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Abstract

A central goal in genomics is to understand the genetic variants that underlie molecular changes
and lead to disease. Recent studies have identified thousands of genetic loci associated with

human phenotypes. These have primarily analyzed point mutations, ignoring more complex

types of variation. Here we focus on Short Tandem Repeats (STRs) as a model for complex

variation. STRs are comprised of repeating motifs of 1-6bp that span over 1% of the human

genome. The level of STR variation and its effect on phenotypes remains mostly uncharted,
mainly due to the difficulty in accurately genotyping STRs on a large scale.

To overcome bioinformatic challenges in STR genotyping, we developed lobSTR, an algorithm

for profiling STRs from high throughput sequencing data. lobSTR employs a unique mapping

strategy to rapidly align repetitive reads, and uses statistical learning techniques to account for

STR-specific noise patterns. We applied lobSTR to generate the largest and highest quality STR

catalog to date. This provided the first characterization of more than a million loci and gave

novel insights into population-wide trends of STR variation. We used our catalog to conduct a

genome-wide analysis of the contribution of STRs to gene expression in humans. This revealed

that STRs explain 10-15% of the cis heritability of expression mediated by common variants

and potentially play a role in various clinically relevant conditions.

Overall these studies highlight the contribution of STRs to the genetic architecture of quantita-

tive traits. We anticipate that integrating repetitive elements, specifically STRs, into genome-

wide analyses will lead to the discovery of new genetic variants relevant to human conditions.
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Chapter 1

Introduction

1.1 Overview

A key goal in genomics is to understand the genetic variants that underlie phenotypic changes and

lead to disease. Recent studies have identified thousands of genetic loci associated with human

phenotypes. However, the majority of genome-wide studies have focused on single nucleotide

polymorphisms (SNPs), which are both the simplest type of variation to genotype and one of

the easiest to model. However, a wide range of classes of variants is important for controlling

human traits.

Short tandem repeats (STRs) consist of periodic DNA motifs of 1-6bp and comprise more than

1% of the human genome. Their repetitive structure induces DNA polymerase slippage events

that add or delete repeat units, resulting in mutation rates that are orders of magnitude higher

than those for most other variant types. STRs are implicated in more than 40 human diseases,

primarily in Mendelian disorders caused by large expansions of trinucleotide repeats. Additionally,

several dozen single gene studies have shown that STRs may be involved in quantitative traits

including gene expression. Because of their abundance, high polymorphism rates, and previous

implication of functional roles, we focused on STRs as a model to investigate the role of complex

variants in human phenotypes.

Here I present our contributions to enable the first large scale studies of STR variation and reveal

that these loci play a significant role in complex traits in humans. In the first part of this thesis,

we develop novel tools for high-throughput STR analysis from next generation sequencing data

(chapter 2, Appendix A). We then apply these methods to large sequencing cohorts consisting

of thousands of samples with diverse origins to provide the first population-wide catalog of

hundreds of thousands of previously uncharacterized STR loci (chapter 3, Appendix C). An

important aspect of this work has been a commitment to maximize the utility of our results

for the wider genomics community through providing open-source software packages and online
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visualization tools that are already being utilized by other researchers. In the second part of

this thesis, we interrogate the role of STRs in complex traits, focusing on gene expression as

an initial phenotype (chapter 4). This study reveals more than 2,000 STRs whose lengths are

correlated with gene expression (termed "expression STRs", or eSTRs) and shows that STRs

make a significant contribution to regulating expression of nearby genes. These loci are enriched

in putative regulatory regions and are predicted to modulate regulatory activity. These results

highlight the contribution of STRs to the genetic architecture of gene expression and complex

traits in humans.

To frame this work, I first review properties and applications of STRs and what we know about

their contribution to disease and molecular phenotypes in humans. Next, I describe challenges

in developing high throughput methods for STR analysis and state of the art experimental and

bioinformatic methods for doing so. I summarize what we have learned to date about patterns of

STR variation in humans using these methods. Then, I review what has been revealed about the

genetic architecture of gene expression through SNP studies. I examine evidence that suggests

variants such as STRs that are not well tagged by common SNPs may play an important role

in these traits. Finally, I summarize the contributions of this thesis toward enabling large scale

STR analysis and highlighting an important role for STRs in human phenotypes.

1.2 What is an STR?

For the purposes of this thesis, STRs are defined as short motifs of 1-6bp repeated in tandem for a

total length of ~8bp or more. Note however that much of our work has excluded "homopolymers"

with a motif length of 1 due to the difficulty in genotyping these loci. chapter 3 gives a more

precise definition of the requirements for a sequence to be called an STR and Table C.2 shows

the relative abundance of each motif length. Using our definition, the human genome harbors

more than one million STRs, enriched near genes and promoters [199], comprising over 1% of

the genome. This is likely an underestimate, as large regions inaccessible to current sequencing

technologies are highly enriched for long STRs (see chapter 5).

The repetitive nature of STRs induces DNA polymerase slippage events that add or delete

repeat units, resulting in mutation rates of 10-3 - 10-4 per locus per generation, orders of

magnitude higher than those for most other variant types [49, 234]. As a result, STRs tend

to be extremely polymorphic, providing a large source of genetic, and potentially phenotypic,
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variability in humans. Methods for capturing this variability across individuals on a large scale,

and for assessing the affect of this variation on phenotype, are the main focus of this work.

1.3 Applications of STRs

STRs are an extremely abundant source of genetic polymorphism between individuals. Before

the era of next generation sequencing, it was far cheaper to genotype STR lengths rather than

simple sequence variations. As a result, STRs have been the marker of choice for a number of

human genetics applications:

" Linkage analysis: Linkage analysis is a method to map the chromosomal location of

genetic variants associated with disease and other phenotypes. It relies on the fact that

loci that are nearer to each other are less likely to be separated by recombination. Given a

set of markers spaced along a chromosome and observed crossover events, one can narrow

down an interval in which the locus of interest lies. This method was used for decades,

before the widespread use of DNA sequencing, and so relied on either STR markers or

restriction fragment length polymorphisms. The Marshfield Panel [20] contains thousands

of STRs widely used in linkage analysis, and used throughout this work as a high quality

validation set of STRs.

" Forensics: Unlike SNPs, which nearly always have only two alleles segregating in the

population, STRs often have ten or or more common alleles consisting of different repeat

numbers. Therefore, the information content in a single STR is quite high, and genotypes

for a small number of STRs can often identify a single individual (except of course in the

case of identical twins). During the 1980s, the FBI Laboratory developed the CODIS set,

consisting of 13 STR loci plus the AMEL marker to determine sex [221. The National DNA

Index database consists of more than 10 million CODIS profiles collected from arrested or

convicted offenders.

" Genetic genealogy: Due to their high information content, STRs have also been widely

used by genealogists to infer genetic relationships between individuals. In particular, Y-

chromosome STRs have proven useful for studying patrilineal ancestry due to the co-

inheritance of Y chromosomes with surnames in Western societies. For example, if a man

with the last name "Smith" has a son, he generally passes on both his Y chromosome

and his surname. Genealogists have taken advantage of this fact and companies such as
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Family Tree DNA and others have compiled large databases connecting Y-STR profiles
with surnames. By searching these databases with a male's Y-STR profile, one can

reveal surnames of patrilineally related individuals. Y-STR profiles are also widely used in

paternity testing or to identify male subjects in forensics cases.

Because of their identifying information, genotyping STRs and storing large databases of STR

profiles raises significant privacy concerns. For instance, searching genealogy databases with the

Y-STR profile of an unidentified male may identify a unique surname. Combined with additional

information such as age or state of residence, this can in some cases narrow down the male's

identity to a single individual. Indeed, there are several documented cases of male children

conceived by anonymous sperm donation finding their biological fathers by genotyping their

own Y-STRs [160, 130]. This has important implications for human genetics studies, in which

sample donors are assumed anonymous. We have shown that in many cases we could use Y-

STRs obtained from publicly available whole genome sequencing datasets in addition to pedigree

and geographical information to uniquely identify these individuals. This work is described in

Appendix B.

1.4 Evidence of a regulatory role for STRs

Multiple in vitro studies have shown that STRs may regulate transcription. For instance, they

have been shown to modulate transcription factor binding [39, 150]. distances between promoter

elements [239, 249], and splicing efficiency [87, 96]. It has also been shown that certain STRs

may induce DNA to form non-canonical "Z"-DNA secondary structure, which can have an effect

on transcriptional regulation of nearby genes [195].

Additionally, in vivo studies in model organisms have reported specific examples of STRs that

modulate gene expression: Experimental modification of the number of repeats in the promoter

of the FLO1 gene in yeast shows a direct quantitative effect on the cells' adherence to plastic

[225]; An intronic expanded GAA repeat in Arabidopsis thaliana has an effect on growth [216]. A

5' UTR STIR in avprla predicts differences in socio-behavioral traits in prairie vole and modulates

gene expression in vitro [83]; Finally, STR length variations in or nearby coding regions of Alx-4

and Runx-2 were shown to correlate with facial and limb lengths in certain canine species [56].

These single gene studies show that STRs could potentially provide a substrate for rapid evolution

of fine-tunable gene expression regulation. Indeed, comparative genomics studies have found that
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the presence of STRs in promoters or transcribed regions is strongly associated with divergence

of gene expression profiles across great apes [209]. This agrees with an earlier study showing

similar trends across yeast strains [226].

Taken together, these anecdotes suggest that gene regulation by STRs is a widespread phe-

nomenon that occurs across a range of taxa.

1.5 STRs in human disease and phenotypic variation

Dozens of STRs have been implicated in both disease and molecular phenotypes in humans. In

nearly all of these cases, the resulting phenotype showed a quantitative relationship with the

number of repeats, suggesting STRs may plan an important role in more complex quantitative

traits.

1.5.1 Dozens of disorders are caused by STR expansions

STR expansions are implicated in dozens of human single-gene, Mendelian disorders [156],

affecting more than hundreds of thousands of patients in the U.S. [34]. The majority of these

are due to expansions of trinucleotide repeats, and nearly all affect neurological function, most

with a late onset disease course. For instance, an exonic CAG repeat expansion encoding

polyglutamine results in Huntington's Disease, a devastating neurological disorder [156]; a CGG

expansion disrupts a methylation site on the X chromosome leading to Fragile X Syndrome,

one of the leading causes of mental retardation in males [145]; a CUG expansion in the 3'

untranslated (UTR) region of DPMK results in myotonic dystrophy [21], a severe multi-systemic

form of muscular dystrophy. Other classes of repeats have also been implicated in STR expansion

diseases. Recently, high throughput sequencing scans for causative SNPs fortuitously revealed

that a hexanucleotide expansion in C9orf72 is responsible for 9p21-linked amyotrophic lateral

sclerosis-frontotemporal dementia (ALS-FTD) [188]. A summary of STR expansion diseases is

given by Mirkin [156].

The mechanisms by which most of these expansions lead to disease are still poorly understood.

In cases of exonic repeat expansions, particularly polyglutamine expansions (e.g. in Hunting-

ton's Disease), it is thought that the expanded amino acid tracts form toxic aggregates that

accumulate over time, consistent with the late-onset nature of these diseases [155]. Alterna-
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tively, it was recently shown that a key factor in Huntington's Disease may be repeat-length

dependent aberrant splicing of HTT [198]. Other proposed pathogenic mechanisms include loss

of protein expression, over-expression of the wildtype protein copy, and toxic gain of function of

RNAs encoding expanded repeats [175]. Recent studies have found evidence that an alterna-

tive mechanism, "Repeat-associated non-ATG translation", termed "RAN-translation", may be

responsible for rendering CAG repeats toxic. Under this phenomenon, expanded CAG repeats

in RNA may be translated in the absence of an ATG start codon, and may produce transcripts

under all possible reading frames [175]. These "RAN" transcripts have already been identified

in patients with a variety of repeat disorders, including spinocerebellar ataxia type 8 (SCA8),

myotonic dystrophy type 1 (DM1), Fragile-X tremor ataxia syndrome (FXTAS), and ALS-FTD

[33].

One hallmark of repeat disorders is the phenomenon of "anticipation" in which the severity of

the condition tends to increase and the age of onset tends to decrease with each generation.

This generally corresponds to an in increase in repeat number for the expanded allele in each

generation. Many of these repeats experience a bi-phasic mutation process: under a certain

number of repeats the region is stable with relatively low mutation rate. However, once a

threshold length has been passed, the repeat will have an extremely high mutation rate and tend

toward massive expansions [17]. Interestingly, the number of repeats is often directly related to

phenotype. For instance, there is a negative linear relationship between CAG repeat number and

age of onset of Huntington's Disease [196]. This suggests that unlike point mutations, which

can serve as an "on/off" switch for Mendelian and other disorders, repeats possess a more fine-

tunable mechanism to affect phenotype by adjusting the number of repeats on a quantitative,

rather than a binary, scale.

Many such pathogenic STR expansions have been studied in depth, and clearly indicate a

biological function for at least a subset of repetitive elements. However, the majority of repeats

remain uncharacterized and little is known about the extent of polymorphism and allele ranges at

these and other STRs in healthy individuals. As mentioned above, STRs are prone to replication

slippage events that cause them to mutate rapidly. Generally, intermediate length STRs of

~<200bp tend to mutate in a stepwise fashion, coripared to larger pathogenic STRs that

form unusual DNA secondary structures leading to massive expansions. We hypothesize that

whereas longer unstable repeats radically disrupt function of a given locus, leading to severe

mono-genic disorders, STRs in the intermediate range length may be responsible for fine-tuning

genomic regulation and for contributing to more subtle variation, which could make an important
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contribution to more complex traits in humans.

1.5.2 STRs in complex human traits

Little is known about the role of STRs in more complex, polygenic traits. This is largely
because until recently there was limited ability to systematically profile these loci on a large
scale (see 1.6) and because SNP-based studies have limited ability to capture STR associations
(see 1.8). However, a small number of STR associations with complex traits have been reported:
repeat length in the first exon of the androgen receptor correlates with risk of hepatocellular

carcinoma risk in women [250]; a TC repeat in HMGA2 is associated with uterine leiomyomata

and decreased height [91]; a CAG repeat in KCNN3 is associated with cognitive performance in

schizophrenia [71]. However, no study has systematically evaluated the role of STRs in complex
traits, which we attempt to initially characterize here.

1.5.3 Mechanisms for STR involvement in genome regulation

STRs are found in at least 5% of human protein-coding genes [168] and are abundant in intra-
genic regions and UTRs [139]. These rapidly evolving elements provide an evolutionary substrate

to quantitatively affect gene activity without introducing major sequences changes. STRs have
been demonstrated or hypothesized to affect gene regulation in several ways.

Transcribed STRs

As described above, many putative pathogenic STRs lie in coding regions and may lead to disease

through mechanisms such as protein or RNA aggregation, RAN-translation, or aberrant splicing.

Alternative mechanisms could allow exonic STRs to affect protein function. For instance, STR

mutations in coding regions could function to silence genes by introducing frameshift mutations

leading to premature stop codons [65], especially in the case of non tri- or hexa-nucleotide

repeats. Additionally, expansions or contractions could alter spacing between protein domains,

leading to a change in function.

Intronic repeats may also affect gene regulation. Lengths of intronic STRs have been shown to

affect gene expression [63], in some cases through altering transcription factor binding sites. For

example, a TATC repeat in TH affects binding of the transcription factor ZNF191 [3]. Several
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studies have also shown that intronic STRs may regulate splicing efficiency in a repeat-specific

manner. For instance, the length of an intronic TG repeat in CFTR is directly related with

inclusion of the adjacent exon [87], which is likely to be due to effects of the repeat on RNA

secondary structure. An intronic CA repeat in eNOS was shown to regulate splicing by affecting

binding of the splicing factor HnRNP L [97], and it was later shown that intronic CA repeats

may have a widespread effect on splicing [96].

STRs in UTRs may also affect gene regulation. For example, a CTG/CAG repeat in the 3'UTR

of DMPK is implicated in the repeat expansion disorder myotonic dystrophy 1, and is thought

to sequester splicing factors, leading to aberrant splicing [121]. 3'UTR repeats may also harbor

microRNA binding sites, affecting gene regulation.

STR lengths influence promoter and enhancer activity

In addition to transcribed regions, STRs can affect the function of genomic regulatory elements

through several mechanisms. It has been shown that AC dinucleotides are over-represented in

predicted cis-regulatory elements [191]. Furthermore, a recent study found that dinucleotide

repeats are a hallmark of enhancer elements in Drosophila and human cell lines [245]. This

suggests they may provide an abundant source of transcriptional regulation in these elements.

Heidari, et al. [88] demonstrated that a GA repeat in the promoter of SOX5 can alter nucleosome

processing, affecting downstream gene expression. This finding is supported by a study in yeast

that found variation in repeat length had a strong effect on nucleosome positioning and gene

expression in 25 of 33 randomly chosen STR-containing promoters [2261.

STRs may bind transcription factors and create a number of binding sites dependent on the

number of repeats. Guillon et aL. found that the oncogenic EWSR1-FL11 fusion protein formed

in Ewing Sarcoma preferentially binds GGAA repeats [74]. Interestingly, a recently study found

that a reported genome-wide association study (GWAS) signal for Ewing Sarcoma actually

points to a SNP for which the alternate allele joins two adjacent GGAA repeats into one long

repeat tract, resulting in overexpression of the nearby gene EGR2 [73]. In another example, a

pentanucleotide repeat in the promoter of PIG3 creates a varying number of p53 binding sites,

affecting downstream expression [39].

Together, these examples show clear evidence that STRs may regulate quantitative traits, such

as gene expression, transcription factor binding, and splicing efficiency, in a repeat-dependent

manner and therefore are prime candidates for contributing to complex traits in humans.
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1.6 Methods for genotyping STRs.

1.6.1 Capillary electrophoresis

The current gold standard technique for STR typing relies on cumbersome capillary electrophore-
sis methods [25], which require PCR amplification of the locus of interest, followed by size

separation via electrophoresis to determine the alleles present. The method is widely used for

typing STRs used for linkage analyses (Marshfield set [20]), the FBI CODIS set, markers for

genealogical studies [252, 207] and for determining alleles present at known pathogenic loci

[145, 15].

Capillary electrophoresis uses a separate reaction per locus, and requires time-consuming opti-

mization of conditions for each reaction. With a cost that is upwards of several dollars per STR

and lengthy preparation, current panels can consist of up to several hundreds of STRs - only a

fraction of the hundreds of thousands of STRs in the human genome [12]. While the method

is robust and can achieve accuracy near 99% [233], it has several technical limitations. First,

many loci, especially dinucleotide STRs, are plagued by "stutter peaks" due to errors introduced

during PCR amplification that may complicate calling. Second, this technique can only return

the size of the allele: it is unable to distinguish homoplasmic alleles [233] (two different alleles

with the same size but distinct sequences). Third, because capillary techniques simply return

the length of the amplified region, it is sensitive to the presence of linked insertions or deletions

that are not part of the STR itself being genotyped. Due to these limitations, electrophoresis is

unable to provide an accurate genome-wide picture of sequence variation at STR loci.

1.6.2 Genotyping STRs using next-generation sequencing

Challenges of genotyping STRs from short reads

Although theoretically any type of variation can be captured by DNA sequencing, STRs have

proven challenging to genotype from short reads produced by high-throughput sequencing plat-

forms. Major challenges include:

1. Reads must entirely span an STR region to be informative about the number of repeats

present.

2. STRs with a large length difference from the reference sequence present a gapped align-
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ment problem. The run time of mainstream aligners increases rapidly with the number of

insertions or deletions allows.

3. As in capillary techniques, sequencing technologies require PCR amplification of the DNA

sample, which can introduce false "stutter peaks" due to the same polymerase slippage

process leading to germline STR mutations.

As a result of these challenges, STRs are not routinely analyzed in sequencing studies [223], and

loci containing repetitive loci are frequently filtered out due to the high presence of genotyping

errors in these regions.

A major contribution of our work is to develop the first efficient algorithm for generating accurate

STIR genotypes, called lobSTR [79], described in chapter 2. Over the last several years, additional

bioinformatic tools and long read sequencing technologies have arisen that have the potential

to further increase the quality STR calling. These are discussed in chapter 5.

Challenges in visualizing complex variants

A key aspect of developing and using tools for variant analysis is visualization of sequence

alignments. Often, inspecting raw read alignments can be informative of systematic sequencing

artifacts leading to erroneous genotype calls. Currently, the UCSC Genome Browser [113] and

the Integrative Genomics Viewer (IGV) [190] are the most widely used genome browsers for

alignment visualization.

Visualization of insertions and deletions are key to analyzing reads containing STR variations

from the reference genome. However, UCSC, IGV, and similar tools are limited in their ability

to display insertions from the reference. Because the display is based entirely on the refer-

ence, insertions are simply displayed as a vertical bar, with no information about the length

of insertions. As a result, reads containing different insertions consisting of varying lengths,

such as a diploid locus where both alleles are longer than the reference allele, will be displayed

identically. To overcome this and other genome browser challenges, I have created a novel appli-

cation, PyBamView, for visualizing sequence alignments at complex variants. This contribution

is described in Appendix A.
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1.7 Population-wide characterization of STR variation

Despite its limitations, large panels of STR variation obtained using capillary electrophoresis

have given initial insights into population-wide patterns of STR polymorphism. To the best

of our knowledge, the largest publicly available panels are from the Rosenberg Lab (https:

//rosenberglab. stanford. edu/data/rosenbergEtAl2005/) which contains genotypes for

993 STRs in 1,048 individuals from the Human Genome Diversity Project (HGDP) (http://

www .hagsc .org/hgdp/) and the Payseur Lab (http: //payseur.genetics. wisc. edu/strpData.

htm), with 721 STRs in 201 individuals from the HapMap Project. Both panels use a subset of

the Marshfield marker set originally used for linkage analysis. In addition to autosomal STRs,

61 Y-STRs have been genotyped in 669 HGDP samples (ftp://ftp.cephb.fr/hgdp.supp9/)

as well as 16 Y-STRs in 49 HapMap Samples [86].

These panels have shown that STRs are informative of ancestry and can accurately capture

population structure. Rosenberg et aL. found that STRs could be used to cluster individuals

by geographic regions and individual populations [193], in strong agreement with self-reported

ancestries. He et aL. showed that Y-STRs were informative of geographic region of origin for

HapMap samples [861. Additionally, Y-STRs can be informative of specific historical events. For

instance, Y-STR analysis has identified haplotypes likely to have descended from Genghis Khan

[252] and haplotypes specific to the Cohen group of Jewish priests [207].

Capillary electrophoresis panels have been valuable in inferring a number of features of STR

variability, such as the dependence of mutation rate on repeat unit length [101] and repeat

tract length [215]. However, the STRs used in these panels represent a small fraction of all

STRs in the genome, and consist almost entirely of di- and tetranucleotide repeats. Moreover,

they have been particularly chosen due to their high polymorphism rates and because they are

straightforward to genotype, likely imposing ascertainment biases that may confound analyses

[50].

High throughput sequencing holds the promise of creating unbiased genome wide catalogs of

a variety of types of genetic variation. This technology has so far been used mostly to cata-

log variation at SNPs. For instance, the 1000 Genomes Project sequenced more than 2,500

individuals from diverse origins to capture the vast majority of common SNP variation across

humans [1]. However, next generation sequencing can theoretically capture any variant type,

including STRs. Beyond the several thousand Marshfield, Y-STR, medical, and forensics loci
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that have been widely genotyped, the remaining hundreds of thousands of human STRS are

almost completely uncharacterized. A major contribution of our work is to provide the first

look at population-wide polymorphism data for hundreds of thousands of STRs, described in
chapter 3 and Appendix C. Our catalog provides unprecedented power for novel STR analyses

going forward.

1.8 Genetic architecture of gene expression and complex traits

A fundamental goal of human genomics is to understand how genetic variation leads to changes

in phenotypes. Genome wide association studies (GWAS) have uncovered thousands of loci

associated with human traits. The vast majority of these are in non-coding regions, suggesting

regulation of gene expression as a major underlying molecular mechanism. Large scale efforts

have mapped thousands of common variants predicted to regulate gene expression in cis and

shed light on the heritability of gene expression.

1.8.1 Expression quantitative trait loci

Expression quantitative trait loci, or eQTLs, refer to variants that show a quantitative rela-

tionship with gene expression. In most cases, eQTLs refer to a bi-allelic variant, encoded as

0 (homozygous reference), 1 (heterozygous), or 2 (homozygous non-reference) that shows a

linear relationship with expression. Importantly, just because a variant is a significant eQTL

does not imply causality. In many cases an eQTL simply tags a nearby causal variant in linkage

disequilibrium.

Increasingly large efforts have been conducted to map eQTLs in humans across a range of cell

types. Most large studies so far have focused on lymphoblastoid cell lines (LCLs) (e.g. [62]

and the gEUVADIS Project [126]). Recently, the GTEx Project analyzed eQTLs across a broad

range of tissues in hundreds of individuals [6]. Each of these studies has revealed thousands

of eQTLs, with many more to be discovered as datasets become higher powered with more

samples. For instance, the GTEx Project (Figure 2A in [6]) found that the number of significant

eQTLs increases linearly with sample size within the range of samples analyzed (up to several

hundred), implying the presence of thousands more eQTLs that they were underpowered to

detect. Together, these results suggest that nearly every gene in the genome is influenced by

one or more eQTL.
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1.8.2 Heritability of gene expression

Heritability analyses can be informative of the genetic basis of gene expression. Interestingly,

although eQTLs have been quite successful in uncovering regulatory variants, individual eQTLs

still explain very little (< 10%) overall variation in gene expression [72].

Average heritability of gene expression varies across tissues but ranges from around 10-30% as

measured using identity by descent (IBD) analyses. For instance, average heritabilities of ~0.2

for LCLs [72, 41], ~0.1 for blood [182, 243], -0.25 for adipose [182, 72], and 0.16 for skin [72]

have been reported. Notably, "purer" tissues such as adipose tend to have higher heritability

than tissues that contain a mixture of cell types such as whole blood.

In most tissues studied, variance component analyses have estimated that cis variation accounts

for around 30% of all heritability for each gene [72, 182]. In contrast, common SNP eQTLs

explain only around 75% of the total cis heritability, leaving 25% unexplained. Orthogonally,

it was recently reported that haplotypes of common SNPs can explain substantially greater

heritability of complex traits than common SNP genotypes alone [13]. These results suggest

that other cis variants not tagged by individual common SNPs but that are captured by common

haplotypes, including STRs, rare variants, or other complex variants, could play an important

role and may explain some of the "missing heritability" of complex traits.

1.9 Contributions of this thesis

Taken together, the studies described above provide strong evidence that STRs may play a

widespread role in quantitative traits in humans. Previously, STRs were not amenable to large

scale studies due to limitations in bioinformatic and sequencing technologies. Furthermore,

repetitive regions were largely considered neutral, or 'junk DNA" that were simply filtered out

of most analyses.

In this thesis, I present our work to enable and perform genome-wide analysis of the effect of

STRs on gene expression, and ultimately complex traits, in humans. These efforts have shown

that STRs indeed contribute significantly to the heritability of gene expression and likely have

a widespread effect on genome regulation. Importantly, the tools and results generated by this

work have helped to renew interest in variants beyond point mutations and have highlighted the

importance of including repetitive variations in genome-wide studies of complex traits.
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Specifically, I present the following studies, briefly summarized here:

1.9.1 Tools for STR analysis from short reads

STRs pose major challenges to current bioinformatics pipelines. They are often extremely

polymorphic and exhibit large length differences from the reference sequence. Additionally, they

are prone to stutter errors that occur due to polymerase slippage during PCR amplification.

As the first step to studying STRs on a large scale, we developed lobSTR [79] chapter 2, an

algorithm for profiling short tandem repeats from high throughput sequencing data. lobSTR

employs a unique mapping strategy to rapidly align repetitive STR containing reads, and uses

statistical learning techniques to account for stutter noise.

We have invested significant effort in making this tool user friendly, and lobSTR now has

an active online user community on Github and Google groups. lobSTR has been used to

generate large scale catalogs of STR variation from the 1000 Genomes and other projects (see

below). We continue to improve lobSTR to adapt to improvements in sequencing technology

and bioinformatics tools. For instance, lobSTR now handles input from the BWA-MEM aligner

[133], has a specific noise model for PCR-free protocols, and uses joint calling to simultaneously

genotype thousands of samples at once. Several of these improvements are detailed in chapter 5.

In addition to lobSTR itself, we are actively developing additional tools for analysis and visualiza-

tion of STR and other complex variant data. To deal with challenges in visualization STRs and

other complex variants, I developed PyBamView [78] Appendix A, an interactive alignment vi-

sualization tool. PyBamView allows accurate visualization of insertions, which are not displayed

well by current browsers such as IGV and UCSC, and allows researchers to share alignment views

with others through a web browser.

1.9.2 The first genome-wide catalogs of STR variation

Until recently, studies of STR variation have been limited to several highly ascertained sets of

loci encompassing several thousand highly polymorphic autosomal and Y-chromosome STRs

used in linkage studies, genetic genealogy, and forensics. Little is known about patterns of

polymorphism across the majority of the 1.6 million STR loci in the human genome. Building a

catalog of STR variation is an important first step in determining their contribution to genetic

and phenotypic variation.
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To build an initial genome-wide STR catalog, we applied lobSTR to more than 1,000 low

coverage whole genome sequencing datasets generated by the 1000 Genomes Project [240]

chapter 3. We used this call set to analyze sequence determinants of STR variation, assess

patterns of variation in coding regions, and find common loss of function alleles. We found that

hundreds of thousands of STRs are polymorphic in the number of repeats across individuals.

This catalog has already served as a valuable resource for researchers interested in variation at

specific STR loci that may be implicated in human phenotype.

While our initial catalog gave accurate information on the distribution of STR alleles across

populations, the quality of individual genotypes was poor due to low sequencing coverage.

Additionally, we were not able to obtain accurate genotypes for homopolymers, which show

notoriously high error rates due to polymerase slippage. We recently created the highest quality

STR call set to date based on 300 deeply sequenced genomes from the Simons Genome Diversity

Project Appendix C. These calls show 93% concordance with gold standard STR genotypes from

capillary electrophoresis, and accurately capture population structure. This dataset provides

unprecedented opportunities to study STR variation that were not possible using previous studies

either due to the small number of markers or to the low quality of individual genotypes, including

in-depth study of homopolymers and population dynamics of STR variation.

1.9.3 Abundant contribution of STRs to gene expression in humans

With a robust pipeline for STR genotyping and a large catalog of STR genotypes, we were in

a position to assess the genome-wide contribution of STRs to phenotypes for the first time.

We focused on the role of STRs in regulating gene expression. Multiple single-gene studies

in humans and other organisms have shown that STRs may modulate gene expression in cis.

However there has been no systematic study of their effect on expression in humans.

We conducted a genome-wide analysis of STRs that affect expression of nearby genes, which we

termed expression STRs (eSTRs), in lymphoblastoid cell lines (LCLs) [21] . This well-

studied model permitted the integration of whole genome sequencing data, expression profiles

from RNA-sequencing and arrays, and functional genomics data. We tested for association in

close to 190,000 STRxgene pairs and found over 2,000 significant eSTRs. Using a multitude

of statistical genetic and functional genomics analyses, we show that hundreds of these eSTRs

are predicted to be functional, and that 10-15% of cis heritability of gene expression in LCLs

can be attributed to STRs, uncovering a new class of regulatory variants.
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1.9.4 Identifying personal genomes by surname inference

Sequencing datasets are often shared without identifiers under the assumption that the identities

of the samples will not be revealed. We showed that we can recover genealogical STRs from the

Y chromosome by applying obSTR to whole genome sequencing datasets. We used the resulting

genotypes to query recreational genealogical databases to recover the surnames of anonymous

sample donors. Combining the surname with additional metadata such as age and state can

lead to a complete breach of anonymity [80] Appendix B.

Due to the widespread use of STRs in forensics and genealogy, this work had important impli-

cations for genetic privacy of human research subjects. As a result I have become more aware

of ethical concerns and have been an active participant in discussions of social aspects of ge-

netic research in the wider genomics community. Importantly, it is now widely recognized that

it is impossible to promise anonymity, and that this should be clarified to participants. As a

result of our study many data usage agreements have been augmented to prevent researchers

from attempting to identify participants. We believe this project paved the way toward greater

transparency about data privacy issues and will ultimately help protect and inform participants

in genetic research.
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Chapter 2

lobSTR: A short tandem repeat profiler for personal genomes

Most of this chapter was first published as:

Gymrek M, Golan D, Rosset S, Erlich Y. lobSTR: a short tandem repeat profiler for

personal genomes. Genome Research. (2012).

Gymrek M, Erlich Y. Profiling short tandem repeats from short reads. Book chapter in

Deep Sequencing Data Analysis by Methods Mol Biol (2013).

Part of this work is covered by a U.S. patent:

Analyzing short tandem repeats from high throughput sequencing data for genetic appli-

cations. (2013). Inventors: Erlich Y, Gymrek M. US 2014/0163900 Al.

Abstract: Short Tandem Repeats (STRs) have a wide range of applications, including medical

genetics, forensics, and genetic genealogy. High throughput sequencing (HTS) has the potential

to profile hundreds of thousands of STR loci. However, mainstream bioinformatics pipelines are

inadequate for the task. These pipelines treat STR mapping as gapped alignment, which results

in cumbersome processing times and a biased sampling of STR alleles. Here, we present lob-

STR, a novel method for profiling STRs in personal genomes. lobSTR harnesses concepts from

signal processing and statistical learning to avoid gapped alignment and to address the specific

noise patterns in STR calling. The speed and reliability of lobSTR exceed the performance of

current mainstream algorithms for STR profiling. We validated lobSTR's accuracy by measuring

its consistency in calling STRs from whole genome sequencing of two biological replicates from

the same individual, by tracing Mendelian inheritance patterns in STR alleles in whole-genome

sequencing of a HapMap trio, and by comparing lobSTR results to traditional molecular tech-

niques. Encouraged by the speed and accuracy of lobSTR, we used the algorithm to conduct a

31



comprehensive survey of STR variations in a deeply sequenced personal genome. We traced the

mutation dynamics of close to 100,000 STIR loci and observed more than 50,000 STIR variations

in a single genome. lobSTR's implementation is an end-to-end solution. The package accepts

raw sequencing reads and provides the user with the genotyping results. It is written in C/C++,

includes multi-threading capabilities, and is compatible with the BAM format.

lobSTR is available at https://github.com/mgymrek/lobstr- code.

2.1 Introduction

Short tandem repeats (STRs), also known as microsatellites, are a class of genetic variations

with repetitive elements of 2 to 6 nucleotides that consists of approximately a quarter million

loci in the human genome [12]. The repetitive structure of those loci creates unusual secondary

DNA conformations that are prone to replication slippage events and result in high variability

in the number of repeat elements [156]. The spontaneous mutation rate of STRs exceeds that

of any other type of known genetic variation, and can reach 1/500 mutations per locus per

generation [229, 8], 200 fold higher than the rate of spontaneous copy number variations (CNV)

[144] and 200,000 fold higher than the rate of de novo SNPs [36].

STIR variations have been instrumental in wide-ranging areas of human genetics. STIR expansions

are implicated in the etiology of a variety of genetic disorders, such as Huntington's Disease and

Fragile-X Syndrome [174, 156]. Forensics DNA-fingerprinting relies on profiling autosomal STIR

markers and Y-chromosome STIR (Y-STR) loci [105]. STRs have been extensively used in genetic

anthropology, where their high mutation rates create a unique capability to link recent historical

events to DNA variations, including the well-known Cohen Modal Haplotype that segregates

in patrilineal lines of Jewish priests [207, 253]. Another relatively recent application of STR

analysis is tracing cell lineages in cancer samples [59].

Despite the plurality of applications, STR variations are not routinely analyzed in whole genome

sequencing studies, mainly due to a lack of adequate tools [223]. STRs pose a remarkable chal-

lenge to mainstream HTS analysis pipelines. First, not all reads that align to an STIR locus are

informative (Supplemental Figure 2.8.1A). If a single or paired-end read partially encompasses

an STIR locus, it provides only a lower bound on the number of repeats. Only reads that fully

encompass an STIR can be used for exact STIR allelotyping. Second, mainstream aligners, such

as BWA, generally exhibit a trade-off between run time and tolerance to insertions/deletions
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(indels) [137]. Thus, profiling STR variations - even for an expansion of three repeats in a

trinucleotide STR - would require a cumbersome gapped alignment step and lengthy processing

times (Supplemental Figure 2.8.1B). Third, PCR amplification of an STR locus can create

stutter noise, in which the DNA amplicons show false repeat lengths due to successive slippage

events of DNA polymerase during amplification [85, 49] (Supplemental Figure 2.8.1C). Since

PCR amplification is a standard step in library preparation for whole genome sequencing, an

STR profiler should explicitly model and attempt to remove this noise to enhance accuracy.

Here, we present lobSTR, a rapid and accurate algorithm for STR profiling in whole genome

sequencing datasets (Figure 2.1). Briefly, the algorithm has three steps. The first step is

sensing: lobSTR swiftly scans genomic libraries, flags informative reads that fully encompass STIR

loci, and characterizes their STR sequence. This ab initio procedure relies on a signal processing

approach that uses rapid entropy measurements to find informative STR reads followed by a Fast

Fourier Transform to characterize the repeat sequence. The second step is alignment: lobSTR
uses a divide and conquer strategy that anchors the non-repetitive flanking regions of STR

reads to the genome to reveal the STR position and length. We use a modified reference that

takes advantage of the information extracted from the sensing step to increase the alignment

specificity. This step avoids a cumbersome gapped alignment and, importantly, is virtually

indifferent to the magnitude of STR variations. Finally, in the third step, the pipeline allelotypes

the STRs using a statistical learning approach that models the stutter noise in order to enhance

the signal of the true allelic configuration. See Supplemental Text 2.6, Supplemental Figures

2.8.2, 2.8.3, 2.8.4, 2.8.5 and Supplemental Table 2.9.1 for full details about the lobSTR

algorithm.

lobSTR implementation offers a complete solution that takes raw sequencing data and reports

the alleles present at each profiled STR locus. The program's input is one or more sequencing

libraries in FASTA/FASTQ or BAM format. The output is the alignment of STR reads in BAM

format and the most likely alleles for each STR locus in a custom tab-delimited text format.

lobSTR supports multi-threaded processing.
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Figure 2-1: IobSTR algorithm overview IobSTR consists of three steps. The sensing step

detects informative STR reads and determines their repeat motif. The alignment step maps

the STRs' flanking regions to the reference. The allelotyping step determines the STR alleles

present at each locus.

2.2 Results

2.2.1 Comparing lobSTR to mainstream aligners

We benchmarked lobSTR's alignment performance with reads from an Illumina whole genome

sequencing library with 101bp reads (Methods 2.4). To demonstrate its added value for STR

profiling over mainstream aligners, we also ran BWA, Novoalign, and Bowtie on the same input

data with and without the GATK local indel realignment tool. In addition, we ran BLAT [112]

to characterize STR alignment by a tool that is centered on sensitivity rather than speed. BWA

and Novoalign were tested with the default parameters that can detect up to 5bp and 7bp

indels, respectively. Bowtie has no indel tolerance and was evaluated as a control condition

with tolerance of up to two mismatches. BLAT was tested with the default parameters that

can tolerate up to 10% divergence from the reference, which corresponds to approximately 10bp

indels. To focus on the pure algorithm speed-up, all tests were executed on a single CPU.

IobSTR excelled in all the parameters required for efficient STR alignment (Table 2.2.1).

First, lobSTR processed the reads 2.2 times faster than Bowtie, 22 times faster than BWA, 70

times faster than Novoalign, and almost 1000 times faster than BLAT (Figure 22.1AA). These
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results indicate that there is a minimal computational payment in running lobSTR in parallel

to mainstream aligners in order to augment variation calling to include STR polymorphisms.

Second, as required, lobSTR reported only informative reads that fully encompass STR loci.

On the other hand, the mainstream aligners reported between 2,000 to 5,000 non-informative

STR reads per million input sequences, which may confound downstream calling algorithms

if not removed. Third, lobSTR detected the largest number of informative reads with STR

variations compared to mainstream aligners (Figure 2.2.1B). The other aligners showed a

strong tendency to report STR reads with the reference allele vis-a-vis with their indel tolerance.

Bowtie did not report any STR variation. After GATK local realignment, BWA and Novoalign,

respectively, reported that 20% and 25% of the informative reads have STR variations. BLAT

reported that 37% of the informative reads have STR variations, compared to 50% in lobSTR.
Analyzing data collected from a large number of randomly ascertained STR loci [172] (Utah

Marker Development Group) demonstrates that 33-66% of STR sequence reads should exhibit a

non-reference allele (see Methods). This suggests that lobSTR's results are more representative

of the true rate of STR variations than mainstream alignment tools.

Algorithm Indel tolerance (bp) Time (sec) # Non-informative reads # Informative reads # Var. reads' Ratio
5  

Peak memory (Gbyte)
lobSTR - 109 0 973 485 0.5 0.3
Bowtie 0 258 2,193 523 0 0 2.2
BWA 5 2,450 3,026 883 174 0.19 2.5
BWA+GATK 5 2,943 2,691 869 172 0.20 2.5
Novoalign 7 7,601 4,947 1,024 208 0.2 13.8
Novoalign+GATK 7 8,123 4,906 1,047 259 0.25 13.8
BLAT 10 108,862 19,919 1,611 602 0.37 3.7

Table 2.1: STR Alignment performance across different algorithms. All results are per
million 101bp Illumina reads. 'Number of informative reads that show a non-reference allele.
bRatio of reads with the non-reference allele versus total informative STR reads.

Reporting STR reads with non-reference alleles is crucial for profiling pathogenic mutations. We

further explored whether lobSTR can correctly detect disease alleles of dominant trinucleotide

repeat expansion disorders. As test cases, we focused on two conditions that can be theoretically

profiled using standard Illumina runs. The first condition was a GCN expansion in PABPN1

that causes oculopharyngeal muscular dystrophy (OPMD) [181, where the normal allele exhibits

10 repeats and the pathogenic allele spectrum for the dominant form is between 12 to 17

repeats [1741. The second condition was a GCG expansion in HOXD13 that is implicated in

synpolydactyly [1611, a severe limb malformation, where the normal allele is 15 repeats and

the documented pathogenic allele spectrum is between 22-29 repeats [174]. To simulate each

condition, we generated 100 reads of length 101bp that were equally sampled from the disease

locus consisting of a normal and pathogenic allele with 100bp flanking upstream and downstream
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Figure 2-2: lobSTR shows an added value for STR profiling over mainstream techniques
(A) Alignment speed (reads per second) of lobSTR, mainstream alignment and BLAT.
lobSTR processes reads between 2.5 and 1000 times faster than alternative methods (B) The

sensitivity of detecting STR variations of different alignment strategies. Only BLAT

detected more STR variations than lobSTR (C) lobSTR accurately detects pathogenic

trinucleotide expansions that are discarded by mainstream aligners. The figure shows

simulation results of the HOXD13 heterozygous locus with a normal and a pathogenic allele that

contains 7 additional alanine insertions. BWA reports only the normal allele. Reads exhibiting

a pathogenic STR expansion are not detected. lobSTR identifies both alleles present at the

simulated locus. All positions are according to hg18.

regions with 1% sequencing error rate. For both simulated disease conditions, lobSTR accurately

aligned the normal and pathogenic reads to the correct location in the genome. All aligned reads

were informative and the allelotyping step correctly assigned a heterozygous state to the disease

loci with the correct repeat lengths: (10,15) for PABPN1 and (15, 22) for HOXD13. In stark

contrast, BWA failed to correctly align reads from the pathogenic alleles of both loci. Only

reference reads were reported (Figure 2.2.1C).
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2.2.2 Measuring lobSTR concordance using biological replicates

To explore the precision of lobSTR, we conducted genome-wide STR profiling of blood and

saliva samples from the same individual [124]. These samples were sequenced using Illumina

HiSeq2000 with 101bp PE to a mean autosomal coverage of 50x and 102x, respectively. lobSTR

ran with default parameters on 20 CPUs and analyzed the two datasets within 12 and 22 hours

respectively. After filtering loci with low quality calls, 143,793 shared STRs were covered in

the two datasets with at least one read and 79,771 STRs were covered with 10 reads or more

(Figure 2.2.2A).

We quantified the rate of discordant autosomal calls between the two samples. We focused on

two measurements: the genotype discordance rate and the allelic discordance rate [178]. The

former reports as an error any mismatch between corresponding calls, whereas the latter reports

only the fraction of discordant alleles in corresponding calls. For example, consider a locus that

is called (A,B) in the saliva sample and (A,C) in the blood sample. This locus shows a single

genotype discordance, but only 0.5 allelic discordance, since the A allele was correct.

Both types of error greatly diminished with sufficient coverage (Figure 2.2.2B,C). At 5x cov-

erage, the genotype discordance rate was 11% and the allelotype discordance was 5%; At 21x

coverage, the genotype discordance rate was 3% and the allelotype discordance rate was 2%.

Similar to STR studies with capillary platforms [233], most of the errors were generated in din-

ucleotide STR loci, whereas other types of STRs showed moderate and similar error rates. The

dinucleotide error rates presumably stem from two factors: first, these loci usually show the

highest heterozygosity rates [29, 19, 176]. Therefore, they require on average more sequence

reads to be correctly called. Second, dinucleotide STRs are more prone to stutter noise [49] and

their higher error rates might be due to residual noise after lobSTR stutter deconvolution.

We further analyzed the STR length differences in discordant calls. To avoid analyzing errors that

are simply due to allele drop-outs, we focused on discordant calls that were both heterozygous

in blood and saliva. At a coverage of SL'5x, more than 90% of the errors showed a single

repeat unit difference and 99% of the errors were within two repeat units (Figure 2.2.2D).

This indicates that incorrect alignment of STRs has a minimal effect on allelotyping results,

and that stutter is likely the main source of noise. We also found that only 0.8% of calls at

heterozygous loci showed a difference due to an incomplete repeat unit. This highlights that

lobSTR can determine STR alleles at a single base-pair resolution.
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Figure 2-3: Measuring lobSTR consistency from two samples of the same individual
(A-C) (green - period 2, orange - period 3, red - period 4, blue - period 5, purple - period 6,
black - all) (A) Loci covered in both samples at increasing coverage thresholds. (B)
The genotype discordance rate as a function of coverage threshold. (C) The allelic
discordance rate as a function of coverage threshold. (D) Number of repeat differences
at heterozygous loci. Blue - no difference; red - integer numbers of repeat differences; green -
non-integer numbers of repeat differences. Most discordance calls consist of a single repeat unit
difference between calls in the two samples. Distance was measured as the second minimum
distance between alleles of the two samples. The y-axis is given in a square root scale.

2.2.3 Tracing Mendelian inheritance using lobSTR

To further explore lobSTR performance, we conducted a genome-wide STR profiling of a

HapMap trio - a father (NA12877), mother (NA12878), and son (NA12882) - from the CEU

population that were sequenced using 1OOPE reads on a HiSeq2000 (Table 2.2.3). The average

autosomal coverage was 50x and average STR coverage was 14x. At >10x coverage threshold,

57% of the STRs in the CEU trio had a non-reference allele.

Individual Relationship Input reads STR Aligned reads Mean STR Coverage
NA12878 Mother 1,708,169,546 3,398,933 14.8
NA12877 Father 1,637,816,924 3,212,073 14.1
NA12882 Son 1,625,404,856 3,183,795 14.0

Table 2.2: Profiling STRs in Illumina reads from a HapMap trio.
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In general, deviations of offspring's STR alleles from Mendelian inheritance (MI) indicate a

potential calling error [53]. With 5x coverage across all trio members, the MI rate was 95%; with

10x coverage, MI was 97%; and with coverage threshold of 15 or more, MI was 99%. (Figure

2.2.3A). We also repeated the analysis only with discordant parental sites (for example, A/B

call in one parent and A/C call in another parent). We noticed a drop to 93% in the MI patterns

with a low coverage threshold of 5x, which is mainly because of partial coverage of heterozygous

sites in the parents. The MI rate was recovered to the same level with higher coverage threshold.

At 17x coverage 99% of sites showed a perfect Mendelian segregation pattern (Figure 2.2.3B).

A B
Al sites Discnrdant parental sites

Coverage threshold Coverage thweshoWd

Figure 2-4: Validating lobSTR by Mendelian inheritance in a HapMap trio. Mendelian

inheritance (blue) rose to 99% above 17x coverage. The number of covered loci at each coverage

threshold is shown in red. (A) Mendelian inheritance of all covered loci. (B) Mendelian

inheritance of loci with discordant parental allelotypes.

2.2.4 Validating lobSTR accuracy with DNA electrophoresis

We sought to compare lobSTR calls to the results of DNA electrophoresis, which is considered

the gold standard for STR allelotyping. First, we focused on a set of STR markers that are used

for forensic DNA fingerprinting. As an input for IobSTR, we sequenced a male genome from

our lab collection with three runs of Illumina GAlIx for 101PE cycles that yielded 740 million

reads. The autosomal sequencing coverage was 36x according to alignment with mainstream

algorithms. lobSTR identified 1.6 million informative reads that mapped to -140,000 STIR loci,

with an average of 4.91x coverage of diploid STIR loci. In parallel, we used a commercial forensic

kit to genotype 14 autosomal STR markers on a capillary electrophoresis platform. Thirteen out

of 14 markers were covered by at least a single sequence read and 8 markers were covered by at

least 3 sequence reads. The marker that was not covered spanned more than 129bp, exceeding
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the limit for detecting informative reads with the 101bp sequence reads.

We observed good concordance between IobSTR and the capillary results (Table 2.2.4). lobSTR
correctly called all but one of the 8 markers that were covered by at least 3 reads and most of the

alleles in loci that were covered with 2 or less reads. Remarkably, some of these markers, such

as D8S1179, displayed two heterozygous alleles that did not match the reference. Other alleles,

such as in Penta D and Penta E, correctly returned 20bp and 25bp length differences from

the reference allele, respectively. The capillary results of one tetranucleotide marker, THO1,

exhibited a non-integer number of copies (9 repeats + 3bp). IobSTR reported exactly the same

results, further demonstrating that STRs can be called within a single base pair resolution.

IobSTR also correctly called a homozygous STR that was covered by a single read. In another

4 markers with coverage of <2x, IobSTR correctly called one allele and missed the other allele

due to sequencing coverage. We observed only a single erroneous call due to stutter noise in

the D5S818 locus. This homozygous locus was covered by three sequence reads: two correct

and one with a single repeat expansion. With such a low sequencing coverage, the allelotyping

algorithm was not able to identify the noisy read and assigned a heterozygous state to the locus.

STR locus lobSTR (bp) Converted lobSTR Capillary Hg18 Repeat Coverage Result'
D8S1179 -8/8 11/15 11/15 13 [TCTA]n 13 Y
CSF1PO -12/-4 10/12 10/12 13 [AGAT]n 13 Y
TPOX 0/12 8/11 8/11 8 [AATG]n 12 Y
THO1 11/11 9.3/9.3 9.3 7 [AATG]n 11 Y
D16S539 4/12 12/14 12/14 11 [GATA]n 5 Y
D7S820 -20/-8 8/11 8/11 13 [GATA]n 3 Y
Penta D -20/0 9/13 9/13 13 [AAAGA]n 3 Y
D5S818 0/4 11/12 11 11 [AGAT]n 3 E
D3S1358 -4/-4 15/15 15/17 16 [TCTN]n 2 P
PentaE 25/25 10/10 10/15 5 [AAAGA]n 1 P
FGA -4/-4 21/21 21/24 22 [TTTC]n 1 P
D18S51 -12/-12 15/15 15 18 [AGAA]n 1 Y
D13S317 4/4 12/12 11/12 11 [TATC]n 1 P

Table 2.3: Capillary platform results versus lobSTR results for the CODIS set. 1Y - both
platforms agree. P - IobSTR reported only one allele out of two. E - IobSTR reported an allele
that does not exist.

Next, we evaluated IobSTR calls made in 12 low-pass sequenced genomes from the Human

Genome Diversity Project (HGDP) [70, 187]. Five genomes had coverage of 1.4x-1.9x with

109bp reads, and the other seven had coverage of 4.8x-7.7x with 77bp reads (Supplemental

Table 2.9.3). One hundred and ninety five STRs with equivalent entries in the IobSTR reference
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have been genotyped in these genomes using DNA electrophoresis as part of the CEPH-HGDP

panel [186, 176]. Combining lobSTR results from all datasets gave 59 comparable markers with

coverage of 3-5 reads with a median coverage of 3x (Supplemental Table 2.9.4). Despite

the low coverage, lobSTR correctly returned 75% of the genotypes and 85% of the allele calls.

Most of the alleles showed at least 5bp difference from the reference and some alleles showed

a difference of 24bp and were correctly called. We did not observe a significant correlation

between errors and the size of the variation.

2.2.5 Genome-wide STR profiling confirms previously locus-centric observa-

tions

Encouraged by the accuracy and speed of IobSTR, we harnessed our pipeline to establish a

reliable reference for future studies. Our input dataset was a male individual that, as of today,

has been sequenced to highest coverage of 126-fold from a blood sample [2]. Fourteen billion

sequencing reads were obtained from 100bp PE runs on Illumina GAlIx and HiSeq 2000. lobSTR

ran for 26 hours using 25 CPUs. It aligned ~6 million reads to approximately 180,000 STR

loci out of the 249,000 in the Tandem Repeat Table reference with average coverage 20.82 for

autosomal loci. The average reference allele length of undetected loci was 150bp, whereas the

mean reference length of detected loci was 41bp. Therefore, in most cases, the undetected loci

could not physically be spanned by a single read of the current sequencing length.

We assigned each autosomal STR to one of four allelotype categories: both alleles match the

reference (homozygous reference), one allele matches the reference (heterozygous reference),

both alleles do not match the reference but are the same (homozygous non-reference), and

both alleles are different and do not match the reference (heterozygous non-reference). In all

previous experiments, a coverage threshold of 20x resulted with near-perfect STR calling even

for dinucleotide loci. To increase the reliability of our results, we focus the analysis on the

97,844 loci that were called with at least this sequencing coverage. The length distribution of

these alleles in the reference was mainly between 25-50bp with a low number of very long STRs

(Figure 2.2.5A).

Similar to the other genomes in this study, 55% (52,338) of the STR loci differed from the

reference: 22,271 (23%) loci were heterozygous reference, 15,515 (16%) loci were homozygous

non-reference, and 14,552 (15%) loci were heterozygous non-reference. The other 43,335 (45%)

loci were homozygous reference. Some of the variations reached to 49bp difference from the
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reference allele. On average, STR variations showed 6.3bp difference from the reference allele

and 41% of the variations were more than 5bp away from the reference (Figure 2.2.5B). Thus,

mainstream-dependent analysis pipelines that can tolerate only a few nucleotide indels, such as

BWA, are likely to miss most STR variations.

The genome-wide STR dynamics reported by lobSTR confirm previous findings of locus-centric

studies. The rate of STR polymorphism showed a striking correlation with the repeat unit

length (Figure 2.2.5C). Dinucleotide STRs are nearly equally likely to fall into any of the above

four categories, whereas hexanucleotide STRs are most likely to match the reference. This trend

matches results of a previous study that measured the mutation rate of a few hundreds of Y-STR

loci as a function of repeat unit length [101]. Similar to our results, the authors showed that

penta- and hexanucleotide repeats mutate at half the rate of tri- and tetra-nucleotide repeats.

We also found that the rate of STR polymorphism is significantly correlated to the length

of the STR allele in the reference (Figure 2.2.5D). The non-reference loci (n=52,338) had

significantly greater lengths than loci that are homozygous reference (n=43,335) (p<0.05, one-

sided Mann-Whitney test for each allelotype category versus reference) as previously reported in

studies that analyzed a few dozen STRs (19, 481.

We also used lobSTR to determine genome-wide trends of STRs at single base pair resolution

(Figure 2.2.5E). Overall, 99% of alleles varying from the reference allele showed differences

that were complete multiples of the STR unit. This trend varied by period, with dinucleotide

STRs least likely (0.3%) to differ by an incomplete motif unit and hexanucleotide most likely

(4.7%).

Finally, lobSTR reported significant differences between repeat variations in intronic and exonic

regions (Figure 2.2.5F). Intronic trinucleotide STRs were twice as likely to exhibit at least

one non-reference allele than exonic regions (0.480-0.502 95% Cl and 0.179-0.336 95% Cl for

introns and exons, respectively), and nearly five times as likely to exhibit two non-reference alleles

(0.107-0.119 95% Cl and 0-0.047 95% Cl for introns and exons, respectively). Significantly,

lobSTR reported that 1.9% (62 out of 3276) of the intronic trinucleotide STRs showed length

differences that were not a multiple of three nucleotides. On the other hand, all reported

exonic trinucleotide variants retained the reading frame. In addition, lobSTR allelotyped 34,667

intronic and 7 exonic non-trinucleotide STRs. Of the intronic non-trinucleotide STRs, 18,277

(53%) showed at least one allele with a frameshift deviation, and 8,686 (25%) showed two

frameshifted alleles. Surprisingly, 3 of the 7 exonic loci, all tetranucleotides, showed expansions

by units of 4bp, which would result in a frameshift mutation. In one case, in exon 8 of DCHS2,
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Figure 2-5: Genome-wide STR profile of an individual. (A) Distribution of STRs with

20x coverage or more as a function of the allele size in hg18. (B) Distribution of

allele size differences from reference in lobSTR calls. The average difference was 6.3bp

away from the reference. (C) STR polymorphism as function of period. The number of

STR alleles matching the reference sequence increases with increasing repeat unit length (the

colors in the entire panel are as follows: red - homozygous reference, blue - heterozygous non-

reference/reference, green - homozygous non-reference/non-reference, orange - heterozygous

non-reference/non-reference (D) Longer STR regions are more polymorphic. The median

STR length (thick black line) increases with the number of variant alleles. * denotes a signif-

icant (p<0.05) difference according to a one-sided MannSA5Whitney test. Boxes denote the

interquartile range and whiskers denote 3 times the interquartile range. (E) lobSTR shows

mutational trends at single base pair resolution. The number of base pairs difference from

reference modulo the period size versus the number of alleles detected (in logarithmic scale)

is shown for each period (green - period 2, orange - period 3, red - period 4, blue - period 5,

purple - period 6). Incomplete STR unit differences tend to differ by a full unit 1bp from

the reference. (F) Fraction of trinucleotide STRs with non-reference alleles in introns

versus exons. 95% confidence intervals are given by the error bars.
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the frameshift variation was homozygous. This call was supported by 33 independent reads,

showing a potential loss of function in this gene.

Taken together, the overall findings of lobSTR in this genome serve as a biological validation

for the accuracy and utility of genome-wide STR profiling using our technique.

2.3 Discussion

STR profiling techniques have changed very little in the past two decades, relying on the faithful

yet cumbersome capillary electrophoresis technique to scan a few dozen loci at a time. The

advent of HTS has ushered in the opportunity to conduct genome-wide STR variation analyses.

Here, we presented an end-to-end solution for this task. Our solution bypasses the gapped

alignment problem, has no inherent indel limitation, and can reliably profile highly polymorphic

STRs at a single base pair resolution. We provided a detailed comparison between lobSTR and

popular mainstream aligners and showed that even with long reads, these aligners are significantly

biased towards the detection of the reference allele. We have established the feasibility of lobSTR
to profile STR loci from a total of 20 genomic datasets and demonstrated the strategy's accuracy

by analyzing its consistency, ability to trace Mendelian inheritance, and comparing its results to

orthogonal molecular techniques. Moreover, our genome-wide STR analysis confirms previous

biological observations, which further highlights the algorithmic validity.

lobSTR results from the trio genomes and the Ajay et al. genome consistently showed genome-

wide polymorphism rates of 55%-57% for STRs with lengths 25bp and over. A recent study by
McIver et al. [153] evaluated the performance of STR calling using post-BWA alignment files

with a set of quality rules. Using a mixture of Illumina 45-100bp reads and 454 reads from two

trios in the 100OGenoems project, they reported that 1.1% of the STRs with lengths of 20bp

and over were polymorphic. We wondered if the polymorphism discrepancy between the studies

could be explained by the shorter reading lengths in the McIver study that biased their calls to

very short, less polymorphic STRs. However, when we ran lobSTR on the 100OGenomes CEU
trio datasets (Methods), we found again that 57% of the STRs were polymorphic (25,885 out of

45,461 STRs that were called with AL5x coverage at the three genomes). These results suggest

that STR profiling that is restricted by the default BWA indel tolerance - 5bp for the Illumina

datasets in the McIver et al. study - can significantly reduce the sensitivity for observing STR

variations.
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We envision that lobSTR will be used in parallel to conventional analysis pipelines in order to

augment variation calling to STIR loci. The fast running time of our algorithm should not impose

a significant computational burden on users. A low coverage genome of 5x takes about an hour

on a standard server with 25 CPUs, a high coverage genome of 30x takes eight hours using the

same settings, and a ultra-high covered genome of 126x takes 26 hours (Supplemental Table

2.9.2).

Currently, the major barrier for STR profiling is the sequencing read length, as the number of

detectable STRs is limited to those that are entirely spanned by a single read. To test the effect

of genomic coverage on STR profiling, we sampled reads from the 126x genome and calculated

the amount of reported STRs (Supplemental Figure 2.8.6). With genome-wide coverage of

40x, there are more than 100,000 STRs that will be pass an STR-coverage threshold of 10x.

However, higher genomic coverage does not linearly improve the number of STRs that pass

this threshold, marking a potential upper bound of sequencing read lengths of 100bp. We also

explored the utility of the longer reads by Sanger, 454, and lonTorrent for STR profiling of

personal genomes using lobSTR (Supplemental Table 2.9.5 and Supplemental Text 2.6).
Longer reads indeed increased the number of reported STIR loci compared to the same autosomal

coverage by Illumina. However, out of these, Sanger seemed to be the only method to produce

reliable STR reads. We expect that as sequencing reads continue to increase in both length

and quality, lobSTR's performance will further improve and allow inclusion of a larger number

of STR variations. Ultimately, these will include large pathogenic expansion, such as those in

Huntington's disease, which can span more than 100bp.

As of today, sequence analysis algorithms can detect almost any type of genetic variations,

from SNPs [681 and indels [119, 68] to CNVs and chromosomal translocations [30]. lobSTR

adds a new layer of information with tens of thousands of highly polymorphic genetic variations

that have a multitude of applications, from personal genomics, to population studies, forensics

analysis, and cancer genome profiling.
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2.4 Methods

2.4.1 Comparing lobSTR to mainstream aligners

All alignment strategies were tested in a Linux environment, on a server with 4 twelve-core

AMD Opteron 6100 and 128Gbyte of RAM. The following software versions were tested: BWA

version 0.5.7, Bowtie version 0.12.7, and Novoalign freeware version 2.7.13, BLAT version 34,

and GATK version 1.3-21.

The input was 5 million Illumina reads of the male sample from our lab collection. BLAT results

were filtered to include only the top hit for each read. We suppressed multi-mappers in all other

tools. Informative STR reads were identified by the intersectBed tool of the Bedtools packages

[185]. We converted CIGAR scores to the number of base pairs difference from the reference

allele by counting any insertions or deletions falling within and directly adjacent to the STR

region. Simulating reads from pathogenic STR loci was conducted using a simple Python script

available by request from the authors.

2.4.2 Determining the expected number of non-reference reads

A previous study by The Utah Marker Development Group has shown that 70% of thousands

of randomly chosen tetranucleotide STR loci are polymorphic. We also re-analyzed Payseur et

al. data to infer the polymorphism rate in STRs with length AL625bp in the assembled genome

of Craig Venter using results reported in their Supplementary Tables 1-5. Concordant with the

Utah study, this rate was 66%.

The rate of non-reference STR reads is bounded between two extreme cases. The lower bound

is that all polymorphic STRs are heterozygous with a reference allele. Thus, only half of the

reads from variable loci will show a non-reference allele, which gives 33% as a lower bound. The

upper bound is that all polymorphic STRs are different from the reference in their two alleles.

In this case, every read from a variable locus will show a non-reference allele, which gives 66%

as an upper bound.
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2.4.3 Biological replicates analysis

Raw reads for blood-derived and saliva-derived genomic DNA from the same individual were

downloaded from the NCBI short read archive (www. ncbi. nim. nih. gov/sra) with accessions

SRX097307 and SRX097312, respectively. Loci in which (1) less than 75% of reads agreed with

the allelotype call in both samples or (2) the locus was covered in either sample by more than

three times the mean coverage level were removed from the analysis.

2.4.4 CEU trio data for Mendelian inheritance

The HapMap CEU trio were NA12877 (father), NA12878 (mother), and NA12882 (son). Raw

reads were downloaded from the European short read archive (www.ebi.ac.uk/ena/) with

accessions ERP001228, ERP001229, and ERPOO1230, respectively. To determine if an STR

followed Mendelian inheritance, we required that the alleles detected in the son could be explained

by inheriting one allele from each parent. Low quality loci were filtered as described in Biological

replicates analysis.

2.4.5 Validating lobSTR accuracy using capillary electrophoresis

Four Catch-All buccal swabs (Epicenter, QEC89100) were used to collect the DNA sample

according to the manufacturer protocol. gDNA was extracted by QuickExtract (Epicentre),

followed by phenol-chloroform purification and ethanol precipitation. Library preparation was

performed according to the standard Illumina protocol. Three runs of 101bp paired-end with

a GAIIx platform were used for sequencing. The study was approved by MIT's Committee on

the Use of Humans as Experimental Subjects (COUHES). The general sequencing coverage was

analyzed as previously reported [51].

Capillary electrophoresis results were obtained from Sorenson Genomics laboratory using the

commercial Promega PowerPlex 16 system. To find the genomic positions of these loci, we

downloaded corresponding primers that target these loci from the Short Tandem Repeats Internet

Database (STRBASE) website (http: //www. cstl. nist. gov/strbase/) of the US National

Institute of Standards and Technology (NIST) and used the In Silico PCR tool on the UCSC

genome browser to reveal their location. Two loci had proprietary primers and their genomic

location could not be identified. The STR repeats in the sequencing file were converted to the
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PowerPlex allele nomenclature using the NIST definitions.

2.4.6 Obtaining CEPH-HGDP STR allelotypes

STR allelotypes along with a table of RefSeq reference alleles were downloaded from the Rosen-
berg lab site (www.stanford.edu/group/rosenberglab/repeatsDownload.html). The al-

lelotypes were given as the number of repeats converted from PCR product size as described
in Pemberton et al. [176]. The repeat number is given as reference repeat number plus the
difference in product size from the reference divided by the motif size. Sequence data were
downloaded from the NCBI Short Read Archive with accessions: ERX004003, ERX004002,
ERX004001, ERX004000, ERX0039999, ERX004007, ERX007978, ERX007977, ERX007976,
ERX007975, ERX007974, ERX007973, ERX007972.

Using the STS marker table available from the UCSC Genome Browser, we converted the
Pemberton et al. markers to hg18 genomic coordinates and annotated them using the TRF table.
lobSTR calls that are supported by three or more reads were converted to the Pemberton results.
Non-integer repeats reported by lobSTR were rounded to the smallest integer for compatibility
with Pemberton data. Markers that could not be faithfully annotated were removed from the
analysis.

2.4.7 Genome-wide STR profiling of a deeply sequenced personal genome

Raw sequencing reads for accession number ERP000765 were downloaded from the European
Nucleotide Archive's Sequence Read Archive (http://www.ebi.ac.uk/ena/). The Mann-
Whitney test was performed using the wilcox.test function in R. Confidence intervals were cal-
culated using a normal approximation to the Poisson distribution, with a 95% confidence interval
of A 1.96VA/, where A is the estimated mean of the distribution. Only loci with greater than
20-fold coverage were included in the analysis. Exon and intron coordinates were obtained from
the UCSC table browser for human genome build hg18.

2.4.8 1000 Genomes data analysis for the McIver Study

The HapMap CEU trio were NA12878 (daughter), NA12891 (father), and NA12892 (mother).
Raw sequencing reads for the CEU HapMap trios with length of at least 47bp were downloaded
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from the 1000 genomes NCBI ftp site (ftp: //ftp-trace.ncbi.nih.gov/1000genomes/ftp/).
228, 274, and 214 files were included for individuals NA12878, NA12891, and NA12892. To ac-

commodate the shorter read lengths, lobSTR was run with non-default parameters --fft-window-

size 20 -fft-window-step 10, -maxflank 100, and -extend-flank 5.
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2.6 Supplemental Text

2.6.1 lobSTR algorithm

Sensing

The aim of the sensing step is to find informative reads and characterize their STR sequence.

The first task of the algorithm is to detect whether a read contains a repetitive sequence. The

algorithm breaks the sequence read into overlapping windows with length of w nucleotides and

r nucleotide overlap between consecutive windows. In practice, we use w = 24 and r = 12.

Then, it measures the sequence entropy of each window, according to:

E(Sj) = - fi og2 fi (2.1)
iEE

where E is the entropy, S3 is the sequence of the j-th window, E is the alphabet set, i is a

symbol in the alphabet, and fi is the frequency of symbol i. A fully random sequence results
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in the maximal entropy score that equals to 1og2(IEI), whereas a repetitive sequence overuses a

few symbols and results in a low entropy score, ideally zero in the case of a perfect homopolymer

run.

The entropy score proved extremely powerful in discriminating STR sequences from other ge-

nomic sequences (Supplemental Figure 2.8.2A). We calculated the entropy score of sliding

windows of 24bp from all documented human STR sequences of repeat unit length of 2-6bp

that span up to 100bp. In parallel we scored one million randomly sampled human genomic se-

quences of 24bp. Then, we classified the input sequences according to their entropy score. The

area under the receiver-operating curve (ROC) was 98.3% when the entropy measurement used

the four nucleotides as the input alphabet. We further boosted the classification performance

by calculating the entropy using dinucleotide symbols, meaning that "AA" maps to one symbol,

"AC" maps to a different symbol, and so forth. In this case, the area under the ROC climbed

to 99.4%, which renders it a nearly perfect classifier. Accordingly, lobSTR uses the dinucleotide

symbols for the entropy measure, and we empirically found that an entropy threshold of 2.2 bits

provides the optimal performance in terms of speed and number of aligned STR reads.

lobSTR uses the pattern of entropy scores to identify informative reads that fully encompass

STR regions. These reads display a series of windows with entropy score below-threshold (the

STR region) that are flanked by one or more windows with entropy score above-threshold (the

non-repetitive regions) (Supplemental Figure 2.8.2B). The algorithm only retains reads that

follow this pattern. Approximately 97% of whole genome sequence reads are excluded by this

rapid procedure. This significantly contributes to the algorithm's speed, since only a few simple

entropy calculations are required to identify the informative STR reads in massive sequencing

datasets.

The next task of the sensing step is to determine the length of the repeat unit. Most STR

loci do not contain a perfect series of the same repeat unit [12]. We took a spectral analysis

approach that quickly integrates information over the entire STR region to reliably identify the

repeat consensus even in imperfect repeats [204]. Starting from the window with the lowest

entropy score, consecutive windows scoring below the threshold are merged. The sequence of the

merged repetitive region is represented as M, an n x 4 binary matrix, where n is the number of

nucleotides in the repetitive region, the i-th row of the matrix corresponds to the i-th position

of the sequence, and each column corresponds to a different nucleotide type (A,C,G,T). For

instance, the DNA sequence ACCGT is represented as:
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1 0 0 0

0 1 0 0

0 1 0 0 (2.2)

0 0 1 0

L 0 0 0 1 J

The power spectrum of the STR matrix is calculated by performing a Fast Fourier Transform

along the columns of the matrix:

S(f) = M .,M;,, -e 2 (2.3)
y=1 X=1

Where Mxy is the element in the x-th row and y-th column of M.

STRs have a unique fingerprint in the frequency domain [204, 254]. Similar to repetitive signals

in the time domain, the spectral response of STR elements is characterized by harmonics - a

strong signal in recurrent frequency bins and a weak signal in other bins (Supplemental Figure

2.8.2C). The peaks of the harmonics for a repeat unit of length k dwell in the " mod n bins,

i = {0, 1, 2,.. .}. For instance, in a case of n=24, a dinucleotide STR generates a strong

signal in bins 0 and +12. A trinucleotide STIR generates a strong signal in bins 0, +8, and 16.

The algorithm integrates over the normalized energy of the first harmony (i.e. i=1) of each

possible repeat unit between 2 to 6bp. The consensus repeat unit length is selected according to

the highest energy of the corresponding frequency bin (Supplemental Figure 2.8.2D). Some

STR regions may show strong signals in more than one energy bin (i.e., repeats of period 4 show

strong energy in both the second and fourth harmonics, and repeats with several insertions or

deletions may have more than one strong harmonic). If the second highest harmonic has energy

within 30% of the highest, lobSTR will attempt alignment using the second best period choice

if alignment using the first choice fails.

Finally, the algorithm determines the actual STR sequence. It uses a rolling hash function to

record all possible k-mers in the STR region, where k is the reported repeat unit length described

above. The most frequently occurring k-mer is set to be the repeat unit of the STR. The output

of the sensing step is (a) the consensus sequence of the STR's repeat unit in the canonical form

(see Supplemental Methods for the canonical form definition) (b) the sequence read divided into

three regions: the STR region, and upstream and downstream flanking regions that correspond
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to the location of the above threshold windows.

Alignment

The aim of the alignment step is to reveal the identity and the repeat length of an STR-

containing read. We do not attempt to align the entire sequence read to the genome to avoid

time-prohibitive gapped alignment. Instead, lobSTR employs a divide-and-conquer approach. It

separately anchors the upstream and downstream flanking regions of STR-containing sequence

reads, without mapping the STR region itself. This procedure identifies the genomic location of

the STR and reveals the repeat length by measuring the distance between the flanking regions.

A major challenge of the divide-and-conquer approach is to specifically map the short flanking

regions to the genome. To circumvent this problem, we restrict the alignment to STR loci with

the same repeat sequence that was reported by the sensing step. We built a reference that holds

the flanking regions of all the 240,351 STR loci with repeat unit 2-6bp in the human genome

according to the Tandem Repeat Finder table [12]. The flanking strings are compressed using a

Burrows Wheeler Transform [23] (BWT) to allow efficient searching. All flanking strings of STRs

with the same repeat structure are organized under the same BWT structure (Supplemental

Methods). Thus, lobSTR only searches a single BWT data structure that corresponds to the

repeat sequence, which typically holds up to a few thousand loci. Then, lobSTR intersects

the potential mapping positions of the upstream and downstream regions to identify a single

compatible location and excludes multiple mappers. This procedure not only speeds up the

alignment, but enables higher rates of unique mapping even when the flanking regions are only

a few nucleotides long.

To determine the length of the STR in the read, the algorithm uses the following equation:

L = s - (d - u) + Lref (2.4)

Where L is the observed STR length, s is the length of the sequence read, d is the genomic

coordinate of the last nucleotide in the downstream region, u is the genomic coordinate of the

first nucleotide of the upstream region, and Lef is the length of the STR region in the reference

genome.

One important aspect of Eq. 2.4 is that inaccuracies in the sensing step regarding the exact
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boundaries of the STR do not affect the reported length of the STR. However, insertions

or deletions in the flanking regions might be reported as STR differences, although they are

not actual -differences in the STR region itself. To mitigate this issue, lobSTR performs local

realignment of the entire read once a match is found using the [164]. Indels that are detected in

the flanking regions are not taken into account and removed from Eq. 2.4, providing accurate

length calling of the STR region. In addition, the local realignment is used to produce a CIGAR

string with the locations of the indels in the read. Downstream genotype callers can use the

output of lobSTR to call SNPs and indels in the STR region and its flanking regions.

The output of the alignment step is the genomic coordinates of the aligned read, the strand, the

STR region extracted from the read, the STR motif, the nucleotide length difference compared

to the reference genome as described above, the CIGAR string, and the realignment score. We

report the alignments in a custom tab-delimited format, as well as in the BAM format [138] to

ensure compatibility with other downstream bioinformatics tools.

Allelotyping

The aim of the allelotyping step is to determine the most likely alleles of each STR locus by

integrating information from all aligned reads and the expected stutter noise, which is created

due to in vitro slippage events during sample preparation. This part of the program uses a BAM

file as input and reports the allelotype calls.

By analyzing real sequencing data, we found that the length of the repeat unit is a major

determinant of the stutter noise distribution (Supplemental Methods). In accordance with the

mutation dynamics of STRs previously reported [49], short repeat units are associated with

higher stutter noise and long repeat units are more immune to noise (Supplemental Figure

2.8.3A). We did not find a significant association between stutter noise and the length of the

STR (Supplemental Figure 2.8.3B) as was observed in past studies [85].

We developed a generative model for stutter noise that consists of two steps: (a) with probability

ir(k), the read is a product of stutter noise, where k denotes the repeat unit length (b) if the read

is a product of stutter noise, then with probability pI(s; A), the noisy read deviates by s base

pairs from the original allele, where p(s; Ak) is a Poisson distribution with parameter Ak. The

probabilities that the deviation is positive (repeat expansion) or negative (repeat contraction)

are equal.

53

=11



The user has two options to estimate the model parameters 7r(k) and Ak. In the case of a male

genome, the user can instruct lobSTR to scan the hemizygous sex chromosomes to accumulate

unambiguous data about stutter noise distribution. The algorithm observes the stutter prob-

ability for each repeat unit length and uses a logistic regression to infer 7r(k) (Supplemental

Figure 2.8.3A) and a Poisson regression to learn Ak. In the case of a female genome, users can

use pre-computed values either from our observations or analyze male data in their collection.

Overall, the probability of generating a read with L bp in the STR region from a hemizygous

locus with an STR with A bp in the STR region is:

1 - 7r(k) if L = A
PI (A - L - 1, Ak) otherwise

In a diploid STIR locus with A and B repeat lengths, we use the following heuristic to approximate

the likelihood of observing a read with length L:

P(LIA, B, k) = max(P(LIA, k), P(LIB, k)) (2.6)

This heuristic was found to be more robust when the two STR alleles have large length differ-

ences.

Let R be a vector that describes the STR lengths of sequence reads from the same locus after

removing PCR duplicates (Supplemental Methods). Since each remaining sequence read is a

product of an independent series of PCR rounds, we assume that the stutter noise of different

entries in R is independent. Accordingly:

log[P(AIA, B, k) = log[P(LIA, B, k)]] (2.7)

LER

Thus, the most likely allelotype call is when Eq. 2.7 is maximized with respect to A and B.

To find the best bi-allelic combination, we simply iterate over all possible pairs of STR lengths

observed at the interrogated locus and compute the likelihood of generating the observed data

given the noise model. For example, if R = (13,13,12,12, 12), we calculate the log likelihood in

Eq. 2.7 for the combinations: (A=12,B=12), (A=12,B=13), and (A=13,B=13). In addition

to the log likelihood score, we require a minimum threshold of the variant allele in order to
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call a locus as heterozygous, with a default threshold of 20% and a minimum percentage of

reads supporting the resulting allelotype, which defaults to 50%. In the case of sex chromosome

loci for a male sample, only homozygous allelotypes are considered. The most likely (A, B)

combination is reported.

For each STR locus, the allelotyping step returns the chromosome, start, and end of the locus,

the STR motif and period, the reference repeat number from TRF, the allelotype call given as

the number of base pairs difference from reference for each allele, coverage, number of reads

agreeing with the allelotype call, the number of reads disagreeing with the allelotype call, and

the number of reads supporting each observed allele.

2.6.2 Technical Evaluation of lobSTR

Comparison between lobSTR sensing step and the TRF tool

Tandem Repeat Finder was developed to find repetitive elements in large sequence contigs.

Conceptually, it could also process short reads and replace the lobSTR sensing step in character-

izing STR repeats. To compare the performance of the two lobSTR sensing step and TRF, we

challenged the two tools with a set of 5 million 101bp whole-genome Illumina reads. To make

a fair comparison, TRF was restricted to a maximum repeat unit period of six nucleotides and

lobSTR ran on a single CPU.

Our results indicate that lobSTR's sensing step is significantly more adequate for high throughput

sequencing data. lobSTR running time was just under 8 minutes compared to 6.5 hours for TRF

(about 50 times slower, Supplemental Figure 2.8.4A). This means that analyzing personal

genomes would take weeks instead of half a day of running time. Moreover, 94% percent of

reads that were flagged as informative by both methods were reported with the same repeat

sequence (Supplemental Figure 2.8.4B). Most of the discordant results occurred in STRs of

period 5 or 6 where lobSTR and TRF could not reach a consensus regarding the repeat unit of

imperfect repeats. Last, lobSTR flagged as informative 75%-85% of the reads that were flagged

by TRF, with higher sensitivity with increasing STR purity (Supplemental Figure 2.8.4C).

Thus, while lobSTR cannot detect every read that is detected by TRF, it does reach high

sensitivity with 1/50 of the running time which is more suited to the ultra-exponential trajectory

of high throughput sequencing datasets.
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IobSTR performance with different sizes of STRs

The size of the flanking regions determines the mappability of STR containing reads. In order

to find the minimal flanking regions, we extracted genomic sequences of 100bp upstream and

downstream of all STRs in the TRF table and organized them in prefix trees according to their

canonical repeat unit. Then, we exhaustively aligned target STRs by allowing increased flanking

region lengths and reporting the minimal length when a unique and correct alignment was

achieved. Since this step is time prohibitive, we focused our analysis on a set of 2050 STR from

the CODIS set, exonic regions, and genealogical Y-STR markers that were covered by 100bp

reads. Our results show that a total of 8-9bp of upstream and downstream flanking regions is

a lower bound for unique alignment of 80% of tested STRs (Supplemental Figure 2.8.5A).

This means that with 100bp reads, lobSTR can theoretically detect STR regions of up to 84nt.

We also determined the power of IobSTR to detect reads with very short STR regions due to

strong repeat contraction. These reads have higher entropy and might not cross the threshold

in the sensing step. To simulate this effect, we ran TRF on a set of 5 million input reads in a

setting returning detected STRs as few as 12bp long. We then measured the performance of
lobSTR to detect reads from these short STR loci and found that repetitive elements with 12nt

were well captured (Supplemental Figure 2.8.5B). Our overall results suggest that lobSTR
can perform well in detecting STRs of 12-84bp.

lobSTR performance on various sequencing platforms

To test lobSTR performance on other sequencing platforms than Illumina, we ran the algorithm

on publicly available genomes from three different platforms: Sanger (Craig Venter genome)

[132], 454 (Watson genome) [237], and lonTorrent (Moore genome) [194]. In the absence of

orthogonal information about STRs in these genomes, we estimated the performance of lobSTR
by several parameters: (a) the ratio of aligned STR reads to the total input (b) the fraction

of reads with a non-integer number of repeat units different from reference (c) the coverage of

STR loci (Supplemental Table 2.9.5).

As expected from its long read length and high accuracy, Sanger sequencing showed the best

performance. It produced the best ratio of reads that aligned to STR loci and showed the

lowest fraction (7.3%) of STR reads with a non integer number of repeat units difference from

reference. Importantly, the Sanger fraction of non-integer number of repeats was close to the
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Illumina fraction (8.0%). 454 produced more STR aligned reads per amount of sequencing

data than Illumina but 25% of the STR reads showed a non-integer number of repeat units.

lonTorrent showed the worst performance in both the ratio of STR reads and non-integer repeats.

The high number of STR reads with non-integer repeat units is presumably because 454 and

Ion Torrent exhibit indel error when sequencing homopolymer runs that are abundant in many

types of repeats (e.g. AAAAC).

Our results show-that lobSTR can process sequencing files from other high throughput sequenc-

ing platforms and report STR reads. However, the accuracy of the STR calls is expected to be

inferior to that reported for Illumina. We expect that improvement in homopolymer sequencing

in 454 and Ion Torrent will make their datasets more amenable to STR profiling.

STR coverage as a function of input libraries

We sought to explore the function of STR coverage by lobSTR to the genome-wide coverage of

autosomal regions. Using the genome sequenced to 126x coverage by Ajay, et al. [2] described

in the main text, we sampled from the BAM file produced by lobSTR for a range of desired

coverage levels. We then allelotyped only this subset of reads and counted how many STR loci

were covered by at least one informative read (Supplemental Figure 2.8.6).

As a rule of thumb for 100bp reads, we found that STRs obtain an average coverage of ap-

proximately one-fifth the genome-wide autosomal coverage. In addition, we found that around

60,000 to 80,000 STRs can be covered by at least a single sequence read even with a shallow

genomic coverage of less than 5x. The number of STRs covered by at least 1 read rapidly

plateaued to 180,000 loci after a genome-wide coverage of around 40x.

Certain STR loci in the TRF table cannot be detected regardless of the coverage. The main

limitation is that 100bp reads cannot span 16% of the STR entries in TRF. Other STR regions

dwell in repetitive elements and generate non unique alignments, such as the Y-STR marker

DYS464a/b/c/d/e/f, which has multiple locations [107]. Reads from these loci will be flagged

as multi-mappers and will be removed from the analysis. Finally, some STR regions do not

pass the entropy threshold due to their imperfect repeat structure and will not be detected

using lobSTR default parameters. This can be circumvented by lowering the lobSTR entropy

threshold but will require substantial running time.
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Coverage bias in heterozygous loci

We found a slight but statistically significant bias of 1:1.06 in the number of reads towards the

shorter alleles in heterozygous loci (one sided Mann-Whitney test, p < 0.05). For instance,

there are on average ~2 more reads that support the shorter allele when an STR is covered

by 30 reads. This observation can be explained by a PCR bias as reported by a previous study

[232]. Since this small effect only becomes visible in ultra-high coverage STRs, lobSTR does

not currently correct for it.

Hardware requirements

With the given TRF reference, lobSTR reaches a peak memory footprint of 0.3Gb regardless

of input size and can process about 0.6 million reads per minute on a single processor. On 25

processors, lobSTR took 26 hours to process the genome sequenced to 126x coverage described

in the main text, rendering the hardware requirements of lobSTR well within the range of

routinely performed bioinformatics tasks such as SNP calling and short read alignment. The

processing times for several genomes analyzed in this paper are given in Supplemental Table

2.9.2.

2.7 Supplemental Methods

2.7.1 Building an STR reference

The STR reference was built according to the entries of the Simple Tandem Repeat Table for

human reference genome build hg18, available from the UCSC genome browser (this reference

was used for all other results as well) [112]. The table was filtered to include STRs with repeat

unit lengths of 2-6bp. Nearly half of the loci are dinucleotide repeats. The number of STR loci

with each repeat unit length is given in Supplemental Table 2.9.6. The 10 most common

repeat units are given in Supplemental Table 2.9.7. The median length of STR regions is

near 40bp for each repeat unit length. The distribution of repeat region sizes increases slightly

with the repeat period, and less than 6% of STR loci span more than 100bp (Supplemental

Figure 2.8.7). The majority of reference STRs lie in intergenic regions. 1,221 reference loci

overlap exonic regions.
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STRs display cyclic ambiguity. For example, consider the following STR: GACGACGACGAC-

GAC. This STR can be described in three ways (GAC)5, (ACG)5, or (CGA)5, as well as by

(GTC)5, (CGT)5, or (TCG)5 on the reverse strand. The sequence repeats in the TRF table are

reported in a redundant format that does not distinguish between cyclic shifts. We converted

all repeat sequences in the table to a canonical form in which the repeat sequence is the lexico-

graphically highest among all possible cyclic representations of the sequence and their reverse

complements. STRs whose repeat sequences contradicted the canonical repeat unit length, such

as TTT listed as period 3 instead of 1, were removed from the reference. lobSTR reports the

period of the STR according to the canonical form.

For mapping Illumina reads, the reference consists of the 150bp flanking regions of each STR

locus. We grouped reference sequences from loci with the same canonical STR repeat unit into

a single FASTA file and built a single BWT index using the BWA function "bwa index -a is" on

each file.

2.7.2 PCR duplicate removal

By default all reads with the same 5' coordinate and length are flagged as PCR duplicates and

collapsed into a single read. The user has the option to turn PCR duplicate removal off. If a

group of PCR duplicate reads are associated with more than one STR length, lobSTR uses a

majority vote to determine the STR length of the collapsed read. If the majority vote results in

a tie, the STR length of the collapsed read is determined according to the read with the highest

average quality score. All reported sequencing coverage numbers are given after removing PCR

duplicates.

2.7.3 Building a model for stutter noise

We analyzed Illumina reads from approximately 6,000 hemizygous loci on the sex chromosomes

of a male individual from our lab collection. We assumed that the mode of the STR lengths in

each locus was the true allele. All reads differing from the modal allele differed by either one

(76% of noisy reads) or two (24% of noisy reads) repeats. Initial analysis of the stutter noise

was done using R and was implemented in C++/R in the allelotyping script that is part of the

lobSTR package.
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2.7.4 lobSTR implementation details

lobSTR is written in C/C++ and calls on R for allelotyping step. We made an effort to use

existing, highly optimized libraries for lobSTR implementation to increase the speed of the

program. The spectral analysis in the detection step was implemented using FFTW [58] and the

alignment step uses extensive parts of the BWA code [135] for BWT-indexing and the BamTools

library [10] for reading and writing BAM files.

From the user's perspective, lobSTR consists of running two simple programs: one command

for sensing and alignment, followed by a command for allelotyping aligned reads from a BAM

file. In the simplest setting, the user just needs to specify the input files, the prefix name of the

output files, and the location of the reference, which is provided with the software. However,

we also provide advanced options that include modification of the detection threshold, re-sizing

the FFT windows, and increasing the tolerance to sequencing errors in the flanking regions

(Supplemental Table 2.9.1). The user can also build a custom reference using a tool in the

lobSTR package.

2.7.5 lobSTR comparison across sequencing platforms

Raw reads for the Watson genome were downloaded from the NCBI short read archive with

accession SRX000114. Reads for the Moore genome were downloaded from the Europe an short

read archive with accession ERS024569. Reads for the Venter genome were downloaded from

TraceDB (Genbank accession ABBAOOOOO). For the Venter genome, we trimmed the first

50bp of every read due to the high error rate at the beginning of Sanger sequence reads and

discarded reads whose length after trimming was less than 100bp.
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2.8 Supplemental Figures

2.8.1 Supplemental Figure 1
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CGGCGGCGGCAGCAGCAGCAGCAGCAGGCGGCAGCCT...

Read
.. CGGCGG(CGGCAGCAGCAGCAGCAGCAGCAGCAGCAGGCGGCAGCCT...

9bp indel

C
A(TGACT:ATcT1AcTAGCTGGi:cc.,GTGGTATTGTTTG""GCGGAGCTCTcGAcGGTA

AACTGACTGA"TCTCACT.AGCTGCCGGCGCGTG-TGiTGTGTGTGTGTGI**"GC:GGCAr.CCTCTCGAl TCGIGTCAAACTGACTGA.TCTCCTACTGGGCmCG(3TGTGTGC;TCrTGTG**GCGGCAGCCTCTCGTCA
A ACTGACTGACTCTCCTAGCTGCGGCGGACGGTTGTGTGTfGTTGT"*GGCA\GCCTCTCGATCGGTCA
\ACTGACTGATCTCACTAGCTGCGGCGGCGTGT(,TGTGTGTGTGT*GCGGCAGCfrCTCCATCGGTCA
AACTGA CTG.ATCTCACTGCTGCGGCGGGTTTTGTGTGTGTGTG*GCGCAGCCTCTCGATCGGTCA
AACTGATATTCACTA TCGG GTGTG TGTGTTGTGGcGACCTfTCATCGGTCA

Feasibility of STR profiling with HTS. (A) Long paired-end reads are not a sufficient

condition for STR profiling. Each read end (gray box) only partially covers the STR locus

(top). Although the ends overlap and together span the entire locus, the number of repeat

units is ambiguous (middle), since the exact overlap length is unknown. Single-ends that span

the entire STR are informative (bottom). The single-end read (gray box) encompasses the

flanking regions outside the STR locus (blue lines). These allow the read to be anchored to

obtain unambiguous information about the STR length. (B) Modest STR polymorphisms

translate to large indels. Thus, detecting non-reference STR reads requires cumbersome

processing times by mainstream aligners (C) An example of stutter noise due to PCR

slippage events. A series of sequence reads were obtained from the same allele. The last two

reads have additional repeats due to PCR slippage events. This can confound a naive STR

calling strategy to report that the locus is heterozygous.
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2.8.2 Supplemental Figure 2
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Detection of STR containing reads (A) Entropy scores discriminate between STR se-

quences and random genomic sequences. The receiver operating curve of the rate of STRs

passing the threshold (sensitivity) versus the rate of random genomic sequences passing the

threshold (1-specificity). The dinucleotide entropy (green) shows nearly perfect classification

and outperforms the mononucleotide entropy (orange). The numbers on the curves denote

the corresponding entropy threshold (B) Informative reads have a unique signature in

entropy analysis. The dinucleotide entropy score is presented for sliding windows along the

STR-containing sequence. The flanking regions (yellow) have a high entropy score, whereas

the STR-containing region (pink) exhibits a low score. The dashed line depicts lobSTR's de-

fault entropy threshold (C) STR periods create distinct signals in the frequency domain.

The normalized spectral response of STR repeats is characterized by distinct harmonics corre-

sponding to the repeat unit size (blue - 5mer, green - 4mer, red - 3mer, gray - random noise)

(D) Spectral analysis determines the repeat unit length. The period whose first harmonic

shows the maximum energy is chosen as the repeat length. The example displays the normalized

energies of periods 2 through 6 of a dinucleotide STR.
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2.8.3 Supplemental Figure 3
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The allelotyping step models the likelihood of PCR stutter noise. (A) Stutter noise as

a function of STR period. The probability of PCR stutter noise decreases with period length.

Stutter noise (blue) was measured as the percentage of reads from a male sample aligned to

sex chromosomes that did not exhibit the mode number of repeat units. We fitted a logistic

regression (red) to model noise based on STR period. (B) Probability of PCR stutter noise

as a function of STR number. There is no strong association between the STR region length

and the stutter noise.
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2.8.4 Supplemental Figure 4
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Evaluation of the lobSTR sensing step versus TRF (A) lobSTR senses reads 50 times

faster than TRF (B) lobSTR motif detection agrees with Tandem Repeat Finder. In

reads where both lobSTR and TRF detect an STR, a comparison of the most represented motifs

is shown. Each column is normalized to sum to one, so that values are given in the percentage

of instances of a motif detected by lobSTR that were detected as a given motif in TRF. (orange

= period 2, green = period 3, blue = period 4, red = period 5, purple = period 6). Overall,

lobSTR and TRF agreed in 94% of the calls (C) lobSTR flagging rate for reads that were

flagged by TRF as a function of STR purity. lobSTR flags about 75% of the reads that

were detected from noisy STRs and 85% of the reads from pure STRs.
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2.8.5 Supplemental Figure 5
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Range of STR lengths that lobSTR can process. lobSTR is able to process STRs with

total lengths in the range of 12-84bp from 100bp reads. (A) Mappability imposes a lower

bound on the size of flanking regions for alignment. We found that above 9bp upstream

and downstream flanking regions, nearly 100% of STR regions are uniquely aligned (B) lobSTR

can detect STRs with minimal repeat units. lobSTR can detect STR regions spanning as

few as 12 base pairs.
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2.8.6 Supplemental Figure 6
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Coverage requirements for STR allelotyping. The number of STR loci at various STR

coverage levels (blue - 3x, red - 5x, green - 10x, purple - 15x, orange - 20x) is shown as a

function of autosomal genomic coverage. Various coverage levels were simulated by sampling

from the aligned reads file of the 126x genome under the assumption that number of aligned

STR reads is approximately proportional to genome-wide coverage.
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2.8.7 Supplemental Figure 7
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Length distribution of STRs. Most periods have a median STR repeat length (thick black

line) of around 4Obp. The repeat region total length and length variance increase slightly with

increasing repeat period.

2.9 Supplemental Tables

2.9.1 Supplemental Table 1

See the IobSTR website usage page http://1obstr.teaxnerlich.Org/usage.htm1 for the

most up to date IobSTR usage parameters.
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2.9.2 Supplemental Table 2

Genome
HGDP00778
Male individual
Ajay, et al.

Autosomal Coverage Processing time
5x 1.3 hours
36x 8.5 hours
126x 26 hours

Table 2.4: Processing times of Illumina genomes at various coverage levels. Processing
times as a result of running lobSTR with 25 processors (-p 25).
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2.9.3 Supplemental Table 3

Sample Coverage STIR Aligned reads STRs >lx STRs >3x
HGDP00456 (Mbuti Pygmy) 1.4x 70,424 50,505 3,339
HGDP00998 (Karitiana Native American) 1.3x 65,236 48,481 2,553
HGDP00665 (Sardinian) 1.5x 91,157 58,623 6,215
HGDP00491 (Bougainville Melanesian) 1.7x 97,398 61,463 6,523
HGDP00711 (Cambodian) 1.9x 104,594 66,566 7,263
HGDP01224 (Mongolian) 1.7x 93,938 61,356 5,767
HGDP00551 (Papuan) 1.6x 94,540 61,486 6,036
HGDP00521 (French) 5.9x 184,437 91,813 17,855
HGDPO1029 (San) 7.7x 192,798 93,376 18,928
HGDP00542 (Papuan) 5.9x 118,232 72,654 7,065
HGDP00927 (Yoruba) 4.8x 155,136 84,828 12,774
HGDP00778 (Han) 5.Ox 141,522 80,631 10,815

Table 2.5: HGDP sample coverage and lobSTR results.
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2.9.4 Supplemental Table 4

Table 2.6: Comparison of lobSTIR allelotype calls to the CEPH-HGDP results. Differences
between the RefSeq sequence and hg18 are indicated in parentheses. 'Converted allelotypes
given in number of repeat units different from the reference. bStatus: 2 = both alleles called
correctly, 1 = one allele of a heterozygous locus called correctly, 0.5 = one allele called correctly
and one incorrectly, 0 = no correct alleles called.
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2.9.5 Supplemental Table 5

Genome (platform) Coverage Input reads Avg. Read length STR Aligned reads / Mbp input % Non-unit Reads* STRs >lx STRs >3x
Venter (Sanger) 7.5x 12.5M 996 24.78 7.30% 127,017 41.261
Watson (454) 7.4x 75M 183 10.41 25.00% 83,079 25.488
Moore (IonTorrent) 10.6x 860M 261 0.79 43.50% 65,758 13,413
Ajay, et al (Illumina) 126x 14B 100 4.36 8.00% 180,309 167.175

Table 2.7: lobSTR performance on four sequencing platforms. *Reads differing by a
non-integer number of copies of the STR motif from the reference. (M = million, B = billion).
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2.9.6 Supplemental Table 6

Repeat unit size # STR loci Percentage
2 106,457 44%
3 17,383 7%
4 70,847 30%
5 28,746 12%
6 16,626 7%
Total 240,059 100%

Table 2.8: STR reference repeat unit size distribution.
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2.9.7 Supplemental Table 7

Repeat unit # STR loci
AC 66,992
AT 25,661
AAAT 20,319
AG 13,778
AAAG 12,553
AAAAC 10,015
AAGG 9,862
AAAC 8,842
AGAT 7,127
AAAAT 7,115

Table 2.9: Most frequent reference STR repeat units.
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Chapter 3

The landscape of human STR variation

Much of this chapter was first published as:

Willems TF, Gymrek M, Highnam G, The 1000 Genomes Project, Mittelman D, Erlich

Y. The Landscape of Human STIR Variation. Genome Res. (August 2014).

Thomas Willems was the lead author on this paper and completed the final versions of most of

the analyses described in this chapter.

Abstract: Short tandem repeats are among the most polymorphic loci in the human genome.

These loci play a role in the etiology of a range of genetic diseases and have been frequently

utilized in forensics, population genetics, and genetic genealogy. Despite this plethora of appli-

cations, little is known about the variation of most STRs in the human population. Here, we

report the largest-scale analysis of human STR variation to date. We collected information for

nearly 700,000 STR loci across over 1,000 individuals in phase 1 of the 1000 Genomes Project.

Extensive quality controls show that reliable allelic spectra can be obtained for close to 90% of

the STR loci in the genome. We utilize this call set to analyze determinants of STR variation,

assess the human reference genome's representation of STR alleles, find STR loci with com-

mon loss-of-function alleles, and obtain initial estimates of the linkage disequilibrium between

STRs and common SNPs. Overall, these analyses further elucidate the scale of genetic variation

beyond classical point mutations.

3.1 Introduction

STRs are abundant repetitive elements that are comprised of recurring DNA motifs of 2-6 bases.

These loci are highly prone to mutations due to their susceptibility to slippage events during
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DNA replication [49]. To date, STR mutations have been linked to at least 40 monogenic

disorders [174, 156], including a range of neurological conditions such as Huntington's disease,

amyotrophic lateral sclerosis, and certain types of ataxia. Some disorders, such as Huntington's
disease, are triggered by the expansion of a large number of repeat units. In other cases, such

as oculopharyngeal muscular dystrophy, the pathogenic allele is only two repeat units away from

the wild-type allele [18]. In addition to Mendelian conditions, multiple studies have suggested

that STR variations contribute to an array of complex traits [65], ranging from the period of

the circadian clock in Drosophila [200] to gene expression in yeast [226] and splicing in humans

[87, 198].

Beyond their importance to medical genetics, STR variations convey high information content

due to their rapid mutations and multi-allelic spectra. Population genetics studies have utilized

STRs in a wide-range of methods to find signatures of selection and to elucidate mutation

patterns in nearby SNPs [220, 215]. In DNA forensics, STRs play a significant role as both

the US and the European forensic DNA databases rely solely on these loci to create genetic

fingerprints [105]. Finally, the vibrant genetic genealogy community extensively uses these loci

to develop impressive databases containing lineages for hundreds of thousands of individuals

[114].

Despite their utility, systematic data about the landscape of STR variations in the human pop-

ulation is far from comprehensive. Currently, most of the genetic information concerns a few

thousand loci that were part of historical STR linkage and association panels in the pre SNP-
array era [20, 218] and several hundred loci involved in forensic analysis, genetic genealogy, or

genetic diseases [197, 174]. In total, there are only 5,500 loci under the microsatellite category

in dbSNP139. For the vast majority of STIR loci, little is known about their normal allelic ranges,
frequency spectra, and population differences. This knowledge gap largely stems from the ab-

sence of high-throughput genotyping techniques for these loci [103]. Capillary electrophoresis

offers the most reliable method to probe these loci, but this technology scales poorly. More re-

cently, several studies have begun to genotype STR loci with whole-genome sequencing datasets

obtained from long read platforms such as Sanger sequencing [172] and 454 [158]. However,

due to the relatively low throughput of these platforms, these studies analyzed STR variations

in only a few genomes.

Illumina sequencing has the potential to profile STR variations on a population-scale. However,

STR variations present significant challenges for standard sequence analysis frameworks [223]. In

order to reduce computation time, most alignment algorithms employ heuristics that reduce their
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tolerance to large indels, hampering alignment of STRs with large contractions or expansions.

In addition, due to the repetitive nature of STRs, the PCR steps involved in sample preparation

induce in vitro slippage events [85]. These events, called stutter noise, generate erroneous reads

that mask the true genotypes. Because of these issues, previous largescale efforts to catalog

genetic variations have omitted STRs from their analyses [1] and early attempts to analyze STRs

using the 1000 Genomes data were mainly focused on exonic regions [153 or extremely short

STR regions with a relatively small number of individuals based on the native indel callset [5].

In our previous studies, we created publicly available programs that specialize in STR profiling

using Illumina whole-genome sequencing data [79, 90]. Recently, we deployed one of these tools

(IobSTR) to accurately genotype STRs on the Y chromosome of anonymous individuals in the

1000 Genomes Project to infer their surnames [80], demonstrating the potential utility of STR

analysis from Illumina sequencing. Here, we used these tools to conduct a genome-wide analysis

of STR variation in the human population using the sequencing data of the Phase 1 of the 1000

Genome Project.

3.2 Results

3.2.1 Identifying STR loci in the human genome

The first task in creating a catalog of STR variation is to determine the loci in the human

reference that should be considered as STRs. This problem primarily stems from the lack of

consensus in the literature as to how many copies of a repeat distinguish an STR from genomic

background [128, 57, 202]. For example, is (AC) 2 an STR? What about (AC) 3 or (AC)IO?

Furthermore, as sporadic bases can -interrupt repetitive DNA sequences, purity must also be

taken into account when deciding whether a locus is a true STR.

We employed a quantitative approach to identify STR loci in the reference genome. Multiple

lines of study have proposed that the birth of an STR is a relatively rare event with complex

biology [49, 65, 5, 24, 170, 108]. The transition from a proto-STR to a mature STR requires

non-trivial mutations such as the arrival of a transposable element, slippage-induced expansion

of the proto-STR, or precise point mutations that destroy non-repetitive gaps between two short

repeat stretches. Based on these observations, it was suggested that randomly-shuffled DNA

sequence should rarely produce mature STR sequences and therefore can be used as negative
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controls for STR discovery algorithms [65, 202]. We utilized this approach to identify STR loci

in the human genome while controlling the false positive rate [241]. We first integrated the

purity, composition, and length of putative STRs in the genome into a score using Tandem

Repeats Finder [TRF] [12]. Then, we generated random DNA sequences using a second-order

Markov chain with similar properties to the human genome (i.e. nucleotide composition and

transition frequencies). We tuned the TRF score threshold such that only 1% of the identified

STR loci in our collection were expected to be false positives. The resulting score thresholds

were in good qualitative agreement with those previously produced using a variety of alternative

experimental and analytical methods [123, 57, 109] [241]. We then evaluated the false negative

rate of our catalog using two methods [241]. First, we collected a preliminary call set of repeat

number variability across the human population with a highly permissive definition of STR loci.

We found that our catalog misses only ~1% of loci that exhibited repeat variability in the

permissive call set [241]. Second, we also collated a set of about 850 annotated bona-fide STR

loci, mainly from the CODIS forensic panel and Marshfield linkage panel. Only 12 (1.4%) of

these markers were not included in the catalog based on the TRF score threshold. The results

of the two validation methods suggest that our catalog includes ~99% of the true STRs in the

genome and has a false negative rate of about 1%.

Overall, our STR reference includes approximately 700,000 loci in the human genome. About

75% of these loci are di and tetra-nucleotide STRs, while the remaining loci are tri, penta and

hexa-nucleotide STRs [241]. Approximately 4,500 loci overlap coding regions, 80% of which

have either trimeric or hexameric repeat units. In addition, the reference contains a roughly

equal proportion of interrupted and uninterrupted microsatellites.

3.2.2 Profiling STRs in 1000 Genomes samples

We collected variations for these 700,000 STR loci using 1,009 individuals from phase 1 of

the 1000 Genomes Project (Methods 3.4, [241]). These samples span populations from five

continents and were subject to low coverage (-5x) whole-genome sequencing using 76bp and

100bp Illumina paired-end reads. In addition, high coverage exome sequencing data was available

for 975 of these samples and was integrated with the whole-genome raw sequencing files.

We tested two distinct STR genotyping pipelines designed to analyze high-throughput sequenc-

ing data, namely lobSTR [79] and RepeatSeq [90]. Briefly, lobSTR utilizes the non-repetitive

flanking regions surrounding STRs to align reads and assess their allele lengths, while RepeatSeq
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utilizes Bayesian model selection to genotype previously aligned STR-containing reads. Despite

significant methodological differences, the STR genotypes from the two tools were quite con-

cordant and matched for 133,375,900 (93%) out of the 143,428,544 calls that were reported by

both tools. We tested multiple methods to unify the two call sets in order to further improve

the quality [241]. However, none of these integration methods improved the accuracy. Since

the lobSTR calls showed better quality for highly polymorphic STRs, we proceeded to analyze

STR variations using only this call set.

On average, we collected STR genotypes for approximately 530 individuals per locus (Figure

3.2.2a) and 350,000 STR loci per individual (Figure 3.2.2b), accumulating a total of about

350 million STR genotypes in the catalog. We examined the marginal increase in the number

of covered STR loci as a function of sample size (Methods 3.4, Figure 3.2.2c). Our analysis

shows that after analyzing 100 samples, there is a negligible increase in the number of genotyped

STRs. However, even with all of the data, 3% of STR loci are persistently absent from the

catalog. The average reference allele length of the missing STIR loci was 182bp compared to 31bp

for the rest of the reference, suggesting that the missing STR loci have allele lengths beyond the

read length of Illumina sequencing. We also examined the marginal increase of polymorphic STIR

loci with minor allele frequencies (MAF) greater than 1%. Again, we observed an asymptote

after approximately 100 samples. These saturation analyses suggest that with the current sample

size, the STR variation catalog virtually exhausted all loci with MAF>1% that can be observed

with 100bp Illumina reads and our analysis pipeline.

The full catalog of STR variations is publicly available at http: //strcat .teamerlich. org in

VCF format. In addition, the website provides a series of graphical interfaces to search for STR

loci with specific biological properties such as distance to splice sites, obtain summary statistics

such as allelic spectrum and heterozygosity rates, and view the supporting raw sequencing reads.

3.2.3 Quality assessment

To initially assess the accuracy of our STR calls, we first examined patterns of Mendelian

inheritance (MI) of STR alleles for three low-coverage trios present in the sample set. In total,

we accumulated half a million genotypes calls. Without any read depth threshold, 94% of the

STR loci followed MI (Figure 3.2.3a). The MI rates increased monotonically with read depth

and restricting the analysis to loci with at least ten reads increased the Mendelian inheritance

to over 97%.
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Figure 3-1: Call set statistics (A) Distribution of the number of called samples per

locus. The average is 528 samples per STR with a standard deviation of 231 (B) Distribution

of the number of called loci per sample. The average is 349,892 STR per sample with a

standard deviation of 145,135 (C) Saturation curves for the catalog. The number of called

loci (green) rapidly approaches the total number of STRs in the genome (red line). The number

of called loci with a MAF>1% (blue) saturates after 100 samples and far exceeds the number

of STR variants in dbSNP (grey line close to the Xaxis).

Next, we compared the concordance of the calls in our catalog to those obtained using capillary

electrophoresis, the gold standard for STR calling (Methods 3.4). We focused on datasets

containing Marshfield and PowerPlex Y chromosome panel genotypes that are available for a

subset of the 1000 Genomes individuals. These panels ascertain some of the most polymorphic

STR loci, testing our pipeline in a challenging scenario. The Marshfield capillary panel [192]

reported 5,164 genotypes that overlapped with the lobSTR calls and pertained to 157 autosomal

STRs and 140 individuals, while the PowerPlex capillary panel reported 784 genotypes that
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overlapped with the lobSTR calls and pertained to 17 Y-STRs and 228 individuals.

One key question is finding an adequate cost function to assess the concordance between the

STR calls. In SNPs, the proportion of mismatches is a natural measure of concordance due to

their binary nature. However, for STRs, this approach assigns the same penalty for missing one

repeat unit and ten repeat units. As an alternative, we focused on measuring the goodness-of-fit

(R2) between the STR dosages. The dosage of an STR was defined as the sum of the number of

base pairs after subtracting the reference allele. For example, if the genotype was 16bp/18bp and

the reference allele was 14bp, the dosage of the locus was set to 2+4=6, while for hemizygous

loci the dosage was the difference from the reference allele. We focused on assessing dosage

concordance because of the growing body of studies suggesting that the phenotypic impact of

STRs is strongly correlated with length [63, 205, 39, 87]. R2 confers the property that the cost

is proportional to the (squared) magnitude of the error in terms of length. In addition, the R2

of the dosages measures the amount of genetic variance that was recovered by lobSTR under

strict additivity, which might be important for downstream association studies.

After regressing the lobSTR dosages with the capillary dosages, the resulting goodness of fit es-

timators (R2) were 0.71 for the autosomal genotypes and 0.94 for the Y chromosome genotypes

(Figure 3.2.3b; [2411). By further stratifying the autosomal calls by the capillary genotype,

we found that lobSTR correctly reported 89.5% of all homozygous loci and recovered one or

more alleles for 91.5% of all heterozygous loci, but only correctly reported both alleles for 12.8%

of all heterozygous loci [241], For the Y chromosome, 95% of the lobSTR genotypes exactly

matched the capillary genotypes for the PowerPlex Y panel [241].

Collectively, these results suggest that the individual allele lengths are relatively accurate and that

the primary source of noise is the recovery of only one STR allele for heterozygous loci, an issue

known as allelic dropout. This statement is supported by the relatively good accuracy achieved

for the homozygous autosomal loci and hemizygous Y chromosome loci, and the monotonically

increasing relationship between heterozygote accuracy and read depth, with a heterozygote

accuracy of nearly 80% achieved for loci covered by 6 or more reads [241]. In general, allelic

dropouts are quite expected given the relatively low sequencing coverage but are also known to

be an issue in genotyping STRs with capillary electrophoresis [178].

We performed various analyses that demonstrate that allelic dropouts do not hamper the ability

to deduce population-scale patterns of human STR variation. First, we examined the concor-

dance of heterozygosity rates obtained from the lobSTR and the capillary calls for Marshfield
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STRs in three European subpopulations (CEU, GBR and FIN). The heterozygosity rate is based

on the frequency spectrum of a locus (Methods 3.4) and should be unaffected by random allelic

dropout. As expected, we found that the heterozygosity rates were highly similar between the

capillary and the lobSTR results (Figure 3.2.3c). The regression slope was 0.996 and the root

mean squared error (RMSE) was 0.044 based on over 200 STRs. This analysis shows that the

heterozygosity estimates obtained from our call set are relatively unbiased.

We also benchmarked the quality of population-scale patterns by comparing the allelic spectra

for the Marshfield loci [241]. We found that in most cases, the lobSTR and capillary spectra

matched in the median and interdecile range of the reported allelic lengths. We also inspected

the frequency spectra of STRs that are part of the forensic CODIS test panel using a similar

procedure (Figure 3.2.3d; [2411). A previous study reported the spectra of these loci by

genotyping ~200 Caucasians in the United States using capillary electrophoresis [22]. Again,

these comparisons resulted in similar patterns for eight of the ten analyzed markers. We found

marked biases only for FGA and D18S51, with lobSTR reporting systematically shorter alleles.

As the maximal allele sizes of these two loci are over 80bp, the long alleles are seldom spanned

by the mixture of 76 and 100 bp Illumina reads in Phase 1, creating a bias toward shorter alleles.

We sought to further characterize potential biases towards ascertaining shorter alleles with

lobSTR and the 76bp/100bp Illumina reads. To that end, we inspected the concordance between

the lobSTR calls and the NCBI reference (Figure 3.2.3e). The NCBI reference was generated by

long Sanger reads and therefore should be an unbiased estimator of the most common allele in the

population. In the absence of any systematic bias towards shorter alleles, the expected deviation

of a lobSTR allele from the NCBI reference should be zero. On the other hand, in the presence

of such a bias, the lobSTR calls should be systematically smaller than the NCBI reference and

generate a negative deviation. We found that the median deviation of lobSTR was around

zero for STRs with reference alleles up to 45bp. Above this threshold, we started to observe

systematic deviations towards shorter alleles. The deviation did not monotonically decrease but

exhibited a local maximum around 65bp, which presumably stems from the heterogeneity of

the sequencing read lengths and the exhaustion of alleles that can be spanned by 76bp reads.

Importantly, only 10% of all loci in our catalog have a reference allele greater than 45bp. This

implies that for the vast majority of the loci, the allelic spectra are expected to be unbiased.

82



A ts

Coverage threshold
Ce

Czpiiary dusag (bp

E

met capalarIs

D2

Number ofrepeats

Figure 3-2: Quality assessments of the STR catalog (A) Consistency of lobSTR calls

with Mendelian inheritance. The blue line denotes the fraction of STR loci that followed

Mendelian inheritance as a function of the read coverage threshold. The green line denotes the

total number of calls in the three trios that passed the coverage threshold (B) Concordance

between lobSTR and capillary electrophoresis genotypes. The STR calls were taken from

the highly polymorphic Marshfield panel. The dosage is reported as the sum of base pair

differences from the NCBI reference. The area of each bubble is proportional to the number of

calls of the dosage combination and the broken line indicates the diagonal (C) Comparison of

heterozygosity rates for Marshfield panel STRs. The color denotes the length of the median

allele of the STR (dark-short; bright-long) (D) A comparison of allelic spectra obtained by

lobSTR and capillary electrophoresis for a CODIS marker in European individuals. Red:

lobSTR, black: capillary electrophoresis. nIobSTR and nCapillary indicate the number of alleles

called in the respective call sets. (E) The reliable range of lobSTR allelic spectra. The

figure presents the median deviation of the lobSTR calls from the NCBI reference as a function

of the NCBI reference alleles (blue curve). Negative deviations indicate a potential preference

towards ascertaining shorter alleles. STRs with reference alleles of up to -45bp show very

minimal deviations (yellow region) and are expected to display unbiased frequency spectra with

the current read lengths. These STR loci comprise close to 90% of the total genotyped STRs

in our catalog (red curve).

3.2.4 Validation using population genetics trends

To further assess the utility of our catalog, we tested its ability to replicate known population

genetics trends. We specifically wondered about the quality of the most variable STR loci in
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the catalog. One hypothesis is that these loci are just extreme cases of genotyping errors; an

alternative hypothesis is that these loci are truly polymorphic and can provide useful observations

about the underlying populations. We first compared the heterozygosities of the 10% most

variable autosomal loci across ten different subpopulations from Africa, East Asia, and Europe.

Consistent with the Out-of-Africa bottleneck [211], we found that the genetic diversity of the

African subpopulations significantly exceeded those of Europe and East Asia (sign test; p <

10-5 for any African non-African pair) (Figure 3.2.4a; [2411). Second, we focused on the

100 most heterozygous autosomal loci in our catalog and inspected the ability of STRUCTURE

[183] to cluster a subset of the samples into three main ancestries in an unsupervised manner.

Our results show that all of these samples clustered distinctly by geographical region (Figure

3.2.4b). These analyses demonstrate that even the most variable loci in the catalog still convey

valid genetic information that can be useful for population genetic analyses. Finally, we also

analyzed the genetic variability of all STRs with MAF>1% on the autosome, X chromosome,

and Y chromosome (Figure 3.2.4c). Autosomal STRs showed the highest variability, followed

by STRs on the X and the Y chromosomes. This result is consistent with the differences in the

effective population sizes of these three types of chromosomes, providing an additional sanity

check.

In summary, the multiple lines of quality assessment suggest that our catalog can be used to

infer patterns of human STR variations such as heterozygosity, allelic spectra, and population

structure. The most notable shortcoming of the catalog is allelic dropouts stemming from the

low sequencing coverage of the 1000 Genomes. However, the experiments above suggest that

valuable summary statistics can be extracted from the call set despite this caveat.

3.2.5 Patterns of STR variation

Despite a plethora of STR studies, there is no consensus in the literature regarding the effect of

motif characteristics on STR variability. The classical study by Weber and Wong [234] originally

suggested that tetranucleotide STRs mutate more rapidly than those with dinucleotide motifs

based on the analysis of de-novo mutation in trios for 50 STRs. This finding was recently

supported by a much larger trio-based study of nearly 2500 STRs [215]. However, various

other studies have suggested that dinucleotides have higher mutation rates [29, 176]. These

disagreements may largely stem from the fact that many of these studies considered very small

panels of STRs that are subject to ascertainment biases.
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Figure 3-3: Evaluation of the STR catalog for population genetics (A) Genetic diver-

sity of the 10% most heterozygous autosomal loci in different populations. Yellow:

European, Red: African, Blue: East Asian. The mean heterozygosities (dot) of the African sub-

populations consistently exceed those of the non-African subpopulations. The whiskers extend

to As one standard deviation. See Supplemental Table 3 in [241] for population abbreviations

(B) STRUCTURE clustering based on the 100 most polymorphic autosomal STR loci.

Each subpopulation clusters tightly by geographic origin. Color labels as in (A). (C) Average

STR heterozygosity as a function of chromosome type. Bars denote the standard error.

To address this open question, we analyzed the sequence determinants of STR variation in our

catalog. We found that for noncoding STRs, variability monotonically decreased with motif

length (Figure 3.2.5). In contrast, loci with trimeric and hexameric motifs were the most

polymorphic among coding STRs. These STR loci can vary without introducing frameshift

mutations and therefore may be exposed to weaker purifying selection. In addition, coding STRs

demonstrated significantly reduced heterozygosity compared to noncoding STRs for periods 2-

5bp (Mann-Whitney U test; p < 0.01, [241]) while hexameric STRs showed no statistically

significant difference in variability between these two classes. To ensure that the dependence

between motif length and heterozygosity was not confounded by length or purity biases, we

stratified STR heterozygosity for pure STRs based on major allele length and motif length.
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Figure 3-4: Motif length and coding capabilities as determinants of STR variability. STR
heterozygosity monotonically decreases with motif length for noncoding loci and is generally

reduced in non-coding (left) versus coding regions (right). The box extends from the lower to

upper quartiles of the heterozygosity distribution and the interior line indicates the median. The

whiskers extend to the most extreme points within 1.5xIQR of the quartiles.

This analysis still showed an inverse correlation between motif length and STR variability after

stratification based on the length of the most common allele [241]. In addition, this analysis

showed a monotonic increase in STR variability as a function of the major allele length. Similar

trends also applied for STRs with various levels of impurities, albeit with a reduced magnitude

of efFect and slight deviations from monotonicity [241]. This observation is concordant with

previous studies [42, 123, 233].

Next, we explored the efFect of nucleotide composition on STIR variability, another issue for which

the literature has not yet reached a consensus. Previous studies have suggested that AT repeats

are the least variable motif for dinucleotide STRs [17,, 7], whereas other studies claimed that

AT repeats are the most variable motif [215, ii(]. We repeated our analysis by stratifying the

STRs based on motif sequence and major allele length [2k]. The resulting per-motif variability

results were remarkably similar with those generated using a comparison of orthologous STRs

in humans and chimps [110]. Our analysis shows that AT repeats are in general more variable

that AC repeats after controlling for length of the most major allele. Similarly, for most motif

lengths, STRs with an [A]nT motif tend to be more variable with long major allele lengths.

However, we could not find a clear pattern across motif lengths, which is similar to the result

of a previous analysis of a few dozens Y-STRs ["].
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3.2.6 The prototypical STR

We also wondered about the prototypical pattern of variation of an STR locus in terms of

the number of alleles and their distribution. We found that 30% of STRs have a common

polymorphism with at least two alleles with frequencies above 5%. Dinucleotide STRs have the

highest rate, with 48% of these loci displaying a common polymorphism. Moreover, 30% of all

dinucleotide STRs have more than 3 alleles with a frequency above 5%. On the other hand,

hexanucleotide STRs have the lowest common polymorphism rate, with only 13% of these loci

displaying a common polymorphism [241].

Next, we turned to finding the prototypal allelic spectra of STRs. For each STR, we normalized

the reported alleles such that they reflected the distance in number of repeats from the locus'

most common allele. Then, we generated histograms that show the allelic spectra by aggregating

all the alleles of STRs with the same motif length. This coarse-grained picture was similar across

repeat lengths [241]. The allelic spectrum of an STR is unimodal and relatively symmetric.

There is one, highly prevalent major allele, two less common alleles one repeat above and one

repeat below the most common allele, and a range of rare alleles with monotonically decreasing

frequency that reach over A&5 repeats from the most common allele.

We also wondered about the population differentiation of autosomal STRs. We analyzed the

Rt [2081 for each STR between African, Asian, and European populations for STRs with

heterozygosity above 5% [2411. The average Rst was between 4.5-6% across the motif lengths

and the median was around 2-3%. In coding regions, when compared to noncoding STRs, the

average Rt was less than half for trimeric STRs but the same for hexameric STRs. Our results

regarding population differentiation using STRs are reminiscent of a classical study that found

similar levels of differentiation by analyzing close to 800 STR markers [193].

3.2.7 STRs in the NCBI reference and LoF analysis

We were interested in assessing how well the most common alleles are represented in the NCBI

reference (Figure 3.2.8a). We found that for over 69,000 loci (10% of our reference set), the

most common allele across the 1000 Genomes populations was at least one repeat away from the

NCBI hg19 reference allele. Furthermore, the length of the most common allele only matched

the length of the orthologous chimp STR 50% of the time, reflecting the high mutability of

these loci. In addition, 15,581 loci (2.25%) in the reference genome were 10bp or more away
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from the most common allele in our dataset.

For STRs in coding regions, the most common allele for 48 loci (1.1% of coding STRs) did

not match the allele present in the NCBI reference [241]. In 46 out of 48 of these cases,
these differences occurred for loci with trinucleotide or hexanucleotide repeats and conserved

the reading frame. Moreover, for the two loci whose most common alleles were frame-shifted,

these variations are unlikely to trigger the non-sense mediated decay pathway. The deletion of

one 4bp unit in DCHS2 occurs a few nucleotides before the annotated RefSeq stop codon. This

variation slightly alters the location of the stop codon and affects only five amino acids in the

C-terminus of the protein. The 14bp deletion in ANKLE1 occurs in the last exon of the gene

and introduces about 20 new amino acids into the tail of the protein.

We also sought to identify a confident set of STR loci with relatively common loss of function

(LoF) alleles. To accomplish this goal, we considered only alleles supported by at least two

reads and 30% of the total reads per called genotype. We further required that alleles be carried

by 10 or more samples. Seven common LoF alleles across five genes passed this criterion:

DCHS2, FAM166B, GP6, SLC9A8, and TMEM254- [241]. Out of these 5 genes, only GP6 has

known implications for a Mendelian condition: a mild platelet-type bleeding disorder [44, 89].

However, the LoF mutation in this gene resides in the last exon and is unlikely to induce the

non-sense mediated decay pathway. In conclusion, the LoF analysis indicates that common STR

polymorphisms rarely disrupt the reading frame.

3.2.8 Linkage disequilibrium between STRs and SNPs

The linkage disequilibrium (LD) structure of STRs and SNPs is largely unknown. On top of
recombination events, the SNP-STR LD structure also absorbs STR back mutations that could

further shift these pairs of loci towards equilibrium. However, there is minimal empirical data in

the literature about the pattern of this LD structure, most of which pertains to a few hundred

autosomal Marshfield markers [173]. To get a chromosome-wide estimate, we inspected STR

loci on the hemizygous X chromosomes in male samples. Similar to the Y chromosome data,

these calls do not suffer from allelic dropouts and are already phased with SNP alleles, conferring

a technically reliable dataset for a chromosome-wide analysis.

We determined the LD in terms of the R2 between SNPs and STRs as a function of the distance

between these markers. Only STRs and SNPs with common polymorphisms were used for the

analysis. Hexameric STRs were not included due to the small sample size of 24 sites; for the
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Figure 3-5: Population-scale analyses of STR variation (A) Distribution of base-pair

differences between each locus' most common allele and the NCBI reference allele (B)

Patterns of linkage disequilibrium for SNPs and STRs on the X chromosome. SNP-SNP

LD (dashed lines) generally exceeds SNP-STR LD (solid lines) across a range of distances and

for Africans (red), Admixed Americans (green), Europeans (yellow) and East Asians (blue).

other repeat motifs, we obtained hundreds to thousands of polymorphic markers. We stratified

the STR-SNP LD based on the four major continental populations (Africa, Asia, Europe, and

America) and contrasted them to the patterns for classical SNP-SNP LD (Figure 3.2.8b). In

all cases, the SNP-SNP LD consistently exceeded mean STR-SNP LD. In addition, the African

population demonstrated markedly reduced levels of SNP-STR LD and SNP-SNP LD, consistent

with its larger effective population size. In general, dinucleotide STRs showed the weakest LD

with nearby SNPs, which likely stems from their higher mutation rates [241]. To ensure that the

reduction in STR-SNP LD did not stem from comparing R 2 values for multiallelic and biallelic

makers, we converted the STR alleles to binary markers, where the two states corresponded

to the most common allele and all alternative alleles grouped together. The resulting levels of

89



mean SNP-STR LD using these binary genotypes were nearly identical to those obtained using

the multiallelic STIR genotypes, indicating that this potential issue had little effect [241].

Overall, this analysis shows that the average SNP-STR LD is approximately half of the SNP-SNP
LD for variations with the same distance on the X chromosome. Since the effective population

size of the X chromosome is smaller than that of the autosome, the STR-SNP LD should be

even smaller on the autosome. These results suggest that association studies with tagging SNPs

might be considerably underpowered to detect loci with causal STRs, specifically dinucleotide

loci.

3.3 Discussion

In the last few years, population-scale sequencing projects have made tremendous progress

in documenting genetic variation across human populations. The 1000 Genomes Project has

already reported approximately 40 million SNPs, 1.4 million insertion and deletions, and over

10,000 structural variants [1] . Similar catalogs, albeit to lesser degrees of completeness, have

been produced for other types of variations, such as LINE-1 insertions [54] and Alu repeat

variations [93]. Here, we presented a population-scale analysis of STIR variation, adding another

layer of genetic variation to existing catalogs.

Our analysis significantly augments the level of knowledge of STIR variation. Currently, dbSNP
reports data for only 5,500 STIR loci. Our catalog provides data on close to 700,000 STIR loci,

which encompasses 97% of the STRs with motifs of 2-6bp in the genome, and contains over
300,000 STIR loci with a MAF of over 1%. One caveat of our catalog is the low reliability

of individual genotypes due to allelic dropout. Nonetheless, we showed using multiple lines of

analysis that summary statistic results such as frequency spectra and variation trends can be

extracted from the catalog for most of the STRs. Another caveat of our catalog is that with

the mixture of 76bp and 100bp sequencing reads, we could only unbiasedly ascertain the allelic

spectra of about 90% of the STRs, those with NCBI alleles of up to 45bp. To indicate this

caveat, our website alerts users about a potential bias in the allelic spectrum when inspecting

STRs with reference allele length beyond this range. However, we expect caveat will be alleviated

in the near future with the public release of the Phase 3 data that re-sequenced a large number

of Phase 1 samples with 100bp Illumina reads. We expect that this dataset will enable the

generation of unbiased allelic spectra for longer STRs.
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Despite these limitations, our data provides several biological insights about STIR variation.

Shorter repeat motif, longer major allele, higher purity of the repeat motif, and residing outside

of a coding region are all associated with an increase in STR variability. Most of the STR loci

display a unimodal distribution with one very common allele and series of minor alleles with

rapidly declining frequencies. This picture suggests that the stepwise mutation model largely

describes the creation of new alleles in most of these loci. An open question is the exact mutation

rate per generation for each locus in the genome. This question is theoretically addressable with

sufficiently large number of samples by analyzing the distribution of squared differences in the

repeat size between two alleles of the same locus [215]. However, this question cannot be

addressed by our call set due to the large number of allelic dropouts that might confound such

an analysis and should be addressed with datasets obtained from deeply covered genomes.

The landscape of STR variations in the apparently healthy 1000 Genomes individuals suggests

several rules of thumbs for analyzing STR variations for medical sequencing. Previous work

found that membrane proteins of several pathogens contain STR loci with non-triplet motifs

whose variations can be beneficial to the organism [651. These STRs confer high evolvability

and adaptability of these proteins by dynamically changing the reading frame. In contrast, our

data suggests that for the vast majority of human proteins, frame-shift mutations in their STR

regions are not favorable. Only a handful of STRs harbor common frame-shift polymorphisms

and half of the LoF alleles create a very small change in the C-terminus tail of the protein.

Based on these observations, we hypothesize that most of the non-triplet coding STRs are not

well tolerated and are exposed to negative selection similar to regular indels in the same region.

Therefore, it is advisable for medical sequencing projects to also analyze these loci and treat

them as regular LoF alleles rather than filtering them. This rule of thumb is well-echoed in a

recent study of medullary cystic kidney disease type 1 that implicated the genetic pathology in a

frame-shift mutation caused by a length change of a homopolymer run [118]. For in-frame STR

variations, our call set contains deep allelic spectra of most of these loci, providing reference

distributions of apparently healthy alleles. These spectra can be used to identify atypical STR

alleles and might serve as an indicator for pathogenicity.

Although STR alleles within our call set rarely induced frame-shifts, they may introduce prema-

ture stop codons by modulating the splicing machinery. Several prior studies have observed a

direct dependence of splicing efficiency on STR repeat number for CFTR [87], HTT [198] and

NOS3 [97]. To facilitate the analysis of such cases, we created a dedicated table on the catalog

website that specifies all of the 2,237 STRs that reside within 20 base pairs of an exon-intron
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boundary.

Another issue raised by our findings is the potential contribution of STRs to complex traits.

Using the prototypical allelic spectra, we estimate that the average variance of STR repeat
dosage is 3, 0.7, 0.4, 0.25 and 0.1 for 2-6mer STRs, respectively. Interestingly, the theoretical

maximum variance for a bi-allelic SNP dosage is 0.5, six times smaller than the observed variance

of dinucleotide STRs. From a theoretical statistical genetics perspective, this suggests that

causal dinucleotide STR loci could explain a considerable fraction of phenotypic variance even

with a relatively modest effect size. Therefore, if each STR allele in a locus slightly changes a

quantitative trait in a gradual manner, the net effect on the phenotypic variance could be quite

large due to the wide range of these alleles and their relatively high frequencies. Interestingly,

we found that loci with dinucleotide motifs show relatively weak LD with SNPs, suggesting

that GWAS studies with SNP arrays are prone to miss causal STR loci. Given the theoretical

potential of STRs to contribute to phenotypic variance on one hand and their weaker LD to

tagging SNPs on the other hand, one intriguing possibility is that STRs contribute to the missing

heritability phenomenon of complex traits [147, 180]. Our hope is that this catalog can be a

reference point to test this hypothesis in future studies.

3.4 Methods

3.4.1 Call set generation

The raw sequencing files for Phase 1 of the 1000 Genomes Project were analyzed.

The lobSTR calls were generated using computing resources hosted by Amazon Web Services,

GitHub version 8a6aeb9 of the lobSTR genotyper and Github version a85bb7f of the lobSTR al-

lelotyper (https: //github. com/mgymrek/lobstr- code). In particular, the lobSTR genotyper

was run using the options fFt-window-size=16, fft-window-step=4 and bwaq=15 and a default
minimum flanking region of 8bp on both sizes of the STR region. Reads that were aligned to

multiple locations were excluded from the analysis. PCR duplicates were removed from the re-

sulting BAM files for each experiment using SAMtools [136]. The individual BAMs were merged

by population and the lobSTR allelotyper was run using all population BAMs concurrently, the

include-flank option and version 2.0.3 of lobSTR's Illumina PCR stutter model.

RepeatSeq (available http://github. com/adaptivegenome/repeatseq) was run using de-
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fault parameters on the read alignments produced by the 1000 Genomes project.

For both programs, we used the set of 700,000 STRs that was constructed using the second-order

Markov framework [241].

3.4.2 Estimating the number of samples per locus and number of loci per
sample

The distributions of the call set parameters were smoothed using the gaussian_kde function in

the scipy.stats python package. Covariance factors of 0.01 and 0.025 were used to smooth the

samples per locus and loci per sample distributions, respectively.

3.4.3 Saturation analysis

We determined the number of loci with calls for sample subsets containing 1, 5, 10, 25, 50, 100,

250, 500, 750 and 1000 individuals. In particular, we began by randomly selecting 1 individual.

To create a subset of 5 individuals, we then added 4 more random individuals and so on. For

each of these sample subsets, we determined the number of loci with one or more STR calls

across all samples in the subset. We repeated this whole process 10 times and used the median

number of called loci across each of the 10 repetitions to create the saturation profile for all

loci.

We also determined whether loci had a MAF >1% using all 1009 samples. We then used a

procedure analogous to the one described above to select subsets of samples and determine

whether or not each of these loci had a corresponding call in each subset. This procedure

resulted in the saturation profile for loci with MAF >1%.

3.4.4 Mendelian inheritance

The three low-coverage trios contained within the dataset consisted of the following sample sets:

HG00656, HG00657, HG00702 (trio 1), NA19661, NA19660, NA19685 (trio 2) and NA19679,

NA19678, NA19675 (trio 3). To assess the consistency with Mendelian inheritance for a given

trio, only loci for which all three samples had calls were analyzed. The coverage assigned to

each trio of calls corresponded to the minimum coverage across the three samples.
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3.4.5 Capillary electrophoresis comparison

Capillary electrophoresis comparison Marshfield genotypes [192] were downloaded from http:/

www. stanf ord. edu/group/rosenberglab/data/rosenbergEtAl2005/combined- 1048. stru.

Prior to comparing genotypes, offsets were calculated to match the lobSTR calls to the length

of the Marshfield PCR products. For each locus, all observed offsets were considered and scored

and the optimally scoring offset across all samples was selected. In particular, for each sample,

an offset was scored as a 1, 0.5, 0.25 or 0 if the lobSTR calls matched exactly, were homozygous

and recovered one Marshfield allele, were heterozygous and recovered one Marshfield allele or

did not match at all, respectively. Only loci with at least 20 calls were considered in the com-

parison. Finally, the Pearson correlation coefficient was calculated using the sum of the allele

length differences from hg19 for each locus in each sample.

Y-chromosome PowerPlex genotypes were downloaded from the 1000 Genomes Y chromosome

working group FTP site. Offsets were once again calculated to match the length of the PCR

products to the lobSTR calls. For each locus, the offset was calculated as the most common
difference between the lobSTR and PowerPlex genotypes across samples. Only loci with at least

5 calls were considered in the comparison and the R2 was calculated between the allele length

differences from hg19 for each locus in each sample. In addition, the 15 heterozygous lobSTR

calls were ignored.

Slopes and R2 values for STR dosage comparisons were calculated using the linregress function

in the scipy.stats package. To mitigate the effects of outliers, we explored using regular linear
regression, regression with a zero intercept and Li penalized regression. The resulting slopes

were essentially invariant to the calculation method and so statistics were reported based on
traditional linear regression.

3.4.6 Heterozygosity calculations

For each analysis, heterozygosity was calculated using the aggregated frequency spectra accord-

ing to the formula HE = 1 - Ej f2 where fi denotes the frequency of the ith allele at the

locus.
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3.4.7 Summary statistic comparisons

The allelic spectra of the Marshfield panel were downloaded from http: //research.marshf ieldclinic.

org/genetics/genotypingDataStat istics/markers/ and parsed using a custom Perl script

(data and script available on https: //github. com/erlichya/str_ catalog-supplemental-
scripts). Samples from the CEU, GBR, TSI, and FIN subpopulations were analyzed, and only

markers with more than 50 calls were included.

We utilized all of the lobSTR calls for the CEU, GBR and FIN subpopulations to generate

the lobSTR frequency spectra for each CODIS marker. Spectra were not available for 3 of

the CODIS markers (D21S11, VWa, TPOX). D21S11 is too long to be spanned by Illumina

reads; we had annotation difficulties for VWa and TPOX (assigning the correct STR in hg19

to the NIST STR). We then compared the available frequency spectra to those published for

a Caucasian population in the United States [22] . Because of some annotation differences

between the capillary data and our reference locations, we shifted the lobSTR spectra for the

D8S1179 marker by +2 repeat units. Finally, repeat lengths for which the maximum frequency

was less than 2% were not displayed.

3.4.8 Comparison of population heterozygosity

To obtain accurate measures of heterozygosity, autosomal STR loci with less than 30 calls in

any of the 10 subpopulations considered were ignored. Of the remaining loci, the 10% most het-

erozygous (24,637 loci) were selected and their means and standard deviations were calculated.

To determine whether a pair of populations had systematically different heterozygosity at these

loci, we paired the heterozygosities for each locus and counted the number of pairs in which

population A had a larger heterozygosity than population B. Ignoring the relatively small number

of loci in which heterozygosities were identical, the p-value for this over/underrepresentation was

then calculated using the cdf function in the scipy.stats.binom python package.

3.4.9 Deviation of lobSTR calls from the NCBI reference

For each locus with one or more genotyped samples, we calculated the mean deviation of all

samples' genotypes from the NCBI reference allele. We then pooled these per-locus deviations

by reference allele length using 5bp intervals. The median within each length bin resulted in the
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corresponding plot of deviation vs. reference allele length.

3.4.10 Sample clustering

STRUCTURE version 2.3.4 was utilized to perform the MCMC-based clustering. The program

was run using MAXPOPS=3, BURNIN=500000, NUMREPS=1000000, no prior population

information, unphased genotypes, the admixture model and no linkage disequilibrium. All 321

samples from the JPT, CHB, YRI and CEU subpopulations present in the data were clustered

based on the 100 most heterozygous autosomal STRs with at least 750 called samples. Samples

for which at least 75% of the selected makers were missing calls were not including in the

resulting visualization. The final triangle plot therefore contained data for 71, 80, 81, and 82

samples from the CEU, CHB, JPT and YRI populations, respectively.

3.4.11 STR variability trends

Analysis was restricted to STRs with at least 100 called samples. STRs that overlapped an anno-

tated RefSeq translated region were regarded as coding and these annotations were downloaded

from the UCSC table browser on 2/11/2014. The mannwhitneyu function in the scipy.stats

python package was used to test for significant differences between coding and non-coding STR

heterozygosity. For analyses related to allele length or purity, STRs were further restricted to

those whose most common allele matched the hg19 reference to enable calculation of the lo-

cus' purity. In particular, the purity of each of these STRs was calculated as the fraction of

possible positions within the STR region where the subsequent bases corresponded to a cyclic

permutation of the STR's motif. The pearsonr function in the scipy.stats python package was

used to calculate the Pearson correlation coefficients and their associated p-values, where each

STR's length and heterozygosity represented an individual point. Finally, to generate the plots

of heterozygosity vs. length, the heterozygosity for each length was calculated as the mean

variability of loci within 2bp.

3.4.12 Extraction of orthologous chimp STR lengths

Tandem Repeats Finder was run on the panTro4 assembly of the chimp genome using the default

parameters and a minimum score threshold of 5. To resolve overlapping repeats, we discarded

repeats with period greater than six and scanned from low to high coordinates and selected the

96



highest scoring repeat for each overlap conflict. The chimp coordinates were mapped to hg19

coordinates using liftOver and a minimum mapping fraction of 50%. We then intersected these

coordinates with those of our reference panel and retained those loci within our panel that had

a single intersecting chimp repeat whose motif matched. This resulted in orthologous chimp

repeats for ~83% of our reference set of STRs.

3.4.13 RsT levels

The Rst was calculated according to Slatkin [208] using a custom Python script (code available

on https ://github . com/erlichya/str-catalog-supplemental_ scripts). The African,

European and Asian populations were comprised of the same subpopulations used throughout

this study, except that the ASW population was omitted due to potential admixture. Only loci

with heterozygosity above 5% and at least 100 genotyped samples were considered.

3.4.14 Assessing linkage disequilibrium

In order to avoid phasing SNPs and STRs, we only analyzed X chromosome genotypes in male

samples. SNP calls for the corresponding samples were obtained from the 1000 Genomes Phase

1 11/23/2010 release and any pseudoautosomal loci were ignored. Analysis of STR-SNP LD was

restricted to STR loci with both a heterozygosity of at least 9.5% and at least 20 genotypes for

each super population (African, East Asian, European and Ad Mixed American). For each STR

that met this requirement, we identified all SNPs within 200 KB of the STR start coordinate.

After filtering out SNPs with a MAF below 5% in any of the four super populations, we calculated

the level of LD for the remaining STR-SNP pairs. In particular, the R2 was calculated between

the SNP genotype indicator variable and the base pair difference of the STR from the reference.

We also recalculated the STR-SNP LD after converting the STR alleles to binary variables,

where the most common allele and all alternative alleles were mapped to 0 and 1, respectively.

This binary mapping was applied to each super population individually.

For SNP-SNP LD calculations, a seed SNP was identified for each STR meeting the aforemen-

tioned requirements. In particular, the SNP closest to the STR's start coordinate with MAF

>5% for each super population was selected. If no such SNP existed within 1Kb, no SNP was

selected and the STR was omitted from the STR-SNP LD analysis. Otherwise, we identified all

SNPs within 200 KB of the seed SNP and once again removed SNPs with a MAF <5% in any
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of the super populations. The LD between the seed SNP and each of these remaining SNPs

was then assessed as the R 2 between the two SNP genotype indicator variables.

3.5 Acknowledgments

M.G. is supported by the National Defense Science and Engineering Graduate Fellowship. Y.E.

is an Andria and Paul Heafy Family Fellow and holds a Career Award at the Scientific Interface

from the Burroughs Wellcome Fund. This study was funded by a gift from Cathy and Jim

Stone and an AWS Education Grant award. The authors thank Chris Taylor Smith, Wei Wei,

Qasim Ayub, and Yali Xue for providing the results of the Y-STR panel for the 1000 Genomes

individuals and the 1000 Genomes Project members for useful discussions. Y.E. dedicates this

manuscript to Lia Erlich that was born during the last revision of this work.

98



Chapter 4

Abundant contribution of short tandem repeats to gene expres-
sion variation in humans

Most of this chapter was first published as:

Gymrek M, Willems TF, Guilmatre A, Zeng H, Markus B, Georgiev S, Daly MJ, Price

AL, Pritchard JK, Sharp AJ, Erlich Y. Abundant contribution of short tandem repeats to

gene expression variation in humans. Nature Genetics. (2015).

Abstract: The contribution of repetitive elements to quantitative human traits is largely un-

known. Here, we report a genome-wide survey of the contribution of Short Tandem Repeats

(STRs), one of the most polymorphic and abundant repeat classes, to gene expression in hu-

mans. Our survey identified 2,060 significant expression STRs (eSTRs). These eSTRs were

replicable in orthogonal populations and expression assays. We used variance partitioning to

disentangle the contribution of eSTRs from linked SNPs and indels and found that eSTRs con-

tribute 10/o-15% of the cis-heritability mediated by all common variants. Further functional

genomic analyses showed that eSTRs are enriched in conserved regions, co-localize with regu-

latory elements, and can modulate certain histone modifications. By analyzing known GWAS

hits and searching for new associations in 1,685 deeply-phenotyped whole-genomes, we found

that eSTRs are enriched in various clinically-relevant conditions. These results highlight the

contribution of short tandem repeats to the genetic architecture of quantitative human traits.

4.1 Introduction

In recent years, there has been tremendous progress in identifying genetic variants that affect

expression of nearby genes, termed cis expression quantitative trait loci (cis-eQTLs). Multiple
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studies have shown that disease-associated variants often overlap cis-eQTLs in the affected

tissue [157, 11, 6]. These observations suggest that understanding the genetic architecture of

the transcriptome may provide insights into the cellular-level mediators underlying complex traits

[165, 166, 230]. So far, eQTL-mapping studies have mainly focused on SNPs and to a lesser

extent on bi-allelic indels and CNVs as determinants of gene expression [212, 72, 126]. However,

these variants do not account for all of the heritability of gene expression attributable to cis-

regulatory elements as measured by twin studies, leaving on average about 20-30% unexplained

[72, 243]. It has been speculated that such heritability gaps could indicate the involvement of

repetitive elements that are not well tagged by common SNPs [147, 180].

To augment the repertoire of eQTL classes, we focused on Short Tandem Repeats (STRs),

one of the most polymorphic and abundant types of repetitive elements in the human genome

[49, 65]. These loci consist of periodic DNA motifs of 2-6bp spanning a median length of around

25bp. There are about 700,000 STR loci covering almost 1% of the human genome. Their

repetitive structure induces DNA-polymerase slippage events that add or delete repeat units,

creating mutation rates that are orders of magnitude higher than those of most other variant

types [234, 491. Over 40 Mendelian disorders, such as Huntington's Disease, are attributed to

STR mutations, most of which are caused by large expansions of trinucleotide coding repeats

[156].

Several properties of STRs suggest they may play a regulatory role. In vitro studies have shown

that STR variations can modulate the binding of transcription factors [39, 150], change the

distance between promoter elements [239, 249], alter splicing efficiency [87, 96], and induce

irregular DNA structures that may modulate transcription [195]. In vivo experiments have

reported specific examples of STR variations that control gene expression across a wide range

of taxa, including Haemophilus influenza [235], Saccharomyces cerevisiae [226], Arabidopsis

thaliana [216], and vole [83]. Recent studies reported that dinucleotide repeats are a hallmark

of enhancers in Drosophila and are enriched in predicted enhancers in humans [245]. Human

promoters also disproportionately harbor STRs [199] and the presence of STRs in promoters or

transcribed regions greatly increases the divergence of gene expression profiles across great apes

[209], suggesting that STRs play a key role in the evolution of expression. Several candidate-

gene studies in human indeed reported that STR variations modulate gene expression [63, 205,

231, 39, 191] and alternative splicing [97, 87, 198]. In one example, a recent study found that

the underlying mechanism behind a GWAS signal for Ewing Sarcoma is a sequence variant in

an AAGG repeat that increases the binding of the EWSR1-FLI1 oncoprotein resulting in EGF2
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overexpression [73]. Despite these accumulating lines of evidence, there has been no systematic

evaluation of the contribution of STRs to gene expression in humans.

To this end, we conducted a genome-wide analysis of STRs that affect expression of nearby

genes, termed expression STRs (eSTRs), in lymphoblastoid cell lines (LCLs), a central ex-vivo

model for eQTL studies. Next, we used a multitude of statistical genetic and functional genomics

analyses to show that hundreds of these eSTRs are predicted to be functional. Finally, we tested

the involvement of eSTRs in clinically relevant phenotypes.

4.2 Results

4.2.1 Initial genome-wide discovery of eSTRs

The initial genome-wide discovery of potential eSTRs relied on finding associations between STR

length and expression of nearby genes. We focused on 311 European individuals whose LCL

expression profiles were measured using RNA-sequencing by the gEUVADIS [126] project and

whose whole genomes were sequenced by the 1000 Genomes Project [1]. The STR genotypes

were obtained in our previous study [240] in which we created a catalog of STR variation as part

of the 1000 Genomes Project using lobSTR, a specialized algorithm for profiling STR variations

from high throughput sequencing data [79]. Briefly, lobSTR identifies reads with repetitive

sequences that are flanked by non-repetitive segments. It then aligns the non-repetitive regions

to the genome using the STR motif to narrow the search, thereby overcoming the gapped

alignment problem and conferring alignment specificity. Finally, lobSTR aggregates aligned

reads and employs a model of STR-specific sequencing errors to report the maximum likelihood

genotype at each locus. lobSTR recovered most (r2=0.71) of the variation in STR locus lengths

in the 1000 Genomes datasets based on large-scale validation using 5,000 STR genotype calls

obtained by capillary electrophoresis, the gold standard for STR genotyping [240]. The majority

of genotype errors were from dropout of one allele at heterozygote sites due to low sequencing

coverage. We simulated the performance of STR associations using lobSTR calls compared to

the capillary calls. This process showed that STR genotype errors reduce the power to detect

eSTRs by 30-50% but importantly do not create spurious associations (Supplementary Note

4.7 and Supplementary Fig. 4.8.1).

To detect eSTR associations, we regressed gene expression on STR dosage, defined as the sum
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of the two STR allele lengths in each individual. We opted to use this measure based on previous

findings that reported a linear trend between STR length and gene expression [63, 205, 39] or

disease phenotypes [122, 451. As covariates, we included sex, population structure, and other

technical parameters (Fig. 4.2.1a and Supplementary Note 4.7). We employed this process

on 15,000 coding genes whose expression profiles were detected in the RNA-sequencing data.

For each gene, we considered all polymorphic STR variations that passed our quality criteria

(Online Methods 4.6) and were within 100kb of the transcription start and end sites of the

gene transcripts as annotated by Ensembl [55]. On average, 13 STR loci were tested for each

gene (Supplementary Fig. 4.8.2), yielding a total of 190,016 STRxgene tests.

Our analysis identified 2,060 unique protein-coding genes with a significant eSTR (gene level

FDR Ld'5%) (Fig. 4.2.1b and Supplementary Data Set 1 (see Nature Genetics website)).

The majority of these were di- and tetra-nucleotide STRs (Supplementary Tables 4.9.1 and

4.9.2). Only 13 eSTRs fall in coding exons, but eSTRs were nonetheless strongly enriched in

5'UTRs (p = 1.0 x 10-8), 3'UTRs (p = 1.7 x 10-9) and regions near genes (p < 10-28)

compared to all STRs analyzed (Supplementary Table 4.9.3). Overall, there was no bias in

direction of effect (Supplementary Table 4.9.4). We also repeated the association tests with

two negative control conditions by regressing expression on (i) STR dosages permuted between

samples and (ii) STR dosages from randomly chosen unlinked loci (Fig. 4.2.1b and Supple-

mentary Fig. 4.8.3). Both negative controls produced uniform p-value distributions expected

under the null hypothesis. This provides support for the absence of spurious associations due to

inflation of the test statistic or the presence of uncorrected population structure. To assess the

effect of low sequencing coverage on our results, we generated high coverage targeted sequencing

of 2,472 promoter STRs and repeated the eSTR analysis (Online Methods 4.6). We found that

association results were largely reproducible across datasets, with 80% of tested eSTRs showing

the same direction of effect (p = 9.9 x 10"2; n = 126) (Supplementary Note 4.7 and Sup-

plementary Fig. 4.8.4). Three previous studies described candidate gene studies of expression

STRs and involved STRs that were tested in our framework [63, 205, 39]. Our genome-wide ap-

proach was able to replicate the association between PIG3 and the pentanucleotide STR in the

5'UTR of the gene and showed the same direction of effect. However, the other two candidate

genes did not meet the multiple hypothesis p-value threshold (Supplementary Table 4.9.5).

The initial discovery set of eSTRs was largely reproducible in an independent set of individuals

using an orthogonal expression assay technology. We obtained an additional set of over 200

individuals whose genomes were also sequenced as part of the 1000 Genomes Project and whose
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Figure 4-1: eSTR discovery and replication. (a) eSTR discovery pipeline. An association test

using linear regression was performed between STR dosage and expression level for every STR

within 100kb of a gene (b) Quantile-quantile plot showing results of association tests. The gray

line gives the expected p-value distribution under the null hypothesis of no association. Black

dots give p-values for permuted controls. Red dots give the results of the observed association

tests (c) Comparison of eSTR effect sizes as Pearson correlations in the discovery dataset vs.

the replication dataset. Red points denote eSTRs whose directions of effect were concordant in

both datasets and gray points denote eSTRs with discordant directions.

LCL expression profiles were measured by Illumina expression array [2ij. These individuals

belong to cohorts with African, Asian, European, and Mexican ancestry, enabling testing of the

associations in a largely distinct set of populations. The Illumina expression array allowed us to
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test 882 eSTRs out of the 2,060 identified above. The association signals of 734 of the 882 (83%)
tested eSTRs showed the same direction of effect in both datasets (sign test p = 2.7 x 10-94)
and the effect sizes were strongly correlated (R = 0.73, p = 1.4 x 10-149) (Fig. 4.2.1c),

despite only moderate reproducibility of expression profiles across platforms (Supplementary

Note 4.7 and Supplementary Fig. 4.8.5). For comparison, only 54% of non-eSTRs showed

the same direction of effect, close to the expected value of 50% for null associations. Overall,

these results show that eSTR association signals are robust and reproducible across populations

and expression assay technologies.

4.2.2 Partitioning the contribution of eSTR and nearby variants

An important question is whether eSTR association signals stem from causal STR loci or are

merely due to tagging SNPs or other variants in linkage disequilibrium (LD). Previous results

reported that the average STR-SNP LD is approximately half of the traditional SNP-SNP LD

[173, 240] but there are known examples of STRs tagging GWAS SNPs [125J.

To address this question, we partitioned the relative contributions of eSTRs versus all common

(MAF>1%) bi-allelic SNPs, indels, and structural variants (SV) in the cis region of each gene

using a linear mixed model (LMM) (Fig. 4.2.2a). Multiple studies have used this approach to

measure the total contribution of common variants to the heritability of quantitative traits and

to partition the contribution of different classes of variants [246, 76]. Taking a similar approach,

we included two types of effects for each gene: a random effect (h) that captures all common

bi-allelic loci detected within 100kb of the gene and a fixed effect (h2R) that captures the

lead STR. To test whether other causal variants in the local region could inflate the estimate

of the STR contribution, we simulated gene expression with one or two causal SNP eQTLs per

gene while preserving the local haplotype structure. In this negative control scenario, the LMM

correctly reported a median (h2R)/(hS) m 0 across all conditions (Supplementary Note

4.7 and Supplementary Fig. 4.8.6, 4.8.7), where h2. = h2 + h2  This suggests thatCZ b STR'

other causal variants in LD do not inflate the estimate of the relative contribution of STRs.

However, simulations based on capillary electrophoresis data suggest that the variance explained

by STRs is downwardly biased in the presence of genotyping errors (Supplementary Note 4.7

and Supplementary Fig. 4.8.8), suggesting that the reported hsTR is likely to be conservative.

The LMM results showed that eSTRs contribute about 12% of the genetic variance attributed

to common cis polymorphisms. For genes with a significant eSTR, the median h 2R was 1.80%,
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whereas the median h2 was 12.0% (Fig. 4.2.2b), with a median ratio of (h R)a4b(h 8 )
of 12.3% (CI95% 11.1%-14.2%; n = 1,928) (Supplementary Table 4.9.6). We repeated

the same analysis for genes with at least moderate (> 5%) cis-heritability (Online Methods

4.6) regardless of the presence of a significant eSTR in the discovery set. The motivation

for this analysis was to avoid potential winner's curse [99] and to obtain a transcriptome-wide

perspective on the role of STRs in gene expression (Fig. 4.2.2c). In this set of genes, eSTRs

contribute about 13% (CI9 5% 12.2%-13.5%; n = 6,272) of the genetic variance attributed to

cis common polymorphisms. The median hTR2 was 1.45% of the total expression variance,

whereas the median h2 was 9.10% (Supplementary Table 4.9.6). Repeating the analysis

while considering STRs as a random effect showed highly similar results (Supplementary Note

4.7, Supplementary Table 4.9.7, and Supplementary Fig. 4.8.9). Taken together, this

analysis shows that STR variations explain a sizeable component of gene expression variation

after controlling for all variants that are well tagged by common bi-allelic markers in the cis

region.

4.2.3 The effect of eSTRs in the context of individual SNP eQTLs

To further assess the contribution of eSTRs in the context of other variants, we also inspected the

relationship between eSTRs and individual cis-SNP eQTLs (eSNPs). We performed a traditional

eQTL analysis using the whole genome sequencing data for 311 individuals that were part of

the discovery set to identify common eSNPs [minor allele frequency (MAF) >5%] within 100kb

of each gene. This process identified 4,290 genes with an eSNP (gene-level FDR<5%). We

then re-analyzed the eSTR association signals while conditioning on the genotype of the most

significant eSNP (Fig. 4.2.3a). For each eSTR, we ascertained the subset of individuals that

were homozygous for the major allele of the lead eSNP in the region. If the eSTR simply tags

this eSNP, its conditioned effect should be randomly distributed compared to the unconditioned

effect. Alternatively, if the eSTR is causal, the direction of the conditioned effect should match

that of the original effect. We conducted this analysis for eSTR loci with at least 25 individuals

homozygous for the lead eSNP and for which these individuals had at least two unique STR

genotypes (1,856 loci). After conditioning on the lead eSNP, the direction of effect for 1,395

loci (75%) was identical to that in the original analysis (sign test p < 4.2 x 10-109) and the

effect sizes were significantly correlated (R = 0.52; p = 3.2 x 10-130) (Fig. 4.2.3b). This

further supports the additional role of eSTRs beyond traditional cis-eQTLs.
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Figure 4-2: Variance partitioning using linear mixed models (a) The normalized variance
of the expression of gene Y was modeled as the contribution of the best eSTR and all common
bi-allelic markers in the cis region (AmOkb from the gene boundaries) (b-c) Heatmaps show
the joint distributions of variance explained by eSTRs and by the cis region. Gray lines denote
the median variance explained (b) Variance partitioning across genes with a significant eSTR in
the discovery set and (c) Variance partitioning across genes with moderate cis heritability.

We also found that hundreds of eSTRs in the discovery set provide additional explanatory value

for gene expression beyond the lead eSNP. ANOVA model comparison showed that for 23% of

the cases, a model with an eSTR significantly improved the explained variance of gene expression

over considering only the lead eSNP (FDR<5%) (Fig. .. 3 ce and Online Methods 4.6).
Combined with the 183 genes with an eSTR but no significant eSNP, these results show that

at least 30% of the eSTRs identified by our initial scan cannot be fully attributed to tagging of

the lead eSNP. Given the reduced quality of STR compared to SNP genotypes, this analysis is

likely to underestimate the true contribution of STRs. Nonetheless, our results show concrete

examples for hundreds of associations in which the eSTR increases the variance explained by

the lead eSNP.
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Figure 4-3: eSTR associations in the context of eSNPs (a) Schematic of the eSTR effect
versus the effect conditioned on the lead eSNP genotype. Under the null expectation, the original
association (red line) comes from mere tagging of eSNPs. Thus, the eSTR effect disappears
when restricting to a group of individuals (dots) with the same eSNP genotype (colored patches).
Under the alternative hypothesis, the effect is concordant between the original and conditioned
associations (b) The original eSTR effect versus the conditioned eSTR effect. Red points denote

eSTRs whose direction of effect was concordant in both datasets and gray points denote eSTRs
with discordant directions (c) Quantile-quantile plot of p-values from ANOVA testing of the

explanatory value of eSTRs beyond that of eSNPs (d) STK33 is an example of a gene for which

the eSTR (red rectangle) has a strong explanatory value beyond the lead eSNP (blue circle)

based on ANOVA. When conditioning on individuals that are homozygous for the "C" eSNP
allele (bottom left, green dots), the STR dosage still shows a significant effect (bottom right)
(e) Cllorf24 is an example of a gene for which the eSTR was part of the discovery set but did
not pass the ANOVA threshold. After conditioning on individuals that are homozygous for the

"G" eSNP allele (bottom left, green dots), the STR effect is lost (bottom right).

4.2.4 Integrative genomic evidence for a functional role of eSTRs

To provide further evidence of their regulatory role, we analyzed eSTRs in the context of func-

tional genomics data. First, we assessed the potential functionality of STR regions by measuring
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signatures of purifying selection, since previous studies reported that putatively causal eSNPs are

slightly enriched in conserved regions [62]. We inspected the sequence conservation [177] across

46 vertebrates in the sequence upstream and downstream of the eSTRs in our discovery dataset

(Fig. 4.2.4a). To tune the null expectation, we matched each tested eSTR to a random STR

that did not reach significance in the association analysis but had a similar distance to the near-

est transcription start site (TSS). The average conservation level of a i500bp window around

eSTRs was slightly but significantly higher (p<0.03) compared to control STRs. Tightening the

window size to shorter stretches of 50bp showed a more significant contrast in the conservation

scores of the eSTRs versus the control STRs (p<0.01) (Fig. 4.2.4a inset), indicating that the

excess in conservation comes from the vicinity of the eSTR loci. Taken together, these results

show that eSTRs discovered by our association pipeline reside in regions exposed to relatively

higher purifying selection, further suggesting a functional role.

eSTRs substantially co-localize with functional elements. They show the strongest enrichment

closest to transcription start sites (Fig. 4.2.4b) and to a lesser extent in or near predicted

enhancers (Supplementary Fig. 4.8.10). We also inspected the co-localization of eSTRs

with histone modifications as annotated by the Encode Consortium [37] in LCLs. eSTRs were

strongly enriched in peaks of histone modifications associated with regulatory regions (H3K4me3,

H3K27ac, H3K9ac) and transcribed regions (H3K36me3) and were depleted in repressed regions

(H3K27me3) (Fig. 4.2.4b). To test the significance of these signals, we constructed a null

distribution for each histone modification by measuring the co-localization of eSTRs with ran-

domly shifted histone peaks similar to the procedure used by Trynka et al [224]. This null

distribution controls for the co-occurrence of eSTRs and histone peaks due to their -proximity

to other causal variants. We found eSTR/histone co-localizations were significant (weakest

p<0.01) after the peak shifting procedure, suggesting that these results stem from the eSTRs

themselves (Supplementary Table 4.9.8). We also performed a peak-shifting analysis using

ChromHMM annotations [52] (Fig. 4.2.4c) which indicated that eSTRs are most strongly en-

riched in weak-promoters (p<0.002) and weak-enhancers (p<0.004). Again, this analysis shows

overlap of eSTRs with elements that are predicted to regulate gene expression.

We also found that eSTR length variations are more likely to modulate the presence of certain

histone marks (Online Methods 4.6 and Supplementary Fig. 4.8.11). We introduced differ-

ent eSTR alleles to GERV [251], a machine learning approach that examines the effect of DNA

sequence on histone marks. This process found that eSTRs have significantly greater effects

than control STRs on predicted regulatory regions (H3K4me3 p=0.00109, DNAsel hypersensi-
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tivity p=0.00045, H3K9ac p=0.00462) and transcribed regions (H3K36me3 p=0.01336). These

results are consistent with the analysis of chromatin modifications above. Importantly, since the

input material for this analysis is solely STR variations that are independent of any linked vari-

ants, these results provide an orthogonal piece of evidence for the functionality of eSTRs and

suggest histone mark modulation as a potential mechanism.

4.2.5 The potential role of eSTRs in human conditions

Encouraged by the evidence for the regulatory role of eSTRs, we wondered about their poten-

tial involvement in clinically-relevant conditions. First, we tested whether genes implicated by

previous GWAS scans listed in the NHGRI GWAS catalog [236] are enriched for eSTR genes.

We focused on seven complex disorders: rheumatoid arthritis, Crohn's disease, type 1 diabetes,

type 2 diabetes, blood pressure, bi-polar disorder, and coronary artery disease. The first three

conditions have a strong autoimmune component, rendering them more relevant to the LCL

data used for eSTR discovery. To create a proper null, we compared the overlap of eSTR genes

to randomly chosen sets of genes matched to the tested GWAS genes on both gene expression

level in LCLs and on cis heritability.

We found that GWAS genes for Crohn's disease are significantly (p<0.001) enriched for eSTR

hits (Figure 4.2.5a and Supplementary Fig. 4.8.12). Moderate enrichment for eSTRs

(p=0.074) was found in GWAS genes for rheumatoid arthritis, consistent with the known role

of immune function in these traits. Enrichments were 2-3 times higher for autoimmune diseases

than for the other conditions (average overlap: 6%). Interestingly, for seven overlapping genes,

the eSTRs explained more variance in gene expression than the lead eSNP of the gene. Further-

more, for close to thirty genes, a joint model of the lead eSTR and eSNP explained significantly

more variance in gene expression than the eSNP alone, raising the possibility of an etiological

role.

Next, we performed an association study using eSTRs to further test the hypothesis that eSTRs

underlie clinically relevant phenotypes. For this, we turned to ~1,700 unrelated individuals

that were sequenced to medium coverage (6x) with 100bp paired-end reads using Illumina as

part of the TwinsUK cohort of the UK10K project [381 and were phenotyped for a wide array

of quantitative traits, primarily blood metabolites and anthropometric traits. While most of

these conditions are not directly related to the immune system, we hypothesized that similar to

other eQTLs [6], some of the discovered eSTRs are shared across tissues and could play a role
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Figure 4-4: Conservation and epigenetic analysis of eSTR loci (a) Median PhyloP conser-
vation score as a function of distance from the STR. Red: eSTR loci, gray: matched control
STRs. Inset: the difference in the PhyloP conservation score between eSTRs and matched
control STRs as a function of window size around the STR. (b) The probability that an STR
scores as an eSTR in the discovery set as a function of distance from the transcription start site

(TSS). eSTRs show clustering around the TSS (black line). Conditioning on the presence of a
histone mark (colored lines) significantly modulated the probability that an STR is an eSTR (c)
The enrichment of eSTRs in different chromatin states.

in additional tissues. After genotyping STRs with IobSTR, we tested for association between

eSTRs and each of the 38 reported phenotypes, while controlling for sex, age, and population

structure. To enrich for STR loci that are likely to be causal for gene expression variation, we
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restricted analysis to eSTRs that significantly improved the explained variance of gene expression

over a model with the lead eSNP alone. In total, we obtained 499 eSTRs after applying this

condition and excluding eSTRs that were genotyped in <1000 individuals.

We identified 12 significant associations (FDR per phenotype<10%) between eSTRs and the

clinical phenotypes in the TwinsUK data (Figure 4.2.5b and Supplementary Table 4.9.9).

Only one association overlapped a known GWAS hit: an AAAC repeat on 4p16 was associated

with decreased expression of SLC2A9 and increased uric acid in serum samples of the TwinsUK,

which matches previous studies with SNPs [43, 227, 228, 206]. The other 11 associations

involved changes in blood metabolites such as albumin and C-reactive protein and physical

traits such as diastolic blood pressure and FEVI lung function and have yet to be described

before in GWAS catalogs, suggesting novel loci. We caution that full validation of each of

these associations will require replication in additional cohorts. Nonetheless, as we were mainly

interested in the overall trend for eSTRs, we repeated the association of the 38 phenotypes

in the TwinsUK cohort with a similar number of random STR loci matched on distance to

transcription start sites, repeat motif, and number of genotyped samples. One hundred rounds

of bootstrapping showed that eSTRs produced significantly more associations than the matched

STR controls (mean for controls: 6.8 associations at FDR<10%, z-test, p < 1.8 x 10-16).

Repeating this test with a more stringent FDR of 5% revealed a similar picture: the eSTRs

produced 6 associations passing this threshold (Supplementary Table 9), significantly more that

the matched STR controls (mean for controls: 3.2 associations at FDR<5%, p < 1.1 x 105).

Taken together, our results show that eSTR signals are enriched in clinical phenotypes both in

known and potentially novel GWAS hits. These results could inform future efforts for disease

mapping studies.

4.3 Discussion

Repetitive elements have often been considered as neutral with no phenotypic consequences [64].

This coupled with the technical difficulties in analyzing these regions has led large-scale genetic

studies to largely overlook the putative contribution of repeats to human phenotypes. Our study

focused on short tandem repeats, one of the most polymorphic classes of loci that comprise 1%

of the human genome. Despite being less abundant than SNPs, previous studies have shown

that STRs are enriched in promoters and enhancers, where they frequently induce multiple

base-pair variations, increasing the prior expectation of their ability to explain gene expression
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Figure 4-5: Association of eSTRs with clinical phenotypes (a) The overlap between eSTRs
and Crohn's disease GWAS genes (red) versus random subsets of genes (gray) matched on
expression and heritability profiles in LCLs (b) quantile-quantile plots of eSTR associations in

the TwinsUK data. Only traits with significant (FDR<0.1) associations are plotted. Closed

circles: significant, open circles: non-significant. A: albumin; C: C-reactive protein; D: diastolic

blood pressure, F: FVC, M: mean corpuscular volume, P: phosphate, U: Urea, Ua: Uric acid.

variation. Following these observations, we conducted a genome-wide scan for the contribution

of STRs to gene expression. Our scan identified over 2,000 potential eSTRs and found that

eSTRs contribute on average about 10-15% of the cis-heritability of gene expression attributed

to common (MAF>1%) polymorphisms. Functional genomics analyses provided further support

for the predicted causal role of eSTRs. Finally, we found that eSTRs are enriched in clinically

relevant phenotypes.
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We hypothesize that there are more eSTRs to find in the genome as our analysis had several

technical limitations. First, the higher genotyping error rates for STRs compared to SNPs

limited our power to detect eSTRs and likely downwardly biased their estimated contribution in

the LMM and ANOVA analyses. In addition, about 10% of STIR loci in the genome could not be

analyzed because they are too long to be spanned by current sequencing read lengths(Willems

et al. 2014). Second, based on previous findings in humans [63, 205, 391, our association tests

focused on a linear relationship between STR length and gene expression. However, experimental

work in yeast reported that certain loci exhibit non-linear relationships between STR length and

expression [226], which are unlikely to be captured in our current analysis. Finally, our association

pipeline takes into account only the length polymorphisms of STRs and cannot distinguish the

effect of sequence variations inside STIR alleles with identical lengths (dubbed homoplastic alleles

[233]). Addressing these technical complexities would likely require phased STR haplotypes and

longer sequence reads that are currently unavailable for large sample sizes. We envision that

recent advancements in sequencing technologies [28] will further expand the catalog of eSTRs.

Despite these technical limitations, our findings show that repetitive elements in the human

genome extensively contribute to expression variation and are enriched in clinically relevant phe-

notypes. Our results are consistent with a recent study that reported that haplotypes of common

SNPs, which capture genetic variants poorly tagged by current genotype panels, can explain sub-

stantially more heritability than common SNPs alone [13]. We anticipate that integrating the

analysis of repetitive elements, specifically STR variations, will explain additional heritability and

will lead to the discovery of new genetic variants relevant to human conditions.
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4.6 Online Methods

4.6.1 Genotype datasets

lobSTR genotypes were generated for the phase 1 individuals from the 1000 Genomes Project as

described in [2401. Variants from the 1000 Genomes Project phase 1 release were downloaded

in VCF format from the project website. HapMap genotypes were used to correct association

tests for population structure. Genotypes for 1.3 million SNPs were downloaded for draft release

3 from the HapMap Consortium. SNPs were converted to hg19 coordinates using the liftOver

tool and filtered using Plink [184] to contain only the individuals for which both expression array

data and STR calls were available. Throughout this manuscript, all coordinates and genomic

data are referenced according to hg19.

4.6.2 Targeted sequencing of promoter region STRs

We used a previously published method using capture and high-throughput sequencing [75] to

sequence 2,472 STRs located in gene promoters (TSS 1kb) in 120 HapMap individuals of

European (58 CEU individuals) and African (62 YRI individuals) ancestry. Briefly, the method

uses a custom Nimblegen EZ Capture system to enrich the genomic sequence flanking, and

sometimes including, the target STRs to be genotyped prior to sequencing using an Illumina

Hiseq2000 instrument. We multiplexed 24 individuals per sequencing lane and utilized 100bp

single-end reads. We used lobSTR version 3.0.3 to genotype STRs in these samples.
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4.6.3 Expression datasets

RNA-sequencing datasets from 311 HapMap lymphoblastoid cell lines for which STR and SNP

genotypes were also available were obtained from the gEUVADIS Consortium. Raw FASTQ

files containing paired end 100bp lilumina reads were downloaded from EBI. The hg19 Ensembi

transcriptome annotation was downloaded as a GTF file from the UCSC Genome Browser [113,

104] ensGene table. The RNA-sequencing reads were mapped to the Ensembl transcriptome

using Tophat v2.0.7 [2211 with default parameters. Gene expression levels were quantified using

Cufflinks v2.0.2 [222] with default parameters and supplied with the GTF file for the Ensembl

reference version 71. Genes with median FPKM of 0 were removed, leaving 23,803 genes. We

restricted analysis to protein coding genes, giving 15,304 unique Ensembl genes. Expression

values were quantile-normalized to a standard normal distribution for each gene.

The replication set consisted of Illumina Human-6 v2 Expression BeadChip data from 730

HapMap lymphoblastoid cell lines from the EBI website. These datasets contain two repli-

cates each for 730 unrelated individuals from 8 HapMap populations (YRI, CEU, CHB, JPT,

GIH, MEX, MKK, LWK) and were generated as described by Stranger et al. [214]. Background

corrected and summarized probeset intensities (by Illumina software) contained values for 7,655

probes. Additionally, probes containing common SNPs were removed [9]. Only probes with

a one-to-one correspondence with Ensembl gene identifiers were retained. We removed probes

with low concordance across replicates (Spearman correlation < 0.5). In total we obtained 5,388

probes for downstream analysis.

Each probe was quantile-normalized to a standard normal distribution across all individuals

separately for each replicate and then averaged across replicates. These values were quantile-

normalized to a standard normal distribution for each probe.

4.6.4 eQTL association testing

Expression values were adjusted for individual sex, individual population membership, gene ex-

pression heterogeneity, and population structure (Supplementary Note 4.7). Adjusted expres-

sion values were used as input to the eSTR analysis. To restrict to STR loci with high quality

calls, we filtered the call set to contain only loci where at least 50 of the 311 samples had a

genotype call. To avoid outlier genotypes that could skew the association analysis, we removed

any genotypes seen less than three times. If only a single genotype was seen more than three
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times, the locus was discarded. To increase our power, we further restricted analysis to the most

polymorphic loci with heterozygosity of at least 0.3. This left 80,980 STRs within 100kb of a

gene expressed in our LCL dataset.

A linear model was used to test for association between normalized STR dosage and expression

for each STR within 100kb of a gene. Dosage was defined as the sum of the deviations of the

STR allele lengths from the hg19 reference. For example, if the hg19 reference for an STR is

20bp and the two alleles called are 22bp and 16bp, the dosage is equal to (22-20)+(16-20) =

-2bp. STR genotypes were zscore-normalized to have mean 0 and variance 1. For genes with

multiple transcripts, we defined the transcribed region as the maximal region spanned by the

union of all transcripts. The linear model for each gene is given by:

~ =&g$j~g~+~,g(4.1)yg = Oig + #8,,g + "-j,g 41

where y = (yg,, ... , yg,)T with yg,i the normalized covariate-corrected expression of gene g
in individual i, n is the number of individuals, ag is the mean expression level of homozygous

reference individuals, Bj,g is the effect of the allelic dosage of STR locus j on gene g, ij =

(,,, I I ,X,n)T with xj,i the normalized allelic dosage of STR locus j in the ith individual,

and tjg is a random vector of length n whose entries are drawn from N(O, or 2g) where U2

is the unexplained variance after regressing locus j on gene g. The association was performed

using the OLS function from the Python statsmodels package. For each comparison, we tested

Ho : 3j,g = 0 vs. Hi : 3 j,g $ 0 using a standard t-test. We controlled for a gene-level false

discovery rate (FDR) of 5% (see below).

4.6.5 Controlling for gene-level false discovery rate

We controlled for a gene-level FDR of 5%, assuming that most genes have at most a single

causal eSTR. For each gene, we determined the STR association with the best p-value. This

p-value was adjusted using a Bonferroni correction for the number of STRs tested per gene

to give a p-value for observing a single eSTR association for each gene. Performing separate

permutations for each gene was computationally infeasible, and was found to give similar results

to a simple Bonferroni correction on a subset of genes. We then used this list of adjusted

p-values as input to the qvalue R package to determine all genes with FDR at most 5%.
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4.6.6 Partitioning heritability using linear mixed models

For each gene, we used a linear mixed model to partition heritability between the lead explanatory

STR and other cis variants. We used a model of the form:

g = ag + ,3j,'gj + ig + 4yg (4.2)

where yg, ag, 3j,g, , and eJ,g are as described above, 4t is a length n vector of random

effects and 4' ~ MVN(O, auKg) with u, the percent of phenotypic variance explained by cis

bi-allelic variants for gene g, and Kg is a standardized n x nidentity by state (IBS) relatedness

matrix constructed using all common bi-allelic variants (MAF> 1%) reported by phase 1 of

the 1000 Genomes Project within 100kb of gene g. This includes SNPs, indels, and several

bi-allelic structural variants and is constructed as Kg = I var,-. ( i - 1nmean(zi)) (si -

lmean(Xi))T where p is the total number of variants considered, ii is a length n vector of

genotypes for variant i, and 1n is a length n vector of ones. Note the mean diagonal element

of Kg is equal to 1.

We used the GCTA program(Yang et al. 2011) to determine the restricted maximum likelihood

estimates (REML) of #3 ,g and Or2. To get unbiased values of a2, the -reml-no-constrain

option was used.

We used the resulting estimates to determine the variance explained by the STR and the cis

region. We can write the overall phenotypic variance-covariance matrix as:

var(gg) = /var(z') + 7,Kg + o. In (4.3)

where var(-g) is an n x n expression variance-covariance matrix with diagonal elements equal

to 1, since expression values for each gene were normalized to have mean 0 and variance 1 and

In is the n x n identity matrix.

This equation shows the relationship:

P - hSTR + hb + U (4.4)

where or is the phenotypic variance, which is equal to 1, hSTR is the variance explained by the
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STR, which is equal to 2 gvar(ij) = 3, since the STR genotypes were scaled to have mean

0 and variance 1, and h2 is the variance explained by bi-allelic variants in the cis region. This is

approximately equal to 0p(U,) 2 since the local IBS matrix Kg has a mean diagonal value of 1.

We estimated the percent of phenotypic variance explained by STRs, /3?g using the unbiased

estimator hST = E{ I3} = 3,g - SE2 , where #g,, is the estimate of 3jg returned by GCTA,

and SE is the standard error on the estimate, using the fact that 3 j,g ~ N(3 j,g, SE). We

estimated the percent of phenotypic variance explained by bi-allelic markers as h . Note that for

this analysis the STR was treated as a fixed effect. We also reran the analysis treating the STR

as a random effect and found very little change in the results (Supplementary Note 4.7).

Results are reported for all eSTR-containing genes and for all genes with moderate total cis

heritability, which we define as genes where hTR + h2 > 0.05. We used this approach as to

our knowledge there are no published results about the cis-heritability of expression of individual

genes in LCLs from twin studies. We used 10,000 bootstrap samples of each distribution to

generate 95% confidence intervals for the medians.

4.6.7 Comparing to the lead eSNP

We identified SNP eQTLs using SNPs with MAF > 1% as reported by phase 1 of the 1000

Genomes Project. We used an identical pipeline to our eSTR analysis to identify SNP eQTLs

after replacing the vector iY with a vector of SNP genotypes (0, 1 or 2 reference alleles) that was

z-normalized to have mean 0 and variance 1. To determine whether our eSTR signal was indeed

independent of the lead SNP eQTL at each gene, we repeated association tests between STR

dosages and expression levels while holding the genotype of the SNP with the most significant

association to that gene constant. For this, we determined all samples at each gene that were

either homozygous reference or homozygous non-reference for the lead SNP. For the SNP allele

with more homozygous samples, we repeated the eSTR linear regression analysis and determined

the sign and magnitude of the slope. We removed any genes for which there were less than 25

samples homozygous for the SNP genotype or for which there was no STR variation after holding

the SNP constant, leaving 1,856 genes for analysis. We used a sign test to determine whether

the direction of effects before and after conditioning on the lead SNP are more concordant than

expected by chance.

We used model comparison to determine whether eSTRs can explain additional variation in

gene expression beyond that explained by the lead eSNP for each gene. For each gene with a
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significant eSTR and eSNP, we analyzed the ability of two models to explain gene expression:

Model 1 (eSNP-only): Y= a + /3eSNPg4 SNP,g + j,g (4.5)

Model 2 (joint eSNP+eSTR): =a +#eSNPgXeSNPg + /eSTR,gEeSTR,g + , (4.6)

where a9 is the mean expression value for the reference haplotype, is a vector of expression

values for gene g, feSNPg is the effect of the eSNP on gene g, OeSTR,g is the effect of the

eSTR on gene g, XeSNPg is a vector of genotypes for the lead eSNP for gene g, XeSTR,g is a
vector of genotypes for the best eSTR for gene g, and tj, 9 gives the residual term. A major

caveat is that the eSNP dataset has significantly more power to detect associations than the

eSTR dataset due to the lower quality of the STR genotype panel (Supplementary Note 4.7),
and this analysis is therefore likely to underestimate the true contribution of STRs to gene

expression. We used ANOVA to test whether the joint model performs significantly better than

the SNP-only method. We obtained the ANOVA p-value for each gene and used the qvalue

package to determine the FDR.

4.6.8 Conservation analysis

Sequence conservation around STRs was determined using the PhyloP track available from the

UCSC Genome Browser. To calculate the significance of the increase in conservation at eSTRs,

we compared the mean PhyloP score for each eSTR to that for 1000 random sets of STRs with

matched distributions of the distance to the nearest transcription start site. For each STR, we

determined the mean PhyloP score for a given window size centered on the STR. The p-value

given is the percentage of random sets whose mean PhyloP score was greater than the mean of

the observed eSTR set.

4.6.9 Enrichment of STRs and eSTRs in predicted enhancers

H3K27ac peaks produced by the ENCODE Project [37] were used to determine predicted en-

hancers in GM12878. Peaks were downloaded from the UCSC Genome Browser and converted

to hg19 coordinates using the liftOver tool. Any peak overlapping within 3kb of a transcription

start site was removed to exclude promoter regions from the analysis.
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4.6.10 Enrichment in histone modification peaks

Chromatin state and histone modification peak annotations generated by the ENCODE Con-

sortium for GM12878 were downloaded from the UCSC Genome Browser. Because variants

involved in regulating gene expression are more likely to fall near genes compared to randomly

chosen variants, naAfve enrichment tests of eSTRs vs. randomly chosen control regions may

return strong enrichments simply because of their proximity to genes. To account for this, we

randomly shifted the location of eSTRs by a distance drawn from the distribution of distances

between the best STR and lead SNP for each gene. We repeated this process 1,000 times. For

each set of permuted eSTR locations, we generated null distributions by determining the percent

of STRs overlapping each annotation. We used these null distributions to calculate empirical

p-values for the enrichment of eSTRs in each annotation.

4.6.11 Effects of eSTRs on modulating regulatory elements

One potential mechanism by which eSTRs may act is by modulating epigenetic properties.

The GERV (Generative Evaluation of Regulatory Variants)[251] model predicts ChIP-sequencing

experiments directly from genomic sequences and optional covariates such as DNAse-seq data.
We used the non-covariate version of this technique to assess the effect of STR variations on

the occupancy of chromatin marks.

GERV builds on a kmer-based statistical model to predict the signal of ChIP-seq experiments

from a DNA sequence context. Briefly, the model considers that each k-mer has a spatial effect

on ChIP-seq read counts in a window of [-M, M-1] bp centered at the start of the k-mer. The

read count at a given base is then modeled as the log-linear combination of the effects of all

k-mers whose effect ranges cover that base, where k ranges from 1 to 8.

For each eSTR in our dataset, we generated sequences representing each observed allele. We

filtered STRs with interruptions in the repeat motif, since the sequence for different allele lengths

is ambiguous for these loci. For each mark, we used the model to predict the read count for

each allele in a window of M bp from the STR boundaries, where M was set to 1,000 for all

marks except p300, for which M was set to 200. Previous findings of GERV showed that these

values of M give the best correlation between predicted and real ChIP-seq signals using cross

validation. For each alternate allele, we generated a score as the sum of differences in read

counts from the reference allele at each position in this window. We regressed the number of
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repeats for each allele on this score and took the absolute value of the slope for each locus.

We repeated the analysis on a set of randomly chosen negative control loci. Control loci were

chosen to match the distribution of repeat lengths and absolute signal for each mark in the

reference genome. We used a Mann-Whitney rank test to compare the magnitudes of slopes

between the eSTR and control sets for each mark.

4.6.12 Overlap of eSTR and GWAS genes

Aggregate results for seven common diseases (rheumatoid arthritis, Crohn's disease, type I di-

abetes, type 2 diabetes, blood pressure, bi-polar disorder, and coronary artery disease) were

downloaded from the NHGRI GWAS catalog accessed on June 12, 2015. Relevant genes were

taken from the columns "Reported Gene(s)" and "Mapped _gene". To generate a null distribu-

tion, we chose 1,000 sets of randomly selected genes matched to eSTR genes on expression in

LCLs (difference in RPKM < 10) and on cis heritability (difference in variance explained by cis

bi-allelic variants < 5%). We compared the overlap of GWAS genes with eSTR genes vs. the

1,000 control sets to determine an empirical p-value.

4.6.13 eSTR associations with human traits

To generate STR genotypes for each of the individuals in the UK10K TwinsUK dataset, we

ran lobSTR v2.0.3 on each BAM using the options fFt-windowsize=16, fft-window-step=4 and

bwaq=15. The resulting BAM files were analyzed using v2.0.3 of the lobSTR allelotyper using

default options, resulting in STR genotypes for 1,685 individuals.

We then performed an association test between each STR and each phenotype. To control

for population structure, we adjusted STR dosages and phenotypes for the top 10 ancestry

principal components based on common SNPs (MAF>5%) after LD-pruning. Principal compo-

nents were computed using EIGENSTRAT [171] v5.0.1. Phenotypes were further adjusted for

the age at which the phenotype was measured. Association tests were performed between the

adjusted dosages and the quantile-normalized adjusted phenotypes. We were able to analyze

TwinsUK cohort for the following 38 phenotypes [in parentheses, the PMID reference given by

TwinsUK to describe the phenotype measurement procedure]: Albumin (19209234), Alkaline

phosphatase (19209234), Apolipoprotein A-1 (15379757), Apolipoprotein B (15379757), Bicar-

bonate, Bilirubin (19209234), Body mass index, Creatinine (11017953), Diastolic blood pressure
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(16249458), Heart Rate (19587794), FEV1 (17989158), FEV1/FVC ratio (17989158), FVC

(17989158), Gamma-Glutamyl Transpeptidase (19209234), Glucose (19209234), High density

lipoprotein (19016618), Standing height (17559308), Hemoglobin (19862010), Hip circumfer-

ence (17228025), Homocysteine (18280483), C-reactive protein (21300955), Insulin (16402267),

Mean corpuscular volume (19862010), Packed Cell Volume (10607722), Phosphate (12193151),
Platelet count (19221038), Red blood cell count (19820697), Sodium (18179892), Systolic blood

pressure (16249458), Total cholesterol (19820914), Triglycerides (15379757), Urea (18179892),
Uric acid (19209234), Waist circumference (17228025), White blood cell count (19820697),
Weight (17016694), and Waist to Hip ratio.

We then examined the association in the 666 eSTR loci that contained an eSTR that significantly

improved the gene expression variance when combined with the lead eSNP (nominal ANOVA
p<0.05). Out of these eSTRs, 499 were genotyped in >1,000 participants. For each phenotype,

q values were calculated by adjusting the p-values using the Benjamini-Hochberg procedure.

Only hits with a q-value < 0.1 were reported.

4.7 Supplementary Notes

4.7.1 STR genotype error reduces power to detect eSTRs

We performed simulations to evaluate the effect of lobSTR genotype errors on our power to

detect eSTR associations. We used capillary electrophoresis calls from the Marshfield panel

as ground truth genotypes and lobSTR calls for the same markers in our catalog as observed

genotypes. We filtered for loci with at least 25 calls for comparison. For each gene, we simulated

expression values assuming a single causal STR per gene that explains h2R percent of expression

variance. We performed the analysis for h2R equal to 0.01, 0.05, 0.1, 0.3, and 0.5. Expression

values were simulated as follows:

Yi = /Xi + Ei (4.7)

where Y is the expression level for individual i, Xi is the true STR dosage for individual i,
#3 = h T is the effect size of the STR, and ci ~ N(0, 1 - h2R) is the residual term for

individual i.
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We performed association analysis regressing Y on both X and X', where X' are the observed-

STR dosages, and tested whether / was significantly different than 0 in each case (p<0.01). We

found that genotype errors limit our power to detect eSTRs (Supplementary Fig. 4.8.1a) and

cause us to underestimate the true variance explained by STRs (Supplementary Fig. 4.8.1b)

but do not introduce spurious eSTR signals.

4.7.2 Controlling for covariates

We controlled for a number of covariates by regressing them out of the expression dataset. The

covariate-corrected expression matrix is given by:

Y = (1 - H)Y' (4.8)

where Y' is an n x m matrix of normalized expression values, Y is an n x m matrix of residualized

expression values, n is the number of individuals, m is the number of genes, H = C(CTC)lICT

is the hat matrix, and C is an n x c matrix of c covariates. Specifically, the columns of C consist

of the following sub-matrices:

[ C- Cp Cexp Cpopstruct ](4.9)
1. Individual sex: this is a binary vector, 6, E {0, 1}" , where 0 denotes female and 1

male.

2. Individual population membership: this is a binary matrix Cp E {0, l}nXPoP-l. A "1'

in position Cp(ij) denotes that individual i belongs to population j. Specifically, pop is

equal to to 4 for the association tests with the gEUVADIS RNA-seq data.

3. Gene expression heterogeneity: Y' is a matrix that consists of all g as its column

vectors, where ' is a vector of expression values for gene g. To reduce variation due

to experimental differences or other unidentified confounding factors across expression

datasets, the top 10 principal components (PCs) corresponding to the top 10 eigenvectors

of Y'Y'T were included as covariates for both the array and RNA-sequencing datasets.

Cexp E Rnx 10 indicates the matrix of the top 10 PCs.
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4. Population structure: We first preprocessed the HapMap SNP dataset to include SNPs

with MAF > 10%. We used Plink [184] for LD-pruning with a pairwise correlation thresh-

old of 0.5, a window size of 50 SNPs, and a step size of 5 SNPs. This left 286,010

SNPs for the RNA-sequencing dataset, which we used to correct for population structure.

We used the Tracy-Widom test for population stratification proposed by Patterson, et al.

[171] to determine the number of PCs to include as covariates. Let Cp.t,-ct E R xt

indicate the matrix of the top t PCs removed, where t=5 for the RNA-sequencing dataset.

Residualized expression values were then used as input to the eQTL analysis.

4.7.3 Validation of promoter eSTRs

To assess the affect of low sequencing coverage on our eSTR analysis, we performed targeted

sequencing of 2,472 loci in promoter regions (TSS +/-1kb) in 120 CEU and YRI individuals

(see Online Methods 4.6), 107 of which were genotyped as part of our 1000 Genomes STR

catalog [240]. We used lobSTR v3.0.3 to call STR genotypes from these reads. The median

number of informative reads per locus was 15.

We first used this callset to assess the accuracy of STR calls from the low coverage 1000

Genomes Project dataset. To ensure a high quality callset for comparison, analysis was restricted

to calls with a minimum coverage of 5x and minimum lobSTR quality score of 0.5, leaving 1,293

loci. STR dosage was highly correlated between the high coverage vs. the 1000 Genomes

calls (r2 = 0.74) (Supplementary Fig 4.8.4a). Overall, 65% of individual genotypes were

concordant, with 57.8% of discordant calls due to calling only a single allele at heterozygous

sites in the low coverage data. The majority of incorrect allele calls were off by one (75%) or two

(15.9%) repeat units (Supplementary Fig. 4.8.4b), suggesting stutter noise as the primary

error source for these calls.

We next used the high coverage calls to validate our eSTR associations in promoter regions.

We performed eSTR analysis on these 120 samples, 29 of which overlapped samples used in

our discovery dataset. We filtered the high coverage callset to contain loci where at least 30
samples had a genotype call. As for the discovery analysis, we removed any genotypes seen less

than three times. After filtering 126 eSTRs could be tested using the high coverage calls.

The majority of calls showed the same direction of effect (79%, p=9.9 x 10-12, n=126)

(Supplementary Fig. 4.8.4c). Effect sizes were inflated in the low coverage discovery dataset
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(slope=0.83), as expected due to winner's curse resulting from low power. Overall, our results

suggest that the majority of associations discovered in the low coverage data are replicable using

higher quality genotype calls.

4.7.4 Comparing expression across array and RNA-sequencing datasets

To determine the reproducibility of expression profiling across platforms, we compared gene

expression for the 122 individuals profiled by both array and RNA-sequencing. For each platform,

we obtained a 122 x 4,627 matrix yArray and yRNAse, where YArray and yRNAeq give the

expression of gene g in individual i on the expression array and the RNA sequencing, respectively,

before quantile normalization.

We measured the reproducibility of expression profiles inside subjects by calculating the Spear-

man rank correlation for each pair of row vectors Y Array and YRNAseq for i E {1.122}
0i,.) (i,.)

(Supplementary Fig. 4.8.5a). The average Spearman correlation was 0.71. A previous

study by Maroni et al. [149] measured technical reliability of RNA-seq versus array data with

independent datasets. Importantly, they reported an average Spearman correlation of 0.73 for

reproducibility of expression profiles inside subjects. This result provides additional support to

the technical validity of our expression analysis pipeline.

eQTL replication requires that relative differences between subjects are reproducible across ex-

periments. We compared the order of individuals at each gene as reported by the array and

the RNA-sequencing data by measuring the Spearman rank correlation of the column vectors

Y Array and YRNAseq for g E {1..4, 627} (Supplementary Fig. 4.8.5b). The concordance

of rank-order of individuals across platforms was moderate (average Spearman rank correlation

0.22), which implies only moderate power to replicate QTLs across the two platforms. Choy

et al. performed a similar analysis with biological replicates of LCLs in two expression arrays

independent from our study [31]. They also reported Spearman rank correlations of 0.25-0.3 for

relative differences of expression between subjects, in agreement with our analysis.

4.7.5 Partitioning heritability on simulated datasets

The lead STR can often exhibit high collinearity with other cis variants. To rule out the

possibility that the LMM could be incorrectly partitioning variance to the STR in the case of

tagging another causal variant nearby, we performed simulations in which there was a single
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causal SNP eQTL per gene. For each gene, we simulated expression values using the following

process:

1. Choose the lead SNP from the eQTL analysis on real data as the causal variant. Let this

eQTL explain a2 percent of expression variance.

2. Simulate expression values as yj = /xi + Ec where yj is the simulated expression value for

individual i, xi is the SNP genotype for individual i, '3 = V7, and E - N(0, 1 - o 2).

3. Run the LMM analysis as described in the Online Methods to determine h2R and h.

Notably, this procedure simulates the causal SNP based on the SNP-eQTL analysis, rendering

the test more realistic. The simulation was repeated for values of a2 equal to 0, 0.01, 0.05, 0.1,

0.2, 0.3, 0.4, and 0.5 for each gene. We performed this analysis for both the cases of treating

the STR as a fixed and a random effect.

We observed that in both models, h2 was very close to the simulated value of a 2, as expected.

Importantly, the median value for h2R was negative for the fixed effects case and 0 for the

random effects case across all simulations with h2 > 1%. The mean values were close to 0 for

most realistic values of SNP-eQTL effects and slightly biased (< 0.005) upwards in the case of

very strong SNP-eQTLs (Supplementary Fig. 4.8.6). The median ratio of hsR2 to h2R +h2

was exactly 0 for the fixed effects case and < 0.1% for the random effects cases when h > 1%.

These findings suggest that our LMM analysis reflects an accurate partitioning of variance even

in the presence of strong SNP-eQTLs.

To ensure that we realistically recapitulate the architecture of eSNPs in our data, we repeated

these simulations using the observed a 2 for the lead SNP per gene as the simulated value. For

the fixed effects case the median ratio of h2R to h2R + h was 0. Restricting to genes

that had a significant eSTR resulted in a slightly elevated median of 1.4%, suggesting that in

some cases hSTR is mildly inflated due to tagging. However, when we repeated the simulations

assuming a single causal STR, the ratio was greater than 90% for eSTRs that explain at least

5% of variation in expression. This shows that our variance partitioning analysis correctly assigns

variance to STRs in the case that they are causal, but assigns little or no variance to STRs in

the presence of other causal variants nearby.

In some cases a gene may be genetically controlled by multiple causal eSNPs. To account for

this scenario, we repeated the simulations assuming two causal SNPs per gene. We found that

h2 tended to be close to the sum of variance explained by the two eSNPs, whereas the median
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ratio of hTR to hTR + hb was again 0 (Supplementary Fig. 4.8.7). This suggests that our

analysis is robust across a variety of eQTL architectures.

Finally, to validate that our estimators of h2R are not inflated, we also ran the fixed effects

LMM analysis on random pairs of eSTRs and local bi-allelic variants from chromosome 2 and

gene expression profiles from chromosome 1. This generated a null distribution for hsR in the

case of no association. In this negative control condition, h2R was distributed symmetrically

around 0 with mean 7 x 10-4 and median -0.002, demonstrating that the estimator is unbiased.

4.7.6 STR genotype errors result in underestimating h TR

We performed simulations to evaluate the effect of STR genotype errors on our variance par-

titioning analysis. For each STR, we simulated expression of a gene based on ground truth

genotypes as described in the power analysis above. We assumed a single causal STR that

explains hSTR percent of expression variance, where h2TR ranged from 0 to 0.5.

We performed a linear mixed model analysis with all SNPs within 100kb of the STR as one

variance component and the STR as a fixed effect using either the ground truth STR genotypes

or the observed genotypes reported by lobSTR (Supplementary Fig. 4.8.8). While the ground

truth genotypes accurately recover the simulated value of hR , using observed genotypes results

in a strong underestimation, suggesting that our analysis is quite conservative in measuring the

contribution of STRs to explaining expression variability.

4.7.7 Treating STRs as random vs. fixed effects

In our LMM analysis to partition heritability between STRs and other cis variants, we treated

the lead STR for each gene as a fixed effect. We repeated this analysis treating the STR as

a random effect to determine whether this choice significantly affects our results. We used a

model of the form:

Yg= ag + Yg+i-g+j (4.10)

where:

* i is a length n vector of random effects for the lead STR
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" 9 - MVNa(O, a2, S.) with a2, the percent of phenotypic variance explained by the lead

STR for gene g

" Sg is a standardized IBS relatedness matrix constructed using the lead STR. It was con-

structed as:
1

Sg = ( - 1J)(X - (4.11)
var(s)

where i is a length n vector consisting of genotypes for the lead STR.

" All other variables are as described in the Online Methods.

We used the GCTA program [247] to determine the REML estimates of o2 and a2 ,. GCTA

encountered numerical problems using the -remi-no-constrain option, likely due to the small

sample size for each gene and strong correlation between the STR and bi-allelic variance com-

ponents. Therefore, estimates were constrained to be between 0 and 1 and are biased to be

greater than 0.

The overall phenotypic variance-covariance matrix is:

var(y)= IS +U Kg + U I2 (4.12)

with 07 giving the percent of phenotypic variance explained by the lead STR (hSTR) and a ,
giving the percent explained by other cis bi-allelic variants (h ).

Estimates of the variance explained by STRs and by cis bi-allelic variants using this model

are consistent with those obtained by treating STRs as a fixed effect (Supplementary Table

4.9.6,4.9.7). Because the random effects estimates are constrained to be between 0 and 1,

the random effects model tended to partition variance all to a single variance component, but

overall distributions of h2R and h2 were similar to the fixed effects case (Fig. 4.2.2b and

Supplementary Fig. 4.8.9).
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4.8 Supplementary Figures

4.8.1 Supplementary Figure 1
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explained by the STR. (black: observed capillary electrophoresis genotypes, blue: lobSTR geno-

types).
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4.8.2 Supplementary Figure 2
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4.8.3 Supplementary Figure 3
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4.8.4 Supplementary Figure 4
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Validation of eSTR analysis using high coverage genotype calls. a. Comparison of STR

dosage in low coverage 1000 Genomes calls vs. calls from high coverage targeted sequencing of

promoter STRs. Bubble area represents the number of calls at each data point. For reference,

the bubble at -20,-20 represents 176 calls. 0 denotes the reference allele. The transparent bubble

in the center represents calls that are homozygous reference in both datasets. b. Distribution of

the size of errors for discordant allele calls. The majority of errors (89.4%) are off by one or two

repeat units. c. Comparison of eSTR effect sizes between the low and high coverage datasets.

Red dots denote eSTRs with concordant effect directions.
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4.8.5 Supplementary Figure 5
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Expression values are moderately reproducible across platforms. a. Distribution of Spear-
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microarray vs. RNA-sequencing platforms. b. Distribution of Spearman rank correlation coeffi-
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using microarray vs. RNA-sequencing platforms.
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4.8.6 Supplementary Figure 6
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(b&d) The LMM simulations with STRs as random effects (a-d) Black points denote the true

value of the variance explained by the causal SNP. Red dots denote the average value of the

estimator. Red bars denote the median value of the estimator. The figure shows that the median

values of the lead STRs are largely insensitive to the presence of a strong SNP eQTL.
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4.8.7 Supplementary Figure 7
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causal SNPs. Red dots denote the average value of the estimator. Red bars denote the median
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135



4.8.8 Supplementary Figure 8
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4.8.9 Supplementary Figure 9

0.7

0.6

0.5

0.4

0.3

1.4%

0.2

0.0 0.1 0.2 0.3 0.4 0.5 0.6

h2STR

4.00 3.75 3.50 3.25 3.00 2.75

logIO(frequency)

Partitioning variance when treaing the STR as a random effect. The heatmap shows

the distribution of h2R and h2 for each gene. Dashed gray lines give the medians of each

distribution.

137

..C

8.9%

U.,/

2.50 2.25



4.8.10 Supplementary Figure 10
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distance bin. Black lines show the number of STRs that were included in our analysis (meaning
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data points. a and b were binned by 10kb. c and d were binned by 500bp.
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4.8.11 Supplementary Figure 11
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and then tested whether the magnitudes were significantly different between the two sets. b.

Comparison of the distribution of slope magnitudes for eSTRs (red) and controls (gray).
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4.8.12 Supplementary Figure 12
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Enrichment of eSTR genes in GWAS. Number of eSTR genes (red dashed line) overlapping
GWAS genes for each trait. Gray bars give the distribution of the number of overlapping
genes from 1000 control sets of STRs matched on expression in LCLs and on cis heritability.

(RA=rheumatoid arthritis, CAD=coronary artery disease, T1D=type I diabetes, T2D=type 2

diabetes).
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4.9 Supplementary Tables

4.9.1 Supplementary Table 1

Num. eSTRs % eSTRs Num. all STRs % all STRs Enrichment Pval
2 951 50.2% 50,184 62.0% 0.81 1.0
3 223 11.8% 7,369 9.1% 1.29 4.8 x 10-5

4 516 27.2% 17,938 22.2% 1.23 8.2 x 10-8
5 166 8.8% 4,466 5.5% 1.59 3.9 x 10-9
6 39 2.1% 1,023 1.3% 1.63 2.4 x 10-3

Distribution of motif lengths in eSTRs vs. all STRs. Distribution of motif lengths in all

unique eSTR loci vs. all unique STR loci included in the analysis after applying quality filters.
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4.9.2 Supplementary Table 2

Motif
AAAAAC
AATC
AAAC
AAC
AAAC
AAAG
AAG
AAAAG
ATCC
ATC
AG
AAAT
AAAT
AATG
AAT
AT
AC
AGAT

I Num. eSTRs I % eSTRs I Num. all STRs I % all STRs
0.9%
0.5%
5.0%
5.0%
9.1%
2.4%
0.5%
0.8%
0.8%
0.5%
6.8%
10.4%
1.8%
0.8%
3.9%
8.5%
34.9%
0.8%

217
152
1,822
2,056
3,995
1,179
285
449
488
392
5,174
8,073
1,451
676
3,678
8,775
36,206
1,561

0.3%
0.2%
2.2%
2.5%
4.9%
1.5%
0.4%
0.6%
0.6%
0.5%
6.3%
10.0%
1.8%
0.8%
4.5%
10.8%
44.7%
1.9%

17
10
94
95
173
47
10
15
16
10
128
198
35
16
74
161
662
16

Enrichment
3.35
2.81
2.20
1.97
1.85
1.70
1.50
1.43
1.40
1.09
1.06
1.05
1.03
1.01
0.86
0.78
0.78
0.44

Pval
1.7 x
3.2 x
1.8 x
5.0 x
9.0 x
3.6 x
0.13
0.11
0.11
0.44
0.27
0.25
0.45
0.52
0.92
0.99
1.0
1.0

10~5
10-10
10-15
10-4

Distribution of motifs in eSTRs vs. all STRs. Distribution of motifs in all unique eSTR

loci vs. all unique STR loci included in the analysis after applying quality filters. Only motifs

for which there were at least 10 eSTRs are shown. Motifs were converted to canonical format

as described in [240].
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4.9.3 Supplementary Table 3

Annotation Num. eSTRs % eSTRs Num. all STRs % all STRs Enrichment Pval
Coding 13 0.7% 157 0.2% 3.54 9.1 x 10-5
5' UTR 51 2.7% 897 1.1% 2.43 1.0 x 10-8
Exon 127 6.7% 2,452 3.0% 2.21 1.5 x 10-16
3' UTR 77 4.1% 1,569 1.9% 2.10 1.7 x 10-9
Neargene (5') 335 17.7% 7,357 9.1% 1.95 1.5 x 10-32
Neargene (3') 326 17.2% 7,399 9.1% 1.88 4.5 x 10-29
Intron 1,314 69.3% 52,326 64.6% 1.07 6.1 x 10-6
Intergenic 395 20.8% 23,373 28.9% 0.72 1.00

Distribution of genomic locations of eSTRs vs. all STRs. Annotations were compiled

using Ensembl version 71. "Exon" refers to both coding and non-coding exons and untranslated

regions. "Neargene" refers to regions within 5kb of a gene. "Intergenic" refers to STRs not

falling into any other annotation. Note some STRs may overlap multiple annotations.
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4.9.4 Supplementary Table 4

Element Num. eSTRs % positive effects P-val
All eSTRs 2,060 49.5 0.708
POL24H8 75 65.3 0.011
DNAsel 41 70.7 0.012
Sutr 59 64.4 0.036
Heterochrom/lo 801 47.3 0.138
NFIC 51 60.8 0.161
POL2 57 59.6 0.185
WeakPromoter 61 59.0 0.200
ELF1 36 61.1 0.243
WeakEnhancer 151 45.0 0.255
YY1 38 60.5 0.256
TCF12 29 62.1 0.265
WeakTxn 496 52.4 0.302
PAX5C20 35 60.0 0.311
ATF2 37 59.5 0.324
CR EB1 26 61.5 0.327
TxnTransition 41 58.5 0.349
RUNX3 91 54.9 0.402
TxnElongation 323 47.7 0.436
intron 1,434 49.2 0.579
BCLAF 48 54.2 0.665
exon 140 52.1 0.673
neargene3 363 49.0 0.753
ActivePromoter 53 52.8 0.784
Repressed 53 52.8 0.784
neargene5 382 49.2 0.798
MTA3 28 53.6 0.851
NFATC1 32 53.1 0.860
FOXM1 38 52.6 0.871
intergenic 422 49.5 0.884
3utr 84 50.0 1.000
BCL3 37 51.4 1.000
StrongEnhancer 79 50.6 1.000
TCF3 37 48.6 1.000

Direction of effects of eSTRs. Genomic elements were annotated using Ensembi version 71

as described in the previous table. DNAsel HS sites and transcription factor binding sites were
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annotated by ENCODE and were downloaded from the UCSC Table Browser for hg19. P-values

are from a two-tailed binomial test for whether the percentage of positive slopes is significantly

different than 50%.
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4.9.5 Supplementary Table 5

Comparison of three candidate studies with STRs and their corresponding results in

our genome-wide scan

1 Full references are given in the main text.

2 Inducing/repressing: length increase of the STR is associated with increase/decrease of expression.

3 Start coordinate of the STR in hg19.
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Candidate gene studies Genome-wide analysis

Reference' Gene STR Tissue Direction Position3  Effect # of p-value eSTRs
location of effect2  size samples

Contente, PIG3 5'UTR H1299 (non- Inducing chr2: 0.37 94 0.00001 Yes
2002 small cell 24307212

lung cancer)

Shimajiri, MMP9 Promoter TE9 Inducing chr20: -0.10 272 0.06 No
1999 (esophageal 44637413

squamous
cell
carcinoma)

Gebhardt, EGFR Intron 1 In vitro Repressing chr7: -0.13 199 0.07 No
1999 1 55088254 1 1



4.9.6 Supplementary Table 6

eSTR genes (n=1,928) 0.1203 (0.1139-0.1259) 0.0180 (0.0166-0.0199) 0.1230 (0.1106-0.1420)
Moderate cis h2 (n=6,272) 0.0910 (0.0884-0.0938) 0.0145 (0.0137-0.0151) 0.1283 (0.1222-0.1346)
Moderate cis h2 , no eSTR (n=4,412) 0.0809 (0.0791-0.0829) 0.0136 (0.0129-0.0144) 0.1325 (0.1262-0.1397)

Heritability of gene expression explained by STRs vs. common bi-allelic variants. Values

show the median and 95% confidence interval of the median across all eSTR-containing genes

and genes with moderate cis heritability (>5%). h2 denotes the variance explained by all

common cis bi-allelic variants, hTR denotes the variance explained by the lead STR for each

gene, and h 8 = h TR + h .
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4.9.7 Supplementary Table 7

h 2 h 2/h 2

eSTR genes - (STR fixed) 0.1203 (0.1139-0.1259) 0.0180 (0.0166-0.0199) 0.1230 (0.1106-0.1420)
eSTR genes - (STR random) 0.1229 (0.1159-0.1295) 0.0200 (0.0178-0.0216) 0.1288 (0.1179-0.1451)
Moderate cis hC,, (STR fixed) 0.0910 (0.0884-0.0938) 0.0145 (0.0137-0.0151) 0.1283 (0.1222-0.1346)
Moderate cis h,, (STR random) 0.0892 (0.0865-0.0918) 0.0143 (0.0137-0.0149) 0.1245 (0.1184-0.1309)

Heritability of gene expression explained by STRs vs. common bi-allelic variants in a

random effects model. Values show the median and 95% confidence interval of the median

across all eSTR-containing genes and genes with moderate cis heritability (>5%). h denotes

the variance explained by all common cis bi-allelic markers, h2TR denotes the variance explained

by the lead STR for each gene, and h 2= hR + h .
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4.9.8 Supplementary Table 8

STR enrichment STR p-value SNP enrichment SNP p-value

H3k27ac 1.18 0.001 1.91 <0.001
H3k27me3 0.87 1.000 0.81 1.00
H3k36me3 1.11 <0.001 1.20 <0.001
H3k4mel 1.18 <0.001 1.48 <0.001
H3k4me2 1.25 <0.001 1.93 <0.001
H3k4me3 1.26 <0.001 2.03 <0.001
H3k9ac 1.17 0.009 2.07 <0.001
H3k9me3 0.97 0.804 1.11 0.001

ActivePromoter 1.00 0.513 3.41 <0.001
Heterochrom/lo 0.91 1.000 0.68 1.000
Insulator 1.23 0.221 0.74 0.940

PoisedPromoter 0.56 0.899 3.14 <0.001
Repressed 0.69 0.997 0.65 1.000

StrongEnhancer 0.98 0.603 1.93 <0.001
TxnElongation 1.08 0.072 1.03 0.191
TxnTransition 1.07 0.370 1.09 0.220

WeakEnhancer 1.23 0.004 1.35 <0.001
WeakPromoter 1.48 0.002 2.02 <0.001
WeakTxn 1.09 0.012 1.04 0.057

Enrichment of eSNPs and eSTRs. Overlap of eSTRs and eSNPs with each annotation were

compared to the overlap of shifted eSTR and eSNP locations. We performed 1,000 rounds of

shifting eSTRs and eSNPs to generate null distributions of the percent overlap. Enrichment

values give the percent of eSTRs or eSNPs overlapping each annotation divided by the average

percent overlap after shifting. P-values are empirical probabilities based on comparison to the

1,000 shifted sets of locations.
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4.9.9 Supplementary Table 9

Chr Pos Eff. size R2  p-val q-score Phenotype eSTR gene ID Name Samples

chr4 9955416 0.026 0.029 3.49E-08 1.09E-05 Uric Acid ENSG00000109667 SLC2A9 1047

chrl0 27124545 -0.034 0.022 4.61E-07 1.69E-04 Phosphate ENSG00000136754 ABIl 1139

chrl 109393265 0.151 0.012 2.89E-05 1.44E-02 Diastolic BP ENSG00000121940 CLCC1 1475

chr6 20195837 -0.025 0.012 3.26E-05 1.62E-02 Albumin ENSG00000172197 MBOAT1 1430

chrl 110516300 -0.052 0.012 5.07E-05 2.49E-02 Urea ENSG00000143093 STRIP1 1372

chr15 100382014 -0.063 0.014 8.46E-05 3.73E-02 CRP ENSG00000259363 CTD-2054N24.2 1110
chr3 58429246 -0.021 0.009 2.42E-04 5.32E-02 Albumin ENSG00000168291 PDH8 1461

chr17 80787868 0.029 0.009 3.22E-04 5.32E-02 Albumin ENSG00000141560 FN3KRP 1394

chr9 33502041 -0.033 0.012 1.27E-04 6.14E-02 FVC ENSG00000165271 NOL6 1248

chr2 85624828 0.009 0.012 4.21E-04 6.57E-02 Uric Acid ENSG00000042493 CAPG 1059

chr3 37141930 0.05 0.009 3.58E-04 8.69E-02 FVC ENSG00000093167 LRRFIP2 1367

chr3 129174742 -0.034 0.011 1.93E-04 8.86E-02 MCV ENSG00000172771 EFCAB12 1232

Significant associations (FDR<0.1) of eSTRs in the TwinsUK data. We considered only

eSTRs for which a joint model with the lead eSNP significantly improved the explained variance

of the expressed gene over a model with the lead eSNP alone. Positive effects denote STRs

whose expansions are associated with increased phenotypic levels and vice versa. R2 denotes the

phenotypic variane explained by the STR. BP: blood pressure; CRP: C-reactive protein; MCV:

Mean Corpuscular Haemoglobin. eSTR gene ids denote the genes whose expression levels were

found to be associated with the eSTR. Samples denote the number of TwinsUK genomes that

were genotyped and phenotyped for the specific eSTR/clinical phenotype association.
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Chapter 5

Conclusion and future directions

5.1 Synthesis: STRs as a model for exploring the role of com-

plex variants in human traits

In this thesis, I have presented our work to use large scale sequencing datasets to interrogate the

role of complex variants in human traits, using STRs as a model. In particular, we developed

the first tools for genome-wide analysis of STRs, applied these tools to create initial population-

wide catalogs of STR variation, and showed that STRs contribute on average 10-15% of the

heritability of gene expression due to cis variants.

These initial studies demonstrate that to fully understand how genetic variation influences phe-

notype, it is crucial to analyze the entire spectrum of mutations, not just those that are simplest

to analyze or genotypes. There is still a tremendous amount of work to be done to improve our

knowledge of the genetic control of gene regulation across the range of human cell types and

ultimately how this contributes to complex traits.

The methods and results presented here pave the way toward a better understanding of the role

of complex variants. Below, I discuss current challenges, new questions, and future directions

toward achieving this goal.

5.1.1 Methods for STR genotyping

A major contribution of this work has been the first tool for high throughput STR genotyping

from next generation sequencing data. Below I discuss extensions of this work, limitations of

our current method, and potential improvements to STR genotyping going forward.
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lobSTR improvements

Since its initial development, we have continued to develop and improve the lobSTR method. We

have expanded the reference to include more than one million STRs, including homopolymers.

We have added support for paired-end reads, the ability to call STRs across multiple samples

at once, and significant algorithmic speedups.

Recently, the author of the widely used Burrows Wheeler Aligner (BWA) [135] has introduced

a new tool, BWA-MEM [1331, with significant speedups and improvements in indel sensitivity.

To accommodate this bioinformatic improvement, we have added an option to lobSTR to call

STRs from alignments produced by external tools. This has proven to be more sensitive and

nearly as accurate as lobSTR's original sensing and alignment steps, with the added benefit of

greatly reducing run times for processing large cohorts that have been previously aligned using

BWA-MEM. Incorporating this capability is still a work in progress but will potentially greatly

increase the sensitivity of lobSTR's alignment step and in turn the quality of genotype calls.

Limitations of our method

As a result of our continued development of lobSTR and the emergence of higher coverage,

PCR-free genome sequences, lobSTR can now achieve extremely high concordance upwards of

90% with the current gold standard for STR genotyping. However, our method has several

limitations:

* Limited sensitivity: because lobSTR only analyzes reads passing its "sensing" step that

meet a required sequence entropy threshold, it will always face a tradeoff between run

time and alignment sensitivity. The new capability of lobSTR to analyze reads aligned

by alternative methods will delegate this issue to upstream tools. However, each aligner

has its own biases, and STRs embedded in low-complexity regions continue to produce

problematic alignments.

9 Genotyping model limitations: lobSTR currently determines a maximum likelihood geno-

type at each locus using a pre-calculated model of PCR stutter noise. This model does

not account for mapping or local alignment errors. Therefore, it is heavily influenced by
"outlier" reads that have been improperly aligned. Additionally, it does not account for

length-dependent biases in read coverage, sequence variations within STR alleles, or locus-

specific stutter noise parameters. It will be fairly straightforward to modify the current
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noise model to improve some of these issues, and members of the Erlich lab are actively

working on improved models.

" Reference bias: lobSTR does not attempt to discover STR loci de novo, but rather uses

a pre-determined set of STRs discovered in the human reference genome. As a result, an

STR that is truly polymorphic in the population but exhibits an allele that was too short

to be recognized as an STR in the reference will not be analyzed. New tools such as the

GATK HaplotypeCaller that analyze the entire genome and integrate calling of multiple

types of variants have the potential to perform de novo discovery of STRs and other

complex variants.

" Long STRs are inaccessible: the length of STRs that lobSTR can analyze is limited by the

sequencing read length, since a read must entirely span an STR to be informative of the

number of repeats present. With the current upper bound of read lengths around 150bp,

STRs more than 100bp long are largely inaccessible. Therefore, large repeat expansions,

such as those present in Huntington's Disease, Fragile X Syndrome, and dozens of other

repeat expansion disorders, remain inaccessible. Although some efforts have been made

[42], no tool has been shown to reliably detect repeat expansions from short reads. This

task is of great interest to the medical genetics community and is an active area of research

in other groups.

* Joint calling: lobSTR currently has the ability to genotype multiple samples at once, but

makes limited effort to utilize information across samples to improve calls. Theoretically,

features such as population allele frequencies and recurrent alignment errors across samples

could inform genotype calling, as has been demonstrated in large joint calling efforts like

the Exome Aggregation Consortium [131].

Recent tools for genotyping STRs from sequencing data

Over the last several years, additional tools have arisen:

1. STRViper [27]: Uses insert size between paired end sequencing reads to detect STR

variations.

2. RepeatSeq [901: uses Bayesian model selection to genotype previously aligned STR-

containing reads.

3. STR-FM [61]: uses a method based on lobSTR's algorithm but with a modified detection
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step for increased sensitivity of short repeats and may be applied to non-diploid samples.

The first two tools operate on previously existing alignments, and so are limited by the quality

of the upstream aligner. The third may provide improvements to STR calling, especially at

homopolymers which are extremely noisy in sequencing data. So far, these tools have not seen

widespread use in mainstream sequence analysis.

In addition to STR-specific callers, a new class of variant callers, including GATK [154] Haplo-

typeCaller, Platypus [189], and Scalpel [163]. These methods perform local haplotype reassembly

and can incorporate sophisticated noise models, and can theoretically genotype many variant

types, including STRs, quite accurately. There has so far been no systematic evaluation of their

performance at STRs, but these tools may be promising for STR analysis in the future.

Long-read technology can capture long repetitive regions

A major limitation of analyzing STRs from high throughput sequencing data is the short read

length. Only reads entirely spanning an STR are informative of the repeat length, and sufficient

flanking region on either side of the STR is required for accurate alignment. While the main-

stream sequencing technology from Illumina is limited to sequencing at most several hundred

base pairs in a single read, alternative sequencing platforms, such as PacBio's SMRT (single

molecule real time) sequencing [47] and the new Nanopore technology [32], can now produce

much longer read lengths of up to several thousand base pairs.

These technologies may be used to sequence long repeats observed in expansion disorders such

as Fragile X [142] or ataxias [421, and other complex regions of the genome. Chaisson et al [28]

recently applied SMRT to sequence a haploid genome to 40x coverage with an average read

length of 5kb. With these long reads, they were able to close 50 gaps in the human genome

reference assembly, which were highly enriched for short tandem repeats and other repeats

embedded in larger, more complex tandem arrays of degenerate repeats. With longer and longer

read lengths, we may soon be able to analyze STRs, as well as other repetitive elements such as

variable number tandem repeats (VNTRs) and retrotransposons that were previously inaccessible

using sequencing studies.

154



5.1.2 Contribution of STRs to gene expression

We have demonstrated here that STRs make a significant contribution to variation in gene

expression in lymphoblastoid cell lines. Going forward, higher powered datasets across a range

of human cell types will help provide a clearer picture of individual STRs important for gene

regulation and the biological mechanisms by which they act.

Limitations of our eSTR analysis

Our eSTR analysis faced several limitations. First, due to the low sequencing coverage and

resulting low quality individual genotypes, we were underpowered to detect specific STR by

gene associations with even moderate to large effect sizes. Furthermore, we showed that our

analysis greatly underestimated the effects and heritability due to eSTRs. Therefore, we believe

that there are many more eSTRs to discover, and that our heritability results underestimate

their true contribution.

Second, we only considered a simple linear model relating average repeat length and gene expres-

sion. Results from model organisms such as yeast [65] suggest that many eSTR associations

may indeed take a quadratic or other shape. Additionally, we considered only repeat length,

ignoring the effects of sequence variations within STRs, which may be important for function.

For instance, a recent study in Ewing Sarcoma showed that the alternate allele of a GWAS SNP

combines two adjacent repeat tracts into one larger one [73], showing the importance of STR

sequence interruptions.

Third, although we have shown strong evidence of a regulatory role for eSTRs by demonstrating

enrichment near transcription start sites and enhancers and predicted ability to modulate histone

modifications, the biological mechanisms by which they act remain unclear.

Finally, we found initial results that eSTRs may be important for complex traits by showing that

genes implicated in autoimmune disorders by GWAS are enriched for genes regulated by an eSTR

in LCLs, and that a handful of eSTRs are also associated with metabolic and other traits in an

orthogonal sample. However, these analyses were again underpowered and considered eSTRs

from only a single cell type (LCLs), which may not be relevant for many conditions considered.

Furthermore, we will need to replicate these results in independent cohorts and show evidence

of a causal link to definitively show a role for eSTRs in complex traits.
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Future studies are required to discover high confidence individual eSTRs, fully assess the contri-
bution of eSTRs to expression heritability across a range of cell types, dissect the mechanisms

by which eSTRs act, and assess the contribution of eSTRs, as well as other types of QTLs, to
complex traits.

Higher powered datasets will provide deeper insight into the role of eSTRs

As discussed above, a major challenge in eQTL analysis is the small sample size of currently

available datasets. As larger cohorts and deeper sequencing datasets become available, the

power to detect individual eSTRs and other eQTLs will be greatly improved. For instance, the

GTEx project [6] has recently generated whole genome sequencing and RNA-seq from a wide

variety of tissue types across hundreds of samples. This provides an unprecedented dataset to

study the effects of complex variants on gene expression and other transcription phenotypes

such as splicing.

Toward biological understanding

So far, our knowledge of biological mechanisms by which eSTRs and other eQTLs modulate

transcription are largely unknown. For STRs, several hypotheses have been presented. These

include altering transcription factor binding sites, changing spacing between regulatory elements,

and inducing non B-DNA "Z" secondary structures. Additionally, intronic STRs may act by

modulating alternative splicing, potentially through affecting RNA secondary structure stabilities

[87]. We have performed preliminary analyses revealing nearly 100 intronic STRs whose repeat

lengths are associated with nearby exons, suggesting this indeed may be a widespread mechanism

for splicing regulation.

A key to understanding the function of non-coding variants will be the ability to pinpoint causal

variants and predict their regulatory function. In our eSTR analyses, we used a novel machine

learning technique, GERV [251], to demonstrate that many eSTRs are predicted to modulate

certain epigenetic marks known to be associated with gene regulation. GERV is one of a

handful of recently developed methods for predicting regulatory activity of non-coding regions

[111, 255, 4, 129]. All of these methods train a machine learning model to predict an annotation

of interest, such as a ChIP-sequencing dataset, based on local sequence features. These models

seem to mostly capture features related to sequence specificities of transcription factors, but they
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can also take into account other factors including broader sequence context and co-binding of

different factors. These methods have the potential to directly predict the impact of a mutation

by providing a model several versions of sequences containing different alleles and quantifying

the change. Moreover, since accurate models can be built using a single dataset from a cell type

of interest, these methods preclude the need to measure molecular phenotypes across hundreds

of samples as is required for QTL analyses. The ability to predict the impact of individual non-

coding variants will likely have transformative effects on a wide range of genetics applications,

including GWAS, rare variant studies, and cancer genomics.

The role of expression regulation in complex traits

This work makes progress toward the goal of understanding the role of STRs in human traits.

Several challenges remain in integrating complex non-coding regulatory variants in large scale

human genetics studies:

" Genotyping complex variants on a large scale: Currently, the majority of genome-wide

association studies have relied on SNP genotype arrays, rather than on whole genome se-

quencing. These datasets provide information on more than a million common SNP as

well as CNV genotypes, and have proven useful in identifying thousands of genetic loci

associated with human traits. While in most cases the true "causal" variants driving each

signal are not directly genotyped, most common variants are in strong linkage disequilib-

rium with genotyped SNPs. Therefore, given a reference panel of haplotypes, the majority

of common SNPs can be imputed from SNP chip data and used in association tests. STRs

exhibit mutation rates often orders of magnitude higher than those of SNPs, and also ex-

perience recurrent mutations that may result in the same STR allele arising independently

on multiple SNP haplotype backgrounds. As a result, STRs are less amenable than SNPs

as well as less mutable complex variants to imputation. Despite these challenges, STRs

can still appear in tight linkage disequilibrium with individual SNPs or haplotypes defined

by common SNPs, and so may be imputable with at least modest accuracy. The abil-

ity to impute STRs and other variants to large previously genotyped cohorts could allow

for novel association discovery in those datasets, and could explain some of the "missing

heritability" of complex traits that cannot be explained by common SNPs.

" Interpretation: GWAS has successfully identified thousands of genetic loci associated

with human traits. However, each of these associations may tag tens or hundreds of
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variants that are equally likely to be causally associated with the trait. A major hypothesis

is that the underlying causal variants drive changes in gene expression, leading to cellular

changes that result in disease. Therefore, GWAS loci should be enriched for eQTLs. While.

it has been shown that overall GWAS regions are enriched for eQTLs [166], little overlap

has been found between individual GWAS SNPs and eQTL loci [95], which may reflect

the need to profile eQTLs in more specific relevant cell types. Going forward, a major

challenge will be to integrate eQTLs from both SNPs and other variant types to identify

the causal loci, genes, and mechanisms driving association signals in complex traits.

5.2 Conclusion

Here we have developed the first tools for analyzing STRs from next generation sequencing

data and applied these tools to show that STRs make a significant contribution to variability

of gene expression in humans. This work paves the way toward deeper understanding of the

role of STRs and other variants in complex traits. Importantly, our results emphasize the

importance of considering the entire spectrum of genetic variation in genomics studies. Studying

complex variation will lead to deeper biological understanding of human disease and ultimately

to therapeutic targets that may improve human health.

158



Appendix A

PyBamView: a browser based application for viewing short read

alignments.

Most of this chapter was first published as:

Gymrek M. PyBamView: a browser based application for viewing short read alignments.

Bioinformatics. (2014).

Abstract

Summary: Current sequence alignment browsers allow visualization of large and complex next-

generation sequencing datasets. However, most of these tools provide inadequate display of

insertions and can be cumbersome to use on large datasets. I implemented PyBamView, a

lightweight web application for visualizing short read alignments. It provides an easy-to-use web

interface for viewing alignments across multiple samples, with a focus on accurate visualization

of insertions.

Availability and Implementation: PyBamView is available as a standard python package.

The source code is freely available under the MIT license at https: //mgymrek.github. io/

pybamview.

A.1 Introduction

The rapid growth of next-generation sequencing (NGS) technologies has led to a wide variety

of short read DNA datasets. Manual inspection of sequence alignments is an important aspect

of quality control. While the majority of NGS analyses have focused on single nucleotide poly-

morphisms (SNPs), recent bioinformatics advances allow analysis of more complicated variants,
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such as small insertions or deletions [159], larger structural variants [248], and short tandem

repeats (STRs) [90, 79]. Furthermore, widely used genome engineering techniques, such as the

CRISPR-Cas9 system [35] can often produce a wide range of complex variants. In these cases,

visualization of insertion and deletion events is a particularly critical analysis step.

Current genome browsers, such as UCSC [112], and IGV [190], offer visualization of alignments

from BAM files across multiple samples and integration of many layers of genomics datasets.

However, most existing tools have two important limitations. First, most are based on alignments

to an ungapped reference sequence, which provides inadequate visualization of insertions. The

BAM specification supports a padded reference, which captures multiple sequence alignment

information and results in accurate insertion display by most browsers. However, most BAM

files consist of pairwise alignments of short reads to a reference and do not use this feature. As

a result, insertions are represented by an icon such as a vertical bar, which does not provide any

visual information about the size or sequence of the inserted nucleotides. Second, the majority

of alignment browsers are cumbersome to use, especially to visualize the large datasets typical

of NGS experiments. They either require that the user upload large data files to a remote server

or involve complicated installation and large resource requirements to run locally.

Several alignment browsers, such as Bambino [46], Consed [67], and the text-based SAMtools

[136] tview, overcome these limitations: they display the sequence of insertions even when using

the standard ungapped reference, and are run locally with relatively low system requirements.

However, tview does not allow the user to view multiple BAM files at once, and none allow for

exporting alignments as snapshots or for sharing alignments remotely through a web browser.

Here I present PyBamView, a lightweight web application for viewing alignments from BAM

files. PyBamView provides alignment visualizations that accurately represent SNP, insertion,

and deletion events that can easily be exported to create publication-ready figures. It runs

locally from the command line with minimal resource requirements and displays alignments in a

web browser. This interface allows users to quickly view alignments locally and to easily share

alignments with local or remote collaborators.

A.2 Basic Usage and Features

PyBamView is a Python-based web application that is run from the command line. Users provide

PyBamView with a directory containing indexed BAM files and an optional reference genome in
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fasta format:

pybamview -- bamdir DIRECTORY/WITH/BAMS -- ref REF.fa

PyBamView will start a small webserver that can be accessed locally in a web browser. Optional

arguments can serve the application over a different address for sharing the URL with remote

collaborators or as a public resource. For instance, adding the options -- ip 0.0.0.0 -- port

5000 will serve PyBamView over port 5000 via http. The Supplemental Text A.7 and program

website contain a complete description of this feature.

The web browser displays a list of all samples contained in the BAM files provided. Users can

select one or more samples to open in the genome-browser view. This consists of a reference

track, followed by collapsible alignment tracks containing reads for each sample. While there

is theoretically no limit to the number of samples analyzed, PyBamView can reasonably display

five low to moderate coverage samples at once.

Users can navigate to the genomic region of interest by entering the genomic coordinate into

the search bar (e.g. chrl:10000). In the default view, base pair differences from the reference

genome are highlighted, allowing easy identification of SNPs and potential sequencing errors

(Figure A.2A). A deleted base pair is indicated by a "." in the alignment, and an insertion

as a "*" in the reference sequence (Figure A.2B). This allows easy visualization of the se-

quence and size of inserted bases, which is not currently possible with most alignment browsers

(Supplemental Fig. A.8.1). Users can zoom out up to 100x to easily visualize large insertions

or deletions spanning hundreds or thousands of bases. Additional features are described in the

Supplemental Text A.7.

A.3 Example use cases

Alignment visualization is a critical step of any sequencing experiment. Here I show three

examples where PyBamView provides useful visualization of sequence variants. Use cases are

not limited to these examples and can theoretically include any '-seq" experiment that can be

represented by a BAM file.

First, it provides accurate visualizations of different length insertions, such as different alleles

of a tandem repeat (Supplemental Fig. A.8.2A). Furthermore, zooming out allows for vi-

sualization of large repeat expansions, such as a 60bp CAG expansion in Huntington's Disease
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Figure A-1: PyBamView display of sequence variants. In each figure, the reference se-
quence is shown at the top followed by alignments of each read. Alignments were generated by
PyBamView's PDF export feature. (a) Mismatches from the reference sequence, due to either
SNPs or sequencing errors, are shown as highlighted bases. (b) Insertions are shown as gaps in
the reference, which allows the length and sequence of the insertion to be easily visualized.

(Supplemental Fig. A.8.2B, simulated 250bp reads).

Second, it can be used to analyze variation across samples. This is useful in such analyses as

comparing matched tumor vs. normal samples or looking for mutations in affected vs. non-

affected individuals in disease genetic studies. (Supplemental Fig. A.8.3) shows example

comparisons of individuals at a SNP, small insertion, and a large deletion spanning several kb.

Third, it can visualize complex mutations generated by genome engineering technologies such

as CRISPR-Cas9 [35]. Dissecting these mutations requires adequate visualization of indels. An

example alignment from a CRISPR library is shown in (Supplemental Fig. A.8.4)..

A.4 Implementation

PyBamView is implemented as a Python-based web application using the Flask library. Align-

ments are processed using a Python backend, which then generates HTML, CSS, and JavaScript

files that are displayed in the web browser.

PyBamView takes advantage of BAM and fasta indexing to avoid loading large files into memory.

It uses the pysam and pyfasta libraries for parsing BAM and fasta files, respectively. Both

libraries use efficient index data structures, which allow them to quickly fetch data from specific

genomic regions of interest. Read alignments are parsed from the CIGAR scores in the BAM

file and are displayed as SVG elements using Javascript. All CIGAR options reported in the
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SAM specification, including the padded reference option, are supported (Supplemental Fig.

A. 8.5).

A.5 Conclusion

As the use of next generation sequencing to analyze complex genomic events grows, there is a

critical need for accurate and easy-to-use visualization tools. PyBamView provides a simple yet

powerful interface for alignment visualization that facilitates collaborative data analysis.
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A.7 Supplemental Text

A.7.1 Additional Features

PyBamView has several features beyond the basic alignment viewer that facilitate specific use

cases.

Pre-defined lists of loci

A sequencing experiment often targets a specific set of loci. For instance, analysis of STRs

may focus on a panel of markers, such as the CODIS set used in forensics or Y-STRs used for

genetic genealogy. PyBamView allows the user to provide a bed file containing the coordinates

and names of a set of defined loci. The browser view will then show a drop-down box, from

which users can easily navigate to loci by name, rather than by genomic coordinate.
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Exporting alignment figures for publication

Most alignment viewers provide attractive data visualizations, but alignment screenshots are

not easily converted to publication-quality figures. PyBamView provides an "Export snapshot"

option that generates a PDF image of the current alignment. The PDF file can then be easily

manipulated by third-party programs to prepare publication-ready figures.

Serving PyBamView remotely

PyBamView uses the Python Flask library to launch a web application. Therefore, PyBamView

can be served at a URL that is visible remotely to share. data with collaborators or as a public

resource. To allow viewing PyBamView from a remote computer, add the following arguments:

" -- ip 0.0.0.0: This will allow PyBamView to be accessed on a computer other than the

local computer you are running it on.

* -- port $PORT: where $PORT is some number between 1024-65535. This must be a port

that allows inbound http traffic.

For example, if you run:

pybamview -- bamdir DIRECTORY/WITH/BAMS -- ref REF.fa -- ip 0.0.0.0 -- port 5000

Then you can navigate to the URL: http://$MY_SERVER:5000

where SMYSERVER is either the IP address or hostname of the server from which you are

running PyBamView. Detailed usage instructions for serving PyBamView remotely, including

how to serve PyBamView using Amazon Web Services, can be found on the usage page of the

website (http: //mgymrek. github. io/pybamview/usage. html).

A.7.2 Datasets for example use cases

Sequencing data for the two samples shown in (Supplemental Fig. A.8.2) are from whole

genome sequencing of samples HGDPOO521 and HGDPOO533 available from the Simon's Foun-
dation website at:
http://www.simonsfoundation.org/life-sciences/simons-human-diversity-project/.

Sequencing data and variant calls for the samples shown in (Supplemental Fig. A.8.3)

were downloaded from the 1000 Genomes Project website (ftp: //ftp-trace. ncbi. nih. gov/
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A.8 Supplemental Figures

A.8.1 Supplemental Figure 1

A

'C- 0 11 T' rjT ,

C C T I~ C t~T I T IT T T I
C.I 1-7T C C II14C

C- aI T -I r C CIT , TT I TI

C T1 111 C CIT~ f TT

C T C Q IA Iob P053DkIS6044- "5r T T TIT

ATTC TITITG CCTY- TIT T T TITT TtT T1111 T I19

C

Sample 1

Insertion display on current browsers compared to PyBamView. The alignment shows

an individual heterozygous for two alleles with insertions of different lengths from the reference

sequence (shown under the red arrows). (A) The Integrative Genomics Viewer (IGV) displays

insertions as vertical bars. The user must hover over each variant to see the sequence and length

of the insertion. (B) Similarly, the UCSC genome browser displays insertions using an orange

line, which does not distinguish between different insertion alleles. (C) PyBamView displays the

entire sequence of each insertion, which allows the user to easily visualize the two alleles.
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1000genomes/ftp/).

Example CRISPR sequencing data was taken from Hsu et al. [94], available as SRA experiment

SRP923129 (http: //www.ncbi. nim. nih. gov/bioproject/?term=SRPO23129), run SRR867203.

Reads were aligned to hg19 chr2 using BWA [1341 and down-sampled 10,000 fold using Pi-

card's DownsampleSam tool (http: //picard. sourceforge.net/command- line-overview.

shtml#DownsampleSam), and were enriched for reads containing evidence of mutations for vi-

sualization purposes.
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A.8.2 Supplemental Figure 2

A
chri:4215135-4215212

HGDPOO533 # ATT

HGDP00521

B
chr4-3076480-3076900

sim ht

6bpb

CAGinsertion [
CAG,,insertion

Accurate display of short tandem repeat alleles. (A) Alignments show two distinct short

tandem repeat alleles (ATT11 and ATT12) that are longer than the reference allele (ATT10).

The allele supported by each read is annotated to the right of the alignment. (B) The padded

reference distinguishes between a pathogenic expansion of 60bp vs. a non-pathogenic expansion

of 9bp at the CAG trinucleotide repeat implicated in Huntington's Disease. Gaps in the reference

sequence and in each read are represented by gray bars. Mismatches from the reference are

colored according to the nucleotide of the mismatched base. Example reads supporting each

allele are annotated. Data are from simulated 250bp reads with a 0.2% sequencing error rate.
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A.8.3 Supplemental Figure 3
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A.8.4 Supplemental Figure 4

chr2:73160858-73161108
EMXM.A Immm

EMX1.10O EMXI.12 EMA15UTAYOM

crispr

L-. -

Analyzing mutations from genome engineering experiments. Example sequencing data
was obtained from a CRISPR experiment by Hsu et al. [94] targeting the gene EMX1. Reads
were down-sampled and enriched for reads containing mutations. Brown bars show the location
of target sites, and purple bars show the location of PAM sequences.
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A.8.5 Supplemental Figure 5

CIGAR OR Example seqJCIGAR PyBamView

M (al. match) TGGCCCCT EEE
8M G G C C CC

TTCGGTCT E5l I
I (insertion) 3M213M C G G C

CGCCGC NaeasseD (deletion) 5M2D1M C G C C G C

TTCCAT haul
N (skipped) 5M2NIM **

CGCAGATGGCG a,, HIHI
S (soft clip) 3S8M A G A G G C G

TCCCCTTC IEEE U
H (hard clip) 3H8M CCCC C

ACGGCTTG H,.,. 1
=(seq. match) A C G G C G

TACCACGG 1111312
X (seq. mismatch) 6 A C C A C

P (padding)

ACCACC
3M2P3M
ACCTACC
3M111P3M
ACCGACC
3M1P113M

00BN103N
AcC* * ACC

A C C G CC

A C C GAC C

PyBamView display of each CIGAR operation. The first column gives each CIGAR op-

eration supported by the SAM specification. The second column gives an example sequence

and corresponding CIGAR score. The third column shows how the reference (top) and read

(bottom) sequences are displayed by PyBamView.
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Appendix B

Identifying personal genomes by surname inference

Most of this chapter was first published as:

Gymrek M, McGuire A, Golan D, Halperin E, Erlich Y. Identifying personal genomes by

surname inference. Science. (2013).

Abstract: Sharing sequencing datasets without identifiers has become a common practice in

genomics. Here, we report that surnames can be recovered from personal genomes by profiling

short tandem repeats on the Y-chromosome (Y-STRs) and querying recreational genetic ge-

nealogy databases. We show that a combination of a surname with other types of metadata,

such as age and state, can be used to triangulate the identity of the target. A key feature

of this technique is that it entirely relies on free, publicly accessible Internet resources. We

quantitatively analyze the probability of identification for US males. We further demonstrate

the feasibility of this technique by tracing back with high probability the identities of multiple

participants in public sequencing projects.

B.1 Main Text

Surnames are paternally-inherited in most human societies, resulting in their co-segregation

with Y-chromosome haplotypes [217, 115, 151, 116, 117]. Based on this observation, multiple

genetic genealogy companies offer services to reunite distant patrilineal relatives by genotyping

a few dozen highly polymorphic short tandem repeats across the Y-chromosome (Y-STRs).

The association between surnames and haplotypes can be confounded by non-paternity events,

mutations, and adoption of the same surname by multiple founders [116]. The genetic genealogy

community addresses these barriers with massive databases that list the test results of Y-STR
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haplotypes along with their corresponding surnames. Currently, there are at least eight databases

and numerous surname project websites that collectively contain hundreds of thousands surname-

haplotype records (Supplementary Table B.5.1).

The ability of genetic genealogy databases to breach anonymity has been demonstrated in

the past. In a number of public cases, male adoptees and descendants of anonymous sperm

donors used recreational genetic genealogy services to genotype their Y-chromosome haplotypes

and to search the companies' databases [130, 162, 210, 160]. The genetic matches identified

distant patrilineal relatives and pointed to the potential surnames of their biological fathers. By

combining other pieces of demographic information, such as date and place of birth, they fully

exposed the identity of their biological fathers. Lunshof et al [143] was the first to speculate

that this technique could expose the full identity of participants in sequencing projects. Gitschier

[66] empirically approached this hypothesis by testing 30 Y-STR haplotypes of CEU participants

in these databases and reported that potential surnames can be detected. [CEU participants are

multigenerational familes of northern and western European ancestry in Utah who had originally

had their samples collected by CEPH (Centre d'Etude du Polymorphisme Humain) and were

later reconsented to participate in the HapMap project.] However, these surnames could match

thousands of individuals and full re-identification in a single person resolution was not pursued.

Our goal was to quantitatively approach the question of how readily surname inference might

be possible in a more general population, apply this approach to personal genome datasets, and

demonstrate end-to-end identification of individuals using only public information. We show

that full identities of personal genomes can be exposed via surname inference from recreational

genetic genealogy databases followed by Internet searches. In all cases in which individuals were

studied who had donated sequences, the informed consent statements they had signed stated

privacy breach as a potential risk and the data usage terms did not prevent re-identification.

Representatives of relevant organizations that funded the original studies were notified and

confirmed the compliance of this study with their guidelines.

As a primary resource for surname inference, we focused on Ysearch (www. ysearch. org) and

SMGF (www . smgf .org), the two largest public genetic genealogy databases with free-of-charge,

built-in search engines. The interfaces of these engines are quite similar and allow users to insert

a combination of Y-STR alleles and search for matching records based on genetic similarity. The

retrieved records contain surnames typically with information about the patrilineal line, such as

geographical locations, potential spelling variants, and pedigrees. In total, these databases

contain 39,000 unique surname entries from approximately 135,000 records. The distribution
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of records per surname is significantly correlated (R2 = 0.78, p < 1.20 x 10-6) with surname

frequencies in the US, suggesting an overall good representation of this population (Fig. B.1A).

To test the probability of surname inference, we challenged the two databases with an orthogonal

cohort of Y-STR haplotypes consist of 34 markers (Supplementary Table 1.5.2) from 911

individuals, primarily with Caucasian ancestry, whose surnames are known (Supplementary

Table B.5.3). This cohort was compiled from YBase, a distinct genetic genealogy database and

contains individuals with 521 surnames that segregate in the US population. In each haplotype

query, our surname recovery algorithm began by retrieving the database record with the shortest

Time to Most Recent Common Ancestor (TMRCA) of the input haplotype (Supplementary

Figure B.4.1, Supplementary Table B.5.4). Then, it calculated a confidence score that

the surname match of the retrieved record is significantly better than other matches. If the

score passed a user-defined threshold, the algorithm assigned the record's surname to the input

haplotype; otherwise, it categorized it as "unknown". We tested the algorithm with a range

of confidence thresholds to explore the trade-off between successful versus wrong recovery of

surnames. Finally, we weighted the results using a stratified sampling approach to reflect the

frequency of surnames in the US population (Supplementary Material B.3).

Our analysis projects a success rate of approximately 12% (s.d. 2%) in recovering surnames of US

Caucasian males (Fig. B.1B, Supplementary Figure 8.4.2). This rate can be accomplished

with a conservative threshold that would return a wrong surname in 5% of cases and label

83% of cases as unknown. Higher success rates of up to 18% can be achieved at the price

of increased probability to recover an incorrect surname. Since our input cohort is based on

individuals that were tested using genetic genealogy services, our results are presumably mostly

relevant to socio-economic groups with high participation in these services, namely upper and

middle class US Caucasians.

Combining the recovered surname with additional demographic data can narrow down the iden-

tity of the sample originator to just a handful of individuals. The analysis above indicated

that most recovered surnames are quite rare with frequencies of less than 1:4,000 of the US

population, corresponding to <40,000 males (Figure B.1C, Supplementary Figure 8.4.3)

(Supplementary Material B.3). We considered a scenario in which the genomic data is avail-

able with the target's year of birth and state of residency, two identifiers that are not protected

by the United States Health Insurance Portability and Accountability Act (HIPAA). Searching

individuals by year of birth, state, and surname combinations is supported by various online

public record search engines, such as PeopleFinders.com or USA-people-search.com. Based on
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extensive simulations with the US Census data, our results predict that year of birth and state

alone are weak identifiers and searches based on their combination would match at least 60,000

US males in 50% of cases (Figure B. ID). However, when surname information is added to

the search, the median list size shrinks to only 12 males, which are a few enough matches to

investigate individually.
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Figure B-1: Quantitative assessment of identification via surname inference (A) The
number of Ysearch and SMGF records as a function of surname prevalence in the US popu-
lation. The best fit line is shown in blue. (B) Expected performance of surname recovery.
The probability of successful recovery (closed bars) and wrong recovery (open bars) are shown
at different surname confidence thresholds. The star indicates the middle-range performance
threshold that was described in the main text. (C) The expected distribution of recovered
surnames as a function of their prevalence. Most recovered surnames are expected to have a
frequency of 1:4,000 individuals or less. (D) The cumulative distribution function of US males
with a profile that matches a specific age, state, and surname combination (black) compared to
the distribution when only age and state are known (red). The median is labeled with a dashed
line.

Next, we established the feasibility of Illumina sequencing to produce accurate Y-STR haplotypes.

Using lobSTR, an algorithm for STR profiling from raw sequencing reads [79], we processed

ten high coverage male genomes from the Human Genome Diversity Panel (HGDP). lobSTR
produced Y-STR haplotypes with an average length of 53 out of the possible 79 genealogical

markers (Supplementary Table B45). Comparing these results to capillary electrophoresis
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calls revealed 99% accuracy. We further found that even at lower sequencing coverage of 10x,

informative haplotypes can be obtained by lobSTR (Supplementary Figure B.4.4). To test the

ability to retrieve genetic genealogy records with the Illumina haplotypes, we profiled STRs from

the genome of a US Caucasian male from our lab collection that was sequenced with Illumina

100bp reads to a coverage of 13x. In parallel, we submitted this sample to the genealogy service

of Sorenson Genomics and created a Ysearch record based on their results. A search with the

Illumina haplotype returned his Ysearch entry as a top record (Supplementary Figure B.4.5).

The NCBI archives host a small number of genomes from identified individuals, providing good

test cases for identification via surname inference. We used lobSTR to extract Y-STR hap-

lotypes from the genomes of John West [127], Michael Snyder [140], and Craig Venter [132]

(Supplementary Table B.4.6). Searching Ysearch and SMGF with the Y-STR haplotypes of

West and Snyder did not return their surnames and resulted in low matches to records with

relatively ancient MRCAs 23-28 generations ago (Supplementary Material B.3). A search

with Craig Venter's haplotype returned a clear match to a "Venter" record that was concordant

at all 33 comparable markers and with an estimated TMRCA of less than 8 generations (Figure

B.1). We further tested whether it would be feasible to trace back Craig Venter by combining

his surname with demographic profiling. A query for "Surname: Venter, Year of Birth: 1946,

State: California" in online public record search engines retrieved two matching records of males,

one of whom was Craig Venter himself.

Surname inference from personal genomes puts the privacy of current de-identified public

datasets at risk. We focused on the male genomes in the collection of Utah Residents with North-

ern and Western European Ancestry (CEU). The informed consent of these individuals did not

definitively guarantee their privacy and stated that futuristic techniques might be able to identify

them http: //hapmap.ncbi .nlm.nih. gov/downloads/elsi/CEPHReconsent _Form. pdf . To

test the ability to trace back the identities of these samples from personal genomes, we processed

with lobSTR 32 llumina genomes of CEU male founders that reside in public repositories of the

1000 Genomes Project [1] and the European Nucleotide Archive that were sequenced with read

lengths of at least 76bp. Most of these genomes were sequenced to a shallow depth of less than

5x, and produced sparse Y-STR haplotypes. We selected the ten genomes that had the longest

Y-STR haplotypes with a range of 34-68 markers to attempt surname recovery. Searching the

genetic genealogy databases returned top-matching records with Mormon ancestry in 8 of the

10 individuals for which the top hit had at least 12 comparable markers. Moreover, for four

individuals, the top match consisted of multiple records with the same surname, increasing the
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confidence that the correct surname was retrieved. This potential high surname recovery rate

stems from a combination of the deep interest in genetic genealogy among this population and

the large family sizes, which exponentially increases the number of targeted individuals for every

person that is tested.

Figure 2
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Figure B-2: The top five records retrieved after searching Ysearch with the Y-STR
haplotypes of Michael Snyder, John West, and Craig Venter. The expected number of

generations to the MRCA is given in parentheses for each record. Searching with Craig Venter
returned a "Venter" record (closed bar) as the top match.

In five surname recovery cases, we fully identified the CEU individuals and their entire families

with very high probabilities (Table B.A). These five cases belonged to three pedigrees, where

in two of these pedigrees the surnames of both the paternal and maternal grandfathers were

recovered. Our strategy for tracing back individuals relied on the recovered surnames as well as

publicly available Internet resources such as record search engines, obituaries, and genealogical

websites, and demographic metadata available in the Coriell Cell Repository website. The year

of birth was inferred by subtracting the ages in Coriell from the year of collecting samples. Each

search took 3 to 7 hours by a single person. The identified families matched exactly to the

corresponding pedigree descriptions in the Coriell database: the number of children, the birth

order of daughters and sons, and the state of residence were identical. All grandparents were

alive in 1984, the year that the CEU cell line collection was established [179]. In the two cases

of a dual surname recovery from both grandfathers, the surname of the father and the maiden

name of the mother matched exactly to the grandfathers' surnames, substantially increasing

the confidence of the recovery. Coriell also lists the ages during sample collection for these
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two pedigrees, which agreed with the age differences of the identified family members. Using

genealogical websites, we traced the patrilineal lineage that connects each identified genome

through the MRCA to the record originator in the genetic genealogy database (Fig. B.1). This

analysis revealed that two to seven meiosis events link the CEU genome to the record source.

Finally, we calculated that the probability of finding random families in the Utah population with

these exact demographic characteristics is less than 1 in 105-109 (Supplementary Material

B.3). In total, surname inference breached the privacy of nearly 50 individuals from these three

pedigrees.

This study shows that data release, even of a few markers, by one person can spread through

deep genealogical ties and lead to the identification of another person who might have no

acquaintance with the person who released his genetic data. The propagation of information

through shared male lines amplifies the range of identification, allowing -135,000 records to

potentially target several millions of US males. Another feature of this identification technique

is that it entirely relies on free, publicly-available resources. It can be completed end-to-end

with only computational tools and an Internet connection. The compatibility of our technique

with public record search engines makes it much easier to continue identifying other datasets in

the same pedigree, including female genomes, once one male target is identified. We envision

that the risk of surname inference will grow in the future. Genetic genealogy enthusiasts add

thousands of records to these databases every month. In addition, the advent of third-generation

sequencing platforms with longer reads will enable even higher coverage of Y-STR markers,

further strengthening the ability to link haplotypes and surnames.

Similar to other genetic privacy issues [141, 14, 92, 100, 98, 40, 201], preventing surname

inference from public whole genome datasets might be quite challenging. Masking Y-STR

markers could limit the effectiveness of the method presented in this study, but this approach is

not sustainable (Supplementary Material B.3). Our analysis suggests that Y-STR haplotypes

can be imputed back from SNPs on the Y-chromosome (Y-SNPs) when a large reference set

of male genomes will be available (Supplementary Figure B.4.6). In addition, community

efforts, such as the Y Chromosome Genome Comparison, have already started exploring the

association between Y-SNPs and surnames (Supplementary Table B.5. 1), and might allow

bypassing Y-STR masking. We also posit that restricting genetic genealogy information is not

practical as some of the data is already scattered in multiple end-user websites and genealogy

mailing lists.

Existing policy tools, such as controlled access databases with data use agreements, may mediate
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Pedigree 1

Pedigree 2

Pedigree 3

Figure B-3: Illustrations of the three CEU pedigrees (black) showing how genetic in-
formation from distant patrilineal relatives (arrow; red - patrilineal lines) can identify
individuals. Filled rectangles represent sequenced individuals. To respect the privacy of these
families, only abbreviated versions are presented. The sex of the CEU grandchildren was ran-
domized. The numbers of grandchildren are not given.
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the exposure of genomic information to surname inference. However, in our view, the appropriate

response to genetic privacy challenges such as these is not for the public to stop donating samples

or for data sharing to stop - which would be devastating reactions that could significantly hamper

scientific progress. Rather, we believe that establishing clear policies for data sharing, educating

participants about the benefits and risks of genetic studies [1521 and the legislation of proper

usage of genetic information are pivotal ingredients to support the genomic endeavor.

Genome for Paternal Maternal Paternal Maternal Father
surname grandfather grandfather grandfather grandfather
recovery
Y-STR source Illumina Illumina Illumina Illumina Illumina

WGS WGS WGS I WGS / WGS
Published Published

Y-STR Y-STR
profiles profiles

Surname freq. -10-1 104 ~10' ~10" ~100
In US
Meioses 3 5 5 7 2
between target
to source
Relationship Nephew First cousin Great-great Second Grandchild
between target once nephew cousin
and source removed once

removed
Supporting State of residency, State of residency, State of
evidence pedigree structure, age, pedigree structure, age, residency,

and maiden name are the and maiden name are the pedigree
same same structure

are the
same

(ages are
not given)

P(random <5 x 10-9 <5 x 10- <1W,
match)

Figure B-4: Comparison of CEU identification cases.
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B.3 Supplementary Material

B.3.1 Evaluating the general risk of surname recovery

Downloading Ysearch data

The Ysearch website belongs to FamilyTreeDNA (FTDNA), a Texas-based genetic genealogy

company. The website allows users, regardless of their testing service, to voluntarily post their

Y-STR genotyping results along with their ancestral information and contact details. Based

on the data posted on the website, approximately 85% of Ysearch's users were tested with

FamilyTreeDNA and the other 15% were tested with other genetic genealogy services. Users

from other services are advised to post their results using FamilyTreeDNA nomenclature, and the

website offers a conversion table between popular genetic genealogy services and FamilyTreeDNA

nomenclature.

With permission from FamilyTreeDNA, we scraped the entire Ysearch database in May 2011.

Some areas are protected by reCaptcha and were accessed manually. After parsing and merg-

ing the HTML files, we obtained 95,000 surname-haplotype entries, each of which contained:

Ysearch userlD, surname, ancestral location, and Y-STR results.

Access to the SMGF database

The SMGF website belongs to the Sorenson Molecular Genealogy Foundation, a Utah-based

non-profit genetic genealogy organization that was recently acquired by Ancestry.com. The

website allows users to query the SMGF database but not to create new records, and all records

are from the SMGF program. Unlike the Ysearch database, we could not download the database

records to our server. With permission from SMGF, we conducted massive queries of their

database using an automatic script. The webpages that contained the top 10 results based on

the SMGF matching algorithm were downloaded and parsed to identify the matches.
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Concordance between genealogical databases and the US population

The surname distribution in the general US population was estimated using the Census 2000

study that is based on 270 million records (http: //www. census. gov/genealogy/www/data/

2000surnames/index .html). The Census study lists 151,671 surnames along with their relative

prevalence in the general population and ethnic composition in sorted order. To protect the

privacy of the participants and due to sample size limitations, the Census data stops when the

cumulative frequency of the surnames reaches 90%, and does not include surnames that are

found in less than 100 individuals each.

We compared the surname distribution in Ysearch and SMGF to the distribution in the general

US population in order to evaluate the completeness of the databases. We defined the census

coverage probability, denoted by c, as the chance that the surname of an individual drawn at

random from the US population has at least a single haplotype record in one of these databases,

and found that c=68.5%. The correlation between the US population and the genealogical

records was evaluated by a permutation test with 10,000 repetitions. We obtained the following

statistics: E[SSEpemutationsl = 9.01 X 106, o-(SSEpermutations) = 2437. The hypothesis SSE

was 1.99 x 106. The p-value was calculated using one-sided Chebyshev bound.

A mathematical model for surname leakage risk

Search method

Our database search method relied on finding a record that shares the closest Time to Most

Recent Common Ancestor (TMRCA) with the queried haplotype. The rationale behind this

strategy is that close patrilineal relatives have a higher probability of sharing the same surname.

For instance, one can imagine that monozygotic twins have a high probability of sharing the

same surname, whereas a pair of Y chromosomes whose MRCA lived before the formation of

the surname system would have a low probability of sharing the same surname.

Walsh [229] has proposed several Bayesian models for estimating the distribution of the TMRCA

in non-recombining haplotypes. We used his "infinite alleles model with differential mutation

rates". Consider two Y chromosome haplotypes with n STR loci denoted by VU = (VI, V2,... , vn)
and ' = (u1, U2,. - - , un), with vector elements corresponding to the allele lengths. Let i =

(Xi,X2,-- -,Xn) be a binary vector with xi = 1 for a match at the i-th locus of ii and u-,

and xi = 0 otherwise, and let #t = (P1, P2,. .. ,) be a vector whose elements denote the
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probability of a mutation per meiosis in each marker. According to Walsh's model, the probability

distribution function (PDF) of the TM RCA between the two haplotypes is:

-- (' +2 En, j3ix)j ,2*,)1-,1

P(ti, [; , Ne)-= e_ H -
2ti)( X) (B)

I(X, fl, Ne)

where Ne is the effective male population size, and I is a normalization factor to ensure that

E0o P(tz, -1, Ne) = 1. Following Thomson et al. [219], Ne was set to 10,000 males. The

mutation rates were obtained from the extensive study of Ballantyne, et al [8].

The expected TM RCA is denoted by Ib and is given by:

00

S= >tiP(tj, i, Ne) (B.2)
t=o

The recovered surname was selected according to the record that has the minimal r to the

searched haplotype. Due to technical constraints with the web queries to SMGF and in order

to reduce the amount of calculations, we did not determine r for each of the hundreds of

thousands of users in the databases. Instead, we employed the following procedure: (i) Ysearch

- identify a set of candidate records that have the maximal number of matching markers to the

queried haplotype (ii) SMGF - use the native SMGF search tool to identify the top 10 candidates

according to the website's proprietary algorithm (iii) Both - calculate T for top candidates in

Ysearch and SMGF using Eq. B.1, and select the record with the minimal r of the searched

haplotype.

Retrieval confidence score

The retrieval confidence score determined the probability that the TMRCA of the retrieved

record is indeed shorter than that of (i) a record with a distinct surname that has the second to

shortest TMRCA and (ii) a random person from the population. Let P and P2 be the TMRCA

PDFs of the best record and second best record according to Eq. B.1, and let P3 be the PDF

of coalescent in a Fisher-Wright population: P3 (tINe) = Ne-lNet. In addition, let F be the

cumulative probability distribution function of Pi. The retrieval confidence score, 6, is given by:
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T T T T

6(Pi, P2 , Pe) = Z P(i) E P2(2) ( E P3(j3)) = P1(j)(1 - F2(j))(1 - F3())
j1=1 (2>h1 s>ji j=1

(B.3)

T is the number of generations that is practical for the patrilineal surname system and was set

to 20 generations, corresponding to ~1400 AD. P2 was obtained by scanning records in the list

that was generated in step (iii); candidate records with less than 20 markers were excluded as

well as records with surnames that matched the top hit.

Surname inference

We set a threshold, 6o, which denotes the minimal accepted quality for valid surname recovery.

If the retrieval passed the confidence threshold, the algorithm inferred that the record's surname

is the surname of the input haplotype. Otherwise, the algorithm rejected the inference and

returned "Unknown". 1.8% of the searches returned records with an empty surname field or with

strings that are not found in the surname list of the US census such as "AshkenaziJewishModal".

The algorithm reported these cases as "Unknown" as well. Finally, TMRCA ties between two or

more records with distinct surnames were also treated as "Unknown".

A surname inference resulted in one of the following outcomes: success - the recovered surname

is concordant with the true surname, wrong - the recovered surname does not match the true

surname, unknown - below confidence threshold, non-valid surnames, and ties.

Following previous record linkage studies [69, 2421, successful recoveries included a small number

of cases where the returned surname displayed a minute spelling variant from the true one, such

as Abernathy and Abernethy. These cases can still direct the adversary in tracing back the target

at the price of searching for a larger number of individuals. We adopted a stringent approach

to detect spelling variants that required that the first letter of both surnames be identical and

that the Jaro-Winkler string distance [242] of the surnames be at least 0.9. This relies on the

observation that the suffix of a surname is more prone to mutate than the prefix [242]. Two

percent of the queries showed spelling variants using this approach and they are summarized in

the following table:

Manual inspection of the genealogical records showed that in a large number of these cases the

users indicated the spelling variant as an alternative ancestral surname.

The general risk of surname leakage from personal genomes is dictated by three factors: the
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prior distribution of surnames in personal genomes datasets, the distribution of haplotypes within

a surname, and the ability to successfully retrieve the surname from the database using the

haplotype. For simplicity, we assumed that the distribution of surnames of personal genomes is

similar to the distribution of surnames in the population.

Let I,(h, s) be an indicator function that returns 1 if querying the database with the combination

of haplotype h and surname s returns the outcome x, where x is either: "success", "wrong", or
"unknown". Let f, be the frequency of a surname and Ih(h,s) be the frequency of haplotype h

in the surname s. Define /3(s) = EhEH(s) a(h, s)I(h, s), where H(s) is the set of haplotypes

that are associated with the surname s. The probability of the surname recovery outcome x for

a given population is:

(B.4)P(x) = 11s fsi3(s)
ZSES 18

Where S is the set of all surnames in the population. The probability in Eq. B.4 can be assessed
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True surname Retrieved surname Jaro-Winkler distance

ABERNATHY ABERNETHY 0.977
AYRES AYERS 0.96
BAIRD BEARD 0.933
BRALLEY BRAWLEY 0.947
BRITTON BRITTAIN 0.944
CHRISTIE CHRISTISON 0.94
CLARK CLARKE 0.967
COLLISON CULLISON 0.964
DENNEY DENNY 0.967
DUFF DUFFEL 0.933
FLICKINGER FLUCKIGER 0.93
MCMURTRY MCMURTREY 0.984
MILLICAN MILLIKEN 0.937
PALLETT PARLETTE 0.919
PARLET PARLETTE 0.956
SAYRE SAYER 0.961
SEELYE SEELY 0.967
WETHERINGTON WITHERINGTON 0.961



by sampling individuals from the population using the following estimator:

_ SES fIsaX(s) + >ZBg f8,3a(s)P(x) = C + Z f YEf (1 -c) (B.5)

where S is the set of surnames in the sample that are known to be present in the tested

databases and ~ is the set of surnames in the sample that are known to be absent from

the tested databases. f, is the estimated frequency of the surname based on the Census

data, M3(s) EhEH(,) 6(h, s)Iz(h, s) and 6(h, s) is the frequency of the haplotype-surname

combination in the sample, and c is the census coverage probability that was determined above.

Eq. B.5 models the outcome rates as a weighted sum of sampling individuals from two distinct

strata: those whose surname is found in the databases and those who do not. The two weights

mitigate potential ascertainment biases in the sample and increase the confidence that the results

reflect the target population.

Estimating the risk of surname leakage by inter-database comparisons

Our input sample relied on a cohort of individuals from the YBase database. This database

was maintained by DNA Heritage and was acquired by FamilyTreeDNA in April 2011. Fami-

lyTreeDNA provided us with surname-haplotype records from the database, without other iden-

tifiers that can expose the identity of the database users. The YBase and SMGF entries are

completely distinct because the SMGF database lists only SMGF users. We took the following

steps to remove potential duplicate records between Ysearch and Ybase: first, we asked Fami-

lyTreeDNA to exclude YBase entries whose email addresses appear in Ysearch as well as entries

without email addresses. Second, we removed from the downloaded copy of Ysearch all ~900

users that were tested with DNA Heritage. Third, we excluded any YBase user whose haplotype

did not show a combination of markers that are typical to the DNA Heritage test panel. Thus,

the input cohort was tested with a different company (DNA Heritage) than the database users.

This reduces the chance of ascertainment biases due to oversampling of close relatives of the

database participants.

Genetic genealogy databases are subject to nomenclature heterogeneity that can confound

the analysis. This is especially problematic for DNA Heritage test panels that were subject

to five nomenclature changes between 2003 to 2009 (see: http: //web. archive. org/web/

20100307032155/http://www.dnaheritage.com/helpfiles/DNAHeritage-nomenclature
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changes .pdf). For each input haplotype, we inspected the allelic ranges for markers that under-

went significant nomenclature changes, such as DYS452, to decipher the nomenclature stratum

and to standardize the haplotype according to the NIST recommended nomenclature. In addi-

tion, we set a tolerable genotype range for each marker that is equal to the marker mean value

in Ysearcht3std. Entries outside of this range have a high likelihood of nomenclature differ-

ences and typos of users. This step filtered approximately 5% of YBase haplotypes. Finally, we

selected only YBase haplotypes that have full genotyping results for a set of 34 STR markers

(Supplementary Table B.5.2) and whose surnames are in the US census. At the end of this

process, we retained 911 YBase records.

We used a series of Perl scripts to challenge Ysearch and SMGF with the YBase haplotypes and to

compare the returned surnames to the true ones. SMGF searches were conducted with the NIST

nomenclature and Ysearch searches were conducted with FamilyTreeDNA nomenclature. The

standard deviation was calculated by 30 iterations of re-sampling with replacement participants

from the input cohort and repeating the analysis process.

The results of the 911 queries exhibited distinct patterns between the TMRCA of records that

exactly match the true surname, records with a spelling variant, and records that returned the

wrong surnames (Supplementary Figure B.4.1). The mean TMRCA was 10.3 generations for

exact matches, 15.6 generations for a spelling variant, and 24.3 generations for wrong surnames.

The TMRCA distribution of exact matches appeared to follow a geometric distribution trend.

The TRMCA of records with spelling variants was almost never more recent than 10 generations

and was quite different from the distribution of wrong matches. This provides another support

for our spelling variations detection algorithm. Supplementary Figure B.4.2 shows the final

results after processing the results according to Eq. B.5.

B.3.2 From Surnames To Individuals

The frequency distribution of leaked surnames

We determined the frequency distribution of leaked surnames from the YBase simulations using

the following equation:

P(s E Six = success,6) =P(x = successis E Si,6)P(s E Si) (B-6)
P(x = success|6)

186



Where Si is a subset of surnames whose frequencies fall in the i-th bin out of j possible bins.

Specifically, we used the following bins:

The term P(s E Si) in Eq. B.6 is given by the census data. The other numerator term can be

approximated using a slight modification to Eq. B.5:

succesls - ZefsI/ 3 x(s) ZE3fsAx(s)

P(x = success s E S;, 6) = SES i + (1 - ci) (B.7)

Where ci is a normalization factor that denotes the probability that a random person from the

US population whose surname is in the i-th bin has at least a single entry in Ysearch and SMGF.

ci was determined by intersecting the census data with the list of Ysearch and SMGF. We used

6=0.82.

The leaked surnames are mostly found in the intermediate bin with a frequency of 1:4,000-

1:40,000. Extremely rare surnames have the lowest relative risk for leakage due to the absence

of records in Ysearch and SMGF. However, if these databases have even a single record for

an extremely rare surname, then there is a 43% chance that the surname will be exposed

(Supplementary Figure B.4.3). This phenomenon is potentially due to the small number of

male lineages in extremely rare surnames.

Combining surnames with demographic identifiers

The joint probabilities of sex, age, and state were obtained from the US Census Population Esti-

mates Program (www. census.gov/popest/states/asrh/files/SC-EST2009-AGESEX-RES.
csv). The data is based on Census 2000 and contains a projection of residents to 2009, which

was used in the simulation. Similar to the HIPAA law, ages that are over 85 were grouped in a

single category.
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Bin(i) Frequency boudnaries Example of surnames in bin

1 >1:400 Smith, Johnson

2 1:400 - 1:4,000 Turner, Collins

3 1:4,000 - 1:40,000 Gates, Sloan
4 1:40,000 - 1:400,000 Bjork, Reach

5 <1:400,000 Kellog, Venter



The simulation ran 100,000 times. In each round, a combination of state and age was selected

according to their probability in the joint distribution. For instance, there are 287,000 males in

California who are 25 years old and 3,500 males in Idaho who are 75 years old. Accordingly, the

probability of selecting "California, 25" was 82 times higher than selecting "Idaho, 75". Next,

a bin of a leaked surname was selected according to its probability in Eq. B.7 and a surname

was selected according to its frequency in the bin. For instance, in the case of selecting the 1st

bin (>1:400), Smith had 1.28 higher probability of being sampled than Johnson. Finally, the

simulation randomly selected between the return of a spelling variant or exact match, where the

former had a probability 11.11%, based on our empirical findings in the Ybase simulations. In

case of no spelling variant, the surname frequency was set to the census frequency; otherwise,

the surname frequency was selected to be the sum of frequencies of all surnames that can be

spelling variants of the original surname according to our spelling variant definition above. The

last step portrays a scenario in which the adversary first looks for the target with the returned

surname and if he cannot trace the target back, he tries all spelling variants. The number of

expected individuals was found by multiplying the surname frequency by the number of males

with the selected age and geographical location.

We validated the results of the simulation by comparing them to real datasets of US residents

from PeopleFinders (ww. peoplef inders. com). These datasets are based on extensive mining

of public records, such as voter and drivers license registries, and can be searched by a com-

bination of surname, age, and state. We selected 30 random simulation rounds that passed

two criteria: (a) the ages were restricted to 25-35 years to avoid potential confounding due to

underrepresentation of minors in public records and conflicting records from deceased individuals

(b) the expected number of individuals should be 10-100 to avoid overloading the website. In

most cases the lists in PeopleFinders were smaller than expected from simulations. Although we

cannot rule out incompleteness of the website, the results also suggest that any underestimation

of the list size - if it exists at all - is not significant.

B.3.3 Profiling Y-STRs from sequencing data

IobSTR usage

Unless otherwise specified, lobSTR v2.0.0 was used to profile Y-STRs from raw whole-genome

sequencing data [79]. In brief, lobSTR acts in three steps: detecting reads with repetitive
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elements that are flanked with non-repetitive regions, aligning the flanking regions to a reference,

and measuring the repeat length for each STR.

Improved Y-STR reference

We modified lobSTR's standard STIR reference to include the genomic locations and nomencla-

tures of genealogical Y-STRs. These locations were found by conducting in silico PCR on the

UCSC genome browser using published Y-STR primers [106, 16, 26, 84, 140, 127, 146, 203, 102]

and by searching the FamilyTreeDNA Y chromosome browser (ymap. ftdna. com). Several STR

markers reside in duplicated regions of the Y chromosome. For instance, DYS385 has two dis-

tinct alleles in a single individual. Since lobSTR filters multi-mappers, we kept only one entry

of these markers in the modified reference. Markers DYS448 and DYS449 consist of two STR

regions separated by a non-repetitive region. For these, a separate reference entry was created

for each region and the final genotype was determined by adding the alleles profiled at each of

the two STR regions.

We did not include eight genealogical markers in the reference due to various technical reasons:

markers GAAT1B07 and DYS724a/b (also known as CDYa/b) were excluded because their

corresponding genomic coordinates could not be determined despite extensive literature searches.

DYS726 was excluded because the genetic genealogy nomenclature could not be determined.

DYS425 is one of the four repetitive loci of DYF371 [102], and using short reads we could not

uniquely determine which locus a read originated from. DXYS156-Y was excluded because it is

not specific to the Y-chromosome. Marker DYS19b was not included in because it is present

in 0.2% of the population. Marker DYS640 was incorrectly annotated in our original reference

and discarded from further analysis. Marker DYS464a-d was excluded because in most cases

we typed fewer than four alleles and could not accurately assign typed alleles to forms a-d. In

summary, our reference included 34 out of the 36 markers used by the SMGF panel and 79

out of the 87 markers in the most comprehensive test panel of FamilyTreeDNA. The genomic

coordinates and conventions used for each Y-STR are given in Supplementary Table B.5.3).

All coordinates reported in this study follow the hg19 human reference build.

Processing lobSTR calls

lobSTR returns base pair length differences from the UCSC genome reference. Genetic ge-

nealogy services use an STR nomenclature that follows the PCR product sizes according to

arbitrary primers [77]. Whenever available we used the NIST nomenclature to translate lobSTR

results (http: //www. cstl.nist .gov/strbase/ystr-fact.htm). For searches in the Ysearch
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database results were converted to FamilyTreeDNA nomenclature using a conversion table avail-

able from SMGF (http: //www. smgf .org/ychromosome/marker-standards .j spx).

For Y-STRs with a single genomic location, the allele with the modal number of supporting reads

was used. Y-STR alleles that showed a non-integer number of repeat copies were discarded.

We manually inspected a small number of calls where the modal allele was supported by less

than 60% of reads aligned to the locus and enhanced the call by removing reads likely to be

erroneous, such as reads that contain a high number of sequence mismatches, reads in which the

STR resides towards the end of the read, or reads supporting alleles outside the normal range.

Importantly, this procedure was executed completely blind to the true allele if it was known. For

bi-mapper markers, such as DYS413a/b, the shortest repeat length was assigned to allele "a"

and the next to allele "b".

Comparing lobSTR to the CEPH Y-STR panel

General approach

Sequence data for the CEPH panel were downloaded from the NCBI Short Read Archive from

experiment SRP009145, sample SRS269343, runs SRX103805-130812. The sample included 10
HGDP individuals: HGDP00456 (Mbuti Pygmy), HGDP00665 (Sardinian), HGDPO1284 (Man-

denka), HGDP00542 (Papuan), HGDP00521 (French), HGDP00778 (Han Chinese), HGDP01307
(Dai), HGDP00927 (Yoruba), H.GDPO1029 (San), HGDP00998 (Karitiana). Autosomal cover-

age was calculated using the samtools [136] depth tool and gives the average depth of covered

bases based on alignments using BWA [135]. lobSTR 2.0.0 with the improved Y-STR panel was

used for the analysis.

Genotypes for 76 Y-STRs typed by capillary electrophoresis for the 10 HGDP samples were
obtained from the CEPH website (ftp: //f tp. cephb. fr/hgdpsupp9/). Forty-seven of these

markers overlapped with the lobSTR reference and were used to evaluate lobSTR's ability to

type Y-STRs.

lobSTR reports alleles as the length difference from the UCSC, whereas the CEPH genotypes

are reported as the number of repeat copies at each locus. To convert lobSTR output to the

same format, we used for following equation: r+l/p, where r is the number of base pairs of the

STR of the lobSTR reference, 1 is the reported lobSTR allele in base-pairs, and p is the period

of the Y-STR. For all individuals in which lobSTR recovered a genotype for DYS385a/b, only a
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single allele was returned. If the returned allele matched either the "a" or "b" form reported by

CEPH, it was considered as correct. This follows our search strategy with the personal genomes,
where these partial calls of multi-allelic markers were used to exclude matches not containing

the IobSTR call for either allele.

We noticed that the lobSTR calls for all six individuals typed for DYS481 and all three individuals

typed for DYS594 are exactly one repeat away from the results in the CEPH study. There is

known nomenclature heterogeneity for these markers and some test kits report them with one

shorter repeat than as reported by the NIST standard . Concordantly, we converted lobSTR

calls to the shorter allele nomenclature to match that reported by CEPH.

Number of markers profiled at different sequencing coverage levels

Based on our previous experience with IobSTR, we assumed that STR coverage is linearly related

to autosomal coverage. For each genome, we used the Picard (http: //picard. sourceforge.

net) DownsampleSam tool to randomly down-sample reads from the lobSTR alignment file

to simulate coverage levels corresponding to autosomal coverage ranging from 1x to 25x. For

each coverage level, we repeated the lobSTR allelotyping step to call the Y-STRs. The best-

fit saturation curve was found using nonlinear least squares to fit a hyperbolic curve and was

extended to predict haplotype lengths for up to 50x coverage.

Further investigation of wrong Y-STR calls

In our previous studies, we found that PCR stutter noise is a major source of error in calling

STIR alleles. This type of noise usually adds or subtracts a single repeat unit from the true allele.

We noticed that the erroneous calls in DYS490 and DYS572 are several repeats away from the

true allele, reducing the probability that these errors stem from stutter noise. Further analysis

found that these two markers have X chromosome homologs, and that the calling errors can be

attributed to misalignment of the X chromosome STRs. We also noticed that these markers

were occasionally detected in the female genomes of the CEU panel, which provides further

support for this hypothesis. Future algorithm improvements can use the homolog calls from the

X chromosome to detect these errors.
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B.3.4 Cases of Surname Leakage from Personal Genomes

Querying genealogical databases

In all surname recovery experiments from personal genomes, database queries utilized the native

search interfaces of the websites.

Ysearch was queried using the haplotype matching tool available at http: //www. ysearch. org/

searchsearch. asp?uid=&freeentry=true. Online searches were conducted with the default

parameters and using the FamilyTreeDNA nomenclature. SMGF was queried using the tool at

http: //www. smgf . org/ychromosome/ search. j spx with the options "Search by Match%) =

85%" using the NIST nomenclature.

Feasibility of record retrievals with Illumina

The US male sample from our lab collection

The sequencing experiment was approved by the MIT Committee on the Use of Humans as

Experimental Subjects (COUHES). To comply with the COUHES approval, we cannot share the

specific Y-STR results, since this could lead to identification of the individual. As an alternative,

we provide summary statistics of the length distribution of the detected Y-STR makers.

Four Catch-All buccal swabs (Epicentre, QEC89100) were used to collect the sample according

to the manufacturer's protocol. Genomic DNA was obtained by QuickExtract (Epicentre),

followed by phenol-chloroform purification and ethanol precipitation. Library preparation was
performed according to the standard Illumina protocol. Three runs of 101bp paired-end reads

were generated with a GAlIx platform, generating 740 million reads. Autosomal coverage of

13x (after removing PCR duplicates) was measured using a conventional alignment pipeline

as previously described [51]. Supplementary Figure B.4.4A shows the overlap between the

markers that were detected by Illumina versus the genealogical profile from Sorenson Genomics.

textbfSupplementary Figure B.4.4B shows the number of STRs that were detected using Illumina

and Sorenson as a function of their lengths.

Database retrieval

For the 10 HGDP samples and the US male sample, we supplemented our downloaded copy of the

Ysearch database with capillary electrophoresis results. Retrieval of records was conducted with
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the same scripts used for the Y-STR simulations described above. As an additional validation for

our results, we created a Ysearch record for the US male using the Ysearch.org website that does

not disclose the true surname of the sample and consists of the Y-STR makers that are shared

between Sorenson Genomics and Ysearch. Again, a search with the default website interface

returned our sample as the top match.

Analyzing Michael Snyder's genome

Raw reads for the blood-derived and saliva-derived DNA of Michael Snyder's genome were

downloaded from the NCBI Sequence Read Archive with accessions SRX097307 and SRX097312,

respectively. lobSTR 1.0.6 with the native lobSTR reference was used to process both datasets

using 20 processors on a server with four 12-core AMD Opteron 6100 Series. Forty-eight Y-

STR calls were generated. All Y-STR calls were concordant between the blood-derived and the

saliva-derived samples.

Analyzing John West's genome

Raw reads for John West's genome were downloaded from NCBI Sequence Read Archive with

accession SRA018104. lobSTR 1.0.6 with the improved Y-STR index using the same hardware

settings for Michael Snyder genome.

Surname recovery using the Craig Venter dataset

Sequence reads for the Venter genome were downloaded from TraceDB (Genbank accession

ABBAOOOOOOOO). We trimmed the first 50bp of every read due to the high error rate at the

beginning of Sanger sequence reads and discarded reads whose length after trimming was less

than 100bp.

At the default settings, lobSTR 2.0.0 with the improved Y-STR index returned 40 Y-STRs after

40 minutes of runtime using the same hardware settings as described above. Markers returning

a non-integer number of repeat copies were discarded.

Querying Ysearch as described above returned the entry VPBT4 with surname "Venter" as

the top hit. The results, including the trace numbers of supporting reads, are summarized

in Supplementary Table B.5.4 . Concordant with Craig Venter's paternal roots, the top
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match was the only Venter record in Ysearch with a UK ancestor. The algorithm did not return

any of the other dozen Venter entries with ancestors mostly from Germany and South Africa

(Supplementary Figure B.4.5 and Supplementary Table 8.5.5), emphasizing the specificity

of the recovery.

Demographic profiling was conducted using PeopleFinders and USSearch (www.ussearch. com).

Female names and users that did not exactly match year of birth=1946 were discarded.

CEU genomes

The CEU male datasets were accessed through the 1000Genomes publicly available Amazon

S3 bucket and the European Nucleotide Archive. In cases of father-son pairs, we selected the

father for further analysis. All datasets were first processed with lobSTR 2.0.0 with the native

STR reference. We reran the 18 CEU genomes that returned the largest number of markers

with the improved Y-STR panel. Overall, these genomes had longer read lengths of 76-100bp
compared to 36-51bp and were therefore more amenable to STR calling. To validate calls in

the low coverage genomes, Y-STRs typed using capillary electrophoresis for 16 Y-STR markers

for 10 of the 17 individuals were obtained from He, et al. [86]. In 41/43 comparable markers

the genotypes were concordant. The two incorrect cases were off by a single repeat unit and

covered only by a single read. All searches were first performed using only the markers typed

using IobSTR. Four genomes were supplemented with the markers from He, et al. since their

searches returned a large number of poorly matching records due to low number of calls in

popular markers. Autosomal coverages were measured as reported for the HGDP samples.

Determining the probability of false surname recovery

We determined the probability that at least one household would randomly match the surname

and demographic characteristics of the CEU pedigrees. Let n be the number of households

that hold the recovered surname in the geographical region, p the probability that a household

matches additional metadata available for the sample, and fi and f2 the frequencies of the

recovered surname of the paternal and maternal grandfathers. If only one surname was recovered,

f2 = 1. The probability of at least a single random match is:

P(;> I mat ch) = 1 - (1 - p)" (B.8)
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In our case, n is the number of married households in Utah with the recovered surname. We

approximate n ;[inutahfl, where noth is the total number of married households in Utah,

which according to the 2002 census matches to 443,210.

For p, we accounted for the additional metadata regarding the number of children, male/female

order of the children, and knowledge of the surname of the other set of grandparents. We set

p to:

P = f2Pe1 (B.9)

where p, is the probability that a household has the given number of children, k is the number

of children in the pedigree and 1/ 2 k is the probability that the male/female order of the children

matches that in the pedigree. The upper bound of p, is 3.5%, which corresponds to the

percentage of households in Utah with 5 or more children as determined by the 2000 US Census

using the search tool at factfinder2. census. gov. We used this number because data on

larger households were not available. This gave the probability of finding at least one random

match as:

P( > 1 match) = 1 - (1 - f 2p )nutahf1 (B.10)

We note that the order in which surnames are assigned to surnames 1 and 2 does not significantly

change this probability as, 1 - (1 - p)" converges to np for small p, and therefore:

1
P(> 1 match) np = nutahfPfMPck (B.11)

which also gives the expected number of households that give random matches to the desired

characteristics.

One limitation in our analysis is the n ; [fnutafil approximation that implies that the sur-

name distribution in Utah is very close the surname distribution in the entire US. These two

distributions are expected to be relatively close for highly prevalent surnames, but extremely

rare surnames can be quite localized. This case was only of a concern for pedigree 3, where

its surname is found in only a few hundred individuals in the US. To test the robustness of our

analysis, we re-calculated the probability of a random match for this pedigree as if all individuals
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in the US with this surname live in Utah and each individual is a member of a distinct household.

In this scenario, the probability of a random match was 0.3%, which is still significantly low.

Notice that this analysis is extremely conservative. The assumption that each of the hundreds

of individuals reside in a distinct household is not realistic. In addition, we did not take into

account additional metadata, such as the probability to find the exact number of children and

the fact that all grandparents were alive during the last year of CEU sample collection, which

should further drive down the probability of a random match.

B.3.5 Y-STR masking and imputation

One potential solution to surname leakage is to mask the Y-STR loci. However, genetic masking

is sensitive to imputation strategies. A striking example of this limitation was the ability to

recover Jim Watson's masked ApoE status from adjacent SNPs in linkage disequilibrium [167],

raising the possibility of also bypassing Y-STR masking.

Theoretically, it seems possible to impute genealogical Y-STR haplotypes from Y-SNPs. The

rate of SNPs is 3 x 10-8 mutations per bp per generation, which translates to a rate of 0.5 de

novo mutations in the euchromatic region of the Y chromosome per generation. On the other

hand, Y-STR variations occur at a smaller rate of -0.1 mutations per haplotype of 30 markers

per generation. This rate difference has been recently demonstrated by deep sequencing the

Y chromosomes of two individuals that were separated by 13 meiosis events [244]. The two

individuals had identical Y-STR haplotypes but differed at four Y-SNPs. The excess of de novo

SNPs over STRs implies that Y-STR haplotypes can be uniquely tagged by Y-SNP haplotypes.

Y chromosome imputation has different properties imputation in autosomal regions. In the

autosomes, recombination divides the chromosome into segments with distinct genealogies.

The task of autosomal imputation algorithms is to detect segment transitions and match the

corresponding ancestral haplotype block from the reference panel [82, 148]. Y-STRs reside on

one long chromosome block. The divide and conquer approach cannot work and the entire Y

chromosome block must be imputed in a single step. On one hand, this drastically reduces the

computation time needed for imputation. On the other hand, a necessary condition for accurate

imputation is that the reference panel must include the Y-STR alleles as a single haplotype block.

Accurate imputation will not work if the masked STR alleles are scattered across a collection

of reference chromosomes. For instance, if the masked Y-STR haplotype is 14-15-20-11, and

the reference has four chromosomes: 14-X-X-X, X-15-X-X, X-X-20-X, and X-X-X-11, where X
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indicates a mismatch to the masked haplotype, imputation will not return an accurate result.

Given that condition, every imputed Y-STR haplotype (as opposed to alleles in the autosome)

must be documented in the reference panel.

We evaluated the dependency between the reference panel size and the success rates. We focused

on Ysearch since SMGF does not list the raw Y-STR haplotypes. Ysearch contains approximately

34,000 unique haplotypes of 30 popular STR markers. These haplotypes cover 34.5% of the

haplotypes that segregate in the population according to the Good-Turing frequency estimation

procedure (29). The reference panels were constructed by re-sampling Ysearch haplotypes using

a two-stage procedure: (a) with a probability of 100%-34.5=65.5%, a mock haplotype was

sampled. This denotes a haplotype in the reference panel that is not in Ysearch. Otherwise,

the procedure continued to the next stage (b) a Ysearch haplotype was sampled according to

its frequency in the database. This two-stage procedure was run N times, where N was the

size of the reference panel. Simulating Y-SNPs was not necessary because we assumed that

given the size of the haplotype block, imputation always correctly recovers the Y-STR haplotype

from the Y-SNP, as long as the former is in the panel. We then conducted surname recovery

experiments with YBase using the Ysearch database and the simulated reference panel. If a

YBase haplotype was not part of the reference panel, then surname recovery automatically

failed and was categorized under the SA'unknown' state.

Our results show that with large reference panels-of 50,000 male genomes from the US popula-

tion, the surname recovery success rate is 5% (Supplementary Figure B.4.6). This suggests

that imputation is not an immediate threat to masking, but can be problematic as a long term

solution.

In addition, we noticed that some community efforts, such as Y Chromosome Genome Compar-

ison (daver .info/ysub), have started linking between Y-SNPs and surnames. These efforts

might also enable the bypassing of Y-STR masking.
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B.4 Supplemental Figures

B.4.1 Supplemental Figure 1

Exact match Spelling variant Wrong match

Tine to MRCA (generations)

The TMRCA profiles of haplotype queries. Records that matched exactly the input surname

(left) showed a geometric-like distribution. For most records with a minute spelling variant from

the original surname (center) the MRCA was 10-15 generations ago. Wrong matches (right)

mainly showed an ancient MRCA.
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B.4.2 Supplemental Figure 2

A

B

II
IJ

A

Performance of surname recovery at different confidence thresholds. (A) The rate of

successful recovery with exact matches (dark red) and spelling variants (light red) versus the

wrong recovery rate (gray) as a function of confidence threshold level. (B) The ratio between

successful recoveries to wrong recoveries.
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B.4.3 Supplemental Figure 3
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The probability of successful recovery given that the surname has at least one record

in Ysearch or SMGF as a function of the surname frequency.
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B.4.4 Supplemental Figure 4

A B

SMGF I1-Urnirla

S,2e IPI

Comparison between Illumina Y-STR profiling and the Sorenson Genomics genetic

genealogy service. (A) Illumina profiling returned the results of 38 Y-STR markers. The

genetic genealogy service uses a panel of 49 markers, 39 of which are included in lobSTR's Y-

STR reference. The results of all 17 markers that were profiled by both strategies were identical.

(B) The distribution of total STR region lengths is shown for the markers typed by Sorenson

(blue) versus markers typed by lobSTR (red).
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B.4.5 Supplemental Figure 5
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Ancestral origins of Venter records in Ysearch. The ancestral origin of the top match is

labeled with an arrow.
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B.4.6 Supplemental Figure 6

IX

Q' 1),S4
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Referxnce panel mze

The estimated success rate for surname recovery after imputation as a function of the
imputation panel size.
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B.5 Supplemental Tables

B.5.1 Supplemental Table 1

Estimated
number of

Site Records Maintained by: Availability Search Interface Users
Ancestry DNA Public (tee Mainly
(dna.ancestry com) 50.000 Ancestry corn required) Search by STR Haploype Ancestry corn
Family Tree DNA
|1M lrLrQNcfm) 250.000 Fanily Tree DNA Closed Not searchable FTDNA
Oxford Ancestors
(www oxfordancestors cmi ' Oxford Ancestors Closed ? Oxtord Ancestors

SMGF Sorensen Mkfeclar Public (free Search by surname or STR
CA (smEqorigpLaqes/ydaabase ]spx) 38,000 Genealogy Foundation' account required) Haplotype SMGF

WorldFamiles Colection of adrins Mainly FTDNA
.o tenlamlies nersumremes 150,0003 of surname projects. Public Search by surname users

Previously public DNA Hentage and
0 Ybiase 13,000 DNA Heitage2 Discontinued. Discontinued others

Y Chromoscme Genome
Comparison
________O___y ____ 1,000 Volunteers Public Download raw SNP data 23andME

Ymatef Search by STR and SNP
tenaflngerprint.com) 1,300 Farrily Tree DNA Public haplotypes Various companies
Ysearch Search by surname or STIR
fysearcn or 105.000 Farmily Tree DNA Public Haplotype Mainly FTDNA
Brown DNA Study
(htlp /biownsociety orq/browndn

- U a/results.htm) Bmt+ Brown members Public Table of Y-STR haplotypes FTDNA
.0 Clan Donald USA (http:/dn-
- a Dronectclandonald-usaora 1000+ Donald clan members Public Table of Y-STR haplotypes FTDNA

C- icLufe DNA Sumarne Proiect FTDNA, DNA

E (hlpieww mceire.cxms) i55+ McDuflle members Public Table of Y-STR haplotypes Hentage
SmcthConnectons DNA Project

X h7ly:' smttconnections.co
pt mitn 500+ Smith members Public Table of Y-STR haplotypes FTDNA

Witiiams DNA Project
(tIp twIsims qenealoovry m 8W+ Williams members Public Table of Y-STR haplotypes FTDNA

List of major genetic genealogy sites that display Y chromosome and surname information. The

top section lists genetic genealogy databases. The bottom section lists examples of privately

maintained familial genetic genealogy sites. 1 SMGF was recently acquired by Ancestry.com. 2

DNA Heritage was acquired by FamilyTreeDNA in 2011. 3 Includes only users whose surnames

are present in the 2000 US Census.
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B.5.2 Supplemental Table 2

Marker Expected mutation rate Mean a
DYS19 0.00437 14.34 0.8045
DYS385a 0.00208 12.0869 1.6522
DYS385b 0.00414 14.5464 1.449
DYS388 0.000425 12.5142 1.0753
DYS389a 0.00551 12.9668 0.6644
DYS389b 0.00383 29.326 1.0418
DY5390 0.00152 23.6032 1.0229
DYS391 0.00323 10.4858 0.6104
DYS392 0.00097 12.3413 1.1069
DY5393 0.00211 13.0752 0.6025
DYS426 0.000398 11.6459 0.5198
DYS437 0.00153 14.9094 0.6931
DYS438 0.000956 11.2206 1.0643
DYS439 0.00384 11.66 0.8567
DYS442 0.00978 17.2273 1.3301
DY5444 0.00545 12.3666 0.892
DYS445 0.00216 11.6015 0.9401
DY5446 0.00267 13.1767 1.372
DY5447 0.00212 24.6396 1.2057
DYS448 0.000394 19.3437 0.8748
DYS449 0.0122 29.5472 1.6474
DYS452 0.00402 30.1854 1.1041
DY5454 0.000475 11.0484 0.3744

DYS455 0.000426 10.648 0.9704
DYS456 0.00494 15.4571 1.1065
DYS458 0.00836 16.6389 1.2634
DYS459a 0.00013 8.753 0.5017
DYS459b 0.00013 9.601 0.5422
DYS460 0.00622 10.6976 0.639
DYS461 0.000989 11.882 0.6914
DY5462 0.00265 11.3571 0.6266
DYS464a 0.00018 13.8555 1.4488
DYS464b 0.00018 14.7374 1.0564
DYS464c 0.00018 15.8236 1.124
DYS464d 0.00018 16.5742 1.1157
DYS635 0.00385 22.6604 1.1601
GATA-AlO 0.00332 15.5234 1.2242
GATA-H4 0.00322 10.7333 0.7801
GGAAT1B07 0.0024 10.2854 0.7397
YCAIIa 0.002 19.0997 0.905
YCAIIb 0.002 22.136 1.2624

Table B.1: List of markers used to challenge Ysearch and SMGF. Mutation rates are based
on Ballantyne et al. [8]. YCAll was absent from this study and set to 0.002 according to Walsh
[229]. Mean and standard deviations for marker values are calculated using Ysearch with NIST
nomenclature.
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B.5.3 Supplemental Table 3

Alt location

chrY:19260956-19261212

chrY:14676647-14676820

206

Marker

DYS394/19

DYS385a/b

DYS388

DYS3891

DYS389B

DYS390

DYS391

DYS392

DYS393

DYS406S1

DYS413a/b

DYS426

DYS434

DYS435

DYS436

DYS437

DYS438

DYS439

DYS441

DYS442

DYS444

DYS445

DYS446

DYS447

DYS448_1

DYS448_2

DYS449_1

Start

9521989

20842518

14747535

14612191

14612338

17274947

14102795

22633873

3131152

23843595

16099088

19134850

14466533

14496298

15203862

14466994

14937824

14515312

14981831

14761103

19226192

22092602

3131458

15278740

24365070

24365178

8218014

End

9522052

20842573

14747570

14612238

14612405

17275042

14102838

22633911

3131199

23843634

16099133

19134885

14466568

14496333

15203897

14467057

14937873

14515363

14981908

14761168

19226247

22092649

3131527

15278854

24365136

24365225

8218074

Ref allele

15

14

12

12

29

24

11

13

12

10

23

12

9

9

12

16

10

13

16

17

14

12

14

23

11

8

13



DYS449_2 8218124 8218179 14

DYS450 8126300 8126344 8

DYS452 21620478 21620632 31

DYS454 8224156 8224199 11

DYS455 6911569 6911612 11

DYS456 4270960 4271019 15

DYS458 7867880 7867943 16

DYS459a/b 26078851 26078890 chrY:26292857-26293004 10

DYS460 21050842 21050881 10

DYS461 21050690 21050737 12

DYS462 21317047 21317090 11

DYS463 7643509 7643628 24

DYS472 16508484 16508507 8

DYS481 8426378 8426443 22

DYS485 22099634 22099681 16

DYS487 8914174 8914212 13

DYS490 3443765 3443800 12

DYS492 17414337 17414369 12

DYS494 21386168 21386197 10

DYS495 15011300 15011346 15

DYS05 3640831 3640878 12

DYS511 17304923 17304958 10

DYS520 7730432 7730511 20

DYS531 8466195 8466238 11

DYS533 18393226 18393273 12

DYS634 18392976 18393035 15

DYS537 19358850 19358889 10

DYS549 21520224 21520275 13

DYS556 22601453 22601496 11

DYS557 23234712 23234775 16
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DYS565

DYS568

DYS570

DYS572

DYS575

DYS576

DYS578

DYS589

DYS590

DYS594

DYS607

DYS617

DYS635

DYS636

DYS638

DYS641

DYS643

DYS714

DYS717

GATA-AlO

GATA-H4

YCAlla/b

DYS395S1a/b

DYS716

16526732

8822555

6861231

3679660.

7436257

7053359

22562564

24485693

8555980

21656837

18414382

19081518

14379564

22634857

17645491

16134296

17426012

22147731

17313245

18718879

18743553

19622111

19739341

13140129

16526775

8822594

6861298

3679699

7436296

7053426

22562599

24485757

8556019

21656886

18414457

19081553

14379655

22634900

17645534

16134335

17426066

22147865

17313324

18718938

18743600

19622156

19739381

13140274

12

11

17

10

10

16

9

12

8

10

19

12

23

12

11

10

11

27

16

15

12

chrY:19016986-19017135 23

chrY:18899736-18899977 15

28

Y-STR genomic locations and conventions. All coordinates are given for human genome

build hg19. Conventions follow NIST guidelines whenever available. * The values for DYS448

and DYS449 were determined by adding the alleles typed at

DYS448_1/DYS448_2 and DYS449 1/DYS449_2. The complete repeat structures for DYS448

and DYS449 are [AGAGAT]mN42[AGAGAT]n and [TTTC]m [N]50 [TTTC]n, respectively.
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B.5.4 Supplemental Table 4

209

Marker

DYS388

DYS391

DYS392

DYS395S1a

DYS395S1b

DYS413a

DYS426

DYS436

DYS438

DYS439

DYS442

DYS450

DYS454

DYS455

DYS458

DYS459a

DYS461

DYS462

DYS472

DYS481

DYS485

DYS492

DYS494

DYS531

DYS534

DYS537

DYS549

Craig Venter

12

10

13

15

16

23

12

12

12

12

12

8

11

11

17

9

12

11

8

22

16

13

9

12

16

10

12

Best Ysearch hit (VPBT4)

12

10

13

15

16

23

12

12

12

12

12

8

11

11

17

9

8

22

13

12

16

10



DYS556 11

DYS557 16 16

DYS565 12 12

DYS568 11 11

DYS570 17 17

DYS578 9 9

DYS590 9 9

DYS594 10 10

DYS617 12 12

DYS636 12

DYS638 11

DYS641 10 10

DYS714 25 25

YCAIIa 19 19

YCAllb 23 23

Craig Venter's haplotype from his personal genome versus the best Ysearch match.

Only Ysearch markers with corresponding sequencing results are shown. All alleles are reported

using FamilyTreeDNA nomenclature to match the Ysearch convention. For Genebank read

accessions, see Supplemental Material at http: //www. sciencemag. org/content/339/6117/

321/suppl/DC1.
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B.5.5 Supplemental Table 5

User surname Ancestor surname Origin

Venter Von Dempter Hameln, Germany

Venter Venter Bloemfontein, South Africa

Venter Venter Germany

Venter von Dempter Hamelin, Lower Saxony/Niedersachsen, Germany

Venter Von Dempter Hameln, Lower Saxony/Niedersachsen, Germany

Venter Venter Hamel, France

Venter Venter Witbank, South Africa

Venter Von Dempter Hameln, Germany

Venter Venter Hamin, Germany

Venter Venter Roth near Meisenheim, Palatinate/Pfalz, Germany

Venter Lincolnshire, England

Venter Venter Hameln, Lower Saxony/Niedersachsen, Germany

Venter van Deventer Oldenzee, Netherlands

Table B.4: Venter records in Ysearch and their ancestral origins. In red - the top match
to Craig Venter's Genome.
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Appendix C

Worldwide variation in human short tandem repeats

Parts of this chapter have been submitted to Nature for publication:

Mallick S, Li H, Lipson M, Mathieson I, Gymrek M, et al.. The landscape of human

diveristy. Under revision.

The STR work is mostly described in a supplemental chapter to this work:

Gymrek M, Willems TF, Reich D, Erlich Y. Worldwide variation in human short tandem

repeats.

Summary: We generated the most comprehensive catalog of short tandem repeat (STR) geno-

types to date, based on 301 deeply sequenced human genomes. Genotypes show strong concor-

dance with capillary electrophoresis and accurately recover population structure. We used this

call set to characterize allele frequency spectra, analyze sequence determinants of STR varia-

tion, and to identify common loss of function alleles. STR genotypes are available in raw and

interactive format at strcat. teamerlich. org.

C.1 Genotyping STRs

We analyzed STRs using lobSTR [79], a custom algorithm for genotyping short tandem re-

peats. We modified lobSTR's allelotyping tool to be able to call STRs directly from align-

ments generated by tools besides the lobSTR aligner. This greatly reduces the run time and

allows rapid STR genotyping from large sequencing panels that have already been aligned us-

ing alternative indel-sensitive methods. We used raw reads aligned to GRCh37 using BWA-

MEM (http: //bio-bwa. sourceforge. net/) (version 0.7.10) with default parameters. These

213



a
30

20

10

10

0to -20

d

+

2
It)

b

-100.0

30 -20 -10 0 10 20 30

Mean STR length - Capillary

0.40 -
0.35
0.30
0.25
0.20
0.15 - y ~0.96x 0.0054
0.10 -.
0.05
0.00

0.0 0.05 0.1 0.15 02 0.25 0.3 0.35 0.4

SNP fst

C

x10
6

8000
7000 -
6000
5000

3000 y - 0.86x +13.62
20000

CL 01000 _00pp~

00 100020003000 4000 5000 6000 7000 8000 x 106

SNP stderr

Tetranucleotides (n=28,403)

Oceania
Armeric

Ari~ - *0eo

soorhAii

A

PC 1

Homopolymers (n=53,002)

00 rlrl

PC 1

0 Oceania

-2 .

-60.0 A e

_BG
000 *5'0 0. 0

PC 1

0.40
0.35

CC0.30
0.25
0.20

+ y0.15x+ .05
6/0 Y Q96 0s

in0.05
0.00

0.0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

SNP fst

Figure C-1: Worldwide variation in human short tandem repeats. a. Mean STR length
is reported as the average of the length difference (in bp) from the GRCh37 reference for
each genotype. Bubble area scales with the number of calls compared at each point. b. and
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FST analysis. The red dashed lines give the best-fit line, described by the formula in red. The
black dashed line denotes the diagonal.
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alignments were used as input to lobSTR's allelotyper (Github revision 3.0.3.24-892e). We

used optional parameters "-filter-mapq0 -filter-clipped -max-repeats-in-ends 3 -min-read-

end-match 10" and a noise model trained on PCR-free sequencing data. We jointly geno-

typed samples at sites in lobSTR's reference panel: 1.6 million loci with motif lengths rang-

ing from 1-6bp. The reference is part of the GRCh37 lobSTR resource bundle available at

http://lobstr.teamerlich.org/download.html. Table C.2 provides a summary of the

reference panel.

C.2 Quality controls

lobSTR generated genotypes for an average of 1.5 million loci per sample (Figure C.2a) with

an average of 15.3 informative reads (reads that completely span the repeat region) for each

autosomal call. We removed sample S_Daur-1 from analysis because it had 6.5 standard

deviations fewer calls than the mean (1.4 million calls). All other samples were within 3 standard

deviations of the mean. For downstream population genetic analysis, we also removed individuals

from the Bergamo and Hazara populations, as some of these individuals were outliers. Each

locus had genotype calls for an average of 280 samples (95%) (Figure C.2b). We were not

able to genotype 2% of loci in our reference. Most of these loci have allele lengths greater than

100bp that could not be spanned by Illumina reads. Genotype quality scores, which report the

likelihood of the genotype call divided by the sum of likelihoods of all considered genotypes,

tended to decrease for longer STRs and increase with motif length, with homopolymers showing

significantly lower quality scores than other classes (Figure C.2c). For the majority of loci,
we found no directional bias in allele length compared to the reference allele. However, as

the reference track increases, calls become biased toward shorter alleles, again reflecting the

limitation of calling STR genotypes using 100bp reads ((Figure C.2d)).

We subjected the resulting genotypes to stringent filtering to ensure high quality calls. We

based our filters on coverage, call rate (percent of samples with a genotype call for a given

locus), and the metrics Q and DISTENDS reported in the VCF file generated by IobSTR. Q

reports the genotype quality score as described above. DISTENDS reports the mean distance

between the STR boundary and the end of the read. Specifically, we calculate the difference

in distance between the STR and the left and right read ends, and take the average difference

across all reads for a given call. We find that high quality calls tend to have DISTENDS close

to 0, meaning there is no bias towards a specific end of the read on which the STR occurs.
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Figure C-2: STR call set quality metrics. a. Distribution of the number of STR calls

per sample. b. Distribution of the number of samples with calls for each STR. c. Mean

genotype quality score decreases with the length of the STR. Each line represents a different

repeat motif length (gray = homopolymers, red = dinucleotides, yellow = trinucleotides, blue

= tetranucleotides, green = pentanucleotides, purple = hexanucleotides). d. Mean length

deviation from the reference allele as a function of reference length (black). As the reference

track increases in length, calls tend to be biased toward alleles shorter than the reference allele

(black). The red line gives the Cumulative Distribution Function (CDF) of calls vs. reference

length. Gray shading: loci that were filtered from analysis. Beige: loci retained for downstream

analysis.

On the other hand large positive or negative DISTENDS scores often indicate that a locus has

problematic alignments.

The specific filters listed below are described in the "Best practices for using BWA-MEM align-

ments with lobSTR" section of the IobSTR website. We filtered loci with the following properties:

* Average coverage 5x

* Average - loglo(1 - Q) < 0.8
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Motif length No. of loci % in reference Common motifs % genotyped (post-filtering)
1 795,043 48.5 A, C 99.9 (70.3)
2 310,761 19.0 AC, AT. AG 96.2 (88.5)
3 84.869 5.2 AAT, AAC, AGG, AAG, ATC 97.6 (95.6)
4 262,179 16.0 AAAT AAAC, AAAG, AAGG, AATG, AGAT. AGGG, ATCC, ACAT 94.3 (91.8)
5 106,481 6.5 AAAAC. AAAAT. AAAAG 97.4 (93.1)
6 79.246 4.8 AAAAAC, AAAAAT, AAAAAG 97.4 (93.3)
All 1.638,516 100.0 97.9 (81.1)

Table C.1: Composition of GRCh37 lobSTR reference panel. We list motifs that occur
>5,000 times in the reference, in order from most to least common.

" Call rate < 0.8

" Reference allele length >80bp

After filtering loci we additionally filtered individual calls with:

* Coverage< 5 x

* -logio(1 - Q) < 0.8

* Absolute value of DISTENDS score >20

After filtering, 1.3 million loci remained for analysis.

C.3 Validation

We compared lobSTR results to genotypes for a subset of samples generated using capillary

electrophoresis, the gold standard for STR genotyping: -We evaluated concordance with two

panels: Y chromosome STRs (mostly tetranucleotide loci), and the Marshfield set of mostly di-

and tetranucleotide autosomal loci.

We obtained Y-STR genotypes for 74 samples at 39 loci that overlapped with our data from the

CEPH website (ftp://ftp.cephb.fr/hgdp-supp9/genotype-supp9.txt). We calibrated

capillary calls to the lobSTR format using the reference alleles annotated in Supplementary

Table 5 of Gymrek et al. [80]. As reported there, markers DYS481 and DYS594 are off by one

unit in the CEPH data, and we corrected the lobSTR calls to reflect this. We discarded marker

DYS640 due to ambiguous nomenclature. We found overall concordance of 99% between the

lobSTR and capillary calls.

We downloaded genotypes and additional metadata for the Marshfield markers for 1,048 samples
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Figure C-3: Concordance between lobSTR and capillary genotypes. a. Concordance by
marker, ordered from the marker with lowest to highest concordance. The red dashed line
gives the overall concordance. b. Example marker with poor concordance between lobSTR and
capillary data due to an annotation error. In this sample, marker TATT031 20 has a genotype
of -4,0 reported by lobSTR. However, the capillary data reports -4,4, due to an extra 4bp TCTC
indel (blue box) in the flanking regions that is linked with the STR allele 0. Because this indel
is not included in the annotated STR sequence (gray box) lobSTR does not consider it when
making a genotype call. We visualized the alignment using PyBamView [78].

at 627 loci from the Rosenberg lab website as reported by Pemberton et al. [176]. A total of

127 of these samples overlapped between our sequencing and this capillary dataset, and of these,

we were able to convert 468 capillary genotyped loci to loci in the lobSTR GRCh37 reference.

Capillary genotypes were reported as the size of the PCR product and we converted these to

lobSTR format as described on the lobSTR webpage. We rounded all genotypes to the nearest

repeat unit. The overall concordance rate was 93%. We compared STR dosage, defined as

the sum of lengths of the two alleles, across methods and found strong correlation (r 2 = 0.92)

between the two datasets (Figure Ca). In discrepant calls, lobSTR tended to underestimate

the true allele length compared to the capillary data, again reflecting a bias toward detecting

shorter alleles due to the read length limitation. Notably, the majority of errors originated

from a small set of loci (Figure C.3a), with many errors potentially due to discrepancies in

STR annotations between the datasets. For instance, marker TATT031_20 has a 4bp indel

nearby the annotated STR sequence that is strongly linked to particular STR alleles. lobSTR

218

- .- A., - gc. , - - 11 . - . I



only considers variation within the annotated sequence when making calls, whereas the capillary

calls consider all length variation contained in the product amplified by PCR during genotyping,

resulting in discordant genotypes. Thus, both methods are correct by their own definitions,

despite the apparent discrepancy. An example discordant call affected by this issue is shown in

Figure C.3b.

We next sought to assess the accuracy of homopolymers in our data. These markers are not

part of the capillary data discussed above and were excluded in previous studies of STR variation

[240]. To this end, we tested whether the lobSTR calls from these loci could recapitulate known

differences between population groups based on principal component analysis (PCA). As a posi-

tive control, we first analyzed autosomal tetranucleotides with heterozygosity greater than 10%

that were called in at least 90% of samples. These loci represent a relatively high quality STR

call-set. The 28,403 tetranucleotides passing the above filters were able to accurately recover

known population differences in these samples (Figure Cb), with the first principal component

separating non-African from African samples and the second primarily separating European and

Asian samples. Remarkably, repeating the same analysis with 53,002 homopolymer loci, we were

able to recover the majority of the structure seen by tetranucleotides (Figure Cd), a testament

to the quality of the calls in our catalog for these difficult-to-genotype loci.

C.4 STRs improve resolution of population structure inference

Encouraged by the ability of STR calls to distinguish population structure, we sought to deter-

mine whether STRs increase the resolution of population inference beyond that which can be

obtained by genome-wide SNPs. We used the smartpca tool from the EIGENSOFT [181] pack-

age to compute FST and block jackknife standard errors between all pairs of populations. We

first computed FST and standard errors using SNPs. Genotypes were pulled down for 1,152,838

autosomal sites from a panel of SNPs known to be informative for population structure, built

from a union of panels 1 and 2 of an existing dataset [60]. We then repeated this analysis using

a dataset that combined SNP and STR genotype data. To encode STRs in bi-allelic format, we

followed the convention suggested by Patterson et al. [171], and encoded each STR allele in

the frequency range of 5-95% as a separate bi-allelic marker. This gave 357,863 STR "markers'

from 160,530 unique STR loci for a total of 1.51 million markers for the combined SNP+STR

analysis. Whereas the two datasets gave highly concordant FST values (slope of best fit line =

0.96, Pearson r2 = 0.999) (Figure Cd), the combined dataset has decreased standard errors
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compared to SNP variation alone (slope = 0.86), documenting the added value provided by

STRs for discerning population structure (Figure Ce).

C.5 Patterns of STR variation

We used our catalog to examine overall trends in polymorphism at STRs. Of the 1.3 million

genotyped loci, 32.2% show more than two common alleles (defined as having an allele frequency

> 0.01), and some loci have more than 20 common alleles. The remaining loci are either fixed

across all individuals (47.6%) or have only two common alleles (20.5%). These patterns changed

significantly when stratifying by motif length, with longer motif lengths showing less variability.

For instance, only 23% of homopolymers are fixed compared to 70% of tetranucleotides (Figure

C. 5).

a b
0.7 0.8

0.7
0.6

0.6

0.5s C.5 0.5
0.4 Z.4

0.3 0.3

0.2 0.2

V 01

. 1 2 3 4 5 6 7 8 9 10+ 1 2 3 4 5 6 7 Ft 9 10+

Number of alleles Number of alleles

Figure C-4: Allele frequency spectra of STIRs. a. Distribution of the number of common alle-

les per locus. b. Stratification by motif length (gray=homopolymers, red = dinucleotides, yellow

= trinucleotides, blue = tetranucleotides, green = pentanucleotides, purple = hexanucleotides).

As has been previously shown, we found that STR variability depends strongly on properties of the

STR itself and on local sequence features. We examined the ability of these features to explain

differences in variability for all STR loci with at least two common alleles. We used heterozygosity

as a metric of variation, which is defined as 1 - _' , where pi is the frequency of allele

i and n is the total number of alleles. As mentioned above, heterozygosity tends to decrease

with motif length. Additionally, we found that heterozygosity is positively correlated with STR

sequence purity (r = 0.21,p < 10-200) and reference track length (r = 0.17,p < 10-200)

(Figure C.5). Both these observations agree with previously reported results [240, 1,H]. We

also observed a positive correlation with local recombination rate (r = 0.028 ,p = 7.4 x 10-209)
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(deCODE recombination maps [ -] available on the UCSC genome browser). A joint linear

model including all of these features explained 53% of variation in heterozygosity across loci.

When restricting to STRs with no sequence imperfections (interruptions in the STR), these

features explained 70% of variation.

a b c

Figure C-5: Sequence determinants of STR variation. a. Median heterozygosity by motif
length. STRs with longer motif lengths tend to be less polymorphic. b., c. Mean heterozygosity
as a function of reference track length and local recombination rate (gray = homopolymers, red
= dinucleotides, yellow = trinucleotides, blue = tetranucleotides, green = pentanucleotides,
purple = hexanucleotides).

C.6 Potential loss-of-function variants at STRs

We used our catalog to identify STRs in coding regions with common loss-of-function (LoF)

variants, which we identified as frameshifting variants in coding exons as defined by Refseq.

We restricted to alleles found in at least 10 individuals. Seventeen loci with potential common

frameshifts passed these criteria, five of which have a frameshift as the major allele (Table C.6).

Four of the five common LoF alleles with periods 2-6 reported by [2]. using an independent

dataset are included in our list (TMEM254, GP6, FAM166B, and DCHS2), and more than half

were reported in dbSNP, suggesting that these putative LoF do not represent genotyping errors.

In 13 of the 17 cases, the potential LoF variant occurs in the last exon of the gene or toward

the end of a single-exon gene, reducing its potential impact on protein function. The variants in

TMEM254 and LFNG occur in an internal exon. In both cases there are alternative transcript

annotations that do not contain the afFected exons. The putative LoF variants for PTEN and

RYK occur in the first exons of these genes. On visual inspection, the CCG repeat for RYK

occurs in a difficult-to-align GC-rich area and likely represents an alignment artifact. The variant

in PTEN is fixed at a 1bp deletion from the reference sequence adjacent to the CGG repeat.
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This deletion is annotated as a 1bp intron in Refseq ((Figure C.6)). Notably this region is not

annotated as coding by Ensembl, Gencode, or UCSC and the frameshift allele is fixed across all

samples, suggesting an error in gene annotation. In conclusion, most common STR frameshift

variants are unlikely to affect protein function.

Figure C-6: The major allele at an STR in PTEN is an apparent frameshift from the
reference sequence. The red box denotes the CGG repeat. The 1bp deletion at the adjacent
"T" nucleotide is fixed across samples, has poor conservation compared to surrounding bases,
and is not annotated as a coding region in other gene annotations, suggesting it may in fact be
a misannotation and not a true frameshift variant.

LoF
lbp (0.030)
-2bp (0.030)
-4bp (0.034)
lbp (0.036)
lbp (0.078)
4bp (0.093)
lbp, -lbp (0.095)
-1bp (0.218)
5bp (0.320)
-1bp (0.367)
lbp, -8bp (0.402)
4bp, -4bp (0.422)

-lbp, -4bp, 2bp, 11bp (0.810)

-4bp (0.846)

-lbp (0.895)
-1bp (1.000)
2bp (1.000)

dbSNP
rs200320729 (-/A)

rs143538725 (-/AAAG)

rs138680589 (-/CAGA)

rs143266743 (-/CCCACCCT)

rs547446871 (-/G)
rs41293539 (-/CT/CTGCTGCT/CTGCTGCTGCT)
rs140019361 (-/TTTG)
rs5788645 (-/C)
rs71022512 (-/A)
rs587745355 (-/GC)

Table C.2: Common loss-of-function alleles at STRs. We give the combined allele frequen-
cies of all frameshift alleles for each locus. dbSNP data is from versions 141 and 142. * entries
are LoF alleles previously reported by Willems, et al. + entries are low confidence alleles likely
due to alignment artifacts or stutter errors.
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STR Locus
chrl3:51530580
chrl4:23528485
chrl0:81841429
chr3:133969414
chrl5:83677271
chrl9:55526092
chr5:147861098
chrl2:55820959
chr20:3026346
chrl6:58577316
chr9:35561913
chr7:2552851
chr6:31380147

chr4:155244402
chrl0:125780753
chrl0:89623845
chr5:72743281

Gene
RNASEH2B
ACIN1+
TMEM254*
RYK+
C15orf40
GP6*
HTR4+
OR6C76
GNRH2
CNOT1
FAM166B*
LFNG
MICA

DCHS2*
CHST15
PTEN
FOXD1

Motif

A

AGAGGG
AAAG
CCG
A
ACAG

AAAAAG
A

CCCCG
A

ACCC
ATCC

AGC

AAAC

C
CCG
CCG



C.7 Conclusion

We have presented the highest quality catalog of STR variation to date, which can serve as a gold

standard reference panel of STR polymorphisms across diverse populations. Additionally, our

dataset provides unprecedented opportunities to study STIR variation that were not possible using

previous studies either due to the small number of markers or to the low quality of individual

genotypes5. Importantly, it contains the first panel of previously inaccessible homopolymer

genotypes and allows in-depth study of these extremely polymorphic loci for the first time. We

envision that this dataset will be an invaluable resource for future studies of STR polymorphism.

223



THIS PAGE INTENTIONALLY LEFT BLANK

224



Bibliography

[1] G. R. Abecasis, D. Altshuler, A. Auton, L. D. Brooks, R. M. Durbin, R. A. Gibbs,
M. E. Hurles, G. A. McVean, D. Altshuler, R. M. Durbin, G. R. Abecasis, D. R. Bentley,
A. Chakravarti, A. G. Clark, F. S. Collins, F. M. De La Vega, P. Donnelly, M. Egholm,
P. Flicek, S. B. Gabriel, R. A. Gibbs, B. M. Knoppers, E. S. Lander, H. Lehrach, E. R.
Mardis, G. A. McVean, D. A. Nickerson, L. Peltonen, A. J. Schafer, S. T. Sherry, J. Wang,
R. Wilson, R. A. Gibbs, D. Deiros, M. Metzker, D. Muzny, J. Reid, D. Wheeler, J. Wang,
J. Li, M. Jian, G. Li, R. Li, H. Liang, G. Tian, B. Wang, J. Wang, W. Wang, H. Yang,
X. Zhang, H. Zheng, E. S. Lander, D. L. Altshuler, L. Ambrogio, T. Bloom, K. Cibul-
skis, T. J. Fennell, S. B. Gabriel, D. B. Jaffe, E. Shefler, C. L. Sougnez, D. R. Bentley,
N. Gormley, S. Humphray, Z. Kingsbury, P. Kokko-Gonzales, J. Stone, K. J. McKernan,
G. L. Costa, J. K. Ichikawa, C. C. Lee, R. Sudbrak, H. Lehrach, T. A. Borodina, A. Dahl,
A. N. Davydov, P. Marquardt, F. Mertes, W. Nietfeld, P. Rosenstiel, S. Schreiber, A. V.
Soldatov, B. Timmermann, M. Tolzmann, M. Egholm, J. Affourtit, D. Ashworth, S. At-
tiya, M. Bachorski, E. Buglione, A. Burke, A. Caprio, C. Celone, S. Clark, D. Conners,
B. Desany, L. Gu, L. Guccione, K. Kao, J. Kebbler, J. Knowlton, M. Labrecque, L. Mc-
Dade, C. Mealmaker, M. Minderman, A. Nawrocki, F. Niazi, K. Pareja, R. Ramenani,
D. Riches, W. Song, C. Turcotte, S. Wang, E. R. Mardis, R. K. Wilson, D. Dooling,
L. Fulton, R. Fulton, G. Weinstock, R. M. Durbin, J. Burton, D. M. Carter, C. Churcher,
A. Coffey, A. Cox, A. Palotie, M. Quail, T. Skelly, J. Stalker, H. P. Swerdlow, D. Turner,
A. De Witte, S. Giles, R. A. Gibbs, D. Wheeler, M. Bainbridge, D. Challis, A. Sabo, F. Yu,
J. Yu, J. Wang, X. Fang, X. Guo, R. Li, Y. Li, R. Luo, S. Tai, H. Wu, H. Zheng, X. Zheng,
Y. Zhou, G. Li, J. Wang, H. Yang, G. T. Marth, E. P. Garrison, W. Huang, A. Indap,
D. Kural, W. P. Lee, W. F. Leong, A. R. Quinlan, C. Stewart, M. P. Stromberg, A. N.
Ward, J. Wu, C. Lee, R. E. Mills, X. Shi, M. J. Daly, M. A. DePristo, D. L. Altshuler, A. D.
Ball, E. Banks, T. Bloom, B. L. Browning, K. Cibulskis, T. J. Fennell, K. V. Garimella,
S. R. Grossman, R. E. Handsaker, M. Hanna, C. Harti, D. B. Jaffe, A. M. Kernytsky,
J. M. Korn, H. Li, J. R. Maguire, S. A. McCarroll, A. McKenna, J. C. Nemesh, A. A.
Philippakis, R. E. Poplin, A. Price, M. A. Rivas, P. C. Sabeti, S. F. Schaffner, E. She-
fler, I. A. Shlyakhter, D. N. Cooper, E. V. Ball, M. Mort, A. D. Phillips, P. D. Stenson,
J. Sebat, V. Makarov, K. Ye, S. C. Yoon, C. D. Bustamante, A. G. Clark, A. Boyko, J. De-
genhardt, S. Gravel, R. N. Gutenkunst, M. Kaganovich, A. Keinan, P. Lacroute, X. Ma,
A. Reynolds, L. Clarke, P. Flicek, F. Cunningham, J. Herrero, S. Keenen, E. Kulesha,
R. Leinonen, W. M. McLaren, R. Radhakrishnan, R. E. Smith, V. Zalunin, X. Zheng-
Bradley, J. 0. Korbel, A. M. Stutz, S. Humphray, M. Bauer, R. K. Cheetham, T. Cox,
M. Eberle, T. James, S. Kahn, L. Murray, A. Chakravarti, K. Ye, F. M. De La Vega,
Y. Fu, F. C. Hyland, J. M. Manning, S. F. McLaughlin, H. E. Peckham, 0. Sakarya,

225



Y. A. Sun, E. F. Tsung, M. A. Batzer, M. K. Konkel, J. A. Walker, R. Sudbrak, M. W.
Albrecht, V. S. Amstislavskiy, R. Herwig, D. V. Parkhomchuk, S. T. Sherry, R. Agar-
wala, H. M. Khouri, A. 0. Morgulis, J. E. Paschall, L. D. Phan, K. E. Rotmistrovsky,
R. D. Sanders, M. F. Shumway, C. Xiao, G. A. McVean, A. Auton, Z. lqbal, G. Lunter,
J. L. Marchini, L. Moutsianas, S. Myers, A. Tumian, B. Desany, J. Knight, R. Winer,
D. W. Craig, S. M. Beckstrom-Sternberg, A. Christoforides, A. A. Kurdoglu, J. V. Pear-
son, S. A. Sinari, W. D. Tembe, D. Haussler, A. S. Hinrichs, S. J. Katzman, A. Kern,
R. M. Kuhn, M. Przeworski, R. D. Hernandez, B. Howie, J. L. Kelley, S. C. Melton, G. R.
Abecasis, Y. Li, P. Anderson, T. Blackwell, W. Chen, W. 0. Cookson, J. Ding, H. M.
Kang, M. Lathrop, L. Liang, M. F. Moffatt, P. Scheet, C. Sidore, M. Snyder, X. Zhan,
S. Zollner, P. Awadalla, F. Casals, Y. Idaghdour, J. Keebler, E. A. Stone, M. Zilversmit,
L. Jorde, J. Xing, E. E. Eichler, G. Aksay, C. Alkan, I. Hajirasouliha, F. Hormozdiari,
J. M. Kidd, S. C. Sahinalp, P. H. Sudmant, E. R. Mardis, K. Chen, A. Chinwalla, L. Ding,
D. C. Koboldt, M. D. McLellan, D. Dooling, G. Weinstock, J. W. Wallis, M. C. Wendl,
Q. Zhang, R. M. Durbin, C. A. Albers, Q. Ayub, S. Balasubramaniam, J. C. Barrett,
D. M. Carter, Y. Chen, D. F. Conrad, P. Danecek, E. T. Dermitzakis, M. Hu, N. Huang,
M. E. Hurles, H. Jin, L. Jostins, T. M. Keane, S. Q. Le, S. Lindsay, Q. Long, D. G.
MacArthur, S. B. Montgomery, L. Parts, J. Stalker, C. Tyler-Smith, K. Walter, Y. Zhang,
M. B. Gerstein, M. Snyder, A. Abyzov, S. Balasubramanian, R. Bjornson, J. Du, F. Gru-
bert, L. Habegger, R. Haraksingh, J. Jee, E. Khurana, H. Y. Lam, J. Leng, X. J. Mu,
A. E. Urban, Z. Zhang, Y. Li, R. Luo, G. T. Marth, E. P. Garrison, D. Kural, A. R.
Quinlan, C. Stewart, M. P. Stromberg, A. N. Ward, J. Wu, C. Lee, R. E. Mills, X. Shi,
S. A. McCarroll, E. Banks, M. A. DePristo, R. E. Handsaker, C. Hartl, J. M. Korn, H. Li,
J. C. Nemesh, J. Sebat, V. Makarov, K. Ye, S. C. Yoon, J. Degenhardt, M. Kaganovich,
L. Clarke, R. E. Smith, X. Zheng-Bradley, J. 0. Korbel, S. Humphray, R. K. Cheetham,
M. Eberle, S. Kahn, L. Murray, K. Ye, F. M. De La Vega, Y. Fu, H. E. Peckham, Y. A.
Sun, M. A. Batzer, M. K. Konkel, J. A. Walker, C. Xiao, Z. lqbal, B. Desany, T. Blackwell,
M. Snyder, J. Xing, E. E. Eichler, G. Aksay, C. Alkan, I. Hajirasouliha, F. Hormozdiari,
J. M. Kidd, K. Chen, A. Chinwalla, L. Ding, M. D. McLellan, J. W. Wallis, M. E. Hurles,
D. F. Conrad, K. Walter, Y. Zhang, M. B. Gerstein, M. Snyder, A. Abyzov, J. Du, F. Gru-
bert, R. Haraksingh, J. Jee, E. Khurana, H. Y. Lam, J. Leng, X. J. Mu, A. E. Urban,
Z. Zhang, R. A. Gibbs, M. Bainbridge, D. Challis, C. Coafra, H. Dinh, C. Kovar, S. Lee,
D. Muzny, L. Nazareth, J. Reid, A. Sabo, F. Yu, J. Yu, G. T. Marth, E. P. Garrison,
A. Indap, W. F. Leong, A. R. Quinlan, C. Stewart, A. N. Ward, J. Wu, K. Cibulskis, T. J.
Fennell, S. B. Gabriel, K. V. Garimella, C. Harti, E. Shefler, C. L. Sougnez, J. Wilkinson,
A. G. Clark, S. Gravel, F. Grubert, L. Clarke, P. Flicek, R. E. Smith, X. Zheng-Bradley,
S. T. Sherry, H. M. Khouri, J. E. Paschall, M. F. Shumway, C. Xiao, G. A. McVean, S. J.
Katzman, G. R. Abecasis, E. R. Mardis, D. Dooling, L. Fulton, R. Fulton, D. C. Koboldt,
R. M. Durbin, S. Balasubramaniam, A. Coffey, T. M. Keane, D. G. MacArthur, A. Palotie,
C. Scott, J. Stalker, C. Tyler-Smith, M. B. Gerstein, S. Balasubramanian, A. Chakravarti,
B. M. Knoppers, G. R. Abecasis, C. D. Bustamante, N. Gharani, R. A. Gibbs, L. Jorde,

226



J. S. Kaye, A. Kent, T. Li, A. L. McGuire, G. A. McVean, P. N. Ossorio, C. N. Rotimi,
Y. Su, L. H. Toji, C. Tyler-Smith, L. D. Brooks, A. L. Felsenfeld, J. E. McEwen, A. Ab-
dallah, C. R. Juenger, N. C. Clemm, F. S. Collins, A. Duncanson, E. D. Green, M. S.
Guyer, J. L. Peterson, A. J. Schafer, Y. Xue, and R. A. Cartwright. A map of human
genome variation from population-scale sequencing. Nature, 467(7319):1061-1073, Oct
2010.

[2] S. S. Ajay, S. C. Parker, H. 0. Abaan, K. V. Fajardo, and E. H. Margulies. Accurate and
comprehensive sequencing of personal genomes. Genome Res., 21(9):1498-1505, Sep
2011.

[3] V. Albanese, N. F. Biguet, H. Kiefer, E. Bayard, J. Mallet, and R. Meloni. Quantitative
effects on gene silencing by allelic variation at a tetranucleotide microsatellite. Hum. Mol.
Genet., 10(17):1785-1792, Aug 2001.

[4] Babak Alipanahi, Andrew Delong, Matthew T Weirauch, and Brendan J Frey. Predict-
ing the sequence specificities of dna- and rna-binding proteins by deep learning. Nat
Biotechnol, 33(8):831-8, Aug 2015.

[5] G. Ananda, E. Walsh, K. D. Jacob, M. Krasilnikova, K. A. Eckert, F. Chiaromonte, and
K. D. Makova. Distinct mutational behaviors differentiate short tandem repeats from
microsatellites in the human genome. Genome Biology and Evolution, 5(3):606-620, dec
2012.

[6] K. G. Ardlie, D. S. Deluca, A. V. Segre, T. J. Sullivan, T. R. Young, E. T. Gelfand,
C. A. Trowbridge, J. B. Maller, T. Tukiainen, M. Lek, L. D. Ward, P. Kheradpour, B. Iri-
arte, Y. Meng, C. D. Palmer, T. Esko, W. Winckler, J. N. Hirschhorn, M. Kellis, D. G.
MacArthur, G. Getz, A. A. Shabalin, G. Li, Y. H. Zhou, A. B. Nobel, I. Rusyn, F. A.
Wright, T. Lappalainen, P. G. Ferreira, H. Ongen, M. A. Rivas, A. Battle, S. Mostafavi,
J. Monlong, M. Sammeth, M. Mele, F. Reverter, J. M. Goldmann, D. Koller, R. Guigo,
M. 1. McCarthy, E. T. Dermitzakis, E. R. Gamazon, H. K. Im, A. Konkashbaev, D. L.
Nicolae, N. J. Cox, T. Flutre, X. Wen, M. Stephens, J. K. Pritchard, Z. Tu, B. Zhang,
T. Huang, Q. Long, L. Lin, J. Yang, J. Zhu, J. Liu, A. Brown, B. Mestichelli, D. Tid-
well, E. Lo, M. Salvatore, S. Shad, J. A. Thomas, J. T. Lonsdale, M. T. Moser, B. M.
Gillard, E. Karasik, K. Ramsey, C. Choi, B. A. Foster, J. Syron, J. Fleming, H. Magazine,
R. Hasz, G. D. Walters, J. P. Bridge, M. Miklos, S. Sullivan, L. K. Barker, H. M. Traino,
M. Mosavel, L. A. Siminoff, D. R. Valley, D. C. Rohrer, S. D. Jewell, P. A. Branton,
L. H. Sobin, M. Barcus, L. Qi, J. McLean, P. Hariharan, K. S. Um, S. Wu, D. Tabor,
C. Shive, A. M. Smith, S. A. Buia, A. H. Undale, K. L. Robinson, N. Roche, K. M.
Valentino, A. Britton, R. Burges, D. Bradbury, K. W. Hambright, J. Seleski, G. E. Korze-
niewski, K. Erickson, Y. Marcus, J. Tejada, M. Taherian, C. Lu, M. Basile, D. C. Mash,
S. Volpi, J. P. Struewing, G. F. Temple, J. Boyer, D. Colantuoni, R. Little, S. Koester, L. J.
Carithers, H. M. Moore, P. Guan, C. Compton, S. J. Sawyer, J. P. Demchok, J. B. Vaught,
C. A. Rabiner, N. C. Lockhart, K. G. Ardlie, G. Getz, F. A. Wright, M. Kellis, S. Volpi,

227



and E. T. Dermitzakis. Human genomics. The Genotype-Tissue Expression (GTEx) pilot
analysis: multitissue gene regulation in humans. Science, 348(6235):648-660, May 2015.

[7] D. Bachtrog, M. Agis, M. Imhof, and C. Schlotterer. Microsatellite variability differs
between dinucleotide repeat motifs-evidence from Drosophila melanogaster. Mol. Biol.
Evol., 17(9):1277-1285, Sep 2000.

[8] K. N. Ballantyne, M. Goedbloed, R. Fang, 0. Schaap, 0. Lao, A. Wollstein, Y. Choi,
K. van Duijn, M. Vermeulen, S. Brauer, R. Decorte, M. Poetsch, N. von Wurmb-Schwark,
P. de Knijff, D. Labuda, H. Vezina, H. Knoblauch, R. Lessig, L. Roewer, R. Ploski, T. Do-
bosz, L. Henke, J. Henke, M. R. Furtado, and M. Kayser. Mutability of y-chromosomal
microsatellites: rates, characteristics, molecular bases, and forensic implications. Am J
Hum Genet, 87(3):341-53, 2010.

[9] N. L. Barbosa-Morais, M. J. Dunning, S. A. Samarajiwa, J. F. Darot, M. E. Ritchie, A. G.
Lynch, and S. Tavare. A re-annotation pipeline for Illumina BeadArrays: improving the
interpretation of gene expression data. Nucleic Acids Res., 38(3):e17, Jan 2010.

[10] D. W. Barnett, E. K. Garrison, A. R. Quinlan, M. P. Stromberg, and G. T. Marth.
BamTools: a C++ API and toolkit for analyzing and managing BAM files. Bioinformatics,
27(12):1691-1692, Jun 2011.

[11} J. C. Barrett, S. Hansoul, D. L. Nicolae, J. H. Cho, R. H. Duerr, J. D. Rioux, S. R. Brant,
M. S. Silverberg, K. D. Taylor, M. M. Barmada, A. Bitton, T. Dassopoulos, L. W. Datta,
T. Green, A. M. Griffiths, E. 0. Kistner, M. T. Murtha, M. D. Regueiro, J. 1. Rotter, L. P.
Schumm, A. H. Steinhart, S. R. Targan, R. J. Xavier, C. Libioulle, C. Sandor, M. Lathrop,
J. Belaiche, 0. Dewit, I. Gut, S. Heath, D. Laukens, M. Mni, P. Rutgeerts, A. Van Gossum,
D. Zelenika, D. Franchimont, J. P. Hugot, M. de Vos, S. Vermeire, E. Louis, L. R. Cardon,
C. A. Anderson, H. Drummond, E. Nimmo, T. Ahmad, N. J. Prescott, C. M. Onnie, S. A.
Fisher, J. Marchini, J. Ghori, S. Bumpstead, R. Gwilliam, M. Tremelling, P. Deloukas,
J. Mansfield, D. Jewell, J. Satsangi, C. G. Mathew, M. Parkes, M. Georges, and M. J.
Daly. Genome-wide association defines more than 30 distinct susceptibility loci for Crohn's
disease. Nat. Genet., 40(8):955-962, Aug 2008.

[12] G. Benson. Tandem repeats finder: a program to analyze dna sequences. Nucleic acids
research, 27(2):573-80, 1999.

[13] Gaurav Bhatia, Alexander Gusev, Po-Ru Loh, Bjarni J Vilhjslmsson, Stephan Ripke,
Shaun Purcell, Eli Stahl, Mark Daly, Teresa R de Candia, Kenneth S Kendler, Michael C
O'Donovan, Sang Hong Lee, Naomi R Wray, Benjamin M Neale, Matthew C Keller,
Noah A Zaitlen, Bogdan Pasaniuc, Jian Yang, Alkes L Price, and . Haplotypes of com-
mon snps can explain missing heritability of complex diseases. bioRxiv, 2015.

[14] F. R. Bieber, C. H. Brenner, and D. Lazer. Human genetics. finding criminals through
dna of their relatives. Science, 312(5778):1315-6, 2006.

228



[15] S. Blanco, A. Suarez, S. Gandia-Pla, C. Gomez-Llorente, A. Antunez, J. A. Gomez-Capilla,
and M. E. Farez-Vidal. Use of capillary electrophoresis for accurate determination of cag
repeats causing huntington disease. an oligonucleotide design avoiding shadow bands.
Scandinavian journal of clinical and laboratory investigation, 68(7):577-84, 2008.

[16] E. Bosch, A. C. Lee, F. Calafell, E. Arroyo, P. Henneman, P. de Knijff, and M. A. Jobling.
High resolution y chromosome typing: 19 strs amplified in three multiplex reactions.
Forensic science international, 125(1):42-51, 2002.

[17] J. A. Bourgeois, S. M. Coffey, S. M. Rivera, D. Hessl, L. W. Gane, F. Tassone, C. Greco,
B. Finucane, L. Nelson, E. Berry-Kravis, J. Grigsby, P. J. Hagerman, and R. J. Hagerman.
A review of fragile X premutation disorders: expanding the psychiatric perspective. J Clin
Psychiatry, 70(6):852-862, Jun 2009.

[18] B. Brais, J. P. Bouchard, Y. G. Xie, D. L. Rochefort, N. Chretien, F. M. Tome, R. G.
Lafreniere, J. M. Rommens, E. Uyama, 0. Nohira, S. Blumen, A. D. Korczyn, P. Heutink,
J. Mathieu, A. Duranceau, F. Codere, M. Fardeau, and G. A. Rouleau. Short gcg expan-
sions in the pabp2 gene cause oculopharyngeal muscular dystrophy. Nat Genet, 18(2):164-
7, 1998.

[19] B. Brinkmann, M. Klintschar, F. Neuhuber, J. Huhne, and B. Rolf. Mutation rate in human
microsatellites: influence of the structure and length of the tandem repeat. American
journal of human genetics, 62(6):1408-15, 1998.

[20] K. W. Broman, J. C. Murray, V. C. Sheffield, R. L. White, and J. L. Weber. Comprehensive
human genetic maps: individual and sex-specific variation in recombination. American
journal of human genetics, 63(3):861-9, 1998.

[21] J. D. Brook, M. E. McCurrach, H. G. Harley, A. J. Buckler, D. Church, H. Aburatani,
K. Hunter, V. P. Stanton, J. P. Thirion, T. Hudson, and et al. Molecular basis of myotonic
dystrophy: expansion of a trinucleotide (ctg) repeat at the 3' end of a transcript encoding
a protein kinase family member. Cell, 69(2):385, 1992.

[22] B. Budowle, B. Shea, S. Niezgoda, and R. Chakraborty. Codis str loci data from 41
sample populations. Journal of forensic sciences, 46(3):453-89, 2001.

[23] M. Burrows and David. J. Wheeler. A block-sorting lossless data compression algorithm.
1994.

[24] E. Buschiazzo and N. J. Gemmell. The rise, fall and renaissance of microsatellites in
eukaryotic genomes. Bioessays, 28(10):1040-1050, Oct 2006.

[25] J. M. Butler, E. Buel, F. Crivellente, and B. R. McCord. Forensic dna typing by capil-
lary electrophoresis using the abi prism 310 and 3100 genetic analyzers for str analysis.
Electrophoresis, 25(10-11):1397-412, 2004.

[26] J. M. Butler, A. E. Decker, P. M. Vallone, and M. C. Kline. Allele frequencies for 27

229



y-str loci with u.s. caucasian, african american, and hispanic samples. Forensic science
international, 156(2-3):250-60, 2006.

[27] M. D. Cao, E. Tasker, K. Willadsen, M. Imelfort, S. Vishwanathan, S. Sureshkumar,
S. Balasubramanian, and M. Boden. Inferring short tandem repeat variation from paired-
end short reads. Nucleic Acids Res., 42(3):e16, Feb 2014.

[28] M. J. Chaisson, J. Huddleston, M. Y. Dennis, P. H. Sudmant, M. Malig, F. Hormozdiari,
F. Antonacci, U. Surti, R. Sandstrom, M. Boitano, J. M. Landolin, J. A. Stamatoy-
annopoulos, M. W. Hunkapiller, J. Korlach, and E. E. Eichler. Resolving the complexity
of the human genome using single-molecule sequencing. Nature, 517(7536):608-11, 2015.

[29] R. Chakraborty, M. Kimmel, D. N. Stivers, L. J. Davison, and R. Deka. Relative mutation
rates at di-, tri-, and tetranucleotide microsatellite loci. Proceedings of the National
Academy of Sciences of the United States of America, 94(3):1041-6, 1997.

[30] K. Chen, J. W. Wallis, M. D. McLellan, D. E. Larson, J. M. Kalicki, C. S. Pohl, S. D.
McGrath, M. C. Wendl, Q. Zhang, D. P. Locke, X. Shi, R. S. Fulton, T. J. Ley, R. K.
Wilson, L. Ding, and E. R. Mardis. Breakdancer: an algorithm for high-resolution mapping
of genomic structural variation. Nat Methods, 6(9):677-81, 2009.

[31] E. Choy, R. Yelensky, S. Bonakdar, R. M. Plenge, R. Saxena, P. L. De Jager, S. Y.
Shaw, C. S. Wolfish, J. M. Slavik, C. Cotsapas, M. Rivas, E. T. Dermitzakis, E. Cahir-
McFarland, E. Kieff, D. Hafler, M. J. Daly, and D. Altshuler. Genetic analysis of human
traits in vitro: drug response and gene expression in lymphoblastoid cell lines. PLoS
Genet., 4(11):e1000287, Nov 2008.

[32] J. Clarke, H. C. Wu, L. Jayasinghe, A. Patel, S. Reid, and H. Bayley. Continuous base
identification for single-molecule nanopore DNA sequencing. Nat Nanotechnol, 4(4):265-
270, Apr 2009.

[331 J. D. Cleary and L. P. Ranum. Repeat associated non-ATG (RAN) translation: new starts
in microsatellite expansion disorders. Curr. Opin. Genet. Dev., 26:6-15, Jun 2014.

[34] B. Coffee, K. Keith, I. Albizua, T. Malone, J. Mowrey, S. L. Sherman, and S. T. Warren.
Incidence of fragile x syndrome by newborn screening for methylated fmr dna. American
journal of human genetics, 85(4):503-14, 2009.

[35] L. Cong, F. A. Ran, D. Cox, S. Lin, R. Barretto, N. Habib, P. D. Hsu, X. Wu, W. Jiang,
L. A. Marraffini, and F. Zhang. Multiplex genome engineering using CRISPR/Cas systems.
Science, 339(6121):819-823, Feb 2013.

[36] D. F. Conrad, J. E. Keebler, M. A. DePristo, S. J. Lindsay, Y. Zhang, F. Casals, Y. Idagh-
dour, C. L. Harti, C. Torroja, K. V. Garimella, M. Zilversmit, R. Cartwright, G. A. Rouleau,
M. Daly, E. A. Stone, M. E. Hurles, and P. Awadalla. Variation in genome-wide mutation
rates within and between human families. Nature genetics, 43(7):712-4, 2011.

230



[37] Encode Project Consortium, I. Dunham, A. Kundaje, S. F. Aldred, P. J. Collins, C. A.
Davis, F. Doyle, C. B. Epstein, S. Frietze, J. Harrow, R. Kaul, J. Khatun, B. R. La-
joie, S. G. Landt, B. K. Lee, F. Pauli, K. R. Rosenbloom, P. Sabo, A. Safi, A. Sanyal,
N. Shoresh, J. M. Simon, L. Song, N. D. Trinklein, R. C. Altshuler, E. Birney, J. B.
Brown, C. Cheng, S. Djebali, X. Dong, I. Dunham, J. Ernst, T. S. Furey, M. Gerstein,
B. Giardine, M. Greven, R. C. Hardison, R. S. Harris, J. Herrero, M. M. Hoffman, S. lyer,
M. Kellis, J. Khatun, P. Kheradpour, A. Kundaje, T. Lassman, Q. Li, X. Lin, G. K. Man-
nov, A. Merkel, A. Mortazavi, S. C. Parker, T. E. Reddy, J. Rozowsky, F. Schlesinger,
R. E. Thurman, J. Wang, L. D. Ward, T. W. Whitfield, S. P. Wilder, W. Wu, H. S. Xi,
K. Y. Yip, J. Zhuang, B. E. Bernstein, E. Birney, I. Dunham, E. D. Green, C. Gunter,
M. Snyder, M. J. Pazin, R. F. Lowdon, L. A. Dillon, L. B. Adams, C. J. Kelly, J. Zhang,
J. R. Wexler, E. D. Green, P. J. Good, E. A. Feingold, B. E. Bernstein, E. Birney, G. E.
Crawford, J. Dekker, L. Elinitski, P. J. Farnham, M. Gerstein, M. C. Giddings, T. R.
Gingeras, E. D. Green, R. Guigo, R. C. Hardison, T. J. Hubbard, M. Kellis, W. J. Kent,
J. D. Lieb, E. H. Margulies, R. M. Myers, M. Snyder, J. A. Starnatoyannopoulos, et al. An
integrated encyclopedia of dna elements in the human genome. Nature, 489(7414):57-74,
2012.

[38] Uk K. Consortium, K. Walter, J. L. Min, J. Huang, L. Crooks, Y. Memari, S. McCarthy,
J. R. Perry, C. Xu, M. Futema, D. Lawson, V. lotchkova, S. Schiffels, A. E. Hendricks,
P. Danecek, R. Li, J. Floyd, L. V. Wain, I. Barroso, S. E. Humphries, M. E. Hurles,
E. Zeggini, J. C. Barrett, V. Plagnol, J. B. Richards, C. M. Greenwood, N. J. Timpson,
R. Durbin, and N. Soranzo. The ukiOk project identifies rare variants in health and disease.
Nature, 526(7571):82-90, 2015.

[39] A. Contente, A. Dittmer, M. C. Koch, J. Roth, and M. Dobbelstein. A polymorphic
microsatellite that mediates induction of pig3 by p53. Nat Genet, 30(3):315-20, 2002.

[40] D. W. Craig, R. M. Goor, Z. Wang, J. Paschall, J. Ostell, M. Feolo, S. T. Sherry, and
T. A. Manolio. Assessing and managing risk when sharing aggregate genetic variant data.
Nat Rev Genet, 12(10):730-6, 2011.

[41] A. L. Dixon, L. Liang, M. F. Moffatt, W. Chen, S. Heath, K. C. Wong, J. Taylor, E. Bur-
nett, I. Gut, M. Farrall, G. M. Lathrop, G. R. Abecasis, and W. 0. Cookson. A genome-
wide association study of global gene expression. Nat. Genet., 39(10):1202-1207, Oct
2007.

[42] K. Doi, T. Monjo, P. H. Hoang, J. Yoshimura, H. Yurino, J. Mitsui, H. Ishiura, Y. Taka-
hashi, Y. Ichikawa, J. Goto, S. Tsuji, and S. Morishita. Rapid detection of expanded short
tandem repeats in personal genomics using hybrid sequencing. Bioinformatics, 30(6):815-
822, nov 2013.

[43] A. Doring, C. Gieger, D. Mehta, H. Gohlke, H. Prokisch, S. Coassin, G. Fischer, K. Henke,
N. Klopp, F. Kronenberg, B. Paulweber, A. Pfeufer, D. Rosskopf, H. Volzke, T. Illig,

231



T. Meitinger, H. E. Wichmann, and C. Meisinger. SLC2A9 influences uric acid concen-
trations with pronounced sex-specific effects. Nat. Genet., 40(4):430-436, Apr 2008.

[44] B. Dumont, D. Lasne, C. Rothschild, M. Bouabdelli, V. Ollivier, C. Oudin, N. Ajzenberg,
B. Grandchamp, and M. Jandrot-Perrus. Absence of collagen-induced platelet activation
caused by compound heterozygous GPVI mutations. Blood, 114(9):1900-1903, Aug 2009.

[45] M. Duyao, C. Ambrose, R. Myers, A. Novelletto, F. Persichetti, M. Frontali, S. Folstein,
C. Ross, M. Franz, M. Abbott, and et al. Trinucleotide repeat length instability and age
of onset in huntington's disease. Nat Genet, 4(4):387-92, 1993.

[46] M. N. Edmonson, J. Zhang, C. Yan, R. P. Finney, D. M. Meerzaman, and K. H. Buetow.
Bambino: a variant detector and alignment viewer for next-generation sequencing data in
the SAM/BAM format. Bioinformatics, 27(6):865-866, Mar 2011.

[47] J. Eid, A. Fehr, J. Gray, K. Luong, J. Lyle, G. Otto, P. Peluso, D. Rank, P. Baybayan,
B. Bettman, A. Bibillo, K. Bjornson, B. Chaudhuri, F. Christians, R. Cicero, S. Clark,
R. Dalal, A. deWinter, J. Dixon, M. Foquet, A. Gaertner, P. Hardenbol, C. Heiner,
K. Hester, D. Holden, G. Kearns, X. Kong, R. Kuse, Y. Lacroix, S. Lin, P. Lundquist,
C. Ma, P. Marks, M. Maxham, D. Murphy, I. Park, T. Pham, M. Phillips, J. Roy, R. Sebra,
G. Shen, J. Sorenson, A. Tomaney, K. Travers, M. Trulson, J. Vieceli, J. Wegener, D. Wu,
A. Yang, D. Zaccarin, P. Zhao, F. Zhong, J. Korlach, and S. Turner. Real-time DNA
sequencing from single polymerase molecules. Science, 323(5910):133-138, jan 2009.

[48] H. Ellegren. Heterogeneous mutation processes in human microsatellite dna sequences.
Nature genetics, 24(4):400-2, 2000.

[49] H. Ellegren. Microsatellites: simple sequences with complex evolution. Nature reviews.
Genetics, 5(6):435-45, 2004.

[50] A. Eriksson, A. Manica, and S. W. Scherer. Detecting and removing ascertainment bias
in microsatellites from the hgdp-ceph panel. G3, 1(6):479-488, nov 2011.

[51] Y. Erlich, S. Edvardson, E. Hodges, S. Zenvirt, P. Thekkat, A. Shaag, T. Dor, G. J.
Hannon, and 0. Elpeleg. Exome sequencing and disease-network analysis of a single
family implicate a mutation in kifla in hereditary spastic paraparesis. Genome Research,
21(5):658-64, 2011.

[52] J. Ernst and M. Kellis. Chromhmm: automating chromatin-state discovery and charac-
terization. Nat Methods, 9(3):215-6, 2012.

[531 K. R. Ewen, M. Bahlo, S. A. Treloar, D. F. Levinson, B. Mowry, J. W. Barlow, and S. J.
Foote. Identification and analysis of error types in high-throughput genotyping. American
journal of human genetics, 67(3):727-36, 2000.

[54] A. D. Ewing and Jr. Kazazian, H. H. Whole-genome resequencing allows detection of
many rare line-1 insertion alleles in humans. Genome Research, 21(6):985-90, 2011.

232



[55] P. Flicek, I. Ahmed, M. R. Amode, D. Barrell, K. Beal, S. Brent, D. Carvalho-Silva,
P. Clapham, G. Coates, S. Fairley, S. Fitzgerald, L. Gil, C. Garcia-Giron, L. Gordon,
T. Hourlier, S. Hunt, T. Juettemann, A. K. Kahari, S. Keenan, M. Komorowska, E. Kule-
sha, I. Longden, T. Maurel, W. M. McLaren, M. Muffato, R. Nag, B. Overduin, M. Pig-
natelli, B. Pritchard, E. Pritchard, H. S. Riat, G. R. Ritchie, M. Ruffier, M. Schuster,
D. Sheppard, D. Sobral, K. Taylor, A. Thormann, S. Trevanion, S. White, S. P. Wilder,
B. L. Aken, E. Birney, F. Cunningham, I. Dunham, J. Harrow, J. Herrero, T. J. Hubbard,
N. Johnson, R. Kinsella, A. Parker, G. Spudich, A. Yates, A. Zadissa, and S. M. Searle.
Ensembl 2013. Nucleic Acids Res, 41(Database issue):D48-55, 2013.

[56] 3rd Fondon, J. W. and H. R. Garner. Molecular origins of rapid and continuous morpho-
logical evolution. Proceedings of the National Academy of Sciences of the United States
of America, 101(52):18058-63, 2004.

[57] J. W. Fondon, A. Martin, S. Richards, R. A. Gibbs, and D. Mittelman. Analysis of mi-
crosatellite variation in Drosophila melanogaster with population-scale genome sequenc-
ing. PLoS ONE, 7(3):e33036, 2012.

[58] M. Frigo and S. G. Johnson. Fftw: An adaptive software architecture for the fft. Proceed-
ings of the 1998 leee International Conference on Acoustics, Speech and Signal Processing,
Vols 1-6, pages 1381-1384, 1998.

[59] D. Frumkin, A. Wasserstrom, S. Itzkovitz, T. Stern, A. Harmelin, R. Eilam, G. Rechavi,
and E. Shapiro. Cell lineage analysis of a mouse tumor. Cancer Res, 68(14):5924-31,
2008.

[60] Q. Fu, M. Hajdinjak, 0. T. Moldovan, S. Constantin, S. Mallick, P. Skoglund, N. Patter-
son, N. Rohland, I. Lazaridis, B. Nickel, B. Viola, K. Prufer, M. Meyer, J. Kelso, D. Reich,
and S. Paabo. An early modern human from Romania with a recent Neanderthal ancestor.
Nature, 524(7564):216-219, Aug 2015.

[61] A. Fungtammasan, G. Ananda, S. E. Hile, M. S. Su, C. Sun, R. Harris, P. Medvedev,
K. Eckert, and K. D. Makova. Accurate typing of short tandem repeats from genome-wide
sequencing data and its applications. Genome Res., 25(5):736-749, May 2015.

[62] D. J. Gaffney, J. B. Veyrieras, J. F. Degner, R. Pique-Regi, A. A. Pai, G. E. Crawford,
M. Stephens, Y. Gilad, and J. K. Pritchard. Dissecting the regulatory architecture of gene
expression qtls. Genome Biol, 13(1):R7, 2012.

[63] F. Gebhardt, K. S. Zanker, and B. Brandt. Modulation of epidermal growth factor receptor
gene transcription by a polymorphic dinucleotide repeat in intron 1. The Journal of
biological chemistry, 274(19):13176-80, 1999.

[64] R. Gemayel, J. Cho, S. Boeynaems, and K. J. Verstrepen. Beyond junk-variable tandem
repeats as facilitators of rapid evolution of regulatory and coding sequences. Genes (Basel),
3(3):461-80, 2012.

233



[65} R. Gemayel, M. D. Vinces, M. Legendre, and K. J. Verstrepen. Variable tandem re-
peats accelerate evolution of coding and regulatory sequences. Annual review of genetics,
44:445-77, 2010.

[66] J. Gitschier. Inferential genotyping of y chromosomes in latter-day saints founders and
comparison to utah samples in the hapmap project. Am J Hum Genet, 84(2):251-8, 2009.

[67] D. Gordon and P. Green. Consed: a graphical editor for next-generation sequencing.
Bioinformatics, 29(22):2936-2937, Nov 2013.

[68] R. Goya, M. G. Sun, R. D. Morin, G. Leung, G. Ha, K. C. Wiegand, J. Senz, A. Crisan,
M. A. Marra, M. Hirst, D. Huntsman, K. P. Murphy, S. Aparicio, and S. P. Shah. Snvmix:
predicting single nucleotide variants from next-generation sequencing of tumors. Bioin-
formatics, 26(6):730-6, 2010.

[69] S. J. Grannis, J. M. Overhage, and C. McDonald. Real world performance of approximate
string comparators for use in patient matching. Medinfo 2004: Proceedings of the 11th
World Congress on Medical Informatics, Pt 1 and 2, 107:43-47, 2004.

[70] R. E. Green, J. Krause, A. W. Briggs, T. Maricic, U. Stenzel, M. Kircher, N. Pat-
terson, H. Li, W. Zhai, M. H. Fritz, N. F. Hansen, E. Y. Durand, A. S. Malaspinas,
J. D. Jensen, T. Marques-Bonet, C. Alkan, K. Prufer, M. Meyer, H. A. Burbano, J. M.
Good, R. Schultz, A. Aximu-Petri, A. Butthof, B. Hober, B. Hoffner, M. Siegemund,
A. Weihmann, C. Nusbaum, E. S. Lander, C. Russ, N. Novod, J. Affourtit, M. Egholm,
C. Verna, P. Rudan, D. Brajkovic, Z. Kucan, I. Gusic, V. B. Doronichev, L. V. Golovanova,
C. Lalueza-Fox, M. de la Rasilla, J. Fortea, A. Rosas, R. W. Schmitz, P. L. Johnson, E. E.
Eichler, D. Falush, E. Birney, J. C. Mullikin, M. Slatkin, R. Nielsen, J. Kelso, M. Lach-
mann, D. Reich, and S. Paabo. A draft sequence of the neandertal genome. Science,
328(5979):710-22, 2010.

[71] S. Grube, M. F. Gerchen, B. Adamcio, L. A. Pardo, S. Martin, D. Malzahn, S. Papiol,
M. Begemann, K. Ribbe, H. Friedrichs, K. A. Radyushkin, M. Muller, F. Benseler, J. Rig-
gert, P. Falkai, H. Bickeboller, K. A. Nave, N. Brose, W. Stuhmer, and H. Ehrenreich.
A CAG repeat polymorphism of KCNN3 predicts SK3 channel function and cognitive
performance in schizophrenia. EMBO Mol Med, 3(6):309-319, Jun 2011.

[72] E. Grundberg, K. S. Small, A. K. Hedman, A. C. Nica, A. Buil, S. Keildson, J. T. Bell,
T. P. Yang, E. Meduri, A. Barrett, J. Nisbett, M. Sekowska, A. Wilk, S. Y. Shin, D. Glass,
M. Travers, J. L. Min, S. Ring, K. Ho, G. Thorleifsson, A. Kong, U. Thorsteindottir,
C. Ainali, A. S. Dimas, N. Hassanali, C. Ingle, D. Knowles, M. Krestyaninova, C. E.
Lowe, P. Di Meglio, S. B. Montgomery, L. Parts, S. Potter, G. Surdulescu, L. Tsaprouni,
S. Tsoka, V. Bataille, R. Durbin, F. 0. Nestle, S. O'Rahilly, N. Soranzo, C. M. Lindgren,
K. T. Zondervan, K. R. Ahmadi, E. E. Schadt, K. Stefansson, G. D. Smith, M. 1. McCarthy,
P. Deloukas, E. T. Dermitzakis, and T. D. Spector. Mapping cis- and trans-regulatory
effects across multiple tissues in twins. Nat. Genet., 44(10):1084-1089, Oct 2012.

234



[731 T. G. Grunewald, V. Bernard, P. Gilardi-Hebenstreit, V. Raynal, D. Surdez, M. M. Aynaud,
0. Mirabeau, F. Cidre-Aranaz, F. Tirode, S. Zaidi, G. Perot, A. H. Jonker, C. Lucchesi,
M. C. Le Deley, 0. Oberlin, P. Marec-Berard, A. S. Veron, S. Reynaud, E. Lapouble,
V. Boeva, T. Rio Frio, J. Alonso, S. Bhatia, G. Pierron, G. Cancel-Tassin, 0. Cussenot,
D. G. Cox, L. M. Morton, M. J. Machiela, S. J. Chanock, P. Charnay, and 0. Delat-
tre. Chimeric ewsrl-flil regulates the ewing sarcoma susceptibility gene egr2 via a ggaa
microsatellite. Nat Genet, 47(9):1073-8, 2015.

[74] N. Guillon, F. Tirode, V. Boeva, A. Zynovyev, E. Barillot, and 0. Delattre. The oncogenic
ews-flil protein binds in vivo ggaa microsatellite sequences with potential transcriptional
activation function. PloS one, 4(3):e4932, 2009.

[75] A. Guilmatre, G. Highnam, C. Borel, D. Mittelman, and A. J. Sharp. Rapid multiplexed
genotyping of simple tandem repeats using capture and high-throughput sequencing. Hum
Mutat, 34(9):1304-11, 2013.

[76] Alexander Gusev, S Hong Lee, Benjamin M Neale, Gosia Trynka, Bjarni J Vilhjalmsson,
Hilary Finucane, Han Xu, Chongzhi Zang, Stephan Ripke, Eli Stahl, n/a Schizophrenia
Working Group of the PGC, n/a SWE-SCZ Consortium, Anna K Kahler, Christina M
Hultman, Shaun M Purcell, Steven A McCarroll, Mark Daly, Bogdan Pasaniuc, Patrick F
Sullivan, Naomi R Wray, Soumya Raychaudhuri, and Alkes L Price. Regulatory variants
explain much more heritability than coding variants across 11 common diseases. bioRxiv,
2014.

[77] L. Gusmao, J. M. Butler, A. Carracedo, P. Gill, M. Kayser, W. R. Mayr, N. Morling,
M. Prinz, L. Roewer, C. Tyler-Smith, and P. M. Schneider. Dna commission of the
international society of forensic genetics (isfg): an update of the recommendations on the
use of y-strs in forensic analysis. Internationaljournal of legal medicine, 120(4):191-200,
2006.

[78] M. Gymrek. PyBamView: a browser-based application for viewing short read alignments.
Bioinformatics, 30(23):3405-3407, Dec 2014.

[79] M. Gymrek, D. Golan, S. Rosset, and Y. Erlich. lobstr: A short tandem repeat profiler
for personal genomes. Genome Research, 2012.

[80] M. Gymrek, A. L. McGuire, D. Golan, E. Halperin, and Y. Erlich. Identifying personal
genomes by surname inference. Science, 339(6117):321-324, Jan 2013.

[81] Melissa Gymrek, Thomas Willems, Audrey Guilmatre, Haoyang Zeng, Barak Markus,
Stoyan Georgiev, Mark J Daly, Alkes L Price, Jonathan K Pritchard, Andrew J Sharp, and
Yaniv Erlich. Abundant contribution of short tandem repeats to gene expression variation
in humans. Nature Genetics, dec 2015.

[82] E. Halperin and D. A. Stephan. Snp imputation in association studies. Nature biotech-
nology, 27(4):349-51, 2009.

235



[83] E. A. Hammock and L. J. Young. Microsatellite instability generates diversity in brain and
sociobehavioral traits. Science, 308(5728):1630-4, 2005.

[84] E. K. Hanson, P. N. Berdos, and J. Ballantyne. Testing and evaluation of 43 "noncore"
y chromosome markers for forensic casework applications. Journal of forensic sciences,
51(6):1298-314, 2006.

[85] X. Y. Hauge and M. Litt. A study of the origin of 'shadow bands' seen when typing
dinucleotide repeat polymorphisms by the pcr. Hum Mol Genet, 2(4):411-5, 1993.

[86] M. He, J. Gitschier, T. Zerjal, P. de Knijff, C. Tyler-Smith, and Y. Xue. Geographical
affinities of the hapmap samples. PLoS One, 4(3):e4684, 2009.

[87] T. W. Hefferon, J. D. Groman, C. E. Yurk, and G. R. Cutting. A variable dinucleotide
repeat in the cftr gene contributes to phenotype diversity by forming rna secondary struc-
tures that alter splicing. Proc Natl Acad Sci U S A, 101(10):3504-9, 2004.

[88] A. Heidari, Z. Nariman Saleh Fam, E. Esmaeilzadeh-Gharehdaghi, M. Banan, S. Hos-
seinkhani, S. Mohammadparast, M. Oladnabi, M. R. Ebrahimpour, M. Soosanabadi,
T. Farokhashtiani, H. Darvish, S. G. Firouzabadi, S. Farashi, H. Najmabadi, and M. Ohadi.
Core promoter strs: novel mechanism for inter-individual variation in gene expression in
humans. Gene, 492(1):195-8, 2012.

[89] C. Hermans, C. Wittevrongel, C. Thys, P. A. Smethurst, C. Van Geet, and K. Freson. A
compound heterozygous mutation in glycoprotein VI in a patient with a bleeding disorder.
J. Thromb. Haemost., 7(8):1356-1363, Aug 2009.

[90] G. Highnam, C. Franck, A. Martin, C. Stephens, A. Puthige, and D. Mittelman. Accurate
human microsatellite genotypes from high-throughput resequencing data using informed
error profiles. Nucleic Acids Res., 41(1):e32, Jan 2013.

[91] J. C. Hodge, K. T Cuenco, K. L. Huyck, P. Somasundaram, C. 1. Panhuysen, E. A.
Stewart, and C. C. Morton. Uterine leiomyomata and decreased height: a common
HMGA2 predisposition allele. Hum. Genet., 125(3):257-263, Apr 2009.

[92] N. Homer, S. Szelinger, M. Redman, D. Duggan, W. Tembe, J. Muehling, J. V. Pearson,
D. A. Stephan, S. F. Nelson, and D. W. Craig. Resolving individuals contributing trace
amounts of dna to highly complex mixtures using high-density snp genotyping microarrays.
PLoS Genet, 4(8):e1000167, 2008.

[93] F. Hormozdiari, C. Alkan, M. Ventura, I. Hajirasouliha, M. Malig, F. Hach, D. Yorukoglu,
P. Dao, M. Bakhshi, S. C. Sahinalp, and E. E. Eichler. Alu repeat discovery and charac-
terization within human genomes. Genome Research, 21(6):840-9, 2011.

[94] P. D. Hsu, D. A. Scott, J. A. Weinstein, F. A. Ran, S. Konermann, V. Agarwala, Y. Li,
E. J. Fine, X. Wu, 0. Shalem, T. J. Cradick, L. A. Marraffini, G. Bao, and F. Zhang. DNA
targeting specificity of RNA-guided Cas9 nucleases. Nat. Biotechnol., 31(9):827-832, Sep

236



2013.

[95] Hailiang Huang, Ming Fang, Luke Jostins, Masa U Mirkov, Gabrielle Boucher, Carl A
Anderson, Vibeke Andersen, Isabelle Cleynen, Adrian Cortes, Francois Crins, Mauro
D'Amato, Valerie Deffontaine, Julia Dimitrieva, Elisa Docampo, Mahmoud Elansary, Kyle
Kai-How Farh, Andre Franke, Ann-Stephan Gori, Philippe Goyette, Jonas Halfvarson, Talin
Haritunians, Jo Knight, Ian C Lawrance, Charlie W Lees, Edouard Louis, Rob Mariman,
Theo Meuwissen, Myriam Mni, Yukihide Momozawa, Miles Parkes, Sarah L Spain, Emilie
Theatre, Gosia Trynka, Jack Satsangi, Suzanne van Sommeren, Severine Vermeire, Ram-
nik J Xavier, Rinse K Weersma, Richard H Duerr, Christopher G Mathew, John D Rioux,
Dermot PB McGovern, Judy H Cho, Michel Georges, Mark J Daly, and Jeffrey C Bar-
rett. Association mapping of inflammatory bowel disease loci to single variant resolution.
bioRxiv, 2015.

[96] J. Hui, L. H. Hung, M. Heiner, S. Schreiner, N. Neumuller, G. Reither, S. A. Haas,
and A. Bindereif. Intronic ca-repeat and ca-rich elements: a new class of regulators of
mammalian alternative splicing. EMBO J, 24(11):1988-98, 2005.

[97] J. Hui, K. Stangl, W. S. Lane, and A. Bindereif. Hnrnp I stimulates splicing of the enos
gene by binding to variable-length ca repeats. Nat Struct Biol, 10(1):33-7, 2003.

[98] H. K. Im, E. R. Gamazon, D. L. Nicolae, and N. J. Cox. On sharing quantitative trait
gwas results in an era of multiple-omics data and the limits of genomic privacy. Am J
Hum Genet, 90(4):591-8, 2012.

[99] John PA loannidis. Why most discovered true associations are inflated. Epidemiology,
19(5):640-648, 2008.

[100] K. B. Jacobs, M. Yeager, S. Wacholder, D. Craig, P. Kraft, D. J. Hunter, J. Paschal, T. A.
Manolio, M. Tucker, R. N. Hoover, G. D. Thomas, S. J. Chanock, and N. Chatterjee. A
new statistic and its power to infer membership in a genome-wide association study using
genotype frequencies. Nat Genet, 41(11):1253-7, 2009.

[101] M. Jarve, L. A. Zhivotovsky, S. Rootsi, H. Help, E. 1. Rogaev, E. K. Khusnutdinova,
T. Kivisild, and J. J. Sanchez. Decreased rate of evolution in y chromosome str loci of
increased size of the repeat unit. P/oS one, 4(9):e7276, 2009.

[102] M. A. Jobling, V. Samara, A. Pandya, N. Fretwell, B. Bernasconi, R. J. Mitchell, T. Gerel-
saikhan, B. Dashnyam, A. Sajantila, P. J. Salo, Y. Nakahori, C. M. Disteche, K. Thangaraj,
L. Singh, M. H. Crawford, and C. Tyler-Smith. Recurrent duplication and deletion poly-
morphisms on the long arm of the y chromosome in normal males. Human molecular
genetics, 5(11):1767-75, 1996.

[103] Eric Jorgenson and John S Witte. Microsatellite markers for genome-wide association
studies. Nat Rev Genet, 8(2), feb 2007.

[104] D. Karolchik, G. P. Barber, J. Casper, H. Clawson, M. S. Cline, M. Diekhans, T. R.

237



Dreszer, P. A. Fujita, L. Guruvadoo, M. Haeussler, R. A. Harte, S. Heitner, A. S. Hinrichs,
K. Learned, B. T. Lee, C. H. Li, B. J. Raney, B. Rhead, K. R. Rosenbloom, C. A. Sloan,
M. L. Speir, A. S. Zweig, D. Haussler, R. M. Kuhn, and W. J. Kent. The ucsc genome
browser database: 2014 update. Nucleic Acids Res, 42(Database issue):D764-70, 2014.

[105] M. Kayser and P. de Knijff. Improving human forensics through advances in genetics,
genomics and molecular biology. Nat Rev Genet, 12(3):179-92, 2011.

[106] M. Kayser, R. Kittler, A. Erler, M. Hedman, A. C. Lee, A. Mohyuddin, S. Q. Mehdi,
Z. Rosser, M. Stoneking, M. A. Jobling, A. Sajantila, and C. Tyler-Smith. A comprehensive
survey of human y-chromosomal microsatellites. American journal of human genetics,
74(6):1183-97, 2004.

[107] F. S. Kehdy and S. D. Pena. Worldwide diversity of the y-chromosome tetra-local mi-
crosatellite dys464. Genetics and molecular research : GMR, 9(3):1525-34, 2010.

[108] Y. D. Kelkar, K. A. Eckert, F. Chiaromonte, and K. D. Makova. A matter of life or
death: how microsatellites emerge in and vanish from the human genome. Genome Res.,
21(12):2038-2048, Dec 2011.

[109] Y. D. Kelkar, N. Strubczewski, S. E. Hile, F. Chiaromonte, K. A. Eckert, and K. D.
Makova. What is a microsatellite: a computational and experimental definition based
upon repeat mutational behavior at A/T and GT/AC repeats. Genome Biol Evol, 2:620-
635, 2010.

[110] Y. D. Kelkar, S. Tyekucheva, F. Chiaromonte, and K. D. Makova. The genome-wide
determinants of human and chimpanzee microsatellite evolution. Genome Res., 18(1):30-
38, Jan 2008.

[111] David R Kelley, Jasper Snoek, and John Rinn. Basset: Learning the regulatory code of
the accessible genome with deep convolutional neural networks. bioRxiv, 2015.

[112] W. J. Kent. Blat-the blast-like alignment tool. Genome research, 12(4):656-64, 2002.

[113] W. J. Kent, C. W. Sugnet, T. S. Furey, K. M. Roskin, T. H. Pringle, A. M. Zahler, and
D. Haussler. The human genome browser at ucsc. Genome Res, 12(6):996-1006, 2002.

[114] R. Khan and D. Mittelman. Rumors of the death of consumer genomics are greatly
exaggerated. Genome Biol., 14(11):139, 2013.

[115] T. E. King, S. J. Ballereau, K. E. Schurer, and M. A. Jobling. Genetic signatures of
coancestry within surnames. Curr Biol, 16(4):384-8, 2006.

[116] T. E. King and M. A. Jobling. Founders, drift, and infidelity: the relationship between y
chromosome diversity and patrilineal surnames. Mol Biol Evol, 26(5):1093-102, 2009.

[117] T. E. King and M. A. Jobling. What's in a name? y chromosomes, surnames and the
genetic genealogy revolution. Trends Genet, 25(8):351-60, 2009.

238



[118] A. Kirby, A. Gnirke, D. B. Jaffe, V. Bare?ova, N. Pochet, B. Blumenstiel, C. Ye, D. Aird,
C. Stevens, J. T. Robinson, M. N. Cabili, I. Gat-Viks, E. Kelliher, R. Daza, M. DeFelice,
H. H?Ikova, J. Sovova, P. Vylet'al, C. Antignac, M. Guttman, R. E. Handsaker, D. Per-
rin, S. Steelman, S. Sigurdsson, S. J. Scheinman, C. Sougnez, K. Cibulskis, M. Parkin,
T. Green, E. Rossin, M. C. Zody, R. J. Xavier, M. R. Pollak, S. L. Alper, K. Lindblad-Toh,
S. Gabriel, P. S. Hart, A. Regev, C. Nusbaum, S. Kmoch, A. J. Bleyer, E. S. Lander, and
M. J. Daly. Mutations causing medullary cystic kidney disease type 1 lie in a large VNTR
in MUC1 missed by massively parallel sequencing. Nat. Genet., 45(3):299-303, Mar 2013.

[119] D. C. Koboldt, K. Chen, T. Wylie, D. E. Larson, M. D. McLellan, E. R. Mardis, G. M.
Weinstock, R. K. Wilson, and L. Ding. Varscan: variant detection in massively parallel
sequencing of individual and pooled samples. Bioinformatics, 25(17):2283-5, 2009.

[120] A. Kong, D. F. Gudbjartsson, J. Sainz, G. M. Jonsdottir, S. A. Gudjonsson, B. Richards-
son, S. Sigurdardottir, J. Barnard, B. Hallbeck, G. Masson, A. Shlien, S. T. Palsson,
M. L. Frigge, T. E. Thorgeirsson, J. R. Gulcher, and K. Stefansson. A high-resolution
recombination map of the human genome. Nat. Genet., 31(3):241-247, Jul 2002.

[121] E. Koscianska, T. M. Witkos, E. Kozlowska, M. Wojciechowska, and W. J. Krzyzosiak.
Cooperation meets competition in microRNA-mediated DMPK transcript regulation. Nu-
cleic Acids Res., 43(19):9500-9518, Oct 2015.

[1221 A. R. La Spada, D. B. Roling, A. E. Harding, C. L. Warner, R. Spiegel, I. Hausmanowa-
Petrusewicz, W. C. Yee, and K. H. Fischbeck. Meiotic stability and genotype-phenotype
correlation of the trinucleotide repeat in x-linked spinal and bulbar muscular atrophy. Nat
Genet, 2(4):301-4, 1992.

[123] Y. Lai and F. Sun. The relationship between microsatellite slippage mutation rate and
the number of repeat units. Mol. Biol. Evol., 20(12):2123-2131, Dec 2003.

[124] H. Y. Lam, M. J. Clark, R. Chen, G. Natsoulis, M. O'Huallachain, F. E. Dewey, L. Habeg-
ger, E. A. Ashley, M. B. Gerstein, A. J. Butte, H. P. Ji, and M. Snyder. Performance
comparison of whole-genome sequencing platforms. Nature biotechnology, 30(1):78-82,
2012.

[125] C. Lamina, M. Haun, S. Coassin, A. Kloss-Brandstatter, C. Gieger, A. Peters, H. Grallert,
K. Strauch, T. Meitinger, L. Kedenko, B. Paulweber, and F. Kronenberg. A systematic
evaluation of short tandem repeats in lipid candidate genes: riding on the snp-wave. PLoS
One, 9(7):e102113, 2014.

[126] T. Lappalainen, M. Sammeth, M. R. Friedlander, P. A. t Hoen, J. Monlong, M. A. Rivas,
M. Gonzalez-Porta, N. Kurbatova, T. Griebel, P. G. Ferreira, M. Barann, T. Wieland,
L. Greger, M. van Iterson, J. Almlof, P. Ribeca, I. Pulyakhina, D. Esser, T. Giger,
A. Tikhonov, M. Sultan, G. Bertier, D. G. MacArthur, M. Lek, E. Lizano, H. P. Buermans,
I. Padioleau, T. Schwarzmayr, 0. Karlberg, H. Ongen, H. Kilpinen, S. Beltran, M. Gut,

239



K. Kahlem, V. Amstislavskiy, 0. Stegle, M. Pirinen, S. B. Montgomery, P. Donnelly,
M. 1. McCarthy, P. Flicek, T. M. Strom, Consortium Geuvadis, H. Lehrach, S. Schreiber,
R. Sudbrak, A. Carracedo, S. E. Antonarakis, R. Hasler, A. C. Syvanen, G. J. van Ommen,
A. Brazma, T. Meitinger, P. Rosenstiel, R. Guigo, I. G. Gut, X. Estivill, E. T. Dermitzakis,
A. Palotie, J. F. Deleuze, U. Gyllensten, H. Brunner, J. Veltman, A. Cambon-Thomsen,
J. Mangion, D. Bentley, and A. Hamosh. Transcriptome and genome sequencing uncovers
functional variation in humans. Nature, 501(7468):506-11, 2013.

[127] N. Leat, L. Ehrenreich, M. Benjeddou, K. Cloete, and S. Davison. Properties of novel and
widely studied y-str loci in three south african populations. Forensic science international,
168(2-3):154-61, 2007.

[128] S. Leclercq, E. Rivals, and P. Jarne. Detecting microsatellites within genomes: significant
variation among algorithms. BMC bioinformatics, 8:125, 2007.

[129] Dongwon Lee, David U Gorkin, Maggie Baker, Benjamin J Strober, Alessandro L Asoni,
Andrew S McCallion, and Michael A Beer. A method to predict the impact of regulatory
variants from dna sequence. Nat Genet, 47(8):955-61, Aug 2015.

[130] Rachel Lehmann-Haupt. Are sperm donors really anonymous anymore? Slate, 2010.

[131] Monkol Lek, Konrad Karczewski, Eric Minikel, Kaitlin Samocha, Eric Banks, Timothy Fen-
nell, Anne O'Donnell-Luria, James Ware, Andrew Hill, Beryl Cummings, Taru Tukiainen,
Daniel Birnbaum, Jack Kosmicki, Laramie Duncan, Karol Estrada, Fengmei Zhao, James
Zou, Emma Pierce-Hoffman, David Cooper, Mark DePristo, Ron Do, Jason Flannick,
Menachem Fromer, Laura Gauthier, Jackie Goldstein, Namrata Gupta, Daniel Howrigan,
Adam Kiezun, Mitja Kurki, Ami Levy Moonshine, Pradeep Natarajan, Lorena Orozco,
Gina Peloso, Ryan Poplin, Manuel Rivas, Valentin Ruano-Rubio, Douglas Ruderfer, Khalid
Shakir, Peter Stenson, Christine Stevens, Brett Thomas, Grace Tiao, Maria Tusie-Luna,
Ben Weisburd, Hong-Hee Won, Dongmei Yu, David Altshuler, Diego Ardissino, Michael
Boehnke, John Danesh, Elosua Roberto, Jose Florez, Stacey Gabriel, Gad Getz, Christina
Hultman, Sekar Kathiresan, Markku Laakso, Steven McCarroll, Mark McCarthy, Der-
mot McGovern, Ruth McPherson, Benjamin Neale, Aarno Palotie, Shaun Purcell, Danish
Saleheen, Jeremiah Scharf, Pamela Sklar, Sullivan Patrick, Jaakko Tuomilehto, Hugh
Watkins, James Wilson, Mark Daly, and Daniel MacArthur. Analysis of protein-coding
genetic variation in 60,706 humans. bioRxiv, 2015.

[132] S. Levy, G. Sutton, P. C. Ng, L. Feuk, A. L. Halpern, B. P. Walenz, N. Axelrod, J. Huang,
E. F. Kirkness, G. Denisov, Y. Lin, J. R. MacDonald, A. W. Pang, M. Shago, T. B.
Stockwell, A. Tsiamouri, V. Bafna, V. Bansal, S. A. Kravitz, D. A. Busam, K. Y. Beeson,
T. C. McIntosh, K. A. Remington, J. F. Abril, J. Gill, J. Borman, Y. H. Rogers, M. E.
Frazier, S. W. Scherer, R. L. Strausberg, and J. C. Venter. The diploid genome sequence
of an individual human. PLoS Biol, 5(10):e254, 2007.

[133] H. Li. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM.

240



ArXiv e-prints, March 2013.

[134] H. Li and R. Durbin. Fast and accurate long-read alignment with burrows-wheeler trans-
form. bioinformatics. Bioinformatics, 25(14):1754-1760, 2009.

[135] H. Li and R. Durbin. Fast and accurate short read alignment with burrows-wheeler trans-
form. Bioinformatics, 25(14):1754-60, 2009.

[136] H. Li, B. Handsaker, A. Wysoker, T. Fennell, J. Ruan, N. Homer, G. Marth, G. Abecasis,
and R. Durbin. The sequence alignment/map format and samtools. Bioinformatics,
25(16):2078-9, 2009.

[137] H. Li and N. Homer. A survey of sequence alignment algorithms for next-generation
sequencing. Brief Bioinform, 11(5):473-83, 2010.

[138] Y. Li, L. Zhao, H. B. Lin, A. C. Chow, and J. R. Diamond. A performance model
for fast fourier transform. 2009 Ieee International Symposium on Parallel & Distributed
Processing, Vols 1-5, pages 146-156, 2009.

[139] Y. C. Li, A. B. Korol, T. Fahima, and E. Nevo. Microsatellites within genes: structure,
function, and evolution. Molecular biology and evolution, 21(6):991-1007, 2004.

[140] S. K. Lim, Y. Xue, E. J. Parkin, and C. Tyler-Smith. Variation of 52 new y-str loci in the
y chromosome consortium worldwide panel of 76 diverse individuals. Internationaljournal
of legal medicine, 121(2):124-7, 2007.

[141] Z. Lin, A. B. Owen, and R. B. Altman. Genetics. genomic research and human subject
privacy. Science, 305(5681):183, 2004.

[142] E. W. Loomis, J. S. Eid, P. Peluso, J. Yin, L. Hickey, D. Rank, S. McCalmon, R. J.
Hagerman, F. Tassone, and P. J. Hagerman. Sequencing the unsequenceable: Expanded
CGG-repeat alleles of the fragile x gene. Genome Research, 23(1):121-128, oct 2012.

[143] J. E. Lunshof, R. Chadwick, D. B. Vorhaus, and G. M. Church. From genetic privacy to
open consent. Nat Rev Genet, 9(5):406-11, 2008.

[144] J. R. Lupski. Genomic rearrangements and sporadic disease. Nat Genet, 39(7 Suppl):S43-
7, 2007.

[145] E. Lyon, T. Laver, P. Yu, M. Jama, K. Young, M. Zoccoli, and N. Marlowe. A simple,
high-throughput assay for fragile x expanded alleles using triple repeat primed pcr and
capillary electrophoresis. The Journal of molecular diagnostics : JMD, 12(4):505-11,
2010.

[146] P. Malaspina, B. M. Ciminelli, L. Viggiano, C. Jodice, F. Cruciani, P. Santolamazza,
D. Sellitto, R. Scozzari, L. Terrenato, M. Rocchi, and A. Novelletto. Characterization of
a small family (caiii) of microsatellite-containing sequences with x-y homology. Journal
of molecular evolution, 44(6):652-9, 1997.

241



[147] T. A. Manolio, F. S. Collins, N. J. Cox, D. B. Goldstein, L. A. Hindorff, D. J. Hunter, M. 1.
McCarthy, E. M. Ramos, L. R. Cardon, A. Chakravarti, J. H. Cho, A. E. Guttmacher,
A. Kong, L. Kruglyak, E. Mardis, C. N. Rotimi, M. Slatkin, D. Valle, A. S. Whittemore,
M. Boehnke, A. G. Clark, E. E. Eichler, G. Gibson, J. L. Haines, T. F. Mackay, S. A.
McCarroll, and P. M. Visscher. Finding the missing heritability of complex diseases.
Nature, 461(7265):747-53, 2009.

[148] J. Marchini and B. Howie. Genotype imputation for genome-wide association studies.
Nature reviews. Genetics, 11(7):499-511, 2010.

[149] J. C. Marioni, C. E. Mason, S. M. Mane, M. Stephens, and Y. Gilad. RNA-seq: an assess-
ment of technical reproducibility and comparison with gene expression arrays. Genome
Res., 18(9):1509-1517, Sep 2008.

[150] P. Martin, K. Makepeace, S. A. Hill, D. W. Hood, and E. R. Moxon. Microsatellite
instability regulates transcription factor binding and gene expression. Proc Nat Acad Sci
U S A, 102(10):3800-4, 2005.

[151] B. McEvoy and D. G. Bradley. Y-chromosomes and the extent of patrilineal ancestry in
irish surnames. Hum Genet, 119(1-2):212-9, 2006.

[152] A. L. McGuire and R. A. Gibbs. Genetics. no longer de-identified. Science, 312(5772):370-
1, 2006.

[153] L. J. McIver, 3rd Fondon, J. W., M. A. Skinner, and H. R. Garner. Evaluation of mi-
crosatellite variation in the 1000 genomes project pilot studies is indicative of the quality
and utility of the raw data and alignments. Genomics, 97(4):193-9, 2011.

[154] A. McKenna, M. Hanna, E. Banks, A. Sivachenko, K. Cibulskis, A. Kernytsky,
K. Garimella, D. Altshuler, S. Gabriel, M. Daly, and MA. DePristo. The genome anal-
ysis toolkit: a mapreduce framework for analyzing next-generation dna sequencing data.
Genome Res, 20(9):1297-303, 2010.

[155] A. Michalik and C. Van Broeckhoven. Pathogenesis of polyglutamine disorders: aggrega-
tion revisited. Hum. Mol. Genet., 12 Spec No 2:R173-186, Oct 2003.

[156] S. M. Mirkin. Expandable dna repeats and human disease. Nature, 447(7147):932-40,
2007.

[157] M. F. Moffatt, M. Kabesch, L. Liang, A. L. Dixon, D. Strachan, S. Heath, M. Depner,
A. von Berg, A. Bufe, E. Rietschel, A. Heinzmann, B. Simma, T. Frischer, S. A. Willis-
Owen, K. C. Wong, T. Illig, C. Vogelberg, S. K. Weiland, E. von Mutius, G. R. Abecasis,
M. Farrall, I. G. Gut, G. M. Lathrop, and W. 0. Cookson. Genetic variants regulating
ormdl3 expression contribute to the risk of childhood asthma. Nature, 448(7152):470-3,
2007.

[158] M. Molla, A. Delcher, S. Sunyaev, C. Cantor, and S. Kasif. Triplet repeat length bias and

242



variation in the human transcriptome. Proceedings of the National Academy of Sciences,
106(40):17095-17100, sep 2009.

[159] S. B. Montgomery, D. L. Goode, E. Kvikstad, C. A. Albers, Z. D. Zhang, X. J. Mu,
G. Ananda, B. Howie, K. J. Karczewski, K. S. Smith, V. Anaya, R. Richardson, J. Davis,
D. G. MacArthur, A. Sidow, L. Duret, M. Gerstein, K. D. Makova, J. Marchini, G. McVean,
and G. Lunter. The origin, evolution, and functional impact of short insertion-deletion
variants identified in 179 human genomes. Genome Res., 23(5):749-761, May 2013.

[160] A. Motluk. Anonymous sperm donor traced on internet. New Sci, 188(2524):2, 2005.

[161] Y. Muragaki, S. Mundlos, J. Upton, and B. R. Olsen. Altered growth and branching
patterns in synpolydactyly caused by mutations in hoxd13. Science, 272(5261):548-51,
1996.

[162] Gautam Naik. Family secrets: An adopted man's 26-year quest for his father. Wall Street
Journal, 2009.

[163] Giuseppe Narzisi, Jason A O'Rawe, Ivan lossifov, Han Fang, Yoon ha Lee, Zihua Wang,
Yiyang Wu, Gholson J Lyon, Michael Wigler, and Michael C Schatz. Accurate de novo and
transmitted indel detection in exome-capture data using microassembly. Nature Methods,
11(10):1033-1036, aug 2014.

[164] S. B. Needleman and C. D. Wunsch. A general method applicable to the search for
similarities in the amino acid sequence of two proteins. Journal of molecular biology,
48(3):443-53, 1970.

[165] A. C. Nica, S. B. Montgomery, A. S. Dimas, B. E. Stranger, C. Beazley, I. Barroso, and
E. T. Dermitzakis. Candidate causal regulatory effects by integration of expression qtls
with complex trait genetic associations. PLoS Genet, 6(4):e1000895, 2010.

[166] D. L. Nicolae, E. Gamazon, W. Zhang, S. Duan, M. E. Dolan, and N. J. Cox. Trait-
associated snps are more likely to be eqtls: annotation to enhance discovery from gwas.
PLoS Genet, 6(4):e1000888, 2010.

[167] D. R. Nyholt, C. E. Yu, and P. M. Visscher. On jim watson's apoe status: genetic
information is hard to hide. European journal of human genetics : EJHG, 17(2):147-9,
2009.

[168] C. T. O'Dushlaine, R. J. Edwards, S. D. Park, and D. C. Shields. Tandem repeat copy-
number variation in protein-coding regions of human genes. Genome biology, 6(8):R69,
2005.

[169] C. T. O'Dushlaine and D. C. Shields. Marked variation in predicted and observed variability
of tandem repeat loci across the human genome. BMC genomics, 9:175, 2008.

[170] J. M. Oliver, M. J. Slashinski, T. Wang, P. A. Kelly, S. G. Hilsenbeck, and A. L. McGuire.
Balancing the risks and benefits of genomic data sharing: genome research participants'

243



perspectives. Public Health Genomics, 15(2):106-14, 2012.

[171] N. Patterson, A. L. Price, and D. Reich. Population structure and eigenanalysis. PLoS
Genet., 2(12):e190, Dec 2006.

[172] B. A. Payseur, P. Jing, and R. J. Haasl. A genomic portrait of human microsatellite
variation. Molecular biology and evolution, 28(1):303-12, 2011.

[173] B. A. Payseur, M. Place, and J. L. Weber. Linkage disequilibrium between strps and snps
across the human genome. Am J Hum Genet, 82(5):1039-50, 2008.

[174] C. E. Pearson, K. Nichol Edamura, and J. D. Cleary. Repeat instability: mechanisms of
dynamic mutations. Nat Rev Genet, 6(10):729-42, 2005.

[175] Christopher E. Pearson. Repeat associated non-ATG translation initiation: One DNA,
two transcripts, seven reading frames, potentially nine toxic entities! PLoS Genetics,
7(3):e1002018, mar 2011.

[176] T. J. Pemberton, C. 1. Sandefur, M. Jakobsson, and N. A. Rosenberg. Sequence deter-
minants of human microsatellite variability. BMC genomics, 10:612, 2009.

[177] K. S. Pollard, M. J. Hubisz, K. R. Rosenbloom, and A. Siepel. Detection of nonneutral
substitution rates on mammalian phylogenies. Genome Res, 20(1):110-21, 2010.

[178] F. Pompanon, A. Bonin, E. Bellemain, and P. Taberlet. Genotyping errors: causes,
consequences and solutions. Nature reviews. Genetics, 6(11):847-59, 2005.

[179] S. M. Prescott, J. M. Lalouel, and M. Leppert. From linkage maps to quantitative trait
loci: the history and science of the utah genetic reference project. Annu Rev Genomics
Hum Genet, 9:347-58, 2008.

[180] M. 0. Press, K. D. Carlson, and C. Queitsch. The overdue promise of short tandem repeat
variation for heritability. Trends Genet, 30(11):504-12, 2014.

[181] A. L. Price, N. J. Patterson, R. M. Plenge, M. E. Weinblatt, N. A. Shadick, and D. Re-
ich. Principal components analysis corrects for stratification in genome-wide association
studies. Nat Genet, 38(8):904-9, 2006.

[182] Alkes L. Price, Agnar Helgason, Gudmar Thorleifsson, Steven A. McCarroll, Augustine
Kong, and Kari Stefansson. Single-tissue and cross-tissue heritability of gene expression
via identity-by-descent in related or unrelated individuals. PLoS Genetics, 7(2):e1001317,
feb 2011.

[183] J. K. Pritchard, M. Stephens, and P. Donnelly. Inference of population structure using
multilocus genotype data. Genetics, 155(2):945-959, Jun 2000.

[184] S. Purcell, B. Neale, K. Todd-Brown, L. Thomas, M. A. Ferreira, D. Bender, J. Maller,
P. Sklar, P. 1. de Bakker, M. J. Daly, and P. C. Sham. Plink: a tool set for whole-genome
association and population-based linkage analyses. Am J Hum Genet, 81(3):559-75, 2007.

244



[185] A. R. Quinlan and I. M. Hall. Bedtools: a flexible suite of utilities for comparing genomic
features. Bioinformatics, 26(6):841-2, 2010.

[186] S. Ramachandran, 0. Deshpande, C. C. Roseman, N. A. Rosenberg, M. W. Feldman, and
L. L. Cavalli-Sforza. Support from the relationship of genetic and geographic distance
in human populations for a serial founder effect originating in africa. Proceedings of the
National Academy of Sciences of the United States of America, 102(44):15942-7, 2005.

[187] D. Reich, R. E. Green, M. Kircher, J. Krause, N. Patterson, E. Y. Durand, B. Viola,
A. W. Briggs, U. Stenzel, P. L. Johnson, T. Maricic, J. M. Good, T. Marques-Bonet,
C. Alkan, Q. Fu, S. Mallick, H. Li, M. Meyer, E. E. Eichler, M. Stoneking, M. Richards,
S. Talamo, M. V. Shunkov, A. P. Derevianko, J. J. Hublin, J. Kelso, M. Slatkin, and
S. Paabo. Genetic history of an archaic hominin group from denisova cave in siberia.
Nature, 468(7327):1053-60, 2010.

[188] A. E. Renton, E. Majounie, A. Waite, J. Simon-Sanchez, S. Rollinson, J. R. Gibbs, J. C.
Schymick, H. Laaksovirta, J. C. van Swieten, L. Myllykangas, H. Kalimo, A. Paetau,
Y. Abramzon, A. M. Remes, A. Kaganovich, S. W. Scholz, J. Duckworth, J. Ding, D. W.
Harmer,' D. G. Hernandez, J. 0. Johnson, K. Mok, M. Ryten, D. Trabzuni, R. J. Guerreiro,
R. W. Orrell, J. Neal, A. Murray, J. Pearson, I. E. Jansen, D. Sondervan, H. Seelaar,
D. Blake, K. Young, N. Halliwell, J. B. Callister, G. Toulson, A. Richardson, A. Gerhard,
J. Snowden, D. Mann, D. Neary, M. A. Nalls, T. Peuralinna, L. Jansson, V. M. Isoviita,
A. L. Kaivorinne, M. Holtta-Vuori, E. Ikonen, R. Sulkava, M. Benatar, J. Wuu, A. Chio,
G. Restagno, G. Borghero, M. Sabatelli, D. Heckerman, E. Rogaeva, L. Zinman, J. D.
Rothstein, M. Sendtner, C. Drepper, E. E. Eichler, C. Alkan, Z. Abdullaev, S. D. Pack,
A. Dutra, E. Pak, J. Hardy, A. Singleton, N. M. Williams, P. Heutink, S. Pickering-
Brown, H. R. Morris, P. J. Tienari, and B. J. Traynor. A hexanucleotide repeat expansion
in c9orf72 is the cause of chromosome 9p21-linked als-ftd. Neuron, 72(2):257-68.

[189] Andy Rimmer, Hang Phan, lain Mathieson, Zamin lqbal, Stephen R F Twigg, Andrew 0 M
Wilkie, Gil McVean, and Gerton Lunter. Integrating mapping-, assembly- and haplotype-
based approaches for calling variants in clinical sequencing applications. Nature Genetics,
46(8):912-918, jul 2014.

[190] J. T. Robinson, H. Thorvaldsdottir, W. Winckler, M. Guttman, E. S. Lander, G. Getz,
and J. P. Mesirov. Integrative genomics viewer. Nature biotechnology, 29(1):24-6, 2011.

[191] M. V. Rockman and G. A. Wray. Abundant raw material for cis-regulatory evolution in
humans. Molecular biology and evolution, 19(11):1991-2004, 2002.

[192] N. A. Rosenberg. Standardized subsets of the hgdp-ceph human genome diversity cell line
panel, accounting for atypical and duplicated samples and pairs of close relatives. Annals
of human genetics, 70(Pt 6):841-7, 2006.

[193] N. A. Rosenberg, J. K. Pritchard, J. L. Weber, H. M. Cann, K. K. Kidd, L. A. Zhivotovsky,

245



and M. W. Feldman. Genetic structure of human populations. Science, 298(5602):2381-
2385, Dec 2002.

[194] J. M. Rothberg, W. Hinz, T. M. Rearick, J. Schultz, W. Mileski, M. Davey, J. H. Leamon,
K. Johnson, M. J. Milgrew, M. Edwards, J. Hoon, J. F. Simons, D. Marran, J. W. Myers,
J. F. Davidson, A. Branting, J. R. Nobile, B. P. Puc, D. Light, T. A. Clark, M. Huber, J. T.
Branciforte, I. B. Stoner, S. E. Cawley, M. Lyons, Y. Fu, N. Homer, M. Sedova, X. Miao,
B. Reed, J. Sabina, E. Feierstein, M. Schorn, M. Alanjary, E. Dimalanta, D. Dressman,
R. Kasinskas, T. Sokolsky, J. A. Fidanza, E. Namsaraev, K. J. McKernan, A. Williams,
G. T. Roth, and J. Bustillo. An integrated semiconductor device enabling non-optical
genome sequencing. Nature, 475(7356):348-52, 2011.

[195] S. Rothenburg, F. Koch-Nolte, A. Rich, and F. Haag. A polymorphic dinucleotide repeat
in the rat nucleolin gene forms z-dna and inhibits promoter activity. Proc Natl Acad Sci
U S A, 98(16):8985-90, 2001.

[196] D. C. Rubinsztein. Lessons from animal models of Huntington's disease. Trends Genet.,
18(4):202-209, Apr 2002.

[197] C. M. Ruitberg, D. J. Reeder, and J. M. Butler. Strbase: a short tandem repeat dna
database for the human identity testing community. Nucleic acids research, 29(1):320-2,
2001.

[198] K. Sathasivam, A. Neueder, T. A. Gipson, C. Landles, A. C. Benjamin, M. K. Bondulich,
D. L. Smith, R. L. Faull, R. A. Roos, D. Howland, P. J. Detloff, D. E. Housman, and G. P.
Bates. Aberrant splicing of htt generates the pathogenic exon 1 protein in huntington
disease. Proc Nati Acad Sci U S A, 110(6):2366-70, 2013.

[199] S. Sawaya, A. Bagshaw, E. Buschiazzo, P. Kumar, S. Chowdhury, M. A. Black, and
N. Gemmell. Microsatellite tandem repeats are abundant in human promoters and are
associated with regulatory elements. PLoS One, 8(2):e54710, 2013.

[200] L. A. Sawyer, J. M. Hennessy, A. A. Peixoto, E. Rosato, H. Parkinson, R. Costa, and C. P.
Kyriacou. Natural variation in a Drosophila clock gene and temperature compensation.
Science, 278(5346):2117-2120, Dec 1997.

[201] E. E. Schadt, S. Woo, and K. Hao. Bayesian method to predict individual snp genotypes
from gene expression data. Nat Genet, 2012.

[202] E. Schaper, A. V. Kajava, A. Hauser, and M. Anisimova. Repeat or not repeat?-
Statistical validation of tandem repeat prediction in genomic sequences. Nucleic Acids
Res., 40(20):10005-10017, Nov 2012.

[203] R. Schoske, P. M. Vallone, M. C. Kline, J. W. Redman, and J. M. Butler. High-throughput
y-str typing of u.s. populations with 27 regions of the y chromosome using two multiplex
pcr assays. Forensic science international, 139(2-3):107-21, 2004.

246



[204] D. Sharma, B. Issac, G. P. Raghava, and R. Ramaswamy. Spectral repeat finder (srf): iden-
tification of repetitive sequences using fourier transformation. Bioinformatics, 20(9):1405-
12, 2004.

[205] S. Shimajiri, N. Arima, A. Tanimoto, Y. Murata, T. Hamada, K. Y. Wang, and
Y. Sasaguri. Shortened microsatellite d(ca)21 sequence down-regulates promoter activity
of matrix metalloproteinase 9 gene. FEBS Lett, 455(1-2):70-4, 1999.

[206] S. Y. Shin, E. B. Fauman, A. K. Petersen, J. Krumsiek, R. Santos, J. Huang, M. Arnold,
I. Erte, V. Forgetta, T. P. Yang, K. Walter, C. Menni, L. Chen, L. Vasquez, A. M. Valdes,
C. L. Hyde, V. Wang, D. Ziemek, P. Roberts, L. Xi, E. Grundberg, M. Waldenberger,
J. B. Richards, R. P. Mohney, M. V. Milburn, S. L. John, J. Trimmer, F. J. Theis, J. P.
Overington, K. Suhre, M. J. Brosnan, C. Gieger, G. Kastenmuller, T. D. Spector, and
N. Soranzo. An atlas of genetic influences on human blood metabolites. Nat. Genet.,
46(6):543-550, Jun 2014.

[207] K. Skorecki, S. Selig, S. Blazer, R. Bradman, N. Bradman, P. J. Waburton, M. Ismajlowicz,
and M. F. Hammer. Y chromosomes of jewish priests. Nature, 385(6611):32, 1997.

[208] M. Slatkin. A measure of population subdivision based on microsatellite allele frequencies.
Genetics, 139(1):457-462, Jan 1995.

[209] Tugce Bilgin Sonay, Tiago Carvalho, Mark Robinson, Maja Greminger, Michael KrUtzen,
David Comas, Gareth Highnam, David Mittelman, Andrew Sharp, Tomas Marques-Bonet,
and Andreas Wagner. Tandem repeat variation in human and great ape populations and
its impact on gene expression divergence. 2015.

[210] R. Stein. Found on the web, with dna: a boy's father. Washington Post, page 1, 2005.

[211] M. Stoneking and J. Krause. Learning about human population history from ancient and
modern genomes. Nat. Rev. Genet., 12(9):603-614, Sep 2011.

[212] B. E. Stranger, M. S. Forrest, M. Dunning, C. E. Ingle, C. Beazley, N. Thorne, R. Redon,
C. P. Bird, A. de Grassi, C. Lee, C. Tyler-Smith, N. Carter, S. W. Scherer, S. Tavare,
P. Deloukas, M. E. Hurles, and E. T. Dermitzakis. Relative impact of nucleotide and copy
number variation on gene expression phenotypes. Science, 315(5813):848-53, 2007.

[213] B. E. Stranger, S. B. Montgomery, A. S. Dimas, L. Parts, 0. Stegle, C. E. Ingle,
M. Sekowska, G. D. Smith, D. Evans, M. Gutierrez-Arcelus, A. Price, T. Raj, J. Nis-
bett, A. C. Nica, C. Beazley, R. Durbin, P. Deloukas, and E. T. Dermitzakis. Patterns of
cis regulatory variation in diverse human populations. PLoS Genet., 8(4):e1002639, 2012.

[214] B. E. Stranger, A. C. Nica, M. S. Forrest, A. Dimas, C. P. Bird, C. Beazley, C. E.
Ingle, M. Dunning, P. Flicek, D. Koller, S. Montgomery, S. Tavare, P. Deloukas, and
E. T. Dermitzakis. Population genomics of human gene expression. Nature genetics,
39(10):1217-24, 2007.

247



[215] J. X. Sun, A. Helgason, G. Masson, S. S. Ebenesersdottir, H. Li, S. Mallick, S. Gnerre,
N. Patterson, A. Kong, D. Reich, and K. Stefansson. A direct characterization of human
mutation based on microsatellites. Nat. Genet., 44(10):1161-1165, Oct 2012.

[216] S. Sureshkumar, M. Todesco, K. Schneeberger, R. Harilal, S. Balasubramanian, and
D. Weigel. A genetic defect caused by a triplet repeat expansion in arabidopsis thaliana.
Science, 323(5917):1060-3, 2009.

[217] B. Sykes and C. Irven. Surnames and the y chromosome. Am J Hum Genet, 66(4):1417-9,
2000.

[218] G. Tamiya, M. Shinya, T. Imanishi, T. Ikuta, S. Makino, K. Okamoto, K. Furugaki,
T. Matsumoto, S. Mano, S. Ando, Y. Nozaki, W. Yukawa, R. Nakashige, D. Yamaguchi,
H. Ishibashi, M. Yonekura, Y. Nakami, S. Takayama, T. Endo, T. Saruwatari, M. Yagura,
Y. Yoshikawa, K. Fujimoto, A. Oka, S. Chiku, S. E. Linsen, M. J. Giphart, J. K. Kulski,
T. Fukazawa, H. Hashimoto, M. Kimura, Y. Hoshina, Y. Suzuki, T. Hotta, J. Mochida,
T. Minezaki, K. Komai, S. Shiozawa, A. Taniguchi, H. Yamanaka, N. Kamatani, T. Gojo-
bori, S. Bahram, and H. Inoko. Whole genome association study of rheumatoid arthritis
using 27 039 microsatellites. Hum. Mol. Genet., 14(16):2305-2321, Aug 2005.

[219] R. Thomson, J. K. Pritchard, P. Shen, P. J. Oefner, and M. W. Feldman. Recent common
ancestry of human y chromosomes: evidence from dna sequence data. Proc Nati Acad
Sci U S A, 97(13):7360-5, 2000.

[220] S. A. Tishkoff, R. Varkonyi, N. Cahinhinan, S. Abbes, G. Argyropoulos, G. Destro-Bisol,
A. Drousiotou, B. Dangerfield, G. Lefranc, J. Loiselet, A. Piro, M. Stoneking, A. Tagarelli,
G. Tagarelli, E. H. Touma, S. M. Williams, and A. G. Clark. Haplotype diversity and linkage
disequilibrium at human G6PD: recent origin of alleles that confer malarial resistance.
Science, 293(5529):455-462, Jul 2001.

[221] C. Trapnell, L. Pachter, and S. L. Salzberg. Tophat: discovering splice junctions with
rna-seq. Bioinformatics, 25(9):1105-11, 2009.

[222] C. Trapnell, A. Roberts, L. Goff, G. Pertea, D. Kim, D. R. Kelley, H. Pimentel, S. L.
Salzberg, J. L. Rinn, and L. Pachter. Differential gene and transcript expression analysis
of rna-seq experiments with tophat and cufflinks. Nature protocols, 7(3):562-78, 2012.

[223] T. J. Treangen and S. L. Salzberg. Repetitive dna and next-generation sequencing: com-
putational challenges and solutions. Nature reviews. Genetics, 13(1):36-46, 2012.

[224] Gosia Trynka, Harm-Jan Westra, Kamil Slowikowski, Xinli Hu, Han Xu, Barbara E
Stranger, Buhm Han, and Soumya Raychaudhuri. Disentangling effects of colocalizing
genomic annotations to functionally prioritize non-coding variants within complex trait
loci. bioRxiv, 2014.

[225] K. J. Verstrepen, A. Jansen, F. Lewitter, and G. R. Fink. Intragenic tandem repeats
generate functional variability. Nature genetics, 37(9):986-90, 2005.

248



[226] M. D. Vinces, M. Legendre, M. Caldara, M. Hagihara, and K. J. Verstrepen. Unstable
tandem repeats in promoters confer transcriptional evolvability. Science, 324(5931):1213-
6, 2009.

[227] V. Vitart, I. Rudan, C. Hayward, N. K. Gray, J. Floyd, C. N. Palmer, S. A. Knott,
I. Kolcic, 0. Polasek, J. Graessler, J. F. Wilson, A. Marinaki, P. L. Riches, X. Shu,
B. Janicijevic, N. Smolej-Narancic, B. Gorgoni, J. Morgan, S. Campbell, Z. Biloglav,
L. Barac-Lauc, M. Pericic, I. M. Klaric, L. Zgaga, T. Skaric-Juric, S. H. Wild, W. A.
Richardson, P. Hohenstein, C. H. Kimber, A. Tenesa, L. A. Donnelly, L. D. Fairbanks,
M. Aringer, P. M. McKeigue, S. H. Ralston, A. D. Morris, P. Rudan, N. D. Hastie,
H. Campbell, and A. F. Wright. SLC2A9 is a newly identified urate transporter influencing
serum urate concentration, urate excretion and gout. Nat. Genet., 40(4):437-442, Apr
2008.

[228] C. Wallace, S. J. Newhouse, P. Braund, F. Zhang, M. Tobin, M. Falchi, K. Ahmadi,
R. J. Dobson, A. C. Marcano, C. Hajat, P. Burton, P. Deloukas, M. Brown, J. M. Con-
nell, A. Dominiczak, G. M. Lathrop, J. Webster, M. Farrall, T. Spector, N. J. Samani,
M. J. Caulfield, and P. B. Munroe. Genome-wide association study identifies genes for
biomarkers of cardiovascular disease: serum urate and dyslipidemia. Am. J. Hum. Genet.,
82(1):139-149, Jan 2008.

[229] B. Walsh. Estimating the time to the most recent common ancestor for the y chromosome
or mitochondrial dna for a pair of individuals. Genetics, 158(2):897-912, 2001.

[230] L. D. Ward and M. Kellis. Interpreting noncoding genetic variation in complex traits and
human disease. Nat Biotechnol, 30(11):1095-106, 2012.

[231] K. M. Warpeha, W. Xu, L. Liu, I. G. Charles, C. C. Patterson, F. Ah-Fat, S. Harding,
P. M. Hart, U. Chakravarthy, and A. E. Hughes. Genotyping and functional analysis of a
polymorphic (ccttt)(n) repeat of nos2a in diabetic retinopathy. FASEB J, 13(13):1825-32,
1999.

[232] R. Wattier, C. R. Engel, P. Saumitou-Laprade, and M. Valero. Short allele dominance as a
source of heterozygote deficiency at microsatellite loci: experimental evidence at the din-
ucleotide locus gvlct in gracilaria gracilis (rhodophyta). Molecular Ecology, 7(11):1569-
1573, 1998.

[233] J. L. Weber and K. W. Broman. Genotyping for human whole-genome scans: past,
present, and future. Advances in genetics, 42:77-96, 2001.

[234] J. L. Weber and C. Wong. Mutation of human short tandem repeats. Hum Mol Genet,
2(8):1123-8, 1993.

[235] J. N. Weiser, J. M. Love, and E. R. Moxon. The molecular mechanism of phase variation
of h. influenzae lipopolysaccharide. Cell, 59(4):657-65, 1989.

[236] D. Welter, J. MacArthur, J. Morales, T. Burdett, P. Hall, H. Junkins, A. Klemm, P. Flicek,

249



T. Manolio, L. Hindorff, and H. Parkinson. The nhgri gwas catalog, a curated resource
of snp-trait associations. Nucleic Acids Res, 42(Database issue):D1001-6, 2014.

[237] D. A. Wheeler, M. Srinivasan, M. Egholm, Y. Shen, L. Chen, A. McGuire, W. He, Y. J.
Chen, V. Makhijani, G. T. Roth, X. Gomes, K. Tartaro, F. Niazi, C. L. Turcotte, G. P.
Irzyk, J. R. Lupski, C. Chinault, X. Z. Song, Y. Liu, Y. Yuan, L. Nazareth, X. Qin, D. M.
Muzny, M. Margulies, G. M. Weinstock, R. A. Gibbs, and J. M. Rothberg. The complete
genome of an individual by massively parallel dna sequencing. Nature, 452(7189):872-6,
2008.

[238] J. C. Whittaker, R. M. Harbord, N. Boxall, I. Mackay, G. Dawson, and R. M. Sibly.
Likelihood-based estimation of microsatellite mutation rates. Genetics, 164(2):781-7,
2003.

[239] R. Willems, A. Paul, H. G. van der Heide, A. R. ter Avest, and F. R. Mooi. Fimbrial
phase variation in bordetella pertussis: a novel mechanism for transcriptional regulation.
EMBO J, 9(9):2803-9, 1990.

[240] T. Willems, M. Gymrek, G. Highnam, Consortium The Genomes Project, D. Mittelman,
and Y. Erlich. The landscape of human str variation. Genome Res, 2014.

[241] T. Willems, M. Gymrek, G. Highnam, Consortium The Genomes Project, D. Mittelman,
and Y. Erlich. The landscape of human str variation, supplemental material. Genome
Res, 2014.

[242] W. E. Winkler. Matching and record linkage. Business Survey Methods, pages 355-384,
1995.

[243] F. A. Wright, P. F. Sullivan, A. 1. Brooks, F. Zou, W. Sun, K. Xia, V. Madar, R. Jansen,
W. Chung, Y. H. Zhou, A. Abdellaoui, S. Batista, C. Butler, G. Chen, T. H. Chen,
D. D'Ambrosio, P. Gallins, M. J. Ha, J. J. Hottenga, S. Huang, M. Kattenberg, J. Kochar,
C. M. Middeldorp, A. Qu, A. Shabalin, J. Tischfield, L. Todd, J. Y. Tzeng, G. van
Grootheest, J. M. Vink, Q. Wang, W. Wang, W. Wang, G. Willemsen, J. H. Smit, E. J.
de Geus, Z. Yin, B. W. Penninx, and D. 1. Boomsma. Heritability and genomics of gene
expression in peripheral blood. Nat. Genet., 46(5):430-437, May 2014.

[244] Y. Xue, Q. Wang, Q. Long, B. L. Ng, H. Swerdlow, J. Burton, C. Skuce, R. Taylor, Z. Ab-
dellah, Y. Zhao, D. G. MacArthur, M. A. Quail, N. P. Carter, H. Yang, and C. Tyler-Smith.
Human y chromosome base-substitution mutation rate measured by direct sequencing in
a deep-rooting pedigree. Curr Biol, 19(17):1453-7, 2009.

[245] J. 0. Yanez-Cuna, C. D. Arnold, G. Stampfel, L. M. Boryn, D. Gerlach, M. Rath, and
A. Stark. Dissection of thousands of cell type-specific enhancers identifies dinucleotide
repeat motifs as general enhancer features. Genome Res, 2014.

[246] J. Yang, B. Benyamin, B. P. McEvoy, S. Gordon, A. K. Henders, D. R. Nyholt, P. A.
Madden, A. C. Heath, N. G. Martin, G. W. Montgomery, M. E. Goddard, and P. M.

250



Visscher. Common snps explain a large proportion of the heritability for human height.
Nat Genet, 42(7):565-9, 2010.

[247] J. Yang, S. H. Lee, M. E. Goddard, and P. M. Visscher. GCTA: a tool for genome-wide
complex trait analysis. Am. J. Hum. Genet., 88(1):76-82, Jan 2011.

[248] K. Ye, M. H. Schulz, Q. Long, R. Apweiler, and Z. Ning. Pindel: a pattern growth
approach to detect break points of large deletions and medium sized insertions from
paired-end short reads. Bioinformatics, 25(21):2865-2871, Nov 2009.

[249] D. Yogev, R. Rosengarten, R. Watson-McKown, and K. S. Wise. Molecular basis of my-
coplasma surface antigenic variation: a novel set of divergent genes undergo spontaneous
mutation of periodic coding regions and 5' regulatory sequences. EMBO J, 10(13):4069-
79, 1991.

[2501 M. W. Yu, Y. C. Yang, S. Y. Yang, H. C. Chang, Y. F. Liaw, S. M. Lin, C. J. Liu, S. D.
Lee, C. L. Lin, P. J. Chen, S. C. Lin, and C. J. Chen. Androgen receptor exon 1 cag
repeat length and risk of hepatocellular carcinoma in women. Hepatology, 36(1):156-63,
2002.

[251] Haoyang Zeng, Tatsunori Hashimoto, Daniel D. Kang, and David K. Gifford. Gerv: A
statistical method for generative evaluation of regulatory variants for transcription factor
binding. bioRxiv, 2015.

[252] T. Zerjal, Y. Xue, G. Bertorelle, R. S. Wells, W. Bao, S. Zhu, R. Qamar, Q. Ayub, A. Mo-
hyuddin, S. Fu, P. Li, N. Yuldasheva, R. Ruzibakiev, J. Xu, Q. Shu, R. Du, H. Yang, M. E.
Hurles, E. Robinson, T. Gerelsaikhan, B. Dashnyam, S. Q. Mehdi, and C. Tyler-Smith.
The genetic legacy of the mongols. American journal of human genetics, 72(3):717-21,
2003.

[253] L. A. Zhivotovsky, P. A. Underhill, C. Cinnioglu, M. Kayser, B. Morar, T. Kivisild, R. Scoz-
zari, F. Cruciani, G. Destro-Bisol, G. Spedini, G. K. Chambers, R. J. Herrera, K. K. Yong,
D. Gresham, I. Tournev, M. W. Feldman, and L. Kalaydjieva. The effective mutation rate
at y chromosome short tandem repeats, with application to human population-divergence
time. Am J Hum Genet, 74(1):50-61, 2004.

[254] H. Zhou, L. Du, and H. Yan. Detection of tandem repeats in dna sequences based on para-
metric spectral estimation. IEEE transactions on information technology in biomedicine
: a publication of the IEEE Engineering in Medicine and Biology Society, 13(5):747-55,
2009.

[255] Jian Zhou and Olga G Troyanskaya. Predicting effects of noncoding variants with deep
learning-based sequence model. Nat Methods, 12(10):931-4, Oct 2015.

251


