -0.6768 0.5092 1.1680 0.2270 -0.2781 0.7162 0.6714 0.0126 
PFC0900w 0.0000 NA 0.0000 NA -1.1608 0.2928 0.0000 NA 
PFC0905c 0.3464 0.8462 -0.3870 0.5010 -1.1608 0.2938 -1.1284 0.8058 
PFC0910w 1.6290 0.0756 -0.3281 0.7244 -0.6620 0.4528 -0.1000 0.4216 
PFC0915w -0.5128 0.5898 0.0000 NA 0.0000 NA 0.0000 NA 
PFC0930c 0.3077 0.8566 -0.9887 0.3636 -1.2600 0.1558 -1.1284 0.9588 
PFC0935c 0.0299 0.6142 -0.7885 0.3926 -0.6620 0.4474 1.4427 0.0900 
PFC0940c 1.1018 0.1834 -0.7078 0.5006 0.4731 0.5786 2.0449 0.0044 
PFC0945w -1.1331 0.5856 -0.0516 0.6158 -1.1608 0.2850 0.0000 NA 
PFC0955w -0.4213 0.7224 -0.0516 0.5970 0.0000 NA 0.0000 NA 
PFC0970w -0.2318 0.6204 -1.0087 0.3202 1.5826 0.0244 0.0000 NA 
PFC0995c -0.2318 0.6036 0.1924 0.6914 -0.2131 0.6352 -0.1000 0.1394 
PFC1000w -0.7279 0.8500 0.1124 0.7236 -1.1608 0.2800 0.0000 NA 
PFC1011c -0.8133 0.5466 0.0000 NA -1.1608 0.2662 0.0000 NA 
PFC1030w -1.0860 0.1888 0.5277 0.4104 0.0000 NA -0.1000 0.9606 
PFC1035w -1.1331 0.3618 0.0000 NA 0.0000 NA 0.0000 NA 
PFC1045c -1.2664 0.1570 -0.3870 0.4844 0.5030 0.5516 0.0000 NA 
PFC1055w -0.6965 0.5328 -0.1085 0.9056 0.1124 0.7658 1.4427 0.0062 
PFC1060c -1.3691 0.2616 -1.8573 0.0132 0.0000 NA 0.2228 0.4838 
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Table 2-4. Tajima’s D Across Loci.  
Mean (µ),and the Coefficient of Variation (Cv) for Tajima’s D. 

Pop. µ  |Cv| 
Africa -0.80 -1.1 
America -0.25 -4.0 
Asia  -0.42 -2.4 
PNG -0.15 -5.7 

 

Table 2-5. Estimates of Genetic Drift.  
Mean (and standard deviations) of genetic drift (cj) per population for all synonymous 
and nonsynonymous sites surveyed throughout chromosome 3 of P. falciparum. The 
larger values indicate greater departures from the assumed ancestral admixed population. 
n = sample size. 
Population n Synonymous Nonsynonymous 
Africa 36 0.269 (0.052) 0.370 (0.040) 
America 23 0.217 (0.048) 0.448 (0.042) 
Asia 29 0.419 (0.056) 0.370 (0.025) 
PNG 11 0.535 (0.057) 0.500 (0.048) 
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Table 2-6. IC50 of ATO 
Isolate ATO IC50 Isolate ATO IC50 Isolate ATO IC50 
3D7 1.572991 418 0.097255 THY16 0.102545 
123/5 1.089802 425 0.07836 THA19 0.110213 
128/4 0.612145 Hu425 0.080435 PC49 0.682294 
102/1 0.498696 433 0.141312 PC09 4.432078 
124/8 0.225995 456 0.299375 PC15 0.934087 
REN 0.497985 FAB6 0.709475 PC17 0.805298 
106 2.476265 Fab9 0.757012 PC26 0.904983 
M2 0.701456 713 0.267092 7G8 0.797188 
P13 0.212846 SL/D6 0.738421 DIV17 8.076699 
M5 0.568626 LF4/1 0.677747 DIV30 0.959382 
S35 0.409527 DD2 1 PAD 1.15635 
M24 0.572479 Indo 3.200849 ICS 2.871632 
K39 1.277634 Camp 0.118033 ECP 0.575541 
KMVII 1.541071 FCB 1.767855 DIV14 3.107774 
9013 0.196026 MR80 0.387707 ECU 0.157172 
9016 0.110681 V1/S 2.757307 JAV 0.246775 
9020 0.344246 JCK 1.397756 HB3 0.815011 
9021 0.119735 D5 0.449352 Haiti 0.871613 
M97 0.92325 P31 0.180714 D10 1.873546 
434 0.047237 TM284 3.561734 PNG2 0.181418 
449 0.083717 T2/c6 0.572768 PNG3 0.101868 
601 0.107081 TM191c 0.429208 PNG4 0.155626 
M190 0.079998 C2A 2.361409 PNG13 0.29489 
224 0.260456 MT/S-1 0.284781   
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Table 2-7. Significant SNP Associations.  
CQ – chloroquine, QN – quinine, Bonferroni corrected p value of 0.05 or less 

Gene SNP Drug Pop p Value Gene Description 

MAL7P1_27 
(pfcrt) 74 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter, putative 

MAL7P1_27 
(pfcrt) 

75 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

MAL7P1_27 
(pfcrt) 

76 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

MAL7P1_27 
(pfcrt) 

220 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

MAL7P1_27 
(pfcrt) 

271 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

MAL7P1_27 
(pfcrt) 

326 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

MAL7P1_27 
(pfcrt) 

371 CQ Africa < 0.00098 

chloroquine 
resistance 
transporter 

PFC0850c 850 QN Global 0.0299 Hypothetical protein 
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Table 2-8. Significant SSR Associations.  
CQ – chloroquine, QN – quinine, ATO – atovaquone proguanil, p value are Bonferroni corrected. MK p values are for 
concatenated genes within a 40kb window of the associated marker (Jeffares et al. 2007) 

Chr Marker Drug Population p Value 
Min MK p 
Value Genes Descriptions 

7 7A11 CQ Africa <0.0342 1 PF07_0024 
Inositol phosphatase, 
putative 

4 c4m48 ATO Africa <0.0342 1 PFD0495c hypothetical protein 
4 c4m39 ATO Africa <0.0342 0.01915 PFD0705c hypothetical protein 

7 C13M30 ATO Africa 0.03434 1 MAL7P1.50 
erythrocyte membrane 
protein 1 

5 m6 QN AsiaPNG 0.0343    
11 B5M124 ATO AsiaPNG 0.0343 0.1964 PF11_0450 hypothetical protein 
 
 

Table 2-9. SNPs with Nominally Significant Associations in All Three Populations. 
Gene Snp Drug Africa Asia America Gene Description MK p value 
MAL7P1.27 76 CQ < 4.000e-6 >0.05 0.02394 Chloroquine resistance 

transporter, putative 
0.5304 

MAL7P1.27 220 CQ < 4.000e-6 >0.05 0.02394 Chloroquine resistance 
transporter, putative 

0.5304 

PFA0590w 1318 CQ 0.006117 >0.05 0.003092 ABC transporter, 
putative 

1 

 



 74 

Table 2-10. SSR with Nominally Significant Associations in Two or More Populations.   
*Minimum p value McDonald Kreitman test. 
Marker Drug Africa Asia America Gene Description MIN MK p 

value* 
B7M97/B ATO 0.0417 0.0008 0.9706 PFA0245w hypothetical protein 0.5773 
c3m64 ATO 0.0254 0.0122 0.5388 PFC0475c hypothetical protein, conserved 0.183 
c4m30/Y ATO 0.0216 0.0248 0.439    
c4m39-1 ATO < 0.0001 0.007 0.6057 PFD0705c hypothetical protein 0.01915 
c4m39-1 QN 0.0054 0.0031 0.0608 PFD0705c hypothetical protein 0.01915 
c4m39-2 QN 0.4042 0.0204 0.0119 PFD0705c hypothetical protein 0.01915 
B5M123/Y CQ 0.0312 0.0414 0.274 PFF1400w hypothetical protein 1 
B5M24/G CQ 0.7703 0.0091 0.0334    
7A11 CQ < 0.0001 0.0065 0.2003 PF07_0024 hypothetical protein 1 
9B12/Y CQ 0.0062 0.0014 0.2022 PF07_0022 hypothetical protein 1 
B5M100/Y ATO 0.0105 0.1506 0.0115 MAL7P1.224 hypothetical protein, conserved 

in P. falciparum 
1 

B5M47/Y CQ 0.0397 0.0014 0.0169 PF07_0021 hypothetical protein 1 
B5M77 CQ 0.0372 0.0316 0.2351 PF07_0018 hypothetical protein 1 
B5M97/G CQ 0.0149 0.0227 0.1368 PF07_0018 hypothetical protein 1 
BM7/B CQ 0.3124 0.0085 0.0292 MAL7P1.56 erythrocyte membrane protein 1 

(PfEMP1) 
1 

PE14F/G CQ 0.8003 0.05 0.0334 MAL7P1.204 hypothetical protein 0.6772 
PS590/G CQ 0.0108 0.0003 0.3812 MAL7P1.21 origin recognition complex 

subunit, putative 
1 

C9M11/B QN 0.0347 0.0269 0.7315    
C9M26 ATO 0.0184 0.0426 0.2993 PFI1710w cytoadherence-linked protein 0.3 
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Table 2-10 Continued 

C9M33 ATO 0.0018 0.5895 0.0246 PFI1650w DNA excision-repair helicase, 
putative 

1 

B7M78/B ATO 0.0464 0.0109 0.1986 PF10_0091 hypothetical protein 1 
TA117 CQ 0.6933 0.0207 0.0342 PF11_0464 hypothetical protein 0.5294 
TA31/G ATO 0.0459 0.1263 0.0212 PFI1_0185 hypothetical protein 0.3154 
XB8M18/Y CQ 0.4148 0.0148 0.036    
C12M62 ATO 0.0362 0.0184 0.9254    
C12M89 QN 0.0415 0.7326 0.0274 PFL1755w hypothetical protein 1 
C13M5 CQ 0.3394 0.0067 0.0043 MAL13P1.29

6 
hypothetical protein 1 

C14m58 CQ 0.177 0.0417 0.0009 PF14_0233 hypothetical protein 1 
C14M87 ATO 0.03 0.0157 0.641 PF14_0589 valine - tRNA ligase, putative 0.1667 
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Table 2-11. SNPs with Nominally Significant Associations in the Global Population. 
Gene SNP Drug P value 
MAL7P1.27 76 CQ 0.018992 
PF08_0078 440 QN 0.008468 
PF14_0133 1740 QN 0.02436 
PFC0090w 90 CQ 0.015772 
PFC0090w 90 CQ 0.015772 
PFC0090w 90 CQ 0.018344 
PFC0125w  CQ 0.03248 
PFC0125w  CQ 0.02858 
PFC0125w  CQ 0.004484 
PFC0165w 165-3 ATO 0.014732 
PFC0295c 153 QN 0.011728 
PFC0295c 295-1 QN 0.005832 
PFC0355c 355-2 QN 0.0426 
PFC0505c 505-NEW ATO 0.00588 
PFC0505c 505-3 QN 0.033496 
PFC0580c 580-2 QN 0.021464 
PFC0615w 615 CQ 0.013036 
PFC0615w  CQ 0.0161 
PFC0650w 650 CQ 0.013992 
PFC0745c 745 ATO 0.021632 
PFC0831w 831 CQ 0.007152 
PFC0850c 850-2 QN 0.000124 
PFC0850c 850-2 ATO 0.019864 
PFC0850c 850 CQ 0.013676 
PFC0940c 940 QN 0.014244 
PFC0955w 955 CQ 0.01794 
PFE1150w 1034 QN 0.004668 
PFE1150w 1034 ATO 0.04204 
PFE1150w 1042 QN 0.017488 
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Abstract 

Antimalarial drugs impose strong pressure on Plasmodium falciparum parasites 

and leave signatures of selection in the parasite genome 1,2. Search for signals of selection 

may lead to genes encoding drug or immune targets 3. The lack of high-throughput 

genotyping methods, inadequate knowledge of parasite population history, and time-

consuming adaptations of parasites to in vitro culture have hampered genome-wide 

association studies (GWAS) of parasite traits. Here we report genotyping of DNA from 

189 culture-adapted P. falciparum parasites using a custom-built array with thousands of 

single nucleotide polymorphisms (SNPs). Population structure, variation in 

recombination rate, and loci under recent positive selection were detected. Parasite IC50 

values to seven antimalarial drugs were obtained and used in GWAS to identify genes 

associated with drug responses. The SNP array and genome-wide parameters provide 

valuable tools and information for new advances in P. falciparum genetics. 

 

Introduction 

Drug resistance in P. falciparum parasites has evolved and spread rapidly, leading 

to the loss of chloroquine (CQ) and sulfadoxine-pyrimethamine (SP) as first-line 

treatments in most endemic areas. Resistance to all antimalarial drug classes has been 

reported, including recently the artemisinin (ART) derivatives 4-7. Mutations in the P. 

falciparum CQ resistance transporter gene (pfcrt) and the genes encoding dihydrofolate 

reductase (pfdhfr) and dihydropteroate synthase (pfdhps) have been shown to confer 
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resistance to CQ and SP, respectively. Additionally, copy number and/or point mutations 

at the gene encoding a homolog of human P-glycoprotein (pfmdr1) on chromosome 5 

have been associated with parasite response to mefloquine (MQ), quinine (QN), ART, 

and other antimalarial drugs, although other unknown genes may have roles in the 

responses 8. P. falciparum resistance to antimalarial drugs has occurred only since 

widespread deployment of the drugs (i.e. within the past 60 years), and there may have 

not been enough time for recombination to break down completely linkages between 

causal alleles and nearby genetic markers. Indeed, by scanning for regions of high LD, 

the chromosome segment carrying the pfcrt locus was correctly identified using 342 

genome-wide microsatellite (MS) markers and 92 parasite isolates collected from 

different parts of the world 1. Here we report the first genome-wide P. falciparum maps 

of population recombination events, signatures of recent positive selection, and GWAS of 

multiple drug resistant phenotypes and SNP genotypes obtained using a custom-built 

SNP typing microarray.  

 

Results 

We collected and adapted 189 independent P. falciparum isolates into in vitro 

culture, including 146 from the Asia (Thailand and Cambodia), 26 from Africa, 14 from 

America, and 3 from Papua New Guinea. We developed a custom 3K oligo probe array 

based on the molecular inversion probe (MIP) technology  (Affymetrix Inc, Santa Clara, 

CA) 9 to interrogate 3354 SNPs we identified previously 3. The MIP array provides a 
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simple and reliable method to genotype the 23 megabase (mb) P. falciparum genome 

with a coverage averaging ~one SNP per 7 kilobase (kb). Among the 3257 (97.1%) SNPs 

called, 2763 (82.4%) had call rate >90%, and only seven were different from those the 

sequenced 3D7 genome sequence (0.2%). One thousand, eight hundreds, and eighty-nine 

(58.3%) SNPs had a minor allele frequency (MAF) greater then 2% among all the 

parasites; 1216 (37.3%) SNPs had MAF >2% in the Asian population; 1637 (50.3%) 

SNPs had MAF >2% in the African population; and 813 (24.9%) had MAF >2% in the 

American populations. 

We tested for genetic heterogeneity that may be associated with geography. 

STRUCTURE analyses 10 showed that the parasites could be clustered into continental 

populations, with a group of Cambodian parasites separated from the majority of the 

those of Thailand and Cambodia (Figure 3-1a). Similarly, principal component analysis 

(PCA) using EIGENSOFT11 identified significant axes of variations partitioning the 

parasites into clusters of Asia, Africa, America (Figure 3-1b) as well as distinct groups of 

parasites from Thai-Cambodian regions (Figure 3-1c). The clustering of Cambodian 

parasites, which were collected from sites within a radius of ~50 km, into different 

groups suggests either a recent population admixture or possibly the presence of SNPs 

that could distinguish parasites with different phenotypes. These population clusterings 

were corroborated with Wright’s Fst values (Africa vs. Asia 0.054; Africa vs. America 

0.136; Asia vs America 0.028, and between the two Cambodian populations 0.254). The 
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large Fst value for the Cambodian populations was due to fixation of ~75% SNPs 

(765/1024) in the outlier Cambodian population.  

Using genome-wide SNPs, we generated population recombination maps for all 

14 chromosomes. Interestingly, the five largest chromosomes (9-14) had relatively fewer 

recombination events than the smaller chromosomes (Figure 3-2). Similar to those 

observed on chromosome 3 12, many recombination hot- or cold-spots appeared to be 

‘conserved’ among populations. There were several loci with extremely high levels of 

recombination activity, including a locus at one end of chromosome 1 and a segment on 

chromosome 7 containing pfcrt (from 400 to 800 kb) that had a mosaic recombination 

pattern. The chromosome 7 recombination hotspots flanked a central 100 kb segment 

(containing pfcrt) with a reduced recombination activity, suggesting a recent selective 

sweep. In contrast, balancing selection on the nearby var and other genes may favor 

higher rates of allelic exchange.  

We mapped chromosomal loci potentially under selection using relative extended 

haplotype homozygosity (REHH) 13,14, integrated haplotype score (iHS) 15, and cross 

population extended haplotype homozygosity (XP-EHH) 14,16. We generated genome-

wide maps of selection for parasite populations from Asia, Africa, and America, 

separately, and detected many loci that were under significant positive selection (Figure 

3-3). Examples of recent positive selection from REHH included the locus on 

chromosome 7 containing pfcrt, a locus on chromosome 11 containing pfama-1, and a 

locus on chromosome 13 containing an ABC transporter (PF13_0271) (Figure 3-3a). The 
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pfcrt gene is under CQ selection 1; pfama-1 is a target of host immune response 17; and 

the gene encoding the ABC transporter on the chromosome 13 was predicted to transport 

iron into mitochondrion at PlasmoDB. Other signals evident in Figure3-3a were likely to 

represent regions containing genes for either antigens and/or putative transporters that 

may be under immune or drug selection pressures.  

Similarly, iHS detected strong selection signals at the pfcrt and pfama-1 loci 

(Figure 3-3b), consistent with REHH results. Additional interesting iHS signals included 

PFA0655w (encoding a member of SURFIN) 18 on chromosome 1 and a putative 

metabolite/drug transporter (PF14-0260) on chromosome 14.  If we used an iHS score of 

2.3 as a significant cutoff value (approximately top 1% of theoretical iHS distribution), 

we identified many SNPs that were also identified using REHH (data not shown). We 

also performed XP-EHH to detect selective sweeps that drive some alleles to fixation in 

one population but remains polymorphic in others. Indeed, many extended haplotypes 

were detected between populations (Figure 3-3c). Again, the pfcrt locus had highly 

significant P-values, particularly in comparison of African v.s. American (AF/AM) and 

African v.s Asian (AF/AS) populations. Another gene with very significant XP-EHH P-

value was PFE1445c on chromosome 5 that encoded a Plasmodium conserved protein 

(Figure 3-3). There were also several large extended haplotypes (519126-922368 bp on 

chromosome 7, 831749-925515 bp on chromosome 8, 319075-495408 bp on 

chromosome 9) between African and American populations. A total of 11 genes under 

significant selection were detected by all the three methods (Table 3-1), although the 
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signatures at the chromosome 7 locus may be due to selective sweeps and hitchhiking 1. 

Other genes such as PFC0940c and PFE1445c were highly polymorphic with predicted 

transmembrane domains and were likely conserved antigen genes in Plasmodium. 

To detect genes associated with drug responses, we measured half maximum 

inhibitory concentrations (IC50) of CQ, QN, MQ, SP, dihydroartemisinin (DHA), 

amodiaquine (AMQ), and piperaquine (PQ) from 185 culture-adapted parasites using a 

SYBR green method 19 (Figure 3-4a) and conducted GWAS. Except for CQ and SP that 

had bimodal distributions of IC50 values, the distributions of IC50 values for the other five 

drugs were more unimodal. All the parasites were sensitive to PQ and DHA. The range of 

IC50 values for PQ was small (5 folds) while the IC50 range for SP was large (~56,000 

folds). The IC50 ranges for the other drugs were 10-fold or higher (16 fold for DHA; 17 

fold for AMQ; 26 fold for QN; 34 fold for MQ; 70 fold for CQ). Parasites from the Thai-

Cambodian population had similar distributions of IC50 values to those of the worldwide 

population, except that there were only 2 and 6 (out of 143) parasites that were sensitive 

to CQ and SP, respectively (Figure 3-4b). We also compared the IC50 values of the 

parasites from the two genetically distinct Cambodian populations and found that the 

average IC50 for the all drugs were not significantly different (unpaired t-test; data not 

shown). 

Delayed parasite clearance following artesunate treatment or artemisinin 

combination therapy (ACT) has been reported from patients at the Thai-Cambodian 

border 6,7. The Cambodian parasites did have a significantly higher mean IC50 value to 
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DHA (5.2±1.5 nM) compared to the parasites from Thailand (2.0±1.0 nM) and America 

(2.5±1.1 nM) (t-tests, P<0.001), but not from Africa (3.1±2.4 nM) (P=0.09). As reported 

previously 20,21, multivariate analyses showed a strong positive correlation (R2= 0.78) 

between IC50 values of MQ and DHA, some positive correlations between CQ IC50 

values and those of SP (R2= 0.47), AMQ (R2= 0.52), and QN (R2= 0.52), and slight 

negative relationships between DHA/AMQ, MQ/AMQ, CQ/MQ, and CQ/DHA among 

all the parasites (Figure 3-4c) and those from the Thai-Cambodian population (Figure 3-

4d). The strong positive correlation between the responses to DHA and MQ suggests 

either co-selection by the drugs and/or a common resistance mechanism. This association 

may also be partly explained by pfmdr1 amplification.  

We performed GWAS on individual populations using PLINK 22 and 

EIGENSOFT (Figure 3-5 and Table 3-2). Quantile-Quantile plots suggested effective 

correction of potential population structure (Figure 3-6). Although several genes were 

associated with responses to CQ, QN, DHA and MQ, only MAL7P1.27-9 (pfcrt), 

PFA0665w-18 (pfsurfin) and PFE1150w-4 (pfmdr1) had a minor allele frequency higher 

than 15%. All of the three genes were also under positive selection. The association of 

pfcrt with CQ response is well established 23. Likewise, the association of pfmdr1 with 

QN is consistent with the linkage of QN response to polymorphisms in the gene 24 and 

with altered QN IC50 values in parasites engineered to have wild type pfdmr1 allele 

replaced with a mutant allele 25. Association of PFA0665w (SURFIN) with responses to 

antimalarial drugs has not been reported previously. SURFIN was reported to be co-
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transported with PfEMP1 and RIFIN to the infected erythrocyte surface 18 and could be 

part of a protein complex involved in binding or transport chemical compounds. There 

were also two Plasmodium conserved genes (PF11_0079 and PFC0460w) with 

significant P-values from both EIGENSOFT and PLINK. However, the associations of 

some of these candidate genes could be due to linkage to genes nearby that might be the 

real actors. The functions of these candidate genes in the associated loci and their 

contributions to antimalarial drug resistance require further studies. 

 

Conclusions 

Our in vitro assays suggest that P. falciparum strains from different continents 

remain sensitive to DHA and PQ, although parasites from Cambodia are generally more 

resistant to the drugs. Many genes under recent positive selection were identified, some 

of which could be drug or immune targets. The candidate genes associated with responses 

to the antimalarial drugs require further verification due to small parasite sample size and 

low minor allele frequencies. Gene copy number variation has been reported to contribute 

to parasite drug response 26,27 and need to be investigated too. The high throughput MIP 

array, estimates of genome-wide recombination events and recent positive selection maps 

provided important tools and information for GWAS to identify genes controlling various 

malaria traits. 
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Methods 

Parasite collection 

All the parasites used in this study were culture-adapted clonal lines collected 

from 23 different countries. Some of the Asian parasites and all the parasites from Africa, 

America, and PNG were described previously 28,29. Thirty-four parasites from Cambodia 

were collected in a clinical study approved by the IRBs of the National Institute Allergy 

and Infectious Diseases, USA; the Ministry of Health of the Kingdom of Cambodia; and 

the Guangzhou University of Chinese Medicine, Guangzhou, People's Republic of China, 

with informed consent obtained from all subjects. The identity and clonality of the parasites 

were verified using multiple microsatellites before drug assays.  

 

DNA extraction and SNP genotyping using MIP array 

Parasite culture and genomic DNA extraction were as described 30. Genomic 

DNA isolated from Plasmodium falciparum grown in culture was genotyped using the 

custom designed 3K Malaria Panel (Affymetrix Inc, Santa Clara, CA).  Samples were 

prepared with the Malaria 3K Panel following the GeneChip® Scanner 3000 Targeted 

Genotyping System Protocol and hybridized to Universal 3K Tag arrays (Affymetrix Inc, 

Santa Clara, CA).  The only modification in the assay protocol was to normalize samples 

to a starting concentration of 65ng/µL that equates to a total gDNA input of 871ng.  

Following hybridization and scanning, genotypes were assigned using the GeneChip® 

Targeted Genotyping Analysis Software (Affymetrix Inc.) with the following changes to 
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the default clustering parameters: MinHetToHalfRatio=0.5, and MinAssayCallRate=90. 

Genotypes were scored and stored in Excel sheets for further analyses. 

 

Drug assays and IC50 calculation 

Drug assays were performed as described previously 30,31. To ensure high quality 

of phenotypic data, we repeated all drug assays at least 3 times independently using the 

same drug stock solutions. CQ, QN, MQ and DHA were purchased from Sigma-Aldrich 

(St. Louis, USA); SP was obtained from Roche (Indianapolis, USA); AMQ was bought 

from LGC Promochem (UK), and PQ was obtained from Guangzhou University of 

Traditional Chinese Medicine, China. The same stock solution for each drug (10mM in 

ethanol, except SP in dimethylsulfoxide) was used in all drug assays. The 3D7 parasite 

was included in all drug assays as a control for plate-to-plate variation. 

 

Structure, Fst and principal component analysis 

We applied PCA, a Bayesian clustering approach, as implemented in the program 

EIGENSOFT 11 and STRUCTURE (v2.2) 10, respectively, and Fst to investigate potential 

population structure. We used Wright’s population differentiation estimator Fst to ensure 

ploidy independence. To run the STRUCTURE program, we applied the same conditions 

described previously 12. Briefly, ten runs of 50,000 burn-ins and 100,000 iterations were 

performed for K=1 to 10 using the admixture model. For PCA, we used the LD 

correction and calculated the top 10 eigenvectors or principal components (PCs) from the 



 89 

genotypes of the African, Asian, and American populations. We identified and removed 

isolates that were greater than 6 standard deviations from the PC mean along any of the 

top 5 PCs and repeated the PCA calculation and outlier detection for 10 iterations.  

 

Estimate of recombination events 

Nonparametric estimates of the number of recombination event (Rh) were 

calculated using the Myers and Griffiths method as described previously 12. The 14 

chromosomes were analyzed individually for African, Asian, American and the 

Cambodian populations. 

 

Detection of recent positive selection 

We used long-range haplotype (LRH) and integrated haplotype score (iHS) to 

detect loci under recent natural selection in parasite genome 13,15. For LRH analysis, we 

compare the REHH extending 100kb in both directions from a core SNP. For iHS, 

extended haplotype homozygosity (EHH) was calculated with a window size of 10 SNPs 

in each direction from the core SNP, and then EHH was integrated using physical 

distance resulting in the integrated EHH (iHH) for each allele at the core SNP. The log 

ratio of the major allele iHH to minor allele iHH was taken and, conditioning on minor 

allele frequency, standardized to have mean = 0 and variance = 1, resulting in the iHS 

score for the core SNP. Theoretical cutoffs for the 1% of signals genome-wide was 

considered as strong signals to indicate candidate selection regions. Isolates from three 
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different geographic locations were tested separately. For XP-EHH analysis, we 

calculated EHH and the log ratio iHH for the pair-wise tests of the African, Asian and 

American populations as described 16. The log ratios were standardized to have mean 0, 

variance 1, and assigned P values assuming a normal distribution. SNPs with P-values 

less than 0.05 where considered strong signals. 

 

Genome-wide association analysis 

The individual populations were analyzed for association to the seven antimalarial 

drugs using EigenstratQTL in the EIGENSOFT program, utilizing PCA to control for 

population structure within the populations. Population structure was corrected using 

three, one, and zero significant PCs in the PCA for the Asian, African, and American 

populations, respectively. The correction is a function of sample position and the 

regression of genotypes at PC position for that sample, which adjusted genotypes and 

phenotypes and effectively eliminated population structure within each individual 

population. The correction for the genotype of sample i at SNP j is: 

Where aj is the ancestry/position of individual j in the PC. Test statistic is  (N – K)* 

correlation (corrected genotypes, corrected phenotypes)^2, where N = number of isolates 

(N = 133), and K = number of PCs used for correction (K = 3). The correlation between 

corrected genotypes and corrected phenotypes were obtained with the top 3 PC’s as fixed 

! 

gij,adjusted = gij " yia j

yi =

a jgij
j
#

a j
2

j
#
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effects. Nominal P-values were determined using the Chi-sq distribution, df =1. 

Bonferroni P-values were determined as 1-(1-nominal P-value)^number of successful 

tests. 

 Association analysis was also performed using software PLINK 22. Because 

PLINK does not have PCA correction within its test, population outliers from PCA 

analysis (those outside the circle in Fig 1c) were removed before association analysis. A 

linear regression was fitted to test for each SNP for its association with in vitro IC50 

values of the seven antimalarial drugs. Significant SNPs (P<0.05) were determined after 

Bonferroni correction. Quantile-Quantile plots for both methods were obtained by 

contrasting uncorrected and corrected (if applicable) experimental P value distributions to 

the expected uniform 0 to 1 distribution. 

 

Web Resources  

PlasmoDB, http://plasmodb.org/plasmo/;  

PLINK, http://pngu.mgh.harvard.edu/~purcell/plink/;  

EIGENSOFT, http://helix.nih.gov/Applications/eigensoft.html;  
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Figure 3-1. Population structure and principal component analysis (PCA) of 
Plasmodium falciparum parasite populations.  
a) Population partitions using STRUCTURE (v2.2) 10. The Cambodian group (red) 
consists of parasites CP195, CP201, CP216, CP285, CP286, CP291, CP313, CP268, 
CP325, CP305, CP307, CP256, CP238, and CP211 from Cambodia. b) PCA plot of all 
the parasites. Parasite continental origins are as color-coded and ‘X’ indicates outliers. 
PNG, Papua New Guinea. c) PCA plot of the Thai-Cambodian parasites showing outliers 
from the region.  
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Figure 3-2. Recombination events and hotspots on the 14 
chromosomes of parasites. 
Asian and Africa (a), Africa and America (b), and Cambodia (c). 
Recombination counts along the chromosomes were plotted and compared 
between parasites populations (a and b) or between chromosomes with the 
Cambodian population(c), with lighter color (white) reflecting more 
recombination counts and darker color for fewer recombination events. 
The counts depend on the numbers of isolates. Because there were more 
isolates from Asia, more recombination events were detected. Panels 1-14, 
as marked in (a) and (b), represent data from each of the 14 chromosomes. 
The numbers on both ‘x’ and ‘y’ are nucleotide positions on each 
chromosome.  
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Supplementary Figure 1. Recombination events and hotspots on the 14 chromosomes of parasites from
Asian and Africa (a), Africa and America (b), and Cambodia (c).Recombination counts along the chromosomes
were plotted and compared between parasites populations (a and b) or between chromosomes with the
Cambodian population(c), with lighter color (white) reflecting more recombination counts and darker color for
fewer recombination events. The counts depend on the numbers of isolates. Because there were more isolates
from Asia, more recombination events were detected. Panels 1-14, as marked in (a) and (b), represent data
from each of the 14 chromosomes. The numbers on both ‘x’ and ‘y’ are nucleotide positions on each chromosome.
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Figure 3-3. Loci subject to positive selection in 
Plasmodium falciparum populations from Africa, Asia 
and America.  
a) plots of –Log P values showing loci significantly under 
positive selection. Arrowheads point to loci containing the 
genes encoding chloroquine resistance transporter (pfcrt) 
on chromosome 7, the apical membrane antigen (pfama-1) 
on chromosome 11, and an ABC transporter on 
chromosome 13, respectively; Dots above the dash lines 
indicate significant. (b) plots of integrated haplotype scores 
(iHS) showing loci under selection. Arrowheads indicate 
the pfcrt and pfama-1 loci on chromosome 7 and 11, 
respectively. SNPs with !iHS! values"2.3 were those 
above the horizontal line in each graph. Each dot represents 
an !iHS! value from a window of 21 SNPs (a core SNP 
plus 10 SNPs on each side). (c) plots of –logP values from 
cross population extended haplotype homozygosity (XP-
EHH) analyses. AF/AM, comparison of African and 
American populations; AF/AS, comparison of African and 
Asian populations; AS/AM, comparison of Asian and 
American populations. The horizontal lines indicate 
significant P-values (<0.05), and the arrowhead points to 
the pfcrt locus on chromosome 7 and PFE1445c locus on 
chromosome 5, respectively.  
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Figure 3-4. In vitro parasite responses (IC50) to seven antimalarial drugs.  
(a) IC50 values to seven different antimalarial drugs from 185 parasites were sorted from 
the lowest to the highest values. Note gaps in IC50 values in parasite responses to 
chloroquine (CQ) and sulfadoxine-pyrimethamine (SP), but continuous distributions for 
the other drugs. IC50 curves for each drug as marked in the figure; (b) similar plots as in 
(a) for parasites from Thai-Cambodian population after removing parasites with different 
genomic structure; (c), (d) multivariate analyses showing correlations between responses 
to seven different drugs for all the parasites (c) and Thai-Cambodian parasites (d). 
Dihydroartemisinin (DHA) and mefloquine (MQ) had strong positive correlation; CQ, 
amodiaquine (AMQ), piperaquine (PQ), quinine (QN), and SP also had positive 
correlation to some degree; whereas AMQ/DHA, AMQ/MQ had negative correlation.  
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Figure 3-5. Genome-wide scan for SNPs associated with responses to antimalarial 
drugs in the Asian population.  
Values of -Log P for four drugs were plotted against chromosomal positions. The 
arrowheads indicate SNPs with Bonferroni corrected P<0.05. (a) plots from 
EIGENSOFT; (b) plots from PLINK. CQ, chloroquine; QN, quinine; MQ, mefloquine; 
DHA, dihydroartemisinin.  
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Figure 3-6. Quantile-Quantile plots of P-values before and after principal 
component analysis (PCA) correction for genome-wide scans.  
Observed and PCA corrected -Log10P-values were plotted. Gray dots represent the 
observed P-values, and the blue dots represent the data obtained after PCA correction. 
The black line is the excepted line under the null distribution, and the red lines are 95% 
confident intervals. Data from four drugs, chloroquine (CQ/AS), quinine (QN/AS), 
mefloquine (MQ/AS), and dihydroartemisinin (DHA/AS) from the Asian (AS) 
population, and CQ and QN from the African (CQ/AF and QN/AF) population are 
presented. Large inflation of observed data across the entire distribution was seen in 
DHA/AS and MQ/AS, reflecting the existence of population structure in the data. After 
correction for population structure, the signals were much closer to the expected lines. 
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Table 3-1. Genes under significant selection detected by all the three haplotype tests. 
Genes, Gene ID from PlasmoDB (www.PlasmoDB.org); Chr, chromosome; Haplotype 
tests, indicate genes significantly under selection detected by the three methods. REHH, 
relative extended haplotype homozygosity; iHS, integrated haplotype score; XP-EHH, 
cross-population extended haplotype homozygosity; AF, AM, and AS in parenthesis 
indicate African, American, and Asian populations, respectively.  Predicted functions, 
predicted gene functions from PlasmoDB; No. TM, number of predicted transmembrane 
domains; SNPs, total SNPs from all parasite isolates. 
Gene Chr Haplotype tests Predict function No. 

TM  
No. 
SNPs 

PFC0940c 3 
REHH (AF,AM,AS); iHS (AS); 
XP_EHH (AF/AS) 

conserved Plasmodium 
protein, unknown 
function 2 23 

PFE1445c 5 
REHH (AM, AS);  iHS (AM); XP-
EHH (AF/AM, AF/AS) 

conserved Plasmodium 
protein, unknown 
function 2 7 

MAL7P1.27 7 
REHH (AF,AS,AM);  iHS (AF); 
XP-EHH (AF/AM,AF/AS) 

chloroquine resistance 
transporter 10 25 

PF07_0033 7 
REHH (AF);  iHS (AM); XP-EHH 
(AF/AS) cg4 protein 0 2 

PF07_0035 7 
REHH (AF,AS);  iHS (AS); XP-
EHH (AF/AM,AF/AS) cg1 protein 0 41 

PF07_0036 7 
REHH (AF);  iHS (AM); XP-EHH 
(AF/AM,AF/AS) cg6 protein 0 4 

PF07_0037 7 
REHH (AF,AS);  iHS (AS); XP-
EHH (AF/AM,AF/AS,AM/AS) cg2 protein 0 72 

PF07_0041 7 
REHH (AF,AS);  iHS (AS); XP-
EHH (AF/AM,AF/AS) 

conserved Plasmodium 
protein, unknown 
function 1 10 

PF07_0042 7 
REHH (AF,AS);  iHS (AS,AM); 
XP-EHH (AF/AM,AF/AS) 

conserved Plasmodium 
protein, unknown 
function 0 251 

PF07_0068 7 
REHH (AS);  iHS (AS); XP-EHH 
(AF/AM,AF/AS) 

cysteine desulfurase, 
putative 1 7 

PF11_0188 11 
REHH (AF,AM);  iHS (AF,AS); 
XP-EHH (AM/AS) 

heat shock protein 90, 
putative 0 10 
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Table 3-2. Genes/SNPs significantly associated with drug responses within Asian and African parasite populations*. 
CQ, chloroquine, QN, quinine; MQ, mefloquine; DHA, dihydroartemisinin; SNP, single nucleotide polymorphism; NTs, the two 
nucleotides detected in the parasite populations; MAF (%), minor allele frequency; Chr, chromosome; Position, SNP position on 
chromosome; Unadj-P, unadjusted P-values; Bonf, Bonferonni adjusted P-value. P-values in bold are significant.* No gene/SNP 
was significant in the American population. 

EIGENSOFT PLINK 

Drug Pop. SNP NTs Annotation 
MAF 
(%) 

Ch
r Position Selection 

Unadj-
P BONF-P Unadj-P BONF-P 

CQ Asian PFE1150
w-5 G-T PfMDR1 5.3 5 961620 iHS 0.00014 0.18 2.03 x 

10-9 2.5 x 10-6 

CQ Asian PFE1150
w-3 A-T PfMDR1 6.3 5 960984 iHS, XP-

EHH 0.0002 0.25 2.03 x 
10-9 2.5 x 10-6 

CQ Asian PF11_00
79-1 A-G 

conserved 
Plasmodium 
protein 

6 11 281940  0.00034 0.048 6.9 x 10-6 0.0085 

CQ Africa
n 

MAL7P1
.27-9 A-G PfCRT 20 7 310066 

REHH, 
iHS, XP-
EHH 0.0021 0.93 

9.7 x 10-6 0.016 

QN Asian PFE1150
w-4 A-G PfMDR1 15.8 5 961008 iHS, XP-

EHH 
7.7 x 
10-6 0.011 0.00034 0.41 

MQ Asian PFA0655
w-27 G-T SURFIN 6 1 518494 iHS, XP-

EHH 0.0015 0.88 1.2 x 10-8 1.5 x 10-5 

MQ Asian PFA0655
w-18 C-G SURFIN 18 1 517438 iHS, XP-

EHH 0.039 1 1.1 x 10-6 0.0013 

MQ Asian MAL8P1
.101-1 A-G RNA binding 

protein 5.3 8 745328  0.98 1 1.7 x 10-5 0.021 

DHA Asian PFC0460
w-4 A-G 

conserved 
Plasmodium 
protein 

7.5 3 466483  2.27 x 
10-6 0.0032 0.0033 1 

DHA Asian PF10_03
09-1 C-T DEAD/DEAH 

box helicase 6.8 10 1272199  3.4 x 
10-5 0.047 9.6 x 10-8 0.00012 
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Table 3-2. Continued 

DHA Asian PFA0655
w-27 G-T SURFIN 6 1 518494 iHS, XP-

EHH 0.018 1 7.5 x 10-6 0.009 

DHA Asian MAL8P1
.101-1 A-G RNA binding 

protein 5.3 8 745328  0.73 1 0.0037 1 



 109 

Chapter 4 Direct Measure of the de novo Mutation Rate in 

Autism and Schizophrenia Cohorts 

 

Philip Awadalla,1,2,3,15* Julie Gauthier,3,15 Rachel A. Myers,1,7,15 Ferran Casals,1 Fadi F. 

Hamdan,2,3 Alexander R. Griffing,7 Mélanie Côté,3 Edouard Henrion,3 Dan Spiegelman,3 

Julien Tarabeux,3 Amélie Piton,3 Yan Yang,3 Adam Boyko,8 Carlos Bustamante,8 Lan 

Xiong,3 Judith L. Rapoport,9 Anjené M. Addington,9 J. Lynn E. DeLisi,10 Marie-Odile 

Krebs,11 Ridha Joober,12 Bruno Millet,11 Éric Fombonne,13 Laurent Mottron,4 Martine 

Zilversmit,1 Jon Keebler,1,7 Hussein Daoud,3 Claude Marineau,3 Marie-Hélène Roy-

Gagnon,2 Marie-Pierre Dubé,5 Adam Eyre-Walker,14 Pierre Drapeau,6 Eric A. Stone,7 

Ronald G. Lafrenière,3 and Guy A. Rouleau1,2,3** 

 

1Department of Pediatrics; Université de Montréal; Montréal, Quebec H3T 1C5, Canada; 2CHU Sainte-

Justine Research Centre; Université de Montréal; Montréal, Quebec H3C 1G7, Canada; 3Centre of 

Excellence in Neuromics of Université de Montréal, Centre Hospitalier de l’Université de Montréal, and 

Department of Medicine; Université de Montréal; Montréal, Quebec H2L 2W5, Canada; 4Department of 

Psychiatry, Hôpital Rivière-des-Prairies; Université de Montréal; Montréal, Quebec H1E 1A4, Canada; 

5Centre de recherche Institut de Cardiologie de Montréal, Department of Pharmacology; Université de 

Montréal; Montréal, Quebec H1T 1C8, Canada; 6Groupe de recherche sur le système nerveux central, 

Department of Pathology and Cell Biology; Université de Montréal; Montréal, Quebec H3C 3J7, Canada; 

7Bioinformatics Research Center; North Carolina State University; Raleigh, North Carolina 27606, USA; 



 110 

8Department of Genetics, Stanford University School of Medicine, Stanford, CA 94305, USA; 9Child 

Psychiatry Branch; National Institute of Mental Health; Bethesda, Maryland 20892, USA; 10Center for 

Advanced Brain Imaging; Nathan S Kline Institute; Orangeburg, New York 10962, NY, USA; 11University 

Paris Descartes ; INSERM, Laboratoire de Physiopathologie des Maladies Psychiatriques, Centre de 

Psychiatrie et Neurosciences, U894 ; Sainte-Anne Hospital, Paris 75014, France ; 12Department of 

Psychiatry; McGill University and Douglas Hospital; Montreal, Quebec H3A 1A1, Canada; 13Department 

of Psychiatry; McGill University and Montreal Children's Hospital; Montreal, QC, H3Z 1P2, Canada; 

14Centre for the Study of Evolution, School of Life Sciences; University of Sussex; Brighton BN1 9QG, 

United Kingdom 

15These authors contributed equally to this work 

*Correspondence: philip.awadalla@umontreal.ca 

**Correspondence: guy.rouleau@umontreal.ca 

 

Published in The American Journal of Human Genetics, 87, 1-9 (10 

September 2010). 



 111 

Summary 

The role of de novo mutations (DNMs) in common diseases remains largely 

unknown. Nonetheless, the rate of de novo deleterious mutations and the strength of 

selection against de novo mutations are critical to understanding the genetic architecture 

of a disease. Discovery of high impact DNMs requires substantial high-resolution 

interrogation of partial or complete genomes of families using re-sequencing. We 

hypothesized that deleterious DNMs may play a role in cases of autism spectrum 

disorders (ASD) and schizophrenia (SCZ), two etiologically heterogeneous disorders 

with significantly reduced reproductive fitness.  We present a direct measure of the de 

novo mutation rate (!) and selective constraints from DNMs, estimated from a deep 

resequencing data set generated from of a large cohort of ASD and SCZ cases (n=285) 

and a population of controls (n=285) with available parental DNA. A survey of ! 430 

Megabases (Mb) of DNA from 401 synapse-expressed genes across all cases and 25 Mb 

of DNA in controls found 28 candidate DNMs, 13 of which were cell line artifacts. Our 

calculated direct neutral mutation rate (1.36 x 10-8) is similar to previous indirect 

estimates but we observed a significant excess of potentially deleterious DNMs in ASD 

and SCZ individuals. Our results emphasize the importance of DNMs as genetic 

mechanisms in ASD and SCZ, and the limitations of using DNA from archived cell lines 

to identify functional variants. 
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Introduction 

The rate at which human genomes mutate is critical to understanding every aspect 

of medical, statistical, and evolutionary genomics. To date, human mutation rate 

estimates have been indirectly inferred either from a human-chimpanzee divergence 

approach 1, from the analysis of mutations causing human Mendelian diseases 2; 3, or 

more recently using next generation sequencing in one nuclear family 4. These data 

suggest that there will be ~2 de novo mutations (DNMs) in the genome-wide coding 

regions per zygote, so that such mutations may contribute to some common diseases. 

Indeed, DNMs in individuals with complex disorders could explain genetic factors that 

are not detectable through genome-wide association studies. Deep resequencing of 

patients suffering from various diseases, and their parents, holds the promise of 

discovering DNMs that potentially could have a significant impact on disease prevalence 

and severity. Disease-causing mutations are more likely to involve selectively 

constrained positions where mutations are likely to be less tolerated or may have a 

substantial impact on fitness. If DNMs contribute significantly to a disorder, then there 

should be more functional and potentially deleterious mutations: 1) in cases versus 

control samples, and 2) in functionally constrained sites versus non-functional, and thus 

unconstrained (neutral), sites within the same cohort. 

The disruption of gene function by rare deleterious penetrant mutations could 

represent an important cause of neurodevelopmental disorders such as schizophrenia 

(SCZ, MIM181500) and autism spectrum disorders (ASD, MIM209850). In fact, 
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deleterious DNMs may explain observations such as the high global incidences of ASD 

(!0.45%)5 and SCZ (!0.4%) 6 despite extremely variable environmental factors and 

reduced reproductive fitness 7, and increased risk with increasing parental age8; 9. Indeed, 

recent studies report an excess of de novo copy number variants (CNVs) in ASD and 

SCZ compared to controls 10-12. We hypothesized that sequencing of families with 

affected individuals will identify an excess of missense relative to silent de novo 

mutations and that these mutations are candidate causal mutations for ASD and SCZ. As 

part of the Synapse to Disease Project (S2D), we resequenced synaptic genes in ASD and 

SCZ cases, and a group of population controls. Such a resequencing project will capture 

DNMs at greater resolution, with the potential to unambiguously identify missense or 

frameshift mutations not detectable using linkage, association or CNV methods. To test 

our hypothesis we examined variants identified by resequencing 401 genes in a cohort of 

285 ASD and SCZ individuals, and for a subset of 39 of these genes in 285 population 

control individuals. Our analyses demonstrate a neutral mutation rate similar to that 

already reported and an excess of de novo deleterious mutations associated with the 

disease cohorts. 

 

Subjects and Methods 

Diagnostic screening and selection of patients 

The cohort of patients used for the sequencing of candidate genes for discovery of 

DNMs included 142 unrelated ASD patients (122 males and 20 females) previously 
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described 13, 65% of which had no family history of ASD or related neurological 

disorders. All patients were diagnosed using the Diagnostic and Statistical Manual of 

Mental Disorders criteria. Depending on the recruitment site, the Autism Diagnostic 

Interview-Revised or the Autism Diagnostic Observation Schedule was used. In addition, 

the Autism Screening Questionnaire (ASQ) was  completed for all the subjects. We 

excluded patients with an estimated mental age <18 months, a diagnosis of Rett 

syndrome or Childhood Disintegrative Disorder and patients with evidence of any other 

psychiatric and neurological conditions including: birth anoxia, rubella during pregnancy, 

fragile-X syndrome, encephalitis, phenylketonuria, tuberous sclerosis, Tourette and West 

syndromes. The 143 SCZ subjects (95 males and 48 females) were collected from 5 

different centers and included 28 cases of childhood onset schizophrenia (COS) and 115 

sporadic or familial cases (with unaffected parents) of adult onset schizophrenia or 

schizoaffective disorder 14-17. Sixty percent of the SCZ subjects had no family history of 

schizophrenia or other related neurological disorders. They were evaluated by 

experienced investigators using the Diagnostic Interview for Genetic Studies (DIGS 3.0) 

18 or Kiddie Schedule for Affective Disorders and Schizophrenia (K-SADS), and 

multidimensional neurological, psychological, psychiatric, and pharmacological 

assessments. Family history for psychiatric disorders was also collected using the Family 

Interview for Genetic Studies (FIGS). All DIGS and FIGS were reviewed by two or more 

psychiatrists for a final consensus diagnosis based on DSM-IIIR or DSM-IV at each 

centre. Exclusion criteria included patients with psychotic symptoms mainly caused by 
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alcohol, drug abuse, or other clinical diagnosis including major cytogenetic 

abnormalities. We selected patients for which blood DNA was available so that DNMs 

could be validated and for which DNA was available from both parents to test for 

inheritance of the variants. The population control cohort (150 males and 135 females) 

consisted of unrelated individuals collected for the Quebec Newborn Twin Study (QNTS) 

19 where DNA samples were available from both parents and both twins (either 

monozygotic or dizygotic); however only one sibling was chosen randomly for 

sequencing. All samples were collected through informed consent following approval of 

each of the studies by the respective institutional ethics review committees. Ethnic 

origins of the grand-parents were self-reported by the parents of probands and population 

control subjects. The ASD cohort is composed of French Canadians (85), other European 

descent (54) and non- European descent (3). The SCZ cohort is composed of European 

descent (136) and Asians (7). The control population is composed of French-Canadians 

(204), other European descent (55), non-European descent (18) and individuals of mixed 

origin (8).  

 

Selection of candidate genes 

The list of genes screened in the S2D project was generated from a repertoire of 

approximately 5000 potential synaptic genes compiled from several synaptic lists from 

different synapse databases, including the Genes-to-Cognition (G2C) database, which 

include an extensive list of postsynaptic genes 20, the Synapse database (SynDB) which 



 116 

uses Synapse Ontology algorithms to mine potential synaptic genes 21, and from an 

extensive list of synaptic vesicle genes 22.  It also comprises genes identified through 

manual searches of PubMed that are either localized at the synapse or affect synapse-

related functions (i.e. plasticity, axon or dendrite outgrowth, dendritic spine morphology, 

learning and memory). 

The sequencing data reported here were generated from the screening of the 

coding regions and splice site junctions of 122 X-linked and 279 autosomal potentially 

synapse related genes in 142 ASD and 143 SCZ subjects using Sanger technology. The 

excess of X-linked genes is due to the S2D selection procedure which sought to include 

all potentially synaptic X-linked genes because of their importance in 

neurodevelopmental diseases23 and because ASD is more common in males than females 

24. The genes on the autosomes were largely that encode glutamate receptors (including 

NMDA receptors, AMPA receptors, kainate receptors, metabotropic glutamate 

receptors), as well as genes that encode proteins that interact with them, in particular 

those complexed with the NMDAR, a majority of which were identified by large 

proteomic studies 25 and reported in the G2C database 20. The autosomal gene list is 

composed of 203 genes from the glutamate receptor complex (23 known glutamate 

receptors and 180 of their synaptic interactors), and 73 genes implicated in synapse 

function and/or cognition, interaction with ASD genes, or due to their disruption in the 

context of small copy number variations (CNVs) or balanced translocations in patients 

with ASD, SCZ, or mental retardation (MR). An additional 3 genes were included for 
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which mutations reported to cause ASD, SCZ, or the related neurodevelopmental disease, 

non-syndromic mental retardation (NSMR) which is known to co-exist with ASD. 

Mutations which multiple reports have previously found associations with diseases that 

are not related to ASD or SCZ were eliminated. In addition, data generated from the 

resequencing of 39 of these 401 genes in 285 population control samples were used. The 

39 genes were resequenced in controls after discovering a de novo or deleterious 

mutation in ASD or SCZ samples.  

 

DNA preparation, sequencing and variant identification 

Genomic DNA was extracted from peripheral blood lymphocytes and/or 

lymphoblastoid cell lines using Puregene extraction kits (Gentra System, USA). A panel 

of 7 microsatellite markers was used to confirm parentage for all samples 26. To 

overcome the issue of limited DNA material, the gene screening was performed on DNA 

isolated from an Epstein-Barr Virus transformed lymphoblastoid cell line for most cases 

(n= 224). The rest being done on blood DNA (n=61). The ASD cell lines samples had 

been frozen or regrown a maximum of two times.  For the SCZ cell lines, 59 DNA 

samples were acquired from Coriell and are available through a request to J. L. DeLisi. 

All unique variants (heterozygous in a single individual) detected during the screen were 

tested in the parents DNA. All potential de novo variants (not seen in the parents) were 

reconfirmed by reamplifying the fragment and resequencing the proband blood DNA and 

both his/her parents using reverse and forward primers in order to eliminate PCR or 
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sequencing artifact. All de novo identified originally from cell lines DNA were retested in 

the subject DNA extracted from blood to rule out variations that could have occurred 

during production or growth of the lymphoblastoid cell line. An identity DNA test was 

performed to eliminate any cell lines/blood inconsistencies caused by sample 

identification errors or non-paternity. Primers were designed using the Exon Primer 

program from the UCSC Genome Browser.  PCR products were sequenced on one strand 

using Sanger technology done at the Genome Quebec Innovation Centre in Montreal, 

Canada on a 3730XL DNA Analyzer System. PolyPhred (v.5.04), PolyScan (v.3.0), and 

Mutation Surveyor (v.3.10, SoftGenetics Inc.) were used for variant detection. 

 

Estimation of base-pairs screened 

To estimate the number of base-pairs (bp) screened, we determined the amount of 

coding and non-coding (intronic, UTR) sequence screened for each gene based on our 

PCR amplicon designs.  Briefly, genomic intervals were calculated based on Forward and 

Reverse PCR primer sequences for each amplicon.  Because the DNA sequence 

overlapping each PCR primer is not surveyed, these genomic intervals did not include 

those corresponding to each PCR primer.  Furthermore, because the first ~30 bp of 

sequence from each sequence read are of low quality, we trimmed 30 bp from each 

genomic interval (usually at the Forward primer end). Overlapping amplicons were 

merged to form a single genomic interval.  Then each genomic interval was annotated as 
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to coding and non-coding sequence for each gene using tools available on the refGene 

table from the UCSC Human Genome Browser.  

We defined functional and non-functional sites sequenced as those in which a 

nucleotide change would, or would not, lead to an altered protein sequence, respectively. 

We estimated that 71.2% of coding sites were functional, whereas non-functional sites 

were estimated at 28.8% of the coding and 100% of the intronic sites 27. The number of 

CpG sites was estimated as 2.8% for functional sites and 1% of non-functional sites 28. 

The corrections for increased mutation rates in CpG regions was 10*number of CpG 

sites, yielding an effective bases sequenced of 10*CpG sites + Non-CpG sites for both 

functional and non-functional sites.  

 

Evaluation of false negative mutation calls 

A subset of 71 of our ASD samples was also genotyped using Affymetrix 500K 

arrays. We tested our ability to detect heterozygous variants by comparing our 

heterozygous calls from the resequencing screen of these 71 samples with calls made for 

overlapping genotyped SNPs on the array.  Of the 1649 heterozygous calls made in 90 

autosomal SNPs on the Affymetrix 500K chip overlapping our screened amplicons, we 

failed to detect 41 of those heterozygous calls in our resequencing survey, suggesting that 

our false negative rate is ~2%.  
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Prediction of missense severity 

The potential consequence of each missense variant was evaluated using the 

MAPP 29, PolyPhen 30, SIFT 31, and PANTHER 32 programs. Orthologous protein 

sequence alignments were obtained using tools available on the Galaxy Browser website 

for the generation of MAPP scores. 

 

Statistical Analysis 

Excess of unctional relative to non-functional DNMs in each category (Initial, 

CpG, non-CpG, and Effective Bases sequenced) was measured using 1) Binomial test 

(P[X ! # functional DNMs | q, functional bases sequenced], where q = neutral mutation 

rate) and 2) Fisher’s Exact test (FET). Functional DNMs are defined as missense and 

nonsense DNMs, while non-functional DNMs include silent and intronic DNMs. 

 

Results 

Identification of de novo mutations 

By resequencing the coding and splice junction regions of 401 genes in 142 ASD 

and 143 SCZ samples (and 19 of these genes in 285 QNTS control samples), we 

identified 6,184 DNA variants. Of these, 2,437 were unique (i.e. heterozygous in 1/285 

unrelated individuals tested). Each of these 2,437 unique variants was resequenced in the 

proband and both parental samples to determine inheritance mode (transmitted versus de 

novo).  A total of 15 unique variants were confirmed in the proband blood DNA sample 
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but not detected in either parent blood DNA sample (Table 4-1). These 15 validated 

DNMs are either germ-line derived mutations or arose as somatic mutations in blood 

tissue. A further 13 variants were not detected in parents DNA, nor were they detected in 

the proband blood DNA sample, and were assumed to be generated during 

lymphoblastoid cell line development (Table 4-2).   

Of the 15 confirmed DNMs, 14 were detected in the ASD and SCZ cohorts (2 

nonsenses, 5 missenses, 3 frameshifting indels, 2 silents and 2 intronic) and one was a 

missense DNMs found in the population control group (Table 4-1). Five of the 11 point 

mutations in cases were transitions, 4 being CpG mutations, and 6 were transversions. 

Eight of the 14 DNM detected among ASD and SCZ samples were disruptive to 

translation or protein structure and/or function, including three frameshifts and two 

nonsenses, and 3 missenses predicted to significantly disrupt protein structure using the 

computational prediction method MAPP33. Significant MAPP scores reflect a potentially 

damaging amino-acid change and predict deleterious consequences. Reassuringly, MAPP 

scores relate to allele frequencies as would be predicted by population genetics, with 

increasingly deleterious alleles tending toward lower frequencies (Figure 4-1).  Three 

MAPP p-values of DNMs in SCZ and ASD samples are significantly low (Table 4-1); 

two were found in kinesin encoding genes (R349P in KLC2 [MIM 611729]; R802C in 

KIF5C [MIM 604593]).  One nonsense mutation (Y575X) was also found in a kinesin-

encoding gene (KIF17 [MIM 605037]). One nonsense and one splice site deletion were 

found within SHANK3 [MIM 606230] and a frameshift mutation was found in each of 
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IL1RAPL1 [MIM 300206] and NRXN1 [MIM 600565]. We have also confirmed the 

damaging predicted functional impact of the 5 de novo missenses using three other 

prediction programs (Panther, SIFT and PolyPhen) (data not shown). Only one DNM was 

discovered in an X-linked gene (IL1RAPL1) 12. More detailed description of these genes 

and their potential role in ASD and SCZ will be presented elsewhere (manuscript in 

preparation). 

 

Estimates of the Neutral Human Mutation Rate 

To calculate human mutation rates, we estimated the total initial count of bases 

we resequenced in all cohorts as 458.8 Mb (Table 4-3 and Methods).  This includes 230.6 

Mb of protein-coding and 228.3 Mb of intronic sequence. In the ASD and SCZ cohorts, 

exonic material sequenced is 215,186,702 bases and intronic is 218,145,769 bases. The 

total number of replacement sites in the cases is 153,704,787 and the number of silent 

(synonymous and intronic) sites is 279,627,684.  In the QNTS cohort, 15,422,960 bases 

were exonic and 10,122,419 bases were intronic. The number of replacement sites is 

11,016,400 and the number of silent sites is 14,528,979.  

We distinguished functional from non-functional sites based on the effect of a 

mutation on transcription or translation of the protein at a given position (see Methods). 

When addressing whether there was an excess of functional DNMs 34 relative to non-

functional or silent base pairs, we calculated the “effective bp count” 35. Because 

mutations are 10 times more likely to occur at CpG sites than at non-CpG sites, we 
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calculated the total number of CpG and non-CpG sites for both functional and non-

functional sites 28, and calculated the effective bp count (non-CpG sites + 10 x CpG sites) 

to account for increased mutation rates in CpG sites (Table 4-3).  

We calculated the neutral mutation rate by examining the number of DNMs found 

in non-functional sites in our ASD, SCZ and QNTS samples. In total we sequenced ~294 

Mb of non-functional DNA in which we observed 4 DNMs (Table 4-1, in genes GSN 

[MIM 137350], MAP2K1 [MIM 176872], BSN [MIM 604020] and ATP2B4 [MIM 

604020]).  Since these mutations are unlikely to be pathogenic (referred to here as 

“neutral”) they allowed us to directly estimate the rate of neutral point mutations. We 

estimated this to be 1.36 x 10-8 mutations per site per generation (95% Poisson 

Confidence Interval: 0.34 x 10-8, 2.7 x 10-8). These estimates of neutral mutation rates are 

similar to, and not significantly different from the estimate of 2.5 x 10-8 derived from 

phylogenetic analyses 1; 2 and the intergeneration estimate of 1.1 x 10-8 derived from next 

generation sequencing data 36.  

 

Excess of functional DNMs in ASD and SCZ cohorts 

If DNMs cause sporadic cases of ASD and SCZ, then DNMs will be more 

common in functional than in the non-functional sites in our disease cohorts. Based on an 

observed 4 DNMs in 294 Mb of neutral (silent and intronic) DNA, we expect 1.3 DNMs 

in the 96 Mb of non-synonymous DNA sites resequenced in the cases with no family 

history of disease (65% of ASD and 60% of SCZ cases). However, among trios without 
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family histories (Table 4-4), we observed 6 non-synonymous DNMs surveyed in 

individuals, representing a significant enrichment of non-synonymous DNMs (p=0.003 in 

one-tail binomial test; p=0.022 FET, Table 4-3). This excess remains significant even 

when we take into account that CpG dinucleotides mutate faster than other sites and are 

more common in exons than introns (p=0.008 in one-tail binomial test, p=0.032 FET; see 

Table 4-3 and Methods).  

If DNMs cause disease, we also expect point mutations with larger effects to be 

more frequent than expected in the disease group. Among our 5 non-synonymous DNMs 

in trios with no-family history, 2 are nonsense mutations (ratio 1:2.5) similar to previous 

estimates 3 for DNMs causing Mendelian diseases (1:3.9) that are catalogued in the 

Human Gene Mutation Database (HGMD). Also the ratio of synonymous to missense 

DNMs in the ASD and SCZ cohort is similar to that observed for HGMD 3. Under a 

neutral model, we would expect a ratio of 1 nonsense to 19.7 missenses 3 when only point 

mutations are considered. In HGMD the number of missense to nonsense DNMs was 

significantly higher than the neutral expectation.  Using a binomial test, our observed 

number of missense to nonsense DNMs was also significantly higher than the neutral 

expectation (p=0.04), suggesting that some of the mutations are predisposed to be 

pathogenic. All of these observations suggest an excess of potentially disease 

predisposing DNMs in the SCZ and ASD cohort. Taken together, these lines of evidence 

suggest that mutations with functional effects are over-represented within the synapse 

genes sequenced in individuals showing sporadic ASD and SCZ. 
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Comparing DNMs and segregating variant ratios 

Functional and non-functional segregating variants provide an expectation of the 

proportion of functional and non-functional DNMs. We compared the ratio of functional 

and non-functional DNMs to the ratios of the same classes of segregating variants in the 

ASD and SCZ cohorts (Table 4-5). Similar observations were found for the QNTS 

cohort. The comparison was significant when the functional and non-functional DNMs 

were compared to all segregating sites (FET, p < 0.001) and to Unique SNP classes in the 

ASD and SCZ cohort (FET, p = 0.003). Given that the ratio of functional to non-

functional was two times higher for DNMs relative to segregating sites, this suggests an 

excess of deleterious DNMs. Furthermore, given that rare SNP classes are likely enriched 

for slightly-deleterious missense mutations 3, this significant comparison can be 

considered conservative. Under the expectation that most highly deleterious mutations 

will be selectively removed in one generation, the unique comparisons above provide 

insight into the proportion of deleterious mutations in humans that are selectively 

removed relative to segregating variation. Potentially disease-causing DNMs were more 

frequent than non-functional DNMs in our cohorts relative to expectations inferred from 

segregating mutations. 
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Discussion  

In the present study we have attempted to directly estimate the mutation rate using 

a large set of resequencing data generated from a common disease based project. In 

addition we have tried to validate that DNMs are a possible genetic factor of ASD and 

SCZ. There are 3 main conclusions that can be drawn from our study.  First, the source of 

biological material (blood DNA vs. cell line DNA) is crucial while doing experimental 

analyses using resequencing data seeking DNMs. All DNMs analyzed here were 

confirmed by resequencing, using standard Sanger technology, from DNA samples 

extracted from blood in the proband and in the parents. In so doing, we discovered that 

!50% of our identified DNMs are the result of mutations that most likely occurred during 

the transformation and propagation of lymphoblastoid cell lines thus creating false-

positive DNMs. This observation was also recently stressed in CNV analyses by The 

Wellcome Trust Case Control Consortium 37. This biological artifact, if unnoticed, would 

have significantly biased our results and would have contributed to a doubling of 

mutation rates for all classes of sites. Interestingly, 8 of 13 cell line mutations were X-

linked, suggesting that this chromosome is particularly susceptible to generation or 

accumulation of deleterious mutations after transformation of lymphoblasts with Epstein-

Barr Virus. These mutations which are hemizygous in males, may also be positively 

selected because they contribute to higher fitness in cells carrying these mutations. An 

awareness of the high rate of mutation observed in cell lines, some of which are archived 

at the Coriell Institute, is critical to any large-scale whole genome sequencing project, 
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and potentially to those taking advantage of next-generation sequencing technologies, to 

capture rare and/or pathogenic mutations.  Not only will the inherent error rate of the 

technologies be critical, but so too will the choice of samples and the way those samples 

are being maintained or cultured. Second, using a direct calculation and classical Sanger 

sequencing, we validated the reported estimates of the neutral mutation rate in humans. 

Third, our study confirms the critical role that large-sample, high-resolution nucleotide 

surveys play in detecting potentially disease-causing DNMs. 

We acknowledge that there are weaknesses in our present study. The amount of 

resequencing in the controls is substantially lower than the resequencing in the cases. In 

fact, direct comparison in terms of sequences covered between cases and controls would 

be the optimal way to directly estimate the rate of mutation and detect significant 

differences in mutation rate between cases and controls. Nevertheless, our analyses show 

that the rate of potentially deleterious DNMs is significantly higher in functional 

compared to non-functional sites within the disease cohorts suggesting a role of 

functional DNMs in the etiology of ASD and SCZ. Given that our estimates of the neutral 

human mutation rate is consistent with a recent genome-wide estimate36 and the 

accumulation of more direct observations of mutation, the confidence intervals of 

mutation rate estimates will begin to narrow. The rate of functional mutations in this 

survey is almost five times that of neutral or genome-wide rates, supporting our 

conclusions that we have likely detected mutations that are causal with respect to ASD 

and SCZ. By resequencing the genes where DNMs were discovered among QNTS 
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(random) participants, we were able to validate that these genes among a substantial 

number of random individuals do not carry functional DNMs with the exception of one 

locus (SHANK3, Table 4-1).  At SHANK3, a nonsynonymous mutation of low predicted 

functional impact was discovered in the QNTS cohort. SHANK3 has been previously 

implicated in ASD 38 and may be a rapidly evolving gene in humans, with substantial 

neurological phenotypic impact.  

By demonstrating that functional DNMs are at higher relative frequencies than 

segregating polymorphisms (Table 4-5), we show that DNMs may have a substantial role 

in ASD and SCZ etiology.  The power of the genomics approaches employed here are 

that DNMs are not subject to the same demographic processes that shape segregating site 

variation.  As a result, it is not necessary to test or correct for population structure, nor are 

our analyses subject to population stratification or admixture issues associated with 

GWAS analyses.  By using a simple genomics approach that compares different classes 

of sites, we have sufficient power to map candidate mutations that are more likely to 

contribute to these diseases.  

From sequencing only 8% of genes expressed in the synapse, functional DNMs 

were found in 5% of individuals, having no family history, exhibiting a wide range of 

clinical phenotypes (see Methods and Table 4-4). Although we biased our sampling 

strategy towards likely candidate genes, our predictions appear to have been poor 

regarding the X-chromosome. It is therefore possible that by sequencing all 5,000 

synapse-related genes we may uncover many of the mutations responsible for sporadic 
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cases of ASD and SCZ.  Furthermore, since non-functional DNMs are predicted to be 

relatively rare in ASD and SCZ genes (1.36 x 10-8 non-synonymous DNMs per site) it 

may be easy to determine the likely causative mutations. 
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Figure 4-1. MAPP P values by Minor Allele Frequency.  
Log p-values of disruption scores inferred using MAPP for missense mutations 
discovered in the ASD and SCZ cohort and the unaffected cohort plotted vs. minor allele 
frequency. We observed a clear significant (P<0.001) negative correlation as most 
significant predicted disruptive mutations using the comparative approach are also at the 
lowest frequency in the cohorts. 
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Table 4-1. De novo mutations discovered by re-sequencing. 
Total of 458,877,850 nucleotides of DNA in ASD, SCZ and QTNS control individuals. 

Gene Sample  Diagnosis Mutation 
Type 

Mutation 
Location 

Chr 
 

Position 
 

Nucleotide Change & 
Genomic Context 

Amino acid 
/structural 
change 

MAPP 
p-value 

SHANK3 S00004 Autism 
Disorder Indel Coding 22 49500342 CGAGATTAGC 

(G/-)TAAGGGCCAC Splice site delG -- 

IL1RAPL
1 S00015 Asperger 

Syndrome Indel Coding X 29869731 CTTGGTGCTA 
(TACTCTT/-)GCTGCTTGTA I367SfsX6 -- 

GSN S00099 Asperger 
Syndrome Intronic Intronic 9 123104277 GTGAGGCTGG 

(C/G)CCTGCCCAGC Within intron -- 

KLC2 S00036 Autism 
Disorder Missense Coding 11 65788196 TACTATCGGC 

(G/C)GGCACTGGAG R349P 0.001 

KIF5C S00044 Autism 
Disorder Missense Coding 2 149575030 GGACCGTAAG 

(C/T)GCTACCAGCA R802C, R872C 0.001 

FLJ16237 S00096 Autism 
Disorder Missense Coding 7 15393678 CCATCACTTA 

(T/C)TTTCCATATG F279L 0.472 

NRXN1 S02959 Schizophrenia Indel Coding 2 50002821 CAGCACACGG 
(-/ACGG)GTATGGTCGT G1402DfsX29 -- 

MAP2K1 S00237 Schizophrenia Intronic Intronic 15 64561310 CTTCTTGTAC 
(G/T)GTCAGGGAGA Within intron -- 

SHANK3 S00161 
Childhood 
Onset 
Schizophrenia 

Missense Coding 22 49484091 GCATGACACA 
(C/T)GGCCTGGTGA R536W 0.051 

GRIN2B S05650 Paranoid 
Schizophrenia Missense Coding 12 13611351 CTTCTACATG 

(T/G)TGGGGGCGGC L825V <0.001 

SHANK3 S00285 Schizoaffectiv
e, mild MR Nonsense Coding 22 49506476 TGCCCGAGAG 

(C/T)GAGCTCTGGC R1117X -- 
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Table 4-1 Continued 

KIF17 S00215 Schizophrenia Nonsense Coding 1 20886681 GGAGCAGATA 
(C/A)TTCCTGGATG Y575X -- 

BSN S00237 Schizophrenia Silent Coding 3 49666988 GCACTGCAGT 
(G/C)GTAGACCTCC V1665V -- 

ATP2B4 S00182 Disorganized 
Schizophrenia Silent Coding 1 201935404 TCATCCGAAA 

(C/T)GGTCAACTCA N195N -- 

SHANK3 S04261 QNTS - 
unknown Missense Coding 22 49507364 GCCACCAGTG 

(C/T)CTCCCAAGCC P1429S 0.107 
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Table 4-2. Cell line mutations not observed in the blood sample of patients 

Gene Sample Status 
Mutation 
Type 

Mutatio
n 
Location Chr Position 

 
Nucleotide Change & 
Genomic Context 

Amino Acid 
change 

Cell Line 
Origin 

WWC1 S00056 AUT Silent Intronic 5 16778840
4 

CAGAAGGAAC 
(G/A)GTCTGTGTGG -- UMontreal 

PLCB1 S00068 AUT Missense Coding 20 8585862 GATTTCACTC 
(C/T)AGAAGTGTAC P209L UMontreal 

PLXNB3 S00009 AUT Missense Coding X 15269401
0 

GGTGACCTGG 
(C/T)GGCCCATTAC A1431V UMontreal 

DRP2 S00093 AUT Missense Coding X 10038337
0 

AAGCAGGCGA 
(C/T)GGTGGCCAGT T203M UMontreal 

PSMD10 S00016 AUT Silent Coding X 10721795
3 

TTGCGGCTTC 
(T/A)GCTGGCCGGG S82S UMontreal 

MCF2 S00204 SCZ Silent Intronic X 13851221
9 

TACAGTAATT 
(A/C)TTCAAGTATT -- Krebs 

SLC7A3 S00218 SCZ Indel Intronic X 70064365 CAGGTCAGTAT 
(-/A)CAAATGTTTG InsA 3' of exon UMontreal 

CAMK2A S00191 SCZ Missense Coding 5 14959846
5 

CGAGGATGAA 
(G/A)ACACCAAAGG D342N, D353N UMontreal 

GRPR S00264 SCZ Missense Coding X 16080316 TCCCGGAAGC 
(G/T)ACTTGCCAAG R261L DeLisi/Coriell 

ADAM22 S00193 SCZ Missense Coding 7 87660477 AAAGTGAACC 
(G/A)ACAAAGTGCC 

R860Q, R889Q, 
R896Q UMontreal 

ARHGAP6 S00261 SCZ Missense Coding X 11592643 GAGAGTCTCG 
(G/A)CCCTCGCTTG G76D UMontreal 

ADD2 S00067 SCZ Nonsense Coding 2 70744118 AAAGAAATTC 
(C/T)GAACCCCCTC R404X, R710X UMontreal 

RPS6KA6 S00274 SCZ Silent Coding X 83206731 ATCAGCGGTA 
(T/C)ACTGCTGAAC Y672Y DeLisi/Coriell 

 



 139 

 

 

Table 4-3. Base-pairs and DNMs surveyed among ASD and SCZ trios with no-family history.  
All statistics are calculated with base-pairs and DNMs calculated for only trios with unaffected families. a estimated 2.8% of initial 
coding sites and 1% of initial intronic sites are CpG sites. b (non-CpG sites) + (10 x CpG sites) to account for increased mutation 
rates. c P(X ! # functional DNMs | nonfunctional rate) 
Site and Mutation Class 
 

Initial Count* CpGa Non-CpG Effective Countb 

Non-synonymous bases 96,065,492 2,689,834 93,375,658 120,273,996 Functional 
Non-Synonymous DNMs 6 3 3 6 
Synonymous bases 61,481,915 1,721,494 59,760,421 76,975,357 
Intronic bases 218,145,769 2,181,458 215,964,311 237,778,888 

Neutral 

Silent (synonymous and 
intronic) DNMs 

4 2 2 4 

One-Tail Binomial Testc 0.003 0.161 0.031 0.008 p value 
Fisher’s Exact Test 0.022 0.4041 0.1067 0.032 
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Table 4-4. Clinical Information for ASD and SCZ Individuals where DNMs were confirmed.  
M, male; F, female; IQ, Intelligence Quotient; NA, not available; 1ASQ: Autism Screening Questionnaire (score >15 = ASD); 
2ADI-R; Autism Diagnostic Interview-Revised (Total cut-off score for the communication and language domain is 8 for verbal 
subjects and 7 for nonverbal subjects. For all subjects, the cut-off for the social interaction domain is 10, and the cut-off for 
restricted and repetitive behaviors is 3). 

Sample Final 
diagnosis Sex IQ Clinical Information Comorbidity Familial history of 

psychiatric illness 

Age of 
Father at 
Birth (years) 

S00004 Autism 
Disorder M NA ASQ1 score = 23 None None 30 

S00015 Asperger 
Syndrome F NA No physical dimorphism. ADI-R2 scores: social = 17, 

communication = 13, behaviour = 7 

Moderate scoliosis, 
hypo-pigmented 
skin patch 

None 
27 

S00036 Autism 
Disorder M NA ADI-R scores social = 23, communication = 14, 

behaviour = 4 None None 
31 

S00044 Autism 
Disorder M NA ADI-R scores social = 24, communication = 10, 

behaviour = 6 

Minor anomaly: 
skull broad and flat 
on posterior aspect 

None 
40 

S00096 Autism 
Disorder M NA ASQ score = 19 None None 38 

S00161 Schizo-
affective F 67 

Childhood onset, age of onset 11 years. Patient with 
normal growth, no dysmorphic feature, speech 
impairment and poor academic and social 
performance. ASQ score = 1 

None 
Father has lifetime 
depression and 
compulsive behaviour. 

NA 

S00285 Schizo-
affective M NA Schizoaffective disorder with age of onset of 19 

years. 
Mild mental 
retardation 

Parents are unaffected, 
two brothers are 
diagnosed with atypical 
chronic psychosis 

NA 

S00215 Schizophre
nia M NA No dysmorphic feature, moderate to severe 

emotional withdrawal None None 41 
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Table 4-5. Comparisons of constraint for genes expressed at the synapse in the ASD 
and SCZ cohort.  
Shown are the counts of point and indel mutations or segregating SNPs for the different 
categories of variation. p-value is the result of Fisher Exact Test comparisons for DNMs 
versus the two allele frequency classes of SNPs (unique or all). 
 Functional Non-

functional 
Functional/Non-
functional 

P- value 

Point and Indel DNMs 10 4 2.5 - 
Unique SNPs 785 1652 0.48 0.003* 
All SNPs 1306 4878 0.27 <0.001* 
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Abstract 

Deep resequencing of functional regions in human genomes is key to identifying 

potentially causal rare variants for complex disorders. Here, we present the results from a 

large sample resequencing (n=285 patients) study of candidate genes coupled with 

population genetics and statistical methods to identify rare variants associated with 

Autism Spectrum Disorder and Schizophrenia. A consensus among methods identified 

three genes, MAP1A, GRIN2B and CACNA1F having significant excess of rare missense 

mutations in either one or both disease cohorts. In a broader context, we also found that 

the overall site frequency spectrum of variation in these cases is best explained by 

population models of both selection and complex demography rather than neutral models 

or models accounting for complex demography alone. Mutations in the three disease-

associated genes explained much of the difference in the overall site frequency spectrum 

among the cases versus controls. This study demonstrates that genes associated with 

complex disorders can be mapped using resequencing and analytical methods, using 

sample sizes far smaller than those required by GWA studies. Additionally, our findings 

support the hypothesis that rare mutations account for a proportion of the phenotypic 

variance of these complex disorders. 



 145 

Author Summary 

It is widely accepted that genetic factors play important roles in the etiology of 

neurological diseases. However, the nature of the underlying genetic variation remains 

unclear. Some of the main questions currently in the field of human genetics relates to the 

frequency and size effects of genetic variants associated with disease. For instance, the 

common disease-common variant model states that a reduced set of common variants 

explains a substantial fraction of cases and forms the basis of GWAS. The rare allele –

major effects hypothesis proposes high genetic heterogeneity where a collection of 

variants, each with a strong effect, produce the disease phenotype. Such variants are kept 

at low frequencies due to their high penetrance and reduced fitness, limiting detection in 

GWAS. Resequencing approaches ensure detection of both common and rare variants, 

but describing significant association with disease remains a challenge. Our approach was 

to use deep resequencing to capture the full frequency spectrum range of variation, 

capturing variants at frequency of 1%, and use population genetic methods to test 

hypotheses of excesses of rare variants in the disease cohorts, and identify genes 

associated with autism and schizophrenia. We detected an excess of rare variants in the 

disease cohorts and showed that some genes have negative (deleterious) selection 

coefficients, which indicates an accumulation of detrimental variants. Our results support 

the rare variant model describing a component of the genetic etiology of autism and 

schizophrenia. 
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Introduction 

Genome-wide interrogation approaches for mapping genes often are designed to 

detect the common variants associated with common phenotypes or disease (CD-CV), 

generally leaving rare variants undetected or untested [1,2,3,4,5]. The Rare Allele–Major 

Effects (RAME) model postulates rare (minor allele frequency < 0.01 to 0.05) penetrant 

variants are key to the genetic etiology of common disease. Functional mutations that 

lead to an altered amino acid are often deleterious and potentially disease causing, while 

natural selection either removes these alleles from the population or maintains them at 

low frequencies relative to the neutral expectations [3,4,6,7,8,9]. Partial genome or 

candidate gene resequencing in a large numbers of individuals holds the promise of 

finding both common and rare variants associated with clinically relevant phenotypes 

[3,4].  While a number of studies have mapped mutations or structural variants associated 

with neurological disorders like Autism Spectrum Disorder (ASD) (e.g. [10]) and 

Schizophrenia (e.g. [11]), the RAME model is perhaps better suited for modelling 

diseases that occur sporadically in families, and for testing whether rare variants 

contribute to these disorders. 

ASD is a neurodevelopmental disorder characterized by stereotyped and repetitive 

behaviours and impairments in social interactions. Schizophrenia is a chronic psychiatric 

syndrome characterized by a profound disruption in cognition, behaviour and emotion, 

which begins in adolescence or early adulthood. The incidence of both ASD and 

schizophrenia is higher in males than in females [12,13], which points to an important 
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role of X-chromosome genes in the two diseases. There is significant clinical variability 

among ASD and schizophrenia patients, suggesting that they are etiologically and 

genetically heterogeneous. For ASD, genetics clearly plays an important role in the 

etiology, as revealed by twin and familial studies [14,15,16]. Some susceptibility regions 

have been identified through whole genome linkage analyses [17,18], although they 

rarely coincide among the different studies [19].Additionally, de novo mutations have 

been observed [20] and are candidate variants in sporadic cases of either ASD or 

schizophrenia, but they explain a small percentage of the phenotypic variation. Together, 

these observations suggest that disruption of numerous genes by rare but penetrant 

mutations could represent an important cause of ASD. Schizophrenia has an estimated 

heritability of 80% [21], and it has been recently associated with common variants at the 

MHC locus [22,23,24]. There are also several observations suggesting a causal link 

between rare mutations and schizophrenia, such as familial cases showing rare inherited 

copy number variants (CNVs) [25] and associations of both paternal age and decreased 

fertility[2].Recent studies also reported de novo CNVs in schizophrenia, providing further 

support for the rare variant hypothesis in non-familial cases [26,27,28,29]. 

We hypothesized that capturing genetic variation at low frequencies (rare variants 

! 1% frequency) in a large set of genes expressed in the brain will contribute 

significantly to our understanding of the genetic basis of ASD and schizophrenia. If the 

RAME model is relevant to these two diseases, the expectation is an enrichment of rare 

deleterious mutations among individuals diagnosed with ASD and schizophrenia. Here, 
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we use population genetic and other statistical methods to analyze a resequencing dataset 

to map genes related to these two disorders. With this approach, we identify candidate 

genes by testing for genes hosting an excess of rare missense variants among individuals 

affected with ASD and schizophrenia, test for selection at the gene level in each disease 

cohort, and assess the impact of the candidate genes on the distribution of missense allele 

frequencies for each disease cohort. 

 

Results 

Variants Discovered from Deep Resequencing 

We resequenced 408 selected brain-expressed genes in 142 ASD and 143 

schizophrenia-affected individuals. The ASD and schizophrenia cohorts had global 

ethnicity representation yet were predominantly European with a large French Canadian 

sub-group. It is crucial to exclude ethnic and genetic outliers when analyzing rare variants 

because such samples contain private alleles from other populations. While the results 

from the software structure [30] revealed no population structure, we identified and 

removed potential ethnic outliers from the analysis using self reported ethnicity and a 

principle component analysis (Figure 5-1). The result was a sample of European ancestry 

individuals: ASD (n=102) and schizophrenia (n=138). Two hundred eighty-five samples 

from the Québec Newborn Twin Study (QTNS) [31] were screened for self reported 

European ancestry (n = 240) and were used as controls for the ASD cohort. Thirty-eight 

(19 autosomal, 19 X-linked) of the 408 brain expressed genes were sequenced in the 
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QTNS controls, including any gene with de novo mutations previously described in one 

of the disease cohorts [32] or with potential protein disrupting mutations. 

We identified a total of 5,396 segregating sites in the disease cohorts, including 

1,111 missense and 11 nonsense variants (Tables 5-1 and 5-2), from lymphoblastoid cell 

DNA. As expected, there was a reduction in nucleotide diversity (!) on the X 

chromosome relative to autosomes by a ratio of 0.76 (Table 5-1), consistent with neutral 

expectations for the reduced effective population size of the X chromosome [33]. The 

ratio of the male to female population mutation rate [34] was estimated to be 6.37, 

slightly higher but similar to previous estimates of the male mutation rate being four 

times the female mutation rate [35]. We estimated the population nonsense mutation (!W 

per base pair) rate to be 3.9 x 10-7 for ASD and 7.5 x 10-7 for schizophrenia. 

 

Rare Missense Variants Show Increased Predicted Detrimental Effects 

Given both the high heritability of ASD and schizophrenia and the low replication 

of common variant associations, rare variants may explain a component of the genetic 

etiology for these diseases. Based on this hypothesis, we expect the site frequency 

spectrum (SFS) of missense variants to show an excess of deleterious, low frequency 

variants in our disease cohorts relative to either neutral expectations or controls. We 

analyzed the proposed detrimental effects of missense variants by estimating the potential 

functional effect of the missense variants observed using MAPP [36]. MAPP predicts the 

severity of a mutation based on conservation in a multispecies protein alignment and the 
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physiochemical properties of the amino acids. Severity scores indicated that 19% of the 

nonsynonymous variants, in 47% of the genes with one or more missense variants in the 

ASD and schizophrenia cohorts were likely to adversely affect protein function, 

considering a threshold for MAPP scores of ten. MAPP scores are significantly higher for 

rare versus common variants (average 7.59 vs. 5.91, Mann-Whitney test P = 1.45" 10-4, 

Figure 5-2), and the proportion of variants with high MAPP scores (>10) is also 

significantly higher in the rare variants (21%) than in the common variants (11%) (#2 = 

8.3, P = 0.0039). These results are consistent with the presence of deleterious alleles 

being maintained at low frequency by selection. However, we did not observe an excess 

of high MAPP scores in the cases relative to those in the QTNS controls suggesting that 

the above observations are merely indicative that rare mutations are likely subject to 

selection across all populations and not an indication of an overall excess of deleterious 

mutations across all cognitive related genes screened here. 

 

Individual Genes with Excess of Missense and Rare Missense Variants 

We applied three different methods to identify genes harboring an excess of rare 

missense variants in the disease cohorts. First, within each disease cohort, we tested the 

ratios of missense to silent variants for each gene relative to the remaining genes pooled; 

separately for X-linked and autosomal loci. The excess of missense variants was assessed 

using Fisher’s Exact Test. In both cohorts, MAP1A exhibited a significant excess of 

missense compared to silent variants (Figure 5-3, Table 5-3) (ASD P = 0.04, 
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schizophrenia P = 0.03 after Bonferroni correction) and 23 of the 29 missense variants 

described in this gene are rare. MAP1A also exhibits an excess of missense variants when 

compared to the total counts of autosomal missense and silent variants in the control 

cohort (ASD-Control P = 0.009, Schizophrenia-Control P = 0.008). We further tested the 

total predicted effect of each gene by summing the MAPP scores for all missense variants 

within a gene, and testing the ratio of summed MAPP scores to the counts of silent 

variants relative to all other genes. While MAP1A was not significant after multiple 

testing correction, GRIN3A showed an increased ratio of summed MAPP score to silent 

variant count, relative to all other genes (P = 0.011) in the ASD cohort. 

Second, we tested for an excess of individuals bearing rare missense variants, 

using Li and Leal’s collapsing method [37]. We i) contrasted the ASD and schizophrenia 

cohorts to each other (n = 277 genes with one or more missense variant), ii) compared 

ASD to the QTNS controls (n = 26 genes with one or more missense variant), and iii) 

compared the schizophrenia cohort to the QTNS controls (n = 26 genes with one or more 

missense variant), and corrected for multiple testing. Here, for every gene, the number of 

individuals carrying at least one rare missense variant is compared to the number of 

individuals without rare missense variants (see Materials and Methods). Although the 

ASD–Schizophrenia comparison revealed no significant genes, three genes having an 

excess of individuals with rare missense variants in the disease cohorts relative to their 

respective controls. GRIN2B and CACNA1F exhibited an excess of individuals with rare 

variants in the ASD cohort relative to QTNS controls (Bonferroni adjusted P = 0.026, 
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and P = 0.031 respectively, Table 5-4). The schizophrenia cohort showed significant 

excess of individuals hosting rare missense variants GRIN2B (P = 0.044). We repeated 

this analysis considering only missense variants predicted to have detrimental effects on 

protein function. When evaluating rare missense mutations with MAPP predicted severity 

> 10, we found GRIN3A to exhibit an excess of individuals hosting rare detrimental 

missense variants in the ASD cohort relative to QTNS controls (P = 0.034). 

Finally, a population genetic method was used to estimate per-gene selection 

parameters. An extension of the McDonald Krietman test, implemented in mkprf [38], 

was used to obtain estimates of $ per gene, based on our observed polymorphisms within 

humans and substitutions between humans and an out-group (Pan troglodytes, see 

Materials and Methods). Negative $ values are estimated when an excess of missense 

polymorphisms relative to divergent sites is observed [39]. Here, we compared selection 

coefficients between genes to detect genes enriched for missense variants in one cohort 

compared to another. The overall distribution of " values among genes was similar 

between ASD, schizophrenia and the QTNS controls (Figures 5-4A-C). When we 

contrasted ASD and schizophrenia " estimates to those estimated from a Western-

European population[39], we found both the ASD and schizophrenia cohorts have 

significantly more negative " distributions (Wilcox paired test, ASD P = 0.0026, 

schizophrenia P = 0.0005). However, the QTNS controls do not show significant 

differences with the European populations (P = 0.18). While the ASD and schizophrenia 

" distributions are similar, we do find some genes to vary by cohort. NOS1 had 
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significantly more positive " estimates in ASD compared to schizophrenia (Figure 5-4), 

and had a positive " estimate in the European samples. Both results suggest an excess of 

missense variants in the schizophrenia cohort. We also observed a significant difference 

in " for CACNA1F between the QNTS and ASD cohorts (Figure 5-5), with the disease 

cohort having the lower " estimate. 

 

Excess of Rare Deleterious Variants at Autosomal Loci Among ASD and Schizophrenia 

Individuals 

Having identified a number of individual genes with an excess of deleterious rare 

alleles, we examined the contribution of these individual genes to genome-wide$ 

estimates. We used the Poisson Random Fields method implemented in prfreq [40] to ask 

1) whether the site frequency spectrum of the missense variants showed evidence of 

selection relative to the SFS of silent and intronic variants, 2) if the strength of selection 

in the missense SFS differed significantly between the disease cohorts and the control 

cohort, and 3) if removing the disease associated genes affects $ estimates. The prfreq 

approach is used to infer the demographic and selection parameters of variants from the 

overall site frequency spectrum of variation among all loci. Estimates of population 

selection parameters, $ = 2Nes, where Ne is the effective population size, and s is the 

selection coefficient, will be negative when an excess of low frequency variants are 

observed, suggesting an accumulation of deleterious variants[39] through negative 

selection.  
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We first estimated the demographic parameters for the different cohorts using the 

silent and intronic variants discovered among all autosomal genes with one or more 

variant (265 for disease cohorts, 19 for controls). While fixing the estimated demographic 

parameters, the selection coefficients ($) were inferred from the missense variants SFS 

(198 genes with one or more missense variant in the disease cohorts, 15 such genes for 

the controls; Table 5-5 and Figure 5-6, Supplementary Material) thus generating 

likelihood measure of selection model. Additionally, we estimated the likelihood of the 

missense SFS given the demographic model and the Wright-Fisher neutral model. We 

contrasted (Table 5-5) the demographic model first to a neutral model (two times the 

difference in log likelihood, P< 0.001) and second to a demographic with selection model 

to the demographic only model (P< 0.001), noting that the model with selection and 

demography best fits the observed SFS. Estimates of $ were more negative in the two 

disease cohorts than for 15 autosomal coding regions sequenced in the controls ($control = -

740, $ASD = -920, and $SCZ = -1,100, Table 5-5 and Figure 5-6 at Supplementary material), 

specifically $SCZ was significantly more negative than the $control (P = 0.01), although this 

was not observed among ASD samples (P = 0.12) (see Materials and Methods). These 

observations indicate an excess of low frequency missense variants in our disease 

cohorts. 

We developed an empirical distribution of $ estimates by removing each gene 

from the SFS and re-estimating $in each cohort. For ASD, when excluding MAP1A, 

GRIN3B and RPGRIP1, either individually or combined, the " values became more 
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positive (less deleterious; $ = -880, P[$ ! -880| empirical distribution] = 0.015 and -800 

respectively) than when estimated for all genes combined ($ = -920 for all the genes) 

(Figure 5-7). These values are also closer to the $ value estimated in controls (-740, see 

above) and are at the most positive end of the empirical distribution of " values (Figure 5-

7A). In the schizophrenia cohort, we estimated " values when removing MAP1A and 

GRIN3B were $ = -1,020 (P[$ ! -1020 | empirical distribution] = 0.01) and $ = -980 (P[$ ! 

-920 | empirical distribution] = 0.005), respectively (Figure 5-7B). Excluding from the 

SFS simultaneously MAP1A and GRIN3B, the estimated $ decreases to -880, again closer 

to the $ in controls, and are the most positive values when compared to the empirical 

distribution. These results indicate that the presence of a few genes, enriched with rare 

missense variants in the disease cohorts, is enough to alter the global SFS among all of 

our candidate genes. In our case, the overall excess of deleterious missense variants and 

the reduction in $ observed in the two disease cohorts as compared to a neutral cohort is 

mainly caused by a very few candidate genes.  

 

Discussion 

Through the analysis of candidate genes using population genetic approaches that 

specifically analyze both the function and accumulation of rare variants in disease 

cohorts, we have mapped a number of candidate genes associated with ASD and 

schizophrenia in two cohorts with samples sizes substantially smaller than those required 
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for association studies. Given the difficulty associated with detecting genes exhibiting 

excesses of rare variants, multiple methods are required to map genes associated with 

disease. In essence, population genetic model-based approaches are designed to deal with 

this type of data even when sample sizes are limited compared to the sizes required in 

most GWAS studies.  In both the ASD and schizophrenia cohorts, GRIN2B and MAP1A 

harbor a statistically significant excess of rare missense variants, while the excess of rare 

missense variants in CACNAF1 was restricted to the ASD cohort. The involvement of a 

particular gene (e.g. GRIN2B or MAP1A) in the etiology of both disorders may reflect a 

critical role in neurodevelopment [41]. Population genetic models incorporating 

demographic and selection processes, implemented in prfreq, corroborated this result for 

MAP1A and CACNA1F, and identified three new candidate genes: GRIN3B, NOS1, 

RPGRIP1 (Table 5-6).  

Most of our mapped genes (Table 5-6) have been previously implicated in 

neurological disorders or in neurodevelopment. MAP1A, a member of the microtubule-

associated MAP1 proteins family, is predominantly expressed in adult neurons and is 

involved in axon and dendrite development. Among other interactions, MAP1A 

participates in the linking of DISC1 to microtubules [42]. DISC1 is a protein that was 

described as related to the pathogenesis of schizophrenia by linkage analysis of a Scottish 

family [43,44] and confirmed among Finnish cohorts [45,46]. The association between 

schizophrenia and eleven genes interacting with DISC1 (including MAP1A) was explored 

in Finish families, with significant results in three of the candidates but not for MAP1A 
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[47]. Among calcium channel classes of genes, such as CACNA1F, we found a significant 

excess of rare variants and two segregating inframe indels at CDS position 807 falling in 

a glutamic acid-rich coiled domain. CACNA1F has been previously associated to 

schizophrenia [48] and mutations have also been described for other neurological 

disorders [49]. Finally, two independent meta-analyses corroborate our findings for a role 

of GRIN2B in the etiology of schizophrenia [50,51]. GRIN2B codes a subunit of the 

glutamate and N-methyl-D-aspartate (NMDA) receptor. There exist several NMDA 

receptors that are constructed with one or more isoforms of the NR1 subunit (GRIN1) in 

different combinations with NR2 (GRIN2A, GRIN2B, GRIN2C and GRIN2D genes) and 

NR3 subunits (GRIN3A and GRIN3B) [52]. Some studies have suggested a relationship 

of decreased expression and abnormalities in NMDA receptors with schizophrenia 

[53,54]. Additionally, we observed key results for other NMDA related genes. GRIN3B 

exhibited an excess of detrimental variants, two different analyses revealed significantly 

higher MAPP scores in GRIN3A in the ASD cohort, while we observed a nonsense 

mutation in both GRIN2C and GRIN3Ain our cohorts. In the case of GRIN2B, we also 

observed a coding indel which results in an amino acid insertion at cds position 

1,353.This collection of rare and functional changes in the GRIN gene family points to an 

important role of NMDA receptors in these neurological disorders. 

Evidence for disease association using all methods use is ideal, however it is 

unlikely, as each statistical test evaluates a different aspect of the data and the ability to 

use each test varies by chromosome and cohort. The Li and Leal collapsing method 
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evaluates the accumulation of rare missense variants in genes in cases relative to controls, 

and is independent of silent variants. The ratio of missense to silent mutations is cohort 

specific and used to identify genes that have an excess of missense mutations conditioned 

on the number of silent mutations relative to the cohort-wide average. Since these two 

methods test different aspects of the data, congruent results are not expected. For 

example, a significant result using the Li and Leal collapsing method may not be 

significant when testing the ratio of rare missense mutations to the number of silent 

within a gene. A gene can have a minimum of two rare missense variants and generate a 

significant result in the collapsing method, but will not reach significance when testing 

the ratio of rare missense to silent variants. We expect genes with high missense to silent 

variant ratios to also have negative gamma estimates using mkprf and to alter prfreq 

gamma estimates. Additionally, genes showing statistical significance in collapsing 

method results are also expected to alter gamma estimates using prfreq. We observe these 

trends in GRIN2B (Table 5-6) in both diseases. This gene has a significant collapsing 

method results and a negative gamma estimate using mkprf, and this estimate is more 

negative than the control cohort. MAP1A has a similar story, with a significant ratio of 

missense to silent variants and a strong impact on prfreq gamma estimates in both disease 

cohorts. Due to the limited resequencing data in controls, we were unable to apply the 

collapsing method to this gene, and lack of divergence data in Bustamante et al [39] 

prohibited us from estimating gamma with mkprf. Like GRIN2B and MAP1A, CACNA1F 

also shows concordance among the methods in the ASD cohort; including a nominally 
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significant missense to silent variant ratio, a significant collapsing method result, and a 

negative shift in the gamma estimate relative to a control cohort. Since CACNA1F lies on 

the X chromosome, it could not be evaluated using prfreq. For our three main candidate 

genes, GRIN2B, MAP1A, and CACNA1F, we see concordant results among multiple 

methods when data availability allows testing by the multiple methods. 

Previous studies have shown reduced deleterious selection (less negative $) in 

genes related to complex diseases compared to those genes associated with Mendelian 

disease or cancer [55]. This unexpected pattern maybe explained by a late-onset effect of 

these genes, or by a potential enrichment of positively selected genes among the genes 

involved in complex disease [55,56]. Perhaps a more plausible explanation is that genes 

which accumulate either rare inherited or de novo mutations are also more likely to 

accumulate rare mutations which individually have not just high impact, as in the case of 

Mendelian disorders, but either have intermediate impact either alone or in aggregate. In 

our case, estimated " values in the two disease cohorts are lower than those estimated in 

the neutral cohort, likely due to the excess of missense polymorphic variants and reduced 

reproductive fitness of the disease cohorts. A proportion of the rare missense is likely to 

have a negative functional impact and natural selection prevents them from reaching 

higher frequencies. The question then remains as to whether such mutations work 

independently or whether there are hidden interactions that are not captured, or that we 

lack sufficient power to detect. 
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In this paper we hypothesized that rare variants in neurologically expressed genes 

are associated with disorders such as ASD and schizophrenia. In our candidate gene 

resequencing survey, we identified multiple rare functional variants in genes specific to 

either or common to both disorders. Our findings support a rare allele-major effect model 

as we have uncovered significant excess of rare variants in our disease cohorts. It remains 

an open question if ASD and schizophrenia are caused by variants found in a reduced set 

of genes such as DISC1 or NMDA receptor related genes, or in a high number of genes 

defined by a common functional class or pathway/network. In this case lack of replication 

between populations could be observed for individual genes yet particular pathways or 

gene families could arise as having a main role in the etiology of the disease. 

 

Materials and Methods 

Candidate gene selection 

In total, 408 genes were selected for sequencing: 122 in the X chromosome and 

286 autosomal genes from a comprehensive list of potential synaptic genes (n=5,000) 

based on published studies and databases [57,58,59,60,61,62]. X-chromosome synaptic 

genes were chosen due to the excess of affected males as compared to females in 

schizophrenia [12] and ASD [13], and since many genes affecting neurodevelopmental 

brain diseases have been found on the X-chromosome [63]. Autosomal genes implicated 

in synapse function, including those encoding glutamate receptors and their interactors 

were also chosen, because glutamate signalling is strongly implicated in synapse function 
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[64]. A total of 38 genes (19 autosomal and 19 X-linked) showing extreme Tajima’s D 

values and or had de novo mutations in the disease cohorts were chosen for sequencing in 

the controls.  

 

Samples  

ASD subjects: Subjects diagnosed with autism spectrum disorders and both of 

their parents were recruited from clinics specializing in the diagnosis of Pervasive 

Developmental Disorders (PDD), rehabilitation centers, and specialized schools in the 

Montreal and Quebec regions, Canada [65]. Subjects with ASD were diagnosed by child 

psychiatrists and psychologists specialized in the evaluation of ASD. All subjects were 

diagnosed using the Diagnostic and Statistical Manual (DSM) of Mental Disorders 

criteria from patients in the Montreal and surrounding area, and depending on the 

recruitment site, either the Autism Diagnostic Interview-Revised or the Autism 

Diagnostic Observation Schedule was used. In addition, the Autism Screening 

Questionnaire (ASQ) was also completed for all of our subjects.  All samples were 

French-Canadian. Furthermore, all proband medical charts were reviewed by a child 

psychiatrist expert in PDD to confirm diagnoses. Exclusion criteria were: (1) an 

estimated mental age <18 months, (2) a diagnosis of Rett Syndrome or Childhood 

Disintegrative Disorder and (3) evidence of any psychiatric and neurological conditions, 

specifically: birth anoxia, rubella during pregnancy, fragile-X disorder, encephalitis, 

phenylketonuria, tuberous sclerosis, Tourette and West syndromes. Subjects with these 



 162 

conditions were excluded based on parental interview and chart review. However, 

participants with a co-occurring diagnosis of semantic-pragmatic disorder (due to its 

large overlap with PDD), attention deficit hyperactivity disorder (seen in a large number 

of patients with AD during development) and idiopathic epilepsy (which is related to the 

core syndrome of AD) were eligible for the study. 

Schizophrenia subjects: The schizophrenia subjects were collected from among 

several large schizophrenia clinical genetic research centers worldwide. These include: 

(A) L.E. Delisi cohort collected in the USA and Europe [66]. Dr. DeLisi and her 

collaborators had identified and collected over 500 families with schizophrenia or 

schizoaffective disorder in at least two siblings over the last two decades. Diagnoses were 

made by using the DSM-III-R criteria on the basis of structured interviews, review of 

medical records from all hospitalizations or other relevant treatments, and structured 

information obtained from at least one reliable family member about each individual. 

Two independent diagnoses (one made by L.E.D.) were made for each individual in the 

study. In cases of disagreement between the diagnosing clinicians, a third diagnostician 

was consulted, and final diagnoses were made by consensus after discussion. In cases 

where there was a sibling diagnosed with schizophrenia, the schizophrenia with earlier 

age of onset and more definite schizophrenia diagnosis was selected for the initial 

screening. (B) R. Joober cohort: Dr. Joober has collected over 300 schizophrenia families 

in Montreal in the past 10 years[67]. The same clinical assessment procedures have been 

followed as in (A).  In addition, extensive pharmacological data have been collected in 
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this cohort. (C) J. Rapoport cohort (USA): collection includes Childhood Onset 

Schizophrenia cases (COS) [68]. Individuals in this cohort known to carry the VCFS 

deletion on chromosome 22q11 were excluded. All patients met DSM-IIIR/DSM-IV 

criteria for schizophrenia or psychosis not otherwise specified (NOS), had premorbid 

full-scale IQ scores of 70 or above and onset of psychotic symptoms by age 12 years. (D) 

Marie-Odile Krebs cohort (4 cases) was collected in France: All subjects were examined 

according to the standardized Diagnostic Interview for Genetic Studies (DIGS 3.0) [69]. 

Family histories of psychiatric disorders were also collected using the Family Interview 

for Genetic Studies (FIGS). All DIGS and FIGS have been reviewed by two or more 

psychiatrists for a final consensus diagnosis based on DSM-IIIR or DSM-IV at each 

centre. Exclusion criteria for all subjects included neurologic hard signs (referring to any 

symptoms or neurological conditions that can come with psychosis (and not related to 

schizophrenia such as Parkinson, Alzheimers, etc.), a history of head trauma and 

substance abuse or dependence. Institutional ethical approval for the study and informed 

consent was obtained for all study participants. 

From over 500 ASD and 1,000 schizophrenia families, 122 males and 20 females 

were selected for the ASD cohort, and 95 males and 48 females were selected for the 

schizophrenia cohort. We selected patients where blood samples were available so that de 

novo mutations can be accurately validated. All parentage was tested using 17 

microsatellite markers. The random population cohort (150 males; 135 females) consist 

of unrelated blood DNA samples collected for the Quebec Newborn Twin Study (QNTS) 
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[31] where DNA samples were available for both parents and both twins (either 

monozygotic or dizygotic), however only one sibling was chosen randomly for 

sequencing. 

 

DNA preparation, Sequencing and SNP calling 

DNA samples were available for all affected and unaffected individuals and 

parents. For certain individuals where blood DNA was limited, we used DNA isolated 

from an Epstein-Barr Virus transformed lymphoblastoid cell line derived from the 

individual for the screen. The ASD cell lines samples had been frozen or regrown a 

maximum of two times. Genomic DNA was extracted from peripheral blood lymphocytes 

for each individual using Puregene extraction kits (Gentra System, USA). In all cases, 

rare variants were confirmed by sequencing both parents and using blood-derived DNA 

to rule out variations having arisen during production or growth of the lymphoblastoid 

cell line. Primers were designed using the Exon Primer program from the UCSC genome 

browser. PCR products were sequenced at the Genome Quebec Innovation Centre in 

Montreal, Canada (www.genomequebecplatforms.com/mcgill/) on a 3730XL DNA 

Analyzer System. PolyPhred (v6.0) and Mutation Surveyor (v3.10, Soft Genetics Inc.) 

were used for mutation detection analysis. Initial screens were done on cell-line DNA 

from samples to conserve blood sample DNA.  PolyPhred (v6.0) scores of 40 or higher 

were used as the threshold cut-off for all sequencing reads. When reads did not meet this 
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criterion they were resequenced. Chromatograms for all rare variants (singletons or 

homozygous doubletons) were manually checked. 

 

Population Structure 

Structure [30] was used to analyze the degree of population structure. Analysis of 

all samples showed no significant population structure as a large proportion of samples 

were of the same ethnicity. Principal Component Analysis (PCA) is more susceptible to 

samples with excess of private alleles and revealed genetic variability between 

individuals. We removed samples of non-European ancestry (self-reported ethnicity, 

ethnic outliers) and used eigensoft [70] to identify and remove remaining genetic outliers 

(defined below). All autosomal variants excluding those with calls in less than 20 per 

cohort were used for PCA analysis (4,645 SNPs). We used the LD correction and 

calculated the top 10 principal components (PCs) and removed individuals with PC 

projections >two standard deviations or more from the mean, for all significant principal 

components, using 10 iterations.  Individuals exhibiting excess of rare variants genome-

wide are likely to be genetic outliers and readily identifiable with PCA and removed, 

while individuals with an excess of rare variants in specific genes are retained. To ensure 

the PCA outliers were true outliers, we used a one-sided t-test to assess if the proportion 

of missense singletons in each PCA outlier was higher than in PCA retained samples 

across all autosomal genes. Structure (admixture model) was used to reassess levels of 

population structure within the final sample set (results not shown).  
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Computational Inferences of Mutation Severity 

MAPP was used to predict severity and assign scores to each missense variant. 

Orthologous protein sequences were obtained using the Galaxy Browser 

(http://main.g2.bx.psu.edu/) and the UCSC Human Genome Browser (hg18, 

http://genome.ucsc.edu/cgi-bin/hgGateway) to generate columns of aligned orthologous 

amino acids. MAPP scores and p values were calculated as shown in Stone and Sidow 

[36]. MAPP assesses variation observed at each amino acid position with respect to six 

physicochemical properties (hydropathy, polarity, charge, side-chain volume, free energy 

in alpha-helical conformation, and free energy in beta-sheet conformation) after 

weighting each protein sequence to mitigate the influence of phylogeny. 

 

Statistical Analysis 

Estimating population mutation rates and selection coefficient: Hclust [71] was 

used to calculate Tajima’s D, "W, and ! for each gene in each cohort. Demographic 

parameters were inferred from the folded site frequency spectrum (SFS) of silent and 

intronic variants using prfreq [40]. Conditioning on the demographic parameters from the 

silent and intronic SFS, the likelihood of the missense SFS was estimated for three 

models: a Wright-Fisher neutral population, the demographic model inferred form the 

silent and intronic variants, and a demographic with a selection coefficient (#) model. P 
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values of model improvement were estimated by comparing the likelihoods, assuming a 

#2 distribution of two times the differences in the likelihoods between the models. To 

compare the # values estimated in the ASD and schizophrenia cohort to the $ values 

estimated in the control cohort, we computed the likelihood of the control parameters 

estimates in the schizophrenia and ASD cohorts, and compared these likelihoods to the 

likelihoods of the ASD and schizophrenia parameters estimates. We analyzed the effect 

of each gene with at least one missense variant (n=198 autosomal genes) on the SFS by 

estimating # in all the SFSs resulting from excluding the missense variants of each 

individual gene, in each cohort. 

Estimating individual gene selection coefficients: The gene specific selection 

coefficient, $, was calculated with the mkprf program [38] for each cohort (ASD, 

Schizophrenia, and QTNS Controls). The number of synonymous and nonsynonymous 

changes between humans and chimpanzees was obtained from Bustamante, et al. [39] for 

244 genes. Additionally, the European ancestry samples also reported in from 

Bustamante, et al. [39] were used as a secondary control data set for this analysis.  

Within gene excess of (rare) missense variants: Fisher’s exact test was used to 

detect deviations in the missense to silent variant ratio within genes. For each gene, the 

ratio of missense (or rare missense) to silent variants was contrasted to the same ratio in 

all remaining genes. This analysis was conducted in the ASD and schizophrenia cohorts 

testing autosomal and X-linked genes separately. We used the Bonferroni correction for 

multiple tests (n = 277). Excess of predicted deleterious load within genes was evaluated 
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by summing the MAPP scores for all missense variants within a gene and testing the ratio 

of summed MAPP scores to silent variants within the gene relative to all other genes.  

This was done autosomes and X-linked genes separately, and in each disease cohort. 

Genes with excess of individuals bearing rare missense variants: To identify 

genes with an excess of individuals bearing rare missense variants, we used Li and Leal’s 

collapsing method [37]. For ASD vs. schizophrenia, ASD vs. QTNS, and schizophrenia 

vs. QTNS controls, the number of individuals with at least one rare missense mutation 

and the number of individuals with no rare missense variants was determined for each 

cohort, and these counts made up the cells of the two by two table.  We assessed 

statistical significance using Fisher’s Exact test and used Bonferroni’s correction for 

multiple tests (nASD-SCZ  = 277, nASD – QTNS Controls = 26, nSCZ- QTNS Controls = 26). This 

analysis was repeated, considering only missense variants with a MAPP score > 10. 
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A) 

 

B) 

  

Figure 5-1. Principal Component Analysis (PCA) of Disease Cohorts. 
Each dot denotes a sample’s position in the top 2 principal components for A) all samples 
sequenced and B) samples after excluding ethnic and PCA outlier filters. 
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Figure 5-2. MAPP values in common versus rare variants.  
Rare is defined as minor allele frequency < 0.03. 
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Figure 5-3. Excess of Missense Variants by Gene. 
Fisher Exact Test P of the proportion of A) missense to silent variants and B) rare  
missense to all silent variants, at each individual locus compared to those proportions in 
the rest of the genes in the ASD and SCZ cohorts. 
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Figure 5-4. Distributions of Individual Locus Selection Coefficients 
Posterior mean and 95% CI of ! values by gene in the A) ASD and 
Schizophrenia (SCZ) cohorts, gene names colored purple are negatively 
selected in both cohorts (! 95% CI < 0) and gene names in blue are 
positively selected in both cohorts (! 95% CI  > 0) B) ASD and Controls 
(QTNS and Western European) and C) Schizophrenia and Controls 
(QTNS and Western European).  
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Figure 5-5. Distribution of per Gene Tajima’s D.  
The distribution of Tajima’s D in all three cohorts, ASD (blue), SCZ (red), and Controls 
(black). The two-sided Kolmogorov-Smirnov test revealed the distribution of Tajima’s D 
was not different between cohorts (ASD vs. Schizophrenia P = 0.85, ASD vs. Controls P 
= 0.60, and Schizophrenia vs. Controls P  = 0.29). 
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Figure 5-6. Observed and Expected Site Frequency Spectrum. 
Observed and expected site frequency distributions for the SNPs the ASD (A), SCZ (B), 
and controls (C) cohorts. Expected distributions have been obtained under a neutral 
model not including demography, a model with demography, and a model with 
demography and selection. 
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Figure 5-7. Distribution of Population Selection Coefficients Estimated Across All 
Loci. 
Variation in the population selection parameter (! = 2Nes) obtained after excluding every 
gene with at least one missense variant (198) from the SFS for A) the ASD cohort; * 
denotes ! estimated after removing MAP1A, GRIN3B, and RPGRIP1, and B) the 
Schizophrenia (SCZ) cohort; * denotes ! estimated after removing MAP1A and GRIN3B. 
Genes producing the more important decrease in ! when excluded from the SFS are 
labeled. ! was estimated in the control cohort is also indicated for comparison.  
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Table 5-1. Segregating Sites and Diversity in the Disease Cohorts. 
! is mean pair-wise nucleotide diversity across all samples; "W is Watterson’s mutation rate estimator based on the number of 
segregating sites. 
* Estimates were determined for each gene and then averaged across all genes. 
Cohort  Missense Nonsense Silent Intronic UTR Splice Total !* (per 

bp) 
"W*(per bp) 

Autosome 574 3 772 1,870 69 1 3,289 4.84 x 10-4 3.58 x 10-4 
X Chrom 124 1 153 508 40 0 826 3.35 x 10-4 3.19 x 10-4 

ASD  
N = 102 

Total 698 4 925 2,378 109 1 4,115 4.39 x 10-4 3.47 x 10-4 
Autosome 614 6 818 1,722 70 0 3,230 4.45 x 10-4 3.54 x 10-4 
X Chrom 164 2 171 536 41 0 914 3.58 x 10-4 3.10 x 10-4 

SCZ  
N = 138 

Total 778 8 989 2,258 111 0 4,144 4.19 x 10-4 3.41 x 10-4 
Autosome 891 9 1,066 2,169 85 1 4,221 5.23 x 10-4 3.48 x 10-4 
X Chrom 220 2 228 675 50 0 1,175 3.96 x 10-4 3.18 x 10-4 

Total 
N = 240 

Total 1,111 11 1,294 2,844 135 1 5,396 4.84 x 10-4 3.39 x 10-4 
Autosome 108 0 103 217 5 1 434 4.72 x 10-4 6.41 x 10-4 
X Chrom 18 1 7 14 5 0 45 7.18 x 10-5 1.08 x 10-4 

QTNS  
N = 240 

Total 126 1 110 231 10 1 479 2.72 x 10-4 3.75 x 10-4 
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Table 5-2. Nonsense Mutations in Disease Cohorts 
NA, not analyzed. a Human Mar. 2006 (hg18) assembly. * de novo mutations validated 
by resequencing parental tissue samples. 
Chr Positiona Gene Counts 

ASD 
Counts 
SCZ 

Counts 
QTNS 
Controls 

1 20,886,681 KIF17 0 1* 0 
6 43,846,749 VEGFA 0 2 0 
6 43,856,457 VEGFA 1 0 0 
9 103,472,993 GRIN3A 0 1 0 
14 71,241,195 SIPA1L1 0 1 NA 
14 72,813,605 NUMB 0 1 NA 
17 70,362,773 GRIN2C 1 0 0 
19 956,224 GRIN3B 1 0 NA 
22 49,506,476 SHANK3 0 1* 0 
X 43,513,503 MAOB 0 1 NA 
X 69,395,157 P2RY4 2 2 6 
 
 
Table 5-3. Counts for Silent to Missense Ratios in MAP1A 

ASD SCZ Controls  
Missense Silent Missense Silent Missense Silent 

MAP1A 20 5 25 8 NA NA 
Remaining 
Autosomal Genes 

574 772 614 818 108 103 

 

 
Table 5-4. Counts for Collapsing Method for Significant Results 

ASD SCZ Controls  
# samples 
! 1 rare 
missense 

# samples 
0 rare 
missense 

# samples 
! 1 rare 
missense 

# samples 
0 rare 
missense 

# samples 
! 1 rare 
missense 

# samples 
0 rare 
missense 

GRIN2B 7 95 8 130 1 239 
CACNA1F 9 93 5 133 3 237 
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Table 5-5. Prfeq Maximum Likelihood Estimates of Demographic and Selective Models. 
* Autosomal mutations only. ** !2 (P value) with degrees of freedom being the difference of the number of estimated 
parameters. TAU is the time in generations since the non-stationary dynamics, scaled by 2*Ncurr. TAU B is the scaled 
time of the bottleneck. OMEGA is the ratio of ancestral to current Ne. OMEGA B is the ratio of bottleneck to current 
Ne. 
Mutations* Cohort Model maxLL 2 * lnL Fixed parameters Estimated parameters P** 

Silent And 
Intronic 

ASD + 
SCZ 

Stationary 13,629.28 - - - - 

Silent And 
Intronic 

ASD + 
SCZ 

Demography 
 

13,771.17 238.78 - OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

<0.001 

Missense ASD Demography 2,274.32 - OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

- - 

Missense ASD Demography 
+ Selection 

2,391.71 234.78 OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

P = 0.04 
! = -920 

<0.001 

Missense SCZ Demography 2,368.64 - OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

- - 

Missense SCZ Demography 
+ Selection 

2,479.27 221.26 OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

P = 0.05 
! = -1,100 

<0.001 

Missense Controls Demography 184.36 - OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

- - 

Missense Controls Demography 
+ Selection 

206.43 44.14 OMEGA = 0.95, TAU = 0.1 
OMEGA_B = 0.001 
TAU_B = 0.001 

P = 0.06 
! = -740 

<0.001 
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Table 5-6. Nominal P values of Identified Candidate Genes Exhibiting Excesses of 
Rare Variants 
NA, not assessed. *Significant after Bonferroni Multiple testing. aSignificant excess of 
missense and rare missense variants versus silent variants, compared to the rest of genes 
pooled together in each cohort and separately for X chromosome and autosomes. 
bSignificant excess of individuals with rare missense variants in a given gene. QNTS 
controls used for the ASD cohort and schizophrenia negative controls used for the 
schizophrenia cohort. cSignificant impact on the overall (autosomes) site frequency 
spectrum within each disease cohort. d Mean ! of disease cohort and control in 
parentheses. **denote mean ! significantly more negative in the disease cohort than 
among QTNS or Western-European controls. NA results from genes with no available 
divergence data. 
A) ASD 

 

 

 

 

Missense vs Silenta   
All 
missense 

Rare 
missense 

Collapsing 
methodb  

prfreqc mkprfd 

GRIN2B 0.057 0.139 0.0017* 0.96 -7.6 (-5.9) 
GRIN3B 0.0029 0.018 NA 0.005 NA 
CACNA1F 0.362 0.304 0.15 NA NA 
MAP1A 0.0001* 0.0008 NA 0.01 NA 
NOS1 0.221 0.142 NA 0.96 -2.04** (5.68) 
RPGRIP1 0.088 0.298 NA 0.91 0.015 (0.55) 

B) Schizophrenia 

Missense vs Silenta  
All 
missense 

Rare 
missense 

Collapsing 
methodb 

prfreqc mkprfd 

GRIN2B 0.016 0.047 0.001* 0.75 -7.311 (-5.9) 
GRIN3B 0.01 0.23 NA 0.015 NA 
CACNA1F 0.103 0.028 0.001* NA -0.691** 

(1.94) 
MAP1A 0.0001* 0.0004 NA 0.015 NA 
NOS1 0.429 0.536 NA 0.75 1.93 (5.68) 
RPGRIP1 0.468 0.162 NA 0.015 2.02 (0.55) 
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Chapter 6 Conclusions 
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Motivated by the desire to better understand the genetic components of complex 

traits, we developed a combined approach to establishing genotype-phenotype 

associations that differs slightly from the classic approach in statistical genetics. Since 

natural selection acts on phenotype and alters the genomic landscape, we incorporated 

natural selection methods in parallel with standard association methods to better gauge 

the effectiveness of the respective tests in determining genetic contributions to complex 

traits. This hybrid approach is the logical progression for studying complex traits, since 

improving accuracy in detecting causal variants in diseases such as schizophrenia can 

lead to earlier diagnoses and personalized treatments. 

When I began this research, microarray methods for genotyping were rapidly 

gaining popularity because they were far more affordable than sequencing. The 

widespread use of microarrays has lead to greater identification of genotype-phenotype 

associations at a genome-wide perspective, but limited tests of natural selection. These 

tests were limited because tests of natural selection generally rely on the distribution of 

allele frequencies and the ratios of functional to nonfunctional variants obtained from 

resequencing.  Such tests could not be applied to genotyped data, because genotyped data 

is previously ascertained. As my research progressed, high-throughput and affordable 

sequencing technologies entered mainstream research resulting in genotyping being 

replaced by genome-wide resequencing. This progression enables joint testing of natural 

selection and genotype-phenotype associations, as well as increasing the types of 

complex trait models that can be tested. Chapters 2, 3, 4, and 5 reflect this shift from 
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genotyping to sequencing technology and the different complex trait models that can be 

tested with each of these technologies. I will conclude with key findings and challenges 

from the research chapters, and close with future directions for studying complex traits. 

 

Summary of Main Results 

 In chapter two, we report the findings of a natural selection and drug resistance 

association study in a worldwide collection of P. falciparum isolates. During this study, 

we discovered that an interesting story develops when investigating genotype-phenotype 

associations and natural selection in the gene pfcrt. Chloroquine drug resistance 

associations and positive selection have been well characterized for this gene in previous 

studies, and our study also returned similar results. However, when pfcrt is compared to 

orthologous sequences from P. reichenowi, there is a large amount of variation 

maintained at this specific locus, indicating balancing selection. One explanation for this 

evidence of balancing selection is that positive selection acted on two different 

haplotypes from two geographically distinct populations. These haplotypes were targets 

of positive selection because they both confer resistance to chloroquine. As haplotypes 

undergo positive selection, variation in LD with the selection target will also increase in 

frequency. Since this process occurs independently in different populations, each 

population will have its own collection of variants. When viewed globally, the locus will 

exhibit an excess of variation. This explanation is valid if the evidence of balancing 

selection does not exist within each continent. However, even when independently testing 
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samples from Asia, South America and Africa, we found evidence of balancing selection. 

This evidence clearly indicates that prior to the widespread use of chloroquine, there 

existed a selection mechanism that favored variability in pfcrt, possibly the human host 

immune system. Nevertheless, our study clearly shows that incorporating natural 

selection methods into classic statistical genetics can provide a more holistic approach to 

the study of complex traits. 

 The experimental design utilized in chapter two is excellent for studying different 

types of natural selection but it is fundamentally limited in its smaller sample size and 

scope. The small sample size has limited power to find weak genetic determinants of 

drug response, particularly when samples come from multiple populations. Additionally, 

interrogating a single chromosome leaves the majority of the genome untested for signals 

of selection and association. These limitations are addressed in chapter three, where the 

sample size was increased, the scope was expanded to genome-wide analysis, and 

additional anti-malarial drugs were tested. 

 In chapter three, we report the findings of a genome-wide investigation of 

recombination, selective sweeps, and drug resistance associations in P. falciparum. A key 

result of the study was our discovery that there is inherent utility in studying positive 

selection in a collection of samples showing extensive population structure. The samples 

collected for this study showed a great amount of population structure, both globally and 

internally in the Southeast Asian population. Both of these population structures hinder 

interpretation of the genotype-phenotype association results since drug response also 
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varies by geography and is correlated with the respective population structures. We found 

that establishing controls for these population structures eliminated true association 

signals, while leaving these population structure unaccounted for resulted in false positive 

associations. Haplotype sharing-based tests, like iHS and XP-EHH, aided us in 

identifying selective sweeps and potential drug resistance associations. Since drug 

resistance is a strong selective force, it is reasonable to assume that loci associated with 

drug resistance should also reflect signals of positive selection. Positive selection signals 

can be separated from signals of population structure since positive selection signals will 

be localized to the genomic target of selection while population structure signals are 

genome-wide. Regions with extended haplotype sharing can be identified using iHS or 

XP-EHH, at which point variants in those regions can be tested for association with drug 

response. For example, pfmdr1 showed evidence of positive selection in the Southeast 

Asian population and had significant associations with quinine response and nominally 

associated with chloroquine. The caveat to this approach, however, is that environmental 

pressures other than anti-malarial drug use may also drive selection. Also, evolution of 

anti-malarial resistance may not manifest as positive selection. These two factors clearly 

delineate that improvements in our experimental design, such as incorporating natural 

selection, are necessarily to expand our understanding of how complex traits evolve,  

 From the population genetics standpoint, this study is limited to tests of positive 

selection since a list of previously ascertained SNPs was interrogated. This is due to the 

limitation inherent within population genetics requiring all genetic variation data 



 192 

originate from sequencing. From the statistical genetics standpoint, this study is an 

improvement over chapter two since the focus was expanded from a single chromosome 

to the entire genome. However, the study was still limited due to the extensive population 

structure in the data. Enhancements to this study should include resequencing rather than 

genotyping, improved sample collection with equal sampling from the distinct 

populations, and/or limiting the study to a single population. Chapters four and five learn 

from these lessons by utilizing resequencing rather than genotyping and also selecting 

samples from a more restricted ethnic background. 

 In chapter four, we present one of the largest human trio resequencing studies 

designed to detect de novo mutations, and describe their role in Autism Spectrum 

Disorder and schizophrenia. With this resequencing survey, we answer population 

genetic questions such as what are the neutral and functional human mutation rates, as 

well as medical genomics questions such as do disease affected cohorts show excess of 

deleterious de novo mutation. The neutral mutation rate estimate (1.36 x 10-8 per site per 

generation) is similar to approximations from phylogenetic estimates and also similar to 

estimates from other family based sequencing studies. While the functional mutation rate 

is nearly five times the neutral mutation rate, describing statistical excess of functional de 

novo mutations relative to neutral is more involved and subjective. Detecting an excess of 

functional de novo mutations is sensitive to such considerations as increased mutation 

rate in CpG sites relative to non-GpG sites, defining effective number of bases 

sequenced, and deciding which statistical test to use. The primary overarching factor 
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above all of the previously mentioned considerations is the source of DNA used for 

sequencing and de novo mutation detection. Nearly half of the de novo mutations could 

not be validated using DNA from original samples and were determined to be cell line 

artifacts. The prevalence of cell line artifacts is the single most important concern for 

most resequencing studies in which cell lines are the only available DNA sources. If 

resequencing is limited solely to cell lines, the number of de novo mutations will be 

inflated since the transformation of primary tissue samples to cell lines and the growth of 

cell lines causes mutations to accumulate. While sequencing the primary tissue sample is 

ideal, cell lines can be used for resequencing if the primary tissue sample is available for 

validation of the de novo mutations. Our study was careful to validate each and every de 

novo mutation using blood DNA, which allowed us to confidently bypass the above 

hurdles to determine functional mutation rates. 

 This study can be improved by including matched sequencing of unaffected 

samples. Sequencing control samples would provide a base line mutation rate for both 

functional and nonfunctional sites and allow direct comparisons of de novo mutation 

accumulation for different types of mutations. Sequencing of controls is often secondary 

in most studies, since most researchers find that discovering mutations in disease cohorts 

is ‘more interesting’. In the long run, a lack of emphasis on sequencing controls can 

hinder the study by limiting the researcher’s ability to make confident inferences about 

disease-associated de novo mutations. 
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 A natural extension of the de novo hypothesis is that disease-affected cohorts will 

show accumulation of not just de novo mutations but also rare variants in key genes. This 

hypothesis is derived from population genetic theory, where deleterious selection on 

phenotype will keep disease-causing alleles at low frequency in the population. If a 

cohort is enriched for affected individuals, then key genomic regions involved in the 

disease will show excess of low frequency alleles. In chapter five, we present the 

methods and findings for such a study, using a combination of statistical and population 

genetic approaches to demonstrate accumulation of rare missense variants in the genes 

GRIN2B, MAP1A, and CACNA1F. An interesting result is that the GRIN gene family 

showed accumulation of rare variants, high impact missense variants, nonsense, coding 

indel, and de novo mutations. This accumulation of detrimental variants suggests gene 

families and perhaps gene pathways are the genomic unit of interest, rather than single 

genes.  

 

Future Directions 

As we gain a better understanding of the effect of natural selection on complex 

traits, we can incorporate selection information into association studies in a much more 

effective manner. For example, one such method is to jointly infer positive selection and 

associations when the trait of interest confers a selective advantage. Another example is 

refining the CDRV model to incorporate both the accumulation of deleterious variants 

with individual samples accumulating rare variants. Chapter three shows the promise of 
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using haplotype-sharing tests when studying a complex trait that confers a strong 

selective advantage. Haplotype sharing tests may also have a role to play when studying 

any complex trait in which selection alters the local LD structure. In contrast to the 

positive selection examples, genomic regions subject to deleterious selection will show 

decreased haplotype sharing in populations enriched for affected samples. Furthermore, 

contrasting haplotype sharing between cases and controls has the potential to identify 

genomic regions subject to different selective pressures. 

Another direction I can see for this field of study in the future is to use lessons 

from the biological side of complex traits to improve our understanding of genotype-

phenotype relationships. Biologists approach the complex disease hypotheses using a 

Bayesian approach. For example, genes known to be involved in brain function were 

resequenced in chapters four and five. This information could be incorporated as a 

“genome prior distribution,” allowing certain regions of the genome to be more likely 

associated with complex disease than other regions. Other sources of prior information 

may include conservation, functional studies from model organisms, predicted effects of 

mutations, and the number of potentially deleterious mutations in a genome. Many of 

these sources of information are used after the fact, or as a way to rank association 

results. By using this prior information more proactively as a factor in statistical design, 

genotype-phenotype association studies can increase in power and decrease in error. As 

this genome-wide prior is better defined, disease risk or even status may become 

predictable given a person’s genomic sequence. 
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Given the availability of affordable resequencing technologies and a greater 

awareness of population genetics theory, the future holds great promise for improved 

understanding of the genetic mechanisms of complex diseases and traits. My hope is that 

one day, the genetic diseases we currently consider debilitating will become better 

understood, better diagnosed, better treated and managed, and have only minor impacts 

on one’s quality of life.  

 


