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Abstract

A novel sequencing method to explore two molecoiachanisms of rapid adaptation

Keisha Dawn Carlson

Chair of the Supervisory Committee
Associate Professor Dr. Christine Queitsch

Department of Genome Sciences

To survive in an ever-changing world, organismdriieerapidly adapt to new
environments. In my dissertation, | address twoenalar mechanisms that may contribute to
rapid adaptation to new environments and help twess the “missing heritability” of complex
traits. The first mechanism is short tandem repEaI&s), short sequence units of two to ten
nucleotides repeated head to tail, which mutate 1®,000x faster than non-repetitive regions
and have been shown to increase mutation rate emy@onmental stress. These highly
variable, phenotypically important genetic elemdratge remained inaccessible to high-
throughput analysis with short read sequencingthekfore have been excluded from genome-
wide analyses of genotype-phenotype associatiaevedloped a novel method MIPSTR to
accurately genotype STRs genome-wide across manydoals. The second mechanism is
buffers of genetic variatiom.e. molecules or pathwaykat influence the penetrance of standing
genetic variation by buffering its effect on phem®. This mechanism could also be thought of
as an epistatic interaction with loci across theogee. If a buffering mechanism is challenged or
breaks, previously cryptic genetic variation wil levealed. In order to consider the robustness
(i.e. buffering capacity) of an organism when assoagagjanetic variants to complex traits, we
need to measure robustness of individuals. MIPSARassess somatic STR variation within
individuals as a measure of genome stability aedethy robustness. This new approach has
allowed me to address two molecular mechanismspally important for adaptation and

“missing heritability” in novel ways.
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CHAPTER ONE
INTRODUCTION

To survive in an ever-changing world, organismddrneerapidly adapt to new
environments. Sessile organisms like plants, wbarimot migrate to more suitable
environments, have a particular need to adapt lsagithnts also rely on environmental cues for
healthy growth and development and misinterpratadiosuch cues can be devastating (Fehér
2014). In order for organisms to adapt they mustsa diversity of phenotypes on which
natural selection can act. Underlying this natuealation in phenotype is variation in DNA
sequence, as well as the environment and stochmemssie. In order to understand how
organisms, and in particular plants, can creageghenotypic diversity and adapt rapidly to
novel environments, we study the model plarabidopsis thaliana.

A. thaliana grows throughout the northern hemisphere and ltftsagpopulation has a
similar level of genetic diversity to human popidat (Cao et al. 2011). Different strains can
inhabit diverse environments and have adapted &odo a variety of traits such as timing of the
transition from vegetative growth to reproductivewgth (flowering time) and circadian rhythm
(Lewandowska-Sabat et al. 2012; Dittmar et al. 2&Riidal et al. 2014). In fact, some strains are
S0 uniquely adapted to their environment that ialieles of key developmental genes from
other strains are incompatible in their genetidkigaocund (Undurraga et al. 2012). In addition to
vast natural variatiorA. thaliana has numerous genomic, genetic, and molecular ta@lsable.
There is a high-quality genome farthaliana, hundreds of re-sequenced genomes of diverse
strains, a large insertion mutant library, RNAi kkdown techniques, and easy transformation
protocols. With all of these tools in hamd,thaliana is an ideal model for studying molecular
mechanisms underlying rapid adaptation to new enwirents. Exploring such mechanismgin
thaliana can not only help us to better understand evolatipphenomena such as speciation,
but can also translate to increasing crop yieldarsh or sub-optimal growth environments.

A classic example of rapid adaptation to novel mvnents is that of the peppered
moths during the industrial revolution (Cook and&weeri 2013). The predominantly salt-and-
pepper color of these moths before the industenablution allowed them to blend in with the
lichen on the trunks of trees, making them diffidal predators to spot. As a result of the rise of

industrial power plants, many of the trees logtéit from their trunks and turned the color of



soot. Very soon after, moths with soot colored wingse to high frequency because in this new
environment, the light moths were easy prey fad$and the salt-and-pepper trait was selected
against (Cook and Saccheri 2013).

In this case, the molecular mechanism underlyieg dpid adaptation is known; the
peppered phenotype is a recessive trait and a @mtnimutation causes the soot colored wings
via an increase in melanin production (Cook anccBac 2013). This mechanism, a dominant
mutation, can quickly lead to an increase in fremyeof the corresponding trait within a
population under a strong selective pressure (@mokSaccheri 2013). However, most
mutations are not dominant and in fact have lati@o effect on phenotype at all (Gruber et al.
2012; Rutter et al. 2012). Additionally, many coeptraits of interest are not controlled by a
single genetic locus. Often, multiple loci interagistatically, with each other and with the
environment, in addition to experiencing stochastitse before translating into phenotype of an
organism (Bloom et al. 2013; Eichler et al. 201@&nridlio et al. 2009; Queitsch et al. 2012b).
This leads us to the conclusion that there musitther molecular mechanisms underlying rapid
adaptation to novel environments.

To understand these mechanisms, we first needderstand how genotypes translate to
phenotypes and how these genotypes and phenotygaarited. The peppered moth story
turns out to be very straight forward, but as d@eidfis quickly learning, complex traits are rarely
straightforward. In fact, the field is left with ‘issing heritability”, or traits known to be partial
heritable based on family studies for which thearhyaing genetic cause cannot be identified.
We suggest this “missing heritability” is at lepsirtially due to 1) the exclusion of some classes
of genetic variants, which are inaccessible witihrent short read sequencing technologies, in
current association and mapping studies and 2ptkeof methods for analyzing the effects of
epistasis by considering combinations of geneticdod environmental conditions.

In my dissertation, | address two molecular mecrasj one from each of the two
categories above, which may contribute to rapigtateon to new environments and help to
address the “missing heritability” of complex tgaiT he first mechanism is short tandem repeats
(STRs), short sequence units of two to ten nuaestrepeated head to tail, which mutate 10 to
10,000x faster than non-repetitive regions and leesn shown to increase mutation rate under
environmental stress (Gemayel et al. 2012b; Randovarstrepen 2007). STRs, also known as

microsatellites, exist in coding and promoter regiof genes where they are likely functional.



We hypothesize the high, environmentally responsiugation rate of STRs allows for increased
phenotypic diversity on which natural selection eah These highly variable, phenotypically
important genetic elements have remained inacdedsithigh-throughput analysis with short
read sequencingFig. 1.1). This inaccessibility results from high techniealor rates during
amplification and low sequence complexity leadimgniaccurate or uninformative mapping
(Press et al. 2014). Therefore, STRs have beendedlfrom genome-wide analyses of
genotype-phenotype associations. In order to addhesrole of STRs in the genotype-phenotype
map, we need a new method for accurate, high-timmutggenotyping of STRs across many

individuals.
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Figure 1.1 Sequences from 1001 genomes project stlow reference biasThe gene HSFala
has a highly variable triplet repeat in its codgagjuence highlighted here. The Col-0 reference
sequence is shown in the top row. Each of the atheequenced strains shown here were
reported to have the same STR unit number genatyplee reference, probably due to reference

bias. The true STR unit number genotypes from Sasegpguencing data is overlaid.

The second mechanism is buffers of genetic vanatie. molecules or pathwaybat
influence the penetrance of standing genetic vandiy buffering its effect on phenotype. This
mechanism could also be thought of as an epistaécaction with loci across the genome. The
primary example of such a buffering mechanism ésgiotein chaperone and evolutionary
capacitor, HSP90, which can help clients fold amttfion despite genetic variation (Queitsch et
al. 2002; Sangster et al. 2008a). Such bufferingh@eisms can help to maintain genetic
variation in a population by buffering its effeet phenotype, rendering it effectively neutral

(Queitsch et al. 2002; Sangster et al. 2008a)ekample, proteins that are clients of HSP90



experience relaxed purifying selection and theesarquire more non-synonymous mutations
than non-clients over time (Lachowiec et al. 2@R14). HSP90 can help its clients to fold and
function properly even in the presence of slighgyeterious mutations. If a non-client acquired
a similar mutation, this protein could no longddfor function correctly, so the variant would be
purified out of the population. However, if a buffeg mechanism is challenged or breaks, this
previously cryptic genetic variation will be reved! In the case of HSP90, if an organism
undergoes environmental stress, many non-clietiejp®begin misfolding and titrating HSP90
away from its normal client base. Then variantthose clients that were previously cryptic
could lead to novel phenotypes and if those pherestyare advantageous, to rapid adaptation
(Queitsch et al. 2002; Sangster et al. 2008a).

Although HSP90 is the best-studied example of &tgebuffering mechanism, there are
many other potential buffering mechanisms sucledandancy in genetic networks, chromatin
remodeling factors, and small RNAs (Wagner 2000gB&n and Siegal 2003; Levy and Siegal
2008; Leclerc 2008; Ciliberti et al. 2007; Li et 2009; Posadas and Carthew 2014; Ito et al.
2011; Hornstein and Shomron 2006). For examplell$diNAs can finely tune expression levels
of target genes even when there is genetic vamniatiohe target gene promoter or gene body
itself (Li et al. 2009; Tzitziki Lemus, personalmmunication). We propose that if the extent to
which an organism is buffered, or its robustneas, lme taken into account as an interaction with
genetic variation, more of the “missing heritalgiliof complex traits will be explained.

In addition to buffering standing genetic variatiore hypothesize that these robustness
regulators will also buffer the effects of new ntidas. Under our model of the role of “missing
heritability” in complex traits, many of the causatvariants are young, rare mutations or de
novo, private mutations that have a stronger effeldss robust organisms. In my graduate
work, | began to address whether HSP90 can buéermutations as well as standing genetic
variation. | found that new mutations are more premt in HSP90 reduced plants than in wild-
type controls. Still, this work only applies to HEPand more work is needed to understand the
effects of naturally varying levels of robustnessnoutation penetrance.

In order to consider the robustness. puffering capacity) of an organism when
associating genetic variants to complex traitsneed to measure robustness of individuals.
Others and we have observed that reduction in HER?@3 to a decrease in genome stability in

multiple organisms from yeast to humans, includimgeased transposon mobility, mitotic
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homologous recombination events, and somatic SipReagle (Mittelman et al. 2010; Specchia
et al. 2010a; Chen et al. 2012; Queitsch et al2R0A/e propose that level of robustness is
associated with genome stability and to use gersiai®lity as a molecular marker for
robustness.

To address STRs and robustness as mechanismgiadaptation to new
environments, | developed a sequencing based metiledi MIPSTR. MIPSTR uses molecular
inversion probes (MIPs) to capture STR loci genovite before sequencing and mapping with
a novel strategy. Each probe has a unique DNAatémyying us to identify sequences of
individual molecules of DNA. This not only allowsrfvery high accuracy (we can get a
consensus from many reads per molecule), but atsthé identification of somatic STR
mutations. The combination of throughput and acyucd MIPSTR is unprecedented for
genotyping STRs. Applying MIPSTR to diverse genomsallow us to develop our
understanding of the role STRs play in phenotypeétdbility, and adaptation. Because STRs
are so highly mutable, they are an excellent tdiggatientifying somatic variation. MIPSTR can
assess somatic STR variation within individuala aseasure of genome stability and thereby
robustness. This new approach has allowed mediessltwo molecular mechanisms

potentially important for adaptation and “missirgyitability” in novel ways.
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CHAPTER TWO

THE OVERDUE PROMISE OF SHORT TANDEM REPEAT
VARIATION FOR HERITABILITY '
Keywords: short tandem repeats, microsatellites, heritgbéipistasis, sequencing technologies
Abstract

Short tandem repeat (STR) variation has been pegpas a major explanatory factor in
the heritability of complex traits in humans anddaborganisms. However, we still struggle to
incorporate STR variation into genotype-phenoty@g@si Here, we review the promise of STRs
in contributing to complex trait heritability, amdghlight the challenges that STRs pose due to
their repetitive nature. We argue that STR varianésmore likely than single nucleotide variants
to have epistatic interactions, reiterate the feethrgeted assays to accurately genotype STRs,
and call for more appropriate statistical metheddatecting STR-phenotype associations.
Lastly, somatic STR variation within individuals ynserve as a read-out of disease

susceptibility, and is thus potentially a valuatxariate for future association studies.

The ‘missing heritability’ of complex diseases an&TR variation.

Complex diseases such as diabetes, various canaelgvascular disease, and
neurological disorders cluster in families, andtares considered to have a genetic component
(Manolio et al. 2009; Eichler et al. 2010; Gibsd1.2) (Glossary). The identification of these
genetic factors has proven challenging; althougioges-wide association (GWA) studies have
identified many genetic variants that are assodiati¢h complex diseases, these generally
confer less disease risk than expected from enapestimates of heritability. This discrepancy,
termed the ‘missing heritability’, has been atttédmito many factors (Zuk et al. 2012; Manolio et
al. 2009; Eichler et al. 2010; Gibson 2011; Blodmale2013; Heng 2010). A trivial explanation
is that shared environments among relatives maficedly inflate estimates of heritability.
However, missing heritability may also be due tgasas in the human genome that are
currently inaccessible at a population scale (Mianetl al. 2009; Eichler et al. 2010). One such

class of variation is short tandem repeat (STRi) muminber variation. Some have previously

1 This chapter is accepted in Trends in Genetics as “The overdue promise of short tandem

repeat variability for heritability” by MO Press, KD Carlson, C Queitsch.



12

suggested that adding STR variation to existingegermodels would considerably increase the
proportion of heritability explained by genetic s in human disease (Fondon et al. 2008b;
Hannan 2010). Three percent of the human genomgstsmf STRs (Subramanian et al. 2003)
and 6% of human coding regions are estimated ttagco8 TR variation (O’'Dushlaine et al.

2005; Mularoni et al. 2006). Recently, the firstatag of genome-wide population-scale human
STR variation has appeared (Willems et al. 201dg¢ning up new possibilities for

understanding the contribution of STRs to humaregemiseases. This catalog, and similar data
sources (Mackay et al. 2012), have appeared omigdies after initial calls for the assessment of
the role of STRs in phenotypic variation (Kashaktl997), lagging behind surveys of other
genomic elements. The initial interest in STRs dae to the discovery of phenomena such as
genetic anticipation, which are mediated by thejuaifeatures of STRs (Sutherland et al. 1991).
It is our hope that new and forthcoming data saaioa help us begin to realize the long-
deferred promise of STRs for explaining heritapilit

STRs consist of short (2-10 bp) DNA sequences g)ttiat are repeated head-to-tail
multiple times. This structure causes frequentremmorecombination and replication that add or
subtract units, leading to STR mutation rates énatl0-fold to 1Bfold higher than those of
non-repetitive loci (Eckert and Hile 2009; Legendtal. 2007). Due to technical barriers, STR
variation has until very recently remained inacitde<0 genome-wide assessment.

STRs are often conserved (even if their unit nunolbeaven sequence changes),
especially in coding sequences (Zhao et al. 20&Hager et al. 2014, Li et al. 2012; Gemayel et
al. 2010). In both humans and the yegssicharomyces cerevisiae, promoter regions are known
to be dramatically enriched for STRs (Vinces e280D9; Sawaya et al. 2013). In coding regions,
STRs tend to occur in genes with roles in transiomal regulation, DNA binding, protein-
protein binding, and developmental processes (RaesHorn 2013; Schaper et al. 2014). These
consistent functional enrichments across vastlgrdigd lineages suggest important functional
roles for STRs.

Indeed, analysis of STR variation in the Drosopinetic Reference Panel identified
dozens of associations between STR variants anttitateve phenotypes in recombinant inbred
fly lines (Mackay et al. 2012). Moreover, accuminigtevidence from exhaustive genetic studies
shows that STR variation has dramatic, often bamkugl-dependent phenotypic effects in model
organisms (Undurraga et al. 2012b; Michael et@0.7b; Sawyer 1997; Rosas et al. 2014b;
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Scarpino et al. 2013b). Together, these findinggest that STR variation has the potential to
dramatically revise the heritability estimatesihtitable to genetic factors.

The high STR mutation rate also leads to subsiastmaatic variation of STR loci within
individuals. In fact, this somatic variation, alsaled microsatellite instability (MSI), has been
used for decades as a biomarker for different eke$cancer (Boland et al. 1998). Recent
studies demonstrate that organisms exposed tougagiavironmental stresses and perturbations
show increased genome instability, including MSbyKIchuk et al. 2003; Specchia et al. 2010;
Mittelman et al. 2010; Queitsch et al. 2012). M3ynbe useful as a biomarker for cellular stress
states that may predispose to disease.

The broad interest in STR variation has led todéeelopment of techniques for high-
throughput genotyping of STRs (Guilmatre et al. 2@uitama et al. 2014) and an explosion of
analysis tools for extracting STR variation fromséixng sequence data (Highnam et al. 2013;
Gymrek et al. 2012; Cao et al. 2014). However pileeision of these methods remains limited,
due to a combination of low effective coverage RS and the lack of robust models for
distinguishing technical error from somatic vaoati Attempts to use STR variation for GWA in
a fashion equivalent to SNV variation may be undesgred and confounded by the unique
characteristics of this class of variants. In tieigew, we discuss the latest advances in these

fields, and lay out a set of priorities for theutg study of STRs.

STR variation is associated with human genetic disses

Within coding regions, STR mutations are generaHframe additions and subtractions
of repeat units, resulting in proteins with vargldbw-complexity amino acid runs (Gemayel et
al. 2010). These mutations can result in phenotgffects and lead to genetic disorders; several
neurological diseases (spinocerebellar ataxiastifigton’s disease, spinobulbar muscular
atrophy, dentatorubral-pallidoluysian atrophy, lieetual disability, etc.) are a consequence of
dramatically expanded STR alleles (Gatchel and Bog@05; Fondon et al. 2008; Poeta et al.
2013). Many of these disease-associated STR expansehave as dominant gain-of-function
mutations (Fondon et al. 2008). However, even coaip&ly modest coding STR variation may
confer disease risk or behavioral phenotypes, daugto a variety of single-marker association
studies (Caspi et al. 2003; Zhang et al. 2012;Heigger et al. 2013; Inanir et al. 2013); for

instance, variants in separate coding STRRUNX2 are associated with defects in bone
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mineralization, higher incidence of fractures (Mson et al. 2012, 2013); interestingly STR
variation in this gene in dogs is also associatied evaniofacial phenotypes (Fondon and Garner
2004). Noncoding STR variation in regulatory seqésncan affect transcription, RNA stability,
and chromatin organization. For instance, certdiR 8ariants alte€CFTR expression and thus
cystic fibrosis status (Eckert and Hile 2009). \Wket these studies as evidence that STR
variation, even in the absence of large expansioay,contribute significantly to the heritability
of human traits and genetic diseases.

The severity of the STR expansion-associated desaagay suggest that natural selection
should eliminate STRs in functional regions, bwtesal recent studies across many organisms
indicate that variable STRs are globally maintaiflecet al. 2012; Mularoni et al. 2007, 2010;
Persi and Horn 2013; Schaper et al. 2014). For plgrthe pre-expansion polyQ-encoding STR
in the human gene SCA2 is under positive selecioggesting that this variable STR is actively
maintained in spite of the pathogenic expansioasdh occasionally occur and cause
spinocerebellar ataxia (Yu et al. 2005). Considghbath the evidence of positive selection on
STRs and the functional enrichments of STR-comgigenes, several authors have proposed
that functional STRs are maintained because thefecéevolvability’, or the capacity for fast
adaptation (Gemayel et al. 2010, 2012; Vinces.e2@09; Laidlaw et al. 2007; King 2012). This
suggestion is intriguing, in part because many &lRations are dominant, and, when
beneficial, can quickly sweep to fixation. Althougle do not further discuss these evolutionary

considerations here, they underscore the phenopgtential of STR variation.

STR variation has dramatic background-dependent efcts on phenotype

To date, the functional consequences of unit numéaeation in selected STRs have
been studied in plants, fungi, flies, voles, dagg] fish (Sawyer 1997; Sureshkumar et al. 2009;
Hammock and Young 2005; Undurraga et al. 2012; Resal. 2014; Smukalla et al. 2008),
among other organisms. Saccharomyces cerevisiae, STR unit number in thELO1 gene
accurately predicts the phenotype of cell-cell eeltsubstrate adhesion (flocculation);
flocculation provides protection against variougsses (Smukalla et al. 2008; Verstrepen et al.
2005). STR variation in yeast promoters has beewsho alter gene expression (Vinces et al.
2009). InDrosophila melanogaster, Neurospora crassa, andArabidopsis thaliana, natural
coding STR variation in circadian clock genes altiurnal rhythmicity and developmental
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timing (Sawyer 1997; Peixoto et al. 1998; Michaedle2007; Undurraga et al. 2012). Some
have proposed that the large phenotypic responsssdction observed in the Canidae are a
consequence of elevated STR mutation rates relatiogther mammalian clades (Fondon and
Garner 2004, Laidlaw et al. 2007). We can statenlmguously that naturally variable STRs
underlie dramatic phenotypic variation in modelamgms.

Beyond the observable fact that variable STRs affeenotype, we can make specific
predictions about the components of phenotypicatian that they affect. Both theoretical
expectations and empirical data indicate that Saawts are likely to participate in epistatic
interactions, and probably more so than most SKDvie plausible hypothesis is that STRs act as
mutational modifiers of other loci, as may be expdadntuitively from their elevated mutation
rate Box 2.1, Fig. 2.).

One mutation rate s SLOW
Non-STR o |£’| |
Locus 1 <

ab " a*b 10 a*b*
Non-STR ﬂ,l % ——h
Locus 2 I‘T
10
Two mutation rates 10° FAST
STR Locus (I ] I N E 4_:. ]
ab a*b a*b*
N ﬂ’ —— ——
Locus (10—8

—_

Incompatlblllty

FITNESS
o
© wm
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a*b*

Figure 2.1. A locus with higher mutation rates allows genetmdification of unfavorable
genotypes at interacting loci. Top, a model of atioh under epistasis with only one slow
mutation rate. Middle, a model of evolution undpistasis with a slow and a fast mutation rate.
Boxes represent loci, stars represent SNV-type tioag black and white checkering indicates
an STR locusg/b, a*/b, anda*/b* signify different genotypes). Arrows with numbeepresent
possible mutations and their respective rates oBuatfitness of each genotype under both
models. We expect that the model with two mutatades will occupy the fully derived state
(a*/b*) more quickly.
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BOX 2.1: Modifier mutations leading to epistasis are expeed in STRs We have
previously proposed that STRs might be more sudideb genetic interactions [23], as we
will briefly explicate here. Consider a simple thamus haploid model under panmixis, in
which lociA andB each start with a single allelab) and have the same probabiltyer
generation of mutating to a second allete ¢r b*), with p also as the probability per
generation of reverting mutations (Figure 1). Letfurther assume thAtandB are in sign
epistasis [58] (that im*b and/orab* have fitness less tha anda*b*). To escape the
unfavorablea* b genotype, the organism may either revedld@r mutate forward ta* b*.
When theA andB loci have equal mutation rates, we expect thatekiersion of a single
mutant is just as likely as a second mutation,@rgequently tha* b* individuals will
appear only relatively rarely and slowly. Howevansider a similar model, in which locus
B has an elevated mutation rate> p.. In this case, tha*b genotype has a higher
probability of a second, modifying mutationabb* than of a reversion tab. Moreover,
flux along the other mutational patib(=> ab* - a*b*) will be increased. In sura}*b*
genotypes will arise at higher rates, and williattheir equilibrium frequency much more
rapidly, if either A or B has an elevated mutatrate [59] (p.131). This scenario can lead
quickly to an equilibrium population in which incpattible epistatic alleles are frequent,
even though recombinants have lower fitness. Redpttie assumption of no population
structure will further speed this process. Consetiyewe would expect STRs and other
loci with high mutation rates to be more likelyrtmdify other alleles than loci with lower
mutation rates, as long as we assume that alalecequally capable of genetic interactions.
This process may be referred to as ‘coadaptatinr’ a rigorous model of the evolution of
hybrid inconpatibility, see Or[57].

This expectation is borne out in the handful ofig#s reporting exhaustive genetic

analysis of STRs. For instance, in fiphophorus genus of fish, a genetic incompatibility has
recently been attributed to the interaction betw&exmrk oncogene and an STR in the
promoter of the tumor suppressoikn2a/b (Butler et al. 2007; Scarpino et al. 2013). If ¥nerk
gene product is not properly regulatedddign2a/b, fish develop fatal melanomas, a two-locus
Bateson-Dobzhansky-Muller incompatibility describedlassic genetic experimentad.

2.1A) (Gordon 1927; Kosswig 1928; Meierjohann and St2806). Expansions in theelkn2a/b
promoter STR are associated with the presencdwfcional copy of themrk oncogene across
species, and are thought to functionally repressthivity of thexmrk gene product through

increased dosage of the tumor suppressor (Scagpiso2013).
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X. maculatus X. helleri ELF3 0Q 7Q 16Q 23Q
= \/J?Q o
xmrk/xmrk
STR: long/long STR: short/short g
C F, hybrld x helleri Col-0
xmrk/-
STR: long/short 25% each STR short/short
xmrk/- xmrk/-
STR: short/short long/short Iong/short short/short WS

Figure 2.1. Genetic and transgenic analysis revea&l'R-mediated incompatibilities. A)the
Gordon-Kosswig-Anders cross shows a genetic incaipty between two fish species in the
Xiphophorus genus. Modified from Meierjohann and Schartl (Mgikann and Schartl 2006); F
hybrids back-crossed to thedr helleri parent yield a 3:1 ratio of viability, where thevi@bles
result from co-segregation of the functioralrk gene and a short STR allele in tukn2a/b
promoter. Shading indicates melanism conferregnnk. B) genetic background is epistatic to
effects ofELF3 STR variation inA. thaliana. Expression-matched transgenic plants with various
alleles of theELF3 STR in the Columbia (Col-0) and Wassilewskija (Wagkgrounds, showing
endogenous, exogenous, and synthetic (“0”) allelesch background (Undurraga et al. 2012b).
White boxes indicate transgenic plants carryinggbhE3 STR endogenous to their respective
background; white arrowheads indicate early-flong&LF3 STR genotypes(f3 mutants and
poorly-functioningELF3 STR alleles confer early flowering).

Similarly, we have shown that natural variatiorihie polyQ-encodingLF3 STR
significantly affects all ELF3-dependent phenotypethe plantA. thaliana, with ELF3 STR
length and phenotype showing a strikingly nonlinegationship Fig. 2.1B(Undurraga et al.
2012). Some naturally occurrifigi. F3 STR variants phenocom@f3-loss-function mutants in a
common reference backgrourfdd. 2.1B), suggesting background-specific modifiers. Indeed
when we compare the phenotypic effects of dadR3 STR variant between two divergent
backgrounds, Columbia (Col-0) and Wassilewskija W find dramatic differences. The
endogenous STR alleles from these two strains QColnits, Ws 16 units) show mutual
incompatibility when exchanged between backgroumts. ELF3 protein is thought to function

as an “adaptor protein” or physical bridge in dseeprotein complexes (Yu et al. 2008; Nusinow
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et al. 2011). We speculated that background-spegeifiymorphisms in these interacting proteins
underlie theELF3 STR-dependent background effect.

Also in A. thaliana, a variable STR in the promoter of tGONSTANS gene has been
linked to phenotypic variation in the onset of flenng (Rosas et al. 2014JONSTANS encodes
a major regulatory protein that promotes flowerifitansgenic experiments demonstrate that this
regulatory STR variation affec@ONSTANS expression and hence onset of flowering. However,
the effects of this STR variation depend on the@nee of a functional allele BRIGIDA, a
negative regulator of flowering that is highly pwlgrphic acros#. thaliana populations.

A dramatic example of incompatibility can be foundan intronic repeat in thiéL1 gene inA.
thaliana, which was found to be dramatically expanded ia sinain (Sureshkumar et al. 2009).
The expansion delayed flowering under high tempeest but when crossed into the reference
genetic background, a strongly interacting locuslifies this phenotype.

In the Drosophila genus, coding STR variation in ther gene co-evolves with other
variants (Peixoto et al. 1998, 1993). Transgelgs féxpressing chimerfer genes with ®.
melanogaster STR domain fused tol&. pseudoobscura flanking region (and vice versa) have
arrhythmic circadian clocks, indicating the modifyieffect of flanking variation in generating
an STR-based genetic incompatibility. Among STRgexted to exhaustive genetic study, to
our knowledge, only the yeasLO1 coding STR has no known modifiers due to variation
genetic background (Smukalla et al. 2008).

In addition to these exhaustive genetic studiesetlare several other observations that
support the role of the genetic background in adinig the phenotypic effects of STRs. For
instance, experiments @aenorhabditis elegans and human cells indicate that the phenotypic
effects of proteins with expanded polyQ tractsracelulated by genetic background (Gidalevitz
et al. 2013), or by variants in interacting prose{Metzger et al. 2008). In humans, genetic
association studies indicate the existence of geneidifiers of polyQ expansion disorders for
both Huntington’s disease (Rubinsztein et al. 13810 spinocerebellar ataxias (Zuhlke et al.
2005). Taken together, these experimental and wéisenal data support our argument that
functional STRs are likely to be enriched for vatgin epistasis with other loci.

STRs with background-dependent phenotypic effeetd to either encode polyQ tracts
or reside in promoter regions. There are good reatmexpect that these STR classes might be

enriched in DNA/protein-protein interactions thatutd underlie epistasis. PolyQ tracts,
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specifically, often bind DNA surfaces (Escher et28l00), and an analysis of human protein
interactome data found that polyQ-containing pregeingage in more physical interactions with
other proteins than those without polyQs (Schaetfat. 2012). Similarly, noncoding STRs in
regulatory regions may compensate for mutationigaims-acting factors, as observed for the
STRs in thecdkn2a/b promoter inXiphophorus (Scarpino et al. 2013) and in tB®NSTANS
promoter inA. thaliana (Rosas et al. 2014). We suggest that polymorphismsotein

interaction partners or in transcriptional regulatare plausible explanations for the observed
background effects. In summary, we expect that 8difation is likely to contribute a
substantial epistatic component to heritabilityjehhhas important implications for their use in

explaining phenotypic variation.

Analytical tools and genotyping methods continue tstruggle with STR-specific challenges.
To fulfill the promise of STR variation for explanmg heritability, we need accurate,
genome-wide assessment of STR variation in pouiatdf humans and other organisms. The
scientific community has tackled this problem ifiuary of recent studies describing methods for
genotyping STRs genome-widgable 1). Specifically, in the last two years, severallgecal
tools have been developed to call STR genotypes Wwbole-genome-sequencing data (Gymrek
et al. 2012; Highnam et al. 2013; Cao et al. 20Thgse tools attempt to address the two major
challenges for genotyping STRs: poor mappability thulow sequence complexity and high
technical error rate due to amplification stutter.
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Table 1. Technologies for assessing STR variatiory ligh-throughput sequencing.

Name Data Source Analysis Accepted Reported Reported Limitations Ref.
strategy coveragé accuracy efficiency
IobSTR Human, whole-  Align to 1 read 88%-95% 0.2% of reads are Depends on depth of (Gy
genomé&*® modified informative sequencing and length mre
reference of reads k et
al.
2012
b)
RepeatSeq Human, whole- Align to 2 reads 92% Not reported Depends on depth of (Hig
genomé&* reference, sequencing and length hna
locally of reads m et
realigned al.
2013
b)
STRViper A. thaliana Compare 10 reads 74% Not reported Cannot call STR unit (Cao
whole-genom®&® insert size to number genotypes etal.
reference 2014
c)
Array Human, array RepeatSeq 2 reads 88%-92% 2.2% informativeLow enrichment for (Gui
Capture captur8 reads STR-spanning reads  Imat
re et
al.
2013
b)
SureSelect Human, target Locally align 4 reads 88%-95% 27% informative Expensive probe (Dui
RNA probe enrichment, flanking reads design, captured only tama
capture Roche 454 regions 60% of targeted STRs et al.
2014
a)

a: Minimum coverage of a single STR that is congdesufficient to call a genotype.
b: Sequence data from lllumina HiSeq technology.

c: data references: (Green et al. 2010; Reich €040)

d: data references: (Abecasis et al. 2010, 2012)

e: data references: (Gan et al. 2011b; Cao e0allp)

To accurately map an STR sequence read and rettseweit number genotype, the
sequence read must span the STR of interest alhdiensome unique flanking sequence. This
requirement limits the length of STRs that can tmueately genotyped and decreases effective
STR coverage compared to average whole-genome+saqgecoverageHig. 2.2). For this
reason, much of the existing sequencing data, wtoaoksists largely of short reads (36 bp, 50 bp,
or 76 bp) with only modest genome coverage (5-26X)pt suitable for accurate, genome-wide
calls of STR genotypes; only a fraction of STRssttyoshort ones, can be assessed with some

confidence Fig. 2.2.
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Figure 2.2. Effective reduction in STR coverage iwhole-genome sequencind=xpected
coverage of STRs for various sequencing depthseadllengths. We assumed 8 bp of flanking
sequence on either side (per requirement for LobSdfRvare (Gymrek et al. 2012b)). Black
bars indicate nominal sequencing coverage for seehario. 4-5X coverage (left panel) is
typical for genomes in the human 1000 Genomes &rpidecasis et al. 2010); 15-20X
coverage is typical for genomes in thehaliana 1001 Genomes Project (Cao et al. 2011b; Gan
et al. 2011Db).

Moreover, these analytical tools estimate techrecalr based on STR genotypes from
sequenced homozygous or haploid genomes, ignoomatsc alleles within individuals (which
are to be expected for STRs even in primary tissuesurring at rates $A.0° times higher than
SNV somatic mutations) (Slagboom et al. 1991; Goluét al. 2010; Lee et al. 2010; Chapal-
llani et al. 2013). In the face of somatic STR a&on and high technical error, the probability-
based error models of these tools require subataetid coverage to call germ-line STR
genotypes with confidence. However, because olotveeffective coverage of STR lodFiQ.
2.2), STR genotype calls are based on as few as am®t8 TR-spanning reads (Gymrek et al.
2012b; Highnam et al. 2013b)4ble 1). Calls based on so little data may not be acewraén
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for homozygous germline alleles. Calling heterozy®8 TR genotypes remains difficult with the
modest coverage of most available whole-genomeesemjug data, such as found in the 1000
Genomes Project (Willems et al. 2014), which becomen more challenging when potential
somatic mutations contribute to a heterogeneoupleapopulation. To illustrate this challenge,
consider a heterozygous ~30 bp-STR locus and wharlerge sequencing with 101 bp-reads at
5x coverage — this scenario is likely to yield jtisee STR-spanning readsd. 2.2). These

three reads may represent one, two, or three diftalleles, representing any mixture of two
different germ-line alleles, somatic alleles, ahteical error, making an accurate call quite
difficult.

Others have attempted to genotype STRs using wdeieme-sequencing data from
paired-end reads (50bp) of size-selected genomgprfents (Cao et al. 2014), similar to
strategies used to detect large insertions oridak{Chen et al. 2009; Hajirasouliha et al. 2010;
Qi and Zhao 2011; Grimm et al. 2013). This appraadimited by the resolution of gel
electrophoresis in the size selection of DNA fragteeConsequently, this method cannot
determine STR unit number genotypes, but rathertepvhether an STR is variable across
samples. The authors argue that this approacle isitist accurate for population-level detection
of STR variability (Cao et al. 2014), but it is noformative for discerning the relationship
between STR unit number genotype and phenotype.

Although these analysis tools represent importadtuseful advances, their limitations
illustrate that ‘dustbin-diving’ of whole-genomeegncing data may not suffice for accurate
population-scale genotyping of STRs genome-wid&erAhtive approaches that enrich for STR-
spanning sequencing reads are needed. Indeeduth@pproaches have been recently
published. Both use targeted capture of STRs talefor STR-spanning reads combined with
high-throughput sequencing compatible with midsiads (101 bp, 500 bp) (Guilmatre et al.
2013; Duitama et al. 2014). Targeted STR captuyaires the design of STR-specific probes (or
rather probes specific to their unique flankingustpes) and involves additional sequencing,
but these approaches can dramatically increaseutmder of informative reads, therefore
providing substantial STR coverage for accuratetging calls Table 1). For example, the
SureSelect-RNA-probe capture method reports 27égnmdtive STR-spanning reads compared
to the 0.2 % informative reads found in whole-geresaquencing datd éble 1). This increase

in informative reads is a major advantage over edggnome resequencing because STRs
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represent only a small fraction of the genome div@&ailmatre et al. 2013; Duitama et al.
2014). Although targeted capture combined with Higloughput sequencing appears to be a
cost-effective alternative for accurate STR geniotygompared to whole-genome sequencing,
distinguishing heterozygous alleles, somatic vasiaand technical error remains a challenge.
We suggest that recent innovations in single-mdéetargeted capture (Hiatt et al. 2013) should
be useful in distinguishing these categories arfdrifer increasing enrichment of informative,

STR-spanning reads.

Lack of statistical models for detecting STR-phengfpe associations in GWA.

Assuming that we obtain accurate, population-sgafetype data for STRs, we may not
yet have statistical tools appropriate for detec®TR associations with phenotype (Hannan
2010). In diploid organisms, a biallelic SNV is tgally analyzed by modeling phenotype as a
function of the number of non-reference allelethat locus (0, 1, or 2) in each individual. A null
hypothesis of no monotonic relationship betweemphge and the allele count is then
formulated and tested (Hayes 2013b). This framewarknot accommodate more than two
alleles, which we would expect for many STRs. Synyding tagged SNVs linked to STRs to
perform GWA is unfeasible, because linkage disdoyiiim decays very quickly between SNVs
and STRs across human populations (Willems etDal4p

To address these complications, a previous studynated GWA between STR
genotypes and human disease phenotypes by compelatige frequencies of various alleles in
pooled DNA from cases and controls (Oka et al. 20B8 pooling samples, this approach eases
the analysis of multiallelic loci, but it loses amfnation by ignoring specific individuals.

In a more recent study, the authors used logisgicassion and the analysis of variance to
detect associations between STR alleles and gatwipphenotypes in an inbr&aosophila
mapping population (Mackay et al. 2012). Given #gighificant associations were detected, such
approaches may be sufficiently powerful in recomabinnbred lines. However, their strategy
relied on homozygosity, and considered multiall&lidRs in a pairwise fashion, so these
straightforward methods will lose power with outthopulations and multiallelic STRs.

The central confounder of these studies is that ®dRs of appreciable variability (and
thus, interest) are multiallelic, as a simple copsace of the STR mutational mechanism

(Legendre et al. 2007). This multiallelic featuoaild be accommodated by treating STR alleles
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categorically, but this choice entails a correspoogdeduction in power, because many alleles
are rare.

Some studies have reported linear associationsgeet8TR unit number and
guantitative phenotypes (Sawyer 1997; Smukalld &088), suggesting that using simple tests
of linear correlation between these variables nm&ag powerful option. However, this linearity
(or even monotonicity) of the relationship betw&arR unit number genotype and phenotype is
a poorly-supported assumption (Undurraga et al2pMonetheless, STR unit number is a
numerical variable, and it would be preferableamgower from treating it as such. For
instance, more similar STR unit number genotypeaghirtie associated with more similar
phenotypes, but this intuition may be difficultgeneralize.

Lastly, both intuition Box 1) and the studies discussed above lead us to exXyact t
relatively many phenotypically relevant variableR&Twill show epistasis with other loci. This
epistasis will reduce power in tests of associdbetween STRs and phenotype (Mackay 2014),
given the inadequacy of the current paradigm ohtjtative genetics in detecting and modeling
the effects of epistasis (Nelson et al. 2013; Ma@l4). At present, targeted and exhaustive
genetic studies (as described above) are the fielgtiee method for understanding the effects
of epistasis.

In total, these obstacles present a daunting cig@léor the integration of STR genotypes
into the current genotype-phenotype maps. Ovexallcall for a reappraisal of statistical
methodologies for use in GWA with STR variatioratcount for these various STR-specific

confounders.

Somatic STR variation may be a sensitive marker fomcreased disease susceptibility.

It has been appreciated for some time that the &R mutation rate leads to somatic
variation within individuals in addition to gerrmk variation between individuals (Armour et al.
1989; Slagboom et al. 1991). This somatic STR tianas particularly noticeable in tumor
tissues, but is also measurable in primary tisaaour et al. 1989; Slagboom et al. 1991).
While these findings immediately led to systemslassification for tumor types and clones
(Lee et al. 2001; Kim et al. 2013; Chapal-llanakt2013), the investigation of somatic STR

variation (or MSI) may also inform us about gengianotypic states and disease susceptibility.
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Patients with various complex diseases tend ty @agreater load of rare germ-line
variants than unaffected control groups (Heng 20t widely assumed that these rare variants
contribute in some fashion to these disorders (gan et al. 2011c); however, an alternative
interpretation holds that they are signs of stoob@genome instability, which when increased
leads to higher susceptibility to complex diseafideng 2010). Increased genome instability
will increase somatic variation, which may thernveeais a read-out of disease susceptibility
(Heng 2010).This alternative interpretation has esupport from empirical data. For instance,
perturbation of the molecular chaperone Hsp90, whtabilizes diverse DNA repair proteins,
leads to increased somatic STR mutation ratesnmanucells; in various model organisms
Hsp90 perturbation increases transposon mobilityiamachromosomal homologous
recombination (Mittelman et al. 2010; QueitschleR@12; Kovalchuk et al. 2003; Specchia et
al. 2010). Hsp90 perturbation also increases thetp@nce of many genetic variants in flies,
plants, fish, worms and yeast, suggesting thatas®d genome instability and increased
phenotypic heritability are associated (Queitschl.e2012). If this association also applies to
disease phenotypes, increased genome instabiliypneglict higher disease susceptibility.

Consequently, although somatic MSI may not be these of disease phenotypes, it may
serve as a biomarker for individuals who are mardeerable to environmental and genetic
perturbations leading to disease. Again, thisefahinges on the development of cost-effective
technologies for screening panels of STRs for smnmatitations across many humans, which
will require specific strategies.

Another possibility is that somatic variation isdlf phenotypically relevant, or even
plays a role in developmental processes. It is knthat STRs are enriched in genes with
neuronal function (Bolton et al. 2013); some havenegproposed that such somatic mutation is a
component of normal neuronal development in hunfsliteianantharajah and Hannan 2007). If
this is the case, then a greater appreciationmoisio variation will be necessary to understand
canonical developmental processes. Collectivel\R 8ariation within (in addition to between)
individuals has great potential as a read-out ieeake susceptibility, and perhaps also as a cause
of phenotypic variation itself.
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Concluding remarks

The study of STRs and other under-ascertained gerglaments has the potential to
reshape our model of the heritability of complesedises and traits, both in terms of the overall
proportion of heritability explained, and in terwisthe components of heritability themselves
(Outstanding Questions). Experimental studies id@horganisms have taught us that the
phenotypic effects of genome-wide STR variationta#h dramatic and impossible to
understand without taking epistasis into accounthé future, our understanding will be
improved by 1) accurate STR population-scale amaasic genotyping, 2) more appropriate
statistical methods for analyzing STR-phenotyp®eeaasions, and 3) a broader description of

epistasis between STR variation and other loceiteidnining phenotype.

OUTSTANDING QUESTIONS
¢ In light of wide-spread epistasis, what statisticahnd experimental tools can
quantify the effect of STR variation on phenotype?
¢ Can inexpensive, accurate tools be developed forrgeline and somatic STR
genotyping?

e Will somatic STR variation be effective as a readdufor disease susceptibility?

GLOSSARY

Short tandem repeat (STR):a repetitive nucleotide sequence that consistsamiyngopies of a
short sequence in tandem (ex. CAGCAGCAGCAG). STiedraquently callednicrosatellites
Single nucleotide variant (SNV):Variant that consists of a change at a single tide
position. Common SNVs are sometimes called singtdeotide polymorphisms (SNPs).
Heritability: The fraction of variation in a phenotype acros®pypation that can be attributed
to genetic differences.

Epistasis:Non-reciprocal interactions of non-allelic geneiaats, due for instance to functional
interdependence between gene products in a prodeiplex or metabolic pathway.
Genome-wide association (GWA)A set of methods by which each of a large number of
genetic variants genome-wide is tested for staisissociations with a phenotype. Often

referred to in the context genome-wide association studig&WAS).
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Complex disease, complex traitsComplex diseases or traits are phenotypic chasattteught

to be affected by multiple genetic and environmigfiaiztors.

Somatic variation: Genetic variation across somatic cells or tissdiemarganism, which are
generally not inherited by offspring (which inherihsteadyerm-line variation). Generally
arises from mutations in specific cell lineagesmaéiarly development.

Microsatellite instability (MSI): Somatic variation of STRs (microsatellites) assedavith
phenotypic changes such as cancer, often due tationg in DNA repair genes.
Bateson-Dobzhansky-Muller incompatibility: Hybrid incompatibilities observed when
crossing two close species or divergent strairessifecies against one another. Caused by the
segregation of non-parental allele combinationadoviduals, resulting in a dysfunctional

genetic interaction (negative epistasis).
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CHAPTER THREE
MIPSTR: A METHOD FOR MULTIPLEX GENOTYPING OF GERM -LINE AND SOMATIC
STR VARIATION ACROSS MANY INDIVIDUALS 2

Keywords: short tandem repeat (STR), microsatellite insitgi(iMSI), genetic heterogeneity,
somatic variation, STR variation
Abstract

Short tandem repeats (STRs) are highly mutabletgegiements that often reside in
functional genomic regions. The cumulative evideoicgenetic studies on individual STRs
suggests that STR variation profoundly affects piygre and contributes to trait heritability.
Despite recent advances in sequencing technoldgy,V@riation has remained largely
inaccessible across many individuals comparediglesnucleotide variation or copy number
variation. STR genotyping with short-read sequetata is confounded by (1) the difficulty of
uniquely mapping short, low-complexity reads angt2 high rate of STR amplification stutter.
Here, we present MIPSTR, a robust, scalable, dioddafble method that addresses these
challenges. MIPSTR uses targeted capture of STibjosingle-molecule Molecular Inversion
Probes (smMIPs) and a unique mapping strategy etedgapture and mapping strategy resolve
the first challenge; the use of single moleculernfation resolves the second challenge. Unlike
previous methods, MIPSTR is capable of distingmghechnical error due to amplification
stutter from somatic STR mutations. In proof-ofagiple experiments, we use MIPSTR to
determine germ-line STR genotypes for 102 STRwoth high accuracy across diverse
populationsof the plantA. thaliana. We show that putatively functional STRs may be tdied
by deviation from predicted STR variation and bgasation with quantitative phenotypes.
Employing DNA mixing experiments and a mutant defit in DNA repair, we demonstrate that
MIPSTR can detect low-frequency somatic STR vasiabiPSTR is applicable to any organism
with a high-quality reference genome and is scal&lgenotyping many thousands of STR loci

in thousands of individuals.

2 This chapter is under review at Genome Research as “MIPSTR: a method for multiplex
genotyping of germ-line and somatic STR variatioroas many individuals” by KD Carlson,

PH Sudmant, MO Press, EE Eichler, J Shendure, @sghe
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Introduction

Variation in short tandem repeats (STRs), whichadge known as microsatellites,
significantly contributes to phenotypic variati@volutionary adaptation, and human disease
(Gemayel et al. 2012). STRs consist of short (B{AODNA sequences (units) that are repeated
head to tail. The presence of multiple identicahearly identical adjacent sequence units causes
frequent errors in recombination and replicati@sulting in loss or gain of units. Consequently,
STR mutation rates are 10-10,000 times higher thatation rates of non-repetitive loci (Eckert
and Hile 2009; Legendre et al. 2007).

In spite of their hyper-variability, STRs frequgnteside in functional DNA, including
coding and regulatory regions. STRs are estimatde fpresent in six percent of human coding
regions (Mularoni et al. 2006; O’Dushlaine et &03), highlighting the potential of STR
variation to affect disease risk and other compiaits. Coding STRs that vary among humans
tend to reside in genes affecting transcription rewral development (Molla et al. 2009).
Several severe genetic diseases, including thectentide expansion disorders Huntington’s and
Spinocerebellar Ataxias (SCA), are a consequenegtehded STR alleles that act as dominant
mutations (Gatchel and Zoghbi 2005). The sevefityTR expansion disorders would suggest
that natural selection should remove STRs fromtional genomic regions, but some, for
example the pre-expansion STR allele in SCA2, aamtained by selection (Yu et al. 2005).

Model organism studies have demonstrated signifitarctional consequences of even
subtle unit number variation in select STRs in dafungi, flies, voles, dogs, and fish, among
other organisms (Fondon and Garner 2004; HammodRkranng 2005; Michael et al. 2007;
Rosas et al. 2014; Sawyer et al. 1997; Scarpiab €013; Undurraga et al. 2012). Similarly to
humans, STR-containing genes in these organismstéene regulatory genes functioning in
transcription, development, and sensing environatéattors (Fondon and Garner 2004;
Verstrepen et al. 2005). Adding or subtractingnglel STR unit can have dramatic phenotypic
effects, such as in the polyglutamine-encoding 8TtRe circadian clock gertel F3 in
Arabidopsisthaliana (Undurraga et al. 2012). STR unit number can shokirsg non-linear
relationships with phenotype, which may in partoe to extensive epistatic interactions with
other loci (Butler et al. 2007; Peixoto et al. 1988 durraga et al. 2012). Based on existing
evidence, STR variation likely comprises an impatrtaomponent of the genotype-phenotype

map €.9., STRs are a viable explanation for some compooithie ‘missing heritability’ of
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genome-wide association studies (Press et al. 20fet)due to technological difficulties in
genotyping STRs, this component has remained hargelefined.

STRs have almost entirely escaped genome-widesaseas across many individuals due
to the complexities of uniquely mapping short, tépe sequencing reads and the inherently
high error rate of STR amplificationd. amplification stutter). Thus, STR variation isitgly
excluded or misreported for genomes sequencedshidh reads. Recently, several tools have
been developed to estimate STR unit number fromt sbad sequencing data (Gymrek et al.
2012; Highnam et al. 2013; Tae et al. 2013). Thesks rely on the use of only STR-spanning
reads with unique flanking regions to improve mdpiitst and ascertain STR unit number. This
restriction imposes size limits (read lengths iteakdata are generally 101 bp or less) and
greatly reduces coverage of informative re&igpplemental Fig. 3.). For example, when
assessing the genotype of an STR locus of ~30 bp denome sequenced with 101 bp reads at
5X coverage, one will have to rely on fewer thar¢hSTR-spanning reads on average.
Moreover, these tools model technical error dugnbplification stutter based on STR genotypes
from sequenced homozygous or haploid genomes,irgntre expected diversity of somatic
alleles within individuals. These probabilistic netsllose applicability in practice, because STR
genotype calls are made with as few as one or fll®-§panning reads. Another recent method
uses paired-end sequencing reads to infer variati®TR loci, similar to previous methods to
detect large insertions and deletions (Chen @04l9; Grimm et al. 2013; Hajirasouliha et al.
2010; Qi and Zhao 2011). Due to the resolutiontBrof gel size selection, this method infers
only whether STRs are variable rather than caBi@ unit number genotypes (Cao et al. 2014).
Thus, the comprehensive assessment of accuratg&IdRypes from short-read sequencing data
has remained a largely intractable problem.

Vast numbers of genomes, including genomes of lads#. thaliana strains have been
generated with 36 to 64 bp read lengths (Cao @04l1; Gan et al. 2011) that are too short for
the aforementioned tools. The existing read lengtitscoverage depths of these genomes are
sufficient to call most single nucleotide varia(@NVs), but insufficient to understand STR
variation. It would be inefficient and costly tosequence whole genomes of hundreds of
individuals or strains with sufficient depth ane flonger reads necessary to understand STR
variation (~150-300 bp, >30x coverage) when STRyg oradke up a small portion of the

genome.
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The challenges of STR genotyping can be addresstatdeted STR capture to increase

the number of STR-spanning reads combined witlgaesecing technology that accommodates

longer reads to improve mappability and STR gemdtgdling. Such strategies were recently

applied to the human genome, using STR-targetetban@y capture or RNA probe capture

prior to sequencing (Duitama et al. 2014; Guilmatral. 2013). However, these STR capture

methods produced only limited enrichment for STRtaming reads with flanking sequence

(2.2% of mappable reads (Guilmatre et al. 2013)26% of mappable reads (Duitama et al.

2014) and only marginally improved STR coverageuint number callsTable 3.J).

Table 1. Technologies for assessing STR variatiory bargeted capture and high-

throughput sequencing.

Name

Array
Capture

SureSelect
RNA probe

capture

MIPSTR-
smMIP

capture

Sequencing and

analysis strategy

Human, lllumina
HiSeq, RepeatSeq
(Highnam et al. 2013a)

Human, Roche 454 ,
locally align flanking

regions

A. thaliana, lllumina
MiSeq, map to locus-
specific synthetic

reference

Accepted
coveragé

2 reads

4 reads

4 reads

Reported
accuracy

88%-92%

88%-95%

94%-98%

Reads mapped
to STR targets

38.7%

~60%

2%

a: Minimum coverage of a single STR that is congdesufficient to call a genotype.

Efficiency of

mapped reads

6.5%
informative

reads

40%
informative

reads

55%-64%
informative

reads

STR targets successfully

genotyped Ref.

>=1 genotype for 54.5% (Guilmatre et
of targets across 8 al. 2013a)
individuals

30.1%-36.8% of targets  (Duitama et
per sample al. 2014)

64% of targets across
samples, at least 50% of

targets in 90% of samples

Here, we address the major obstacles of STR geimgtyyith a robust, scalable, and

inexpensive method, MIPSTR. MIPSTR combines STRurapvia single-molecule molecular

inversion probes (smMIPs) (Hiatt et al. 2013) witld-size sequencing reads and a unique

mapping strategy. In proof-of-principle experimente captured and sequenced STRs genome-

wide in diverséA. thaliana populationscalled germ-line STR genotypes with high accuraoyl

guantified technical error with single-moleculearrhation. Moreover, enabled by single-

molecule degenerate sequence tags, we demons@atdiPSTR can capture the same STR

locus from thousands of different cells, therebgtdimg detection of somatic STR variants with

high sensitivity.
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Results
Single molecule capture strategy yields highly accate STR germ-line genotypes

We employed single molecule Molecular Inversiond@so(smMIPs) (Hiatt et al. 2013)
to capture STRs, thereby maximizing the numberId®-Spanning, informative reads. In a
proof-of-principle experiment, we targeted 102 SHR=ss the genome of the model plant
thaliana, including exonic, intronic, regulatory (AM Suléwn, AA Arsovski, J Lempe, KL Bubb,
et al., in press), and intergenic tri- and hexaleatide STRsSupplemental Fig. 3.2,
Supplemental Table 3.). We first applied MIPSTR to the referen&ethaliana strain
Columbia-0 (Col-0), which has been Sanger-sequeanddor which accurate STR genotypes
are available for comparison.

For each targeted STR, we designed a MIP, whieln 80bp oligonucleotide that
contains: i) targeting arms which will uniquely mghze to STR flanking regions, ii) a 12bp
degenerate tag to distinguish individual capturengs; and iii) a common backbone for PCR and
sequencing primingHig. 3.1A) (Hiatt et al. 2013a). In Col-0, we successfullytcagd all 102
STR target loci$upplemental Fig. 3.3. After capture, MIPs were amplified for subsedquen
sequencing. As STR amplification is prone to PGRtet and rampant technical error, we
performed optimizations including modifying ampdgition conditions, specifically adjusting
extension time, extension temperature, and polysesrased (see Methods).

MIPSTR libraries were sequenced using 250bp forwaads paired with 50bp reverse
reads on the lllumina MiSeq platform. The 250bpvard reads spanned the ~20 bp ligation
targeting arm followed by 200 bp of target sequgiS3R sequence and unique flanking
sequence) and ~20 bp extension targeting arm (&fgeexpansions will be missing some or all
of the extension targeting arm). MIPSTR can asSd@$&s up to ~180 bp in length, considerably
longer than the STRs currently assessed from wheteme-sequencing data. The 50 bp reverse
reads spanned the 12 bp degenerate tag, whichfidemtach specific MIP molecule, and the
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A
Reverse PCR primer and D511 R
sequencing adapter i i
Locus-specific synthetic reference
Forward PCR primer and 12 base pair Un!t # .
sequencing adapter Commen smMIP backbone degenerate tag Unit #2 e
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Ligation arm < - ---=--=----~ Extension arm Unit #6 FEEREE
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Figure 3.1.MIPSTR determines germ-line and somatic STR variattn with a combination

of targeted capture, sequencing, and a novel mapmrstrategy.A) single-molecule molecular
inversion probe (smMIP) with common backbone foRA®imer binding (dark-green, also
shown PCR and sequencing primers with arrows analgogequencing adapter), 12 base pair
degenerate tag (striped, green/white), and targetims with locus-specific, STR-flanking
sequence (blue). As shown, one targeting arm ipttinger for polymerase extension (extension
arm), ligation closes the circle at the other tangearm (ligation arm)B) Applying across
individuals identifies germ-line STR variation assaenetically diverse individualS)

Applying MIPSTR distinguishes somatic STR variatfoom technical error, using many
degenerate tags (seeA). STR variation within a tag-defined read group. feads with the

same degenerate tag) is considered technical &Tét.variation across tag-defined read groups
is considered somatic variatidd) MIPSTR maps reads from a given STR locus (based o
targeting arm sequence) to locus-specific synthreferences with unit number 1 through 100 (1
through 7 shown here). SNVs (in pink), even if coog in the STR sequence, do not affect
mapping or STR unit number genotype calls.

extension targeting arnfrig. 3.1A). This experimental design allows MIPSTR to orhé t
computationally costly and error-prone step of miagpepetitive reads of low complexity to
whole genomes. We sorted reads according to thigrthtgeting arms, and for each MIP, used

BWA (Li and Durbin 2009) to map its correspondieguas to a set of synthetic reference
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sequences designed specifically for each targef@l(8ig. 3.1D). These synthetic references
consisted of the STR sequence from the Col-0 neéergenome with all possible STR unit
number alleles between 1 and 100, which suffice$TR alleles within our size range. We
successfully mapped 72% of all sequencing reatisettargeted lociTable 3.1).

We called a genotype for each mapped read accotdlitige quality of its alignment to an
STR allele sequence (BWA alignment scores >= 18@ walled as genotypes). Due to our
mapping strategy, variation outside of the STRN¥S within the STR does not affect STR unit
number genotype call§ig. 3.1D). For Col-0, 55% of our mappable reads yieldedrnmiative
STR unit number calls. Relative to previously démsa methods, this result represents a
dramatic improvement in the number of informatigads per unit of sequencing efforabple
3.1), such that it represents a substantial improvermnethe efficiency and accuracy of STR
genotyping. We required at least four STR-spanngagls at each locus to call an STR genotype.
Ultimately, we called unit number genotypes ford@é of the 102 examined STR target loci. For
these loci, our calls were 96% concordant withGloé-0 reference allele, including the highly
variable coding STR in the ge&&F3 (Fig. 3.2 (Undurraga et al. 2012).

Most importantly, unlike any previous method that are aware of, each STR is
represented by many independent capture evenfERI&:i at the pre-amplification stage.
Although amplification introduces technical errfHPSTR distinguishes between technical
error, heterozygosity, and somatic mutations bymanng reads within and between capture
eventg(Fig. 1C). The assessment of independent capture eveesided by the use of smMIPs
with degenerate tags (Hiatt et al. 2013),the same STR locus from many different cells is

captured by many differently tagged MIP molecules. each tag-defined read grouje.(reads
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Figure 3.2. MIPSTR accurately determined germ-lineSTR unit number in the reference
strain Col-0. Raw read counts at 30 representative STR loch eiterence genome STR unit
number indicated in greebdNK indicates gene of unknown function. Numbers shawn i
parentheses refer to STR IDs (see SupplementaéTabTwo instances of genomic duplication
(residing in transposons) are shown (STR ID 73&8)d- both alleles showed comparable read
count. Note that erroneous calls show low read touhigh technical error.

containing the same degenerate MIP tag), we assthméethe mode of called unit numbers
across reads is the true allele for this captuemefFig. 3). STR unit number variation within a
tag-defined read group is considered technical €Fig. 3, Supplemental Table L However,
unit number variation observed among different MiBlecules, each representing independent
capture events, is potentially the result of hetggosity, somatic variation, or duplicatioRigs.

1C, 3. Using the additional information of tag-definehd groups resolves the distribution of
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total read counts (compakég. 3A to 3B, C) and greatly improves confidence in STR genotype
calls. Using information from tag-defined read grsalso identified STR loci with consistently
high technical errorKig. 3, middle panelSupplemental Table }, which can be excluded in
subsequent analyses. Furthermore, using informé&ton tag-defined read groups has the
potential to detect multiple STR alleles withiniagse individual Eig. 3, right panel).

A. thaliana is an inbreeding plant and hence assumed to behaous at the vast
majority of loci. Therefore, to test the potentdlour method to detect multiple high-frequency
alleles of the same STR, we assessed two STRiesept in two nearly identical copies on two
different chromosomes in the Col-0 reference gendioeboth STRs, the two genomic copies
have different STR unit number genotypes in additjm SNV variation, enabling us to readily
distinguish them. Indeed, for both STRs, we detebteh unit numbers at high levels.

Specifically, for the STR (STR ID 73a and b) witllypone SNV difference between
duplicate copies, we observed near equal repragentz both allelesKig. 3,right panel). We
also observed two tag-defined read groups supgpoutiit number six, which may represent a
somatic STR variant in this individual. Withoutfeifentiating tag-defined read groups, reads
representing this STR genotype would be interpragetéchnical error, like the few reads
representing ELF3 STR unit number as six (compage3 left panel to right panel). This
example demonstrates the importance of includinglsimolecule information in STR genotype

analysis.



A  Total read count distributions

(22) Exon ELF3 Unit #7 (42) Intergenic Unit #41 (74) Transposon Unit #4,7
-
c
32 1500 -
8 200 — 2000 —
®
L
g 100 — 1009
HE 500 -
= 50 — 500 —
- |
v
0- n 0- . 0 - L
| ] | 1 | 1 | 1 I I T | I |
0 20 30 40 50 10 20 30 40 50 0 20 30 40 50
B  Read counts resolved by tag-defined read groups
1 @ :
.9 : 4
i o
. L
i
w L ]
o ]
= = S
3 :
(=2] 2 .
E L f ]
* |
=l 2 ]
c : :
ko 3 . .
o : 3
o : 1 "
= : :
o} :
: read count : | = nsou E
read count 2 1 10 :
: 5 4 = = 15 %
: - 10 .6 » 20 :
E s 15 « 8 25 °* H
=20 =10 * 30
: %25 8j12 ®i35 ¢ = .
5 6 7 8 30 35 40 45 3 4 5 6
STR unit number genotype
C Informative details of B
. . i 0 = i ’ &
. * .0 88
s 3 89
. v 9 * .
PE e
é ' PR ' i
' ® :
. % RE
©
; &
o £
® @
[ e -




38

Figure 3.3. MIPSTR distinguished technical error flom somatic variation.A) Three
histograms from Figure 2 with total read countdt,ltbe knownELF3-STR unit number is
clearly supported by the modal unit number. Midthés intergenic STR showed great variation
in STR unit number; the mode did not support thevkm STR unit number. Right, this STR
resides in two copies in two different genomic lomas (transposons). Both known alleles were
identified, yet total read counts alone cannotimiigtish genomic duplicates from technical or
somatic errorB) Reads are separated into tag-defined read greitipsiot sizes and color
representing read count (different scales for éaqins, see inset). Colored boxes are shown in
detail in C. Left, all tag-defined read groups watie exception supported the known STR unit
number seven. Most tag-defined read groups shoowvedelels of technical error, primarily
reads with unit number six (-1), but also five amght. Middle, separating reads into tag-defined
read groups illustrates the extremely high techm@oar for this STR. The mode of a tag-defined
read group was often supported by less than 508tafreads. Some tag-defined read groups
contained as many as six different STR genotypeseX¢lude such loci from the analysis of
somatic STR variation. Right, as expected for didafe STR or a heterozygote, approximately
half of the tag-defined read groups support eacheknown STR genotypes with very little
technical error. We also observed evidence of aasiorB TR allele with unit number six, which
was supported by two tag-defined read groups (bhdXedk outline). Note the absence of either
known STR allele for these tag-defined read grotlipgs STR genotype is also visible in the
total read count histogram ( right), where it would be interpreted as techingceor by other
methodsC) Detailed views of plots in B; outline color cosp®nds to respective plot.

Furthermore, we found evidence for the duplicabban intergenic STR that is located
amidst multiple transposons; this duplication is pr@sent in the Col-0 reference assemblyg.(
3.2, STR ID 89). As for the other duplicated STRs, tilie alleles, in this case six and seven,
were supported by approximately equal number ctigfgned read groups in multiple Col-0
siblings. These results suggest that MIPSTR cadhilyeidentify heterozygous and somatic STR
variants, which have been largely inaccessiblerbyipus analytical or empirical methods
(Gymrek et al. 2012; Willems et al. 2014; Guilmagteal. 2013; Highnam et al. 2013; Duitama
et al. 2014).

MIPSTR accurately determines STR unit number genotpes across diversé. thaliana
strains

We applied MIPSTR to 96 genetically diverse straih. thaliana. These strains have
been assessed for over 100 quantitative phenotypkbkave been previously sequenced,
primarily with 36 to 64 bp reads at a coverage diX;2o detect SNVs and structural variation
(Cao et al. 2011; Gan et al. 2011). STRs evolva different time scale than SNVs, so linkage
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disequilibrium between STRs and SNVs breaks dowecktu(Willems et al. 2014). Therefore,
we cannot use linked SNV data to understand tlaioekhip between STR unit number
genotype and phenotype. Given the strong potesfti@ll'R variation to cause phenotypic
variation, we set out to call STR genotypes acneaBy divergent individuals and to show how
even data for only 100 STR loci can improve ourarsthnding of the genotype-phenotype map.

We determined the genotypes of the 100 STRs atnes36 diverse strains &f thaliana
including the reference strain Col-0 for a totaB600 targeted STR loci in one lllumina MiSeq
v2 sequencing run. MIPSTR scaled well to this tésith the number of targeted loci and the
number of examined genomes can be readily increagedveral orders of magnitude. STRs
tend to be surrounded by repetitive sequence anddhTregions, but in spite of this challenge,
we successfully captured STR loci genome-wideHesé genetically divergent strains.
Specifically, we captured at least 50 STR loci@o8it of 96 strains (90%,able 3.1 and at
least 75 STR loci in 59/96 strains (61%).

To apply MIPSTR to multiple strains, we pooled #testrain-specific capture libraries,
each with a unique strain barcode on the reverge pritner, and sequenced as described above.
For these pooled libraries, we sorted reads fysthain-specific barcode, then by targeting arm
to identify the STR locus and degenerate MIP tagéatify reads originating from the same
capture eventHig. 3.1B). Similarly to our results with the reference str&ol-0, we were able
to map 72% of sequence reads to their STR targeaia of those 64% were informative for
calling STR unit number genotypeBaple 3.1). In this experiment, the Col-0 library represente
~1% of the total sequence reads, which should greadluce the information for each STR
compared to our single Col-0 library run. Despilitis dramatic reduction in information content,
we could accurately call germ-line STR unit num@enotypes for 97% of loci (64 out of 66 loci
with at least 4 STR-spanning readSupplemental Table 3.2 Comparing MIPSTR calls for
theELF3-STR to genotype calls from previous Sanger seqagrtindurraga et al. 2012),
MIPSTR performed with 98% accuracy (51 out of 5aist) Fig. 3.4). As previously
discussed, using information from tag-defined rgamips aided us in resolving STR genotypes.
For example, for the strain Kin-0, total countsgaped unit number 18 and 19 for tBeF3
STR Fig. 3.4. Resolving read counts by tag-defined read gremadbled us to eliminate
technical error and call 19 units as the correc-®ELF3 STR unit number. Across all 96

strains, we called STR unit number for 60% or nar€ TR loci in 62% of strains, with a total
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of 6,179 STR unit number genotypes (out of 9,60fets or about 64% of targets) determined
with a single lllumina MiSeq v2 sequencing run.gkeviously shown, additional sequencing is
expected to yield many more capture events andrtiane complete coverage across STRs
(Turner et al. 2009).

The unit number, unit length, and purity of a gi&FR locus in a high-quality reference
genome predict its variation across individualsggredre et al. 2007). STRs with high unit
number, short unit length, and high purity are ¢gfly highly variable. With population-scale
STR genotypes in hand, we addressed how well gegthi@riation of STRs (VARscore)

(Legendre et al. 2007) correlated to observed tranacrossA. thaliana strains.
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Figure 3.4. MIPSTR accurately determined germ-lin€ELF3-STR unit number on a
population-scale across genetically diverse A. thaha strains. Histograms of raw read counts
across 30 accessions. STR unit number as determin8dnger sequencing is indicated in
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green. Using tag-defined read groups, the KEL-63 STR genotype can be resolved to the
known STR genotype even with comparatively fewltads. MIPSTR clearly calls STR unit
number 19 for Pro-0. Note that different individaiaf the same strain were analyzed with
MIPSTR and Sanger-sequencing, which may explaidigeaepancy.

In general, VARscore correlated well with observadation across STRs (r=0.68g.
3.5), a substantially better agreement than previoolsgerved (Duitama et al. 2014). However,
this correlation was substantially weaker amongrap&TRs (r=0.46) than among non-coding
STRs (r=0.75). This discrepancy suggests that segueharacteristics alone do not suffice to
predict whether coding STRs vary on a populaticalescCoding STRs are more likely to be
functionally important, and thus are less subjedhe “neutral model” of the VARscore

prediction.

Diversifying selection

Stabilizing selection

Observed log10(SD) of STR unit numbers across 96 strains

| I |
0.0 0.5 1.0 1.5 2.0

Predicted variation (VARscore)

Figure 3.5. Observed and predicted STR variation shwed greater correlation for
non-coding STRs than coding STRsThe correlation between the observed daj the
standard deviation of STR unit number across fr@iraxis) and the VARscore (x-axis), which
predicts STR variation from sequence charactesisBéack points are non-coding STRs, red
points are coding STRs. Outliers may indicate fiomatl importanceELF3 STR is indicated).
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Deviation of predicted STR variationd, VARscore) from observed variation may thus
hold information about STR function and selectivesgures acting upon it. Specifically, STRs
that are observed to be more variable than pretioi@y be under diversifying selection whereas
those STRs that are observed to be less variad@hepitedicted may be functionally constrained
and under purifying selection (Press et al. 20Ed).example, the STR in the gelBeF3 is
highly variable across strains, ranging from 7 sititas many as 29 units in a set of strains
previously analyzed by Sanger sequencing (Undureagh 2012). The phenotypes associated
with variation in theELF3 STR change dramatically in different genetic baokgds,
suggesting co-evolution of tl& F3-STR with epistatically interacting loci (Undurragial.
2012a). Given this STR’s strong background-depeinpleenotypes, it is likely under
diversifying selection and, correspondingly, itnsich more variable than predictddd. 3.5.

A complementary approach for identifying STRs vitiportant function in modulating
phenotype is genome-wide association of STR geestypth phenotypes. The standard
statistical methods for associating genotype witerotype were developed for common,
biallelic SNVs (Hayes 2013). STRs are typically tialllelic and often involved in epistatic
interactions, both of which make it difficult tosaxiate STR genotype with phenotype using
standard methods (Press et al. 2014) . Neverthelesgerformed a naive association analysis to
determine whether STR variation across strainsagasciated with well-characterized
phenotypes (Atwell et al. 2010). We used the ong-avealysis of variance (ANOVA) to detect
associations between STR loci and phenotypes follpywrevious studies (Mackay et al. 2012),
modeling STR alleles as factors to avoid assumptaiinearity (Press et al. 2014). To
minimize spurious associations, we dropped STRswbee typed in fewer than 10 strains from
this analysis, and for each STR we dropped alirgrearrying alleles present in fewer than three
strains (rare alleles). We identified 124 signifitassociations involving 27 STRs and 41
phenotypes at a 1% false discovery r&epplemental Table 3.3 However, an important
caveat is that this analysis did not consider pafpan structure, which is another challenge
given the different evolutionary trajectories of \@Nand STRs (Willems et al. 2014).

Our MIP-based approach can easily be scaled tes#mls of targets; the human exome
MIP set targets ~55,000 loci (Turner et al. 2009)ex2000 STR loci are accessible by MIPSTR
in A. thaliana, and many more accessible STR loci exist in humBonggdma et al. 2014;
Guilmatre et al. 2013; Willems et al. 2014; Guilneagt al. 2013; Molla et al. 20Q%pur
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preliminary results, considering only a fractiontleé accessiblé. thaliana STR loci, highlight
the promise of STRs to contribute to the variagod heritability of quantitative traits (Press et
al. 2014).
MIPSTR has potential to sensitively detect heteroggous and somatic STR unit number
alleles

To determine the sensitivity with which MIPSTR deteheterozygous and somatic
alleles, we mixed DNA of two divergeAt thaliana strains, Col-0 and Landsberg (Ler), in
known ratios before MIPSTR capture and sequendtigg 8.6. Of the 100 STR loci, 56
differed in STR unit number genotypes between Cah@ Ler, and hence their relative presence
across mixtures could be detected by MIPSTR. Tesasthe relative proportions of STR alleles
within each mixture, we determined the number gfdafined read groups for which the
majority of reads supported either the Col-0-spe&fTR unit number or the Ler-specific STR
unit number. This measure, however, is confoungegnequal coverage between libraries.
More deeply sequenced libraries will represenighén number of capture events per target and
hence be more likely to identify rare STR alleles §omatic events). To account for variation in
number of supporting tag-defined read groups pardpwe performed bootstrap resampling of
the modes of the tag-defined read groups at eatis im each library 1000 times, while
measuring the proportion of bootstrap samples iichvtine Col-0 allele was detected. Applying
this method to our mixing experiment, the agreenhetiveen predicted and observed
probabilities of observing Col-0 STR alleles waikstg. For example, when we mimicked a
“heterozygous” state with a 1:1 Col-0/Ler mixture wbserved the Col-0 allele nearly 100% of
the time. This agreement of predicted and obsepvebabilities held across all mixturdsd.
3.6), indicating that MIPSTR sensitively detects ralleles. Mixing 1 part Col-DNA into 999
parts Ler-DNA, we were able to detect the Col-alledt half of the 56 loci.



44

100% - o
g - ® observed
X O expected
£
'::‘-g 80% -
@
= .=
g
=2 o
g 60% -
vy
2
[}
v}
g
= 40% -
g
=]
[}
S
=
= A ==
= 20% °
5
a .
.
0% 1 ¢ °
1:1 1:9 1:49 1:999 0:1
mixture mixture mixture mixture mixture

Col-0 DNA : Ler DNA ratio

Figure 3.6. MIPSTR detects low frequency STR allete X-axis, tested mixtures of Ler and
Col-0 DNA. Y-axis, probability of detecting Col-OTR alleles. Closed circles are observed
probability of observing Col-0 STR alleles (stardarror is indicated, black lines); open circles
are predicted probability of observing Col-0 STRlak. To calculate the observed probability
for each mixture, we re-sampled tag-defined readgmodes supporting either the Col-0 or Ler
allele at each STR locus 1000 times. The propodisamples that carry the Col-0 allele was
determined and averaged across all STR loci tiifsr dietween Ler and Col-0. To calculate the
expected probability for each mixture, we assunhecknown ratios of Col-0 and Ler STR
alleles in each mixture and the probability of alisgy the Col-0 STR allele with ten
observations.

STR instability at selected loci has been previpusked as a measure of genome
instability and is a hallmark of certain cancerefket al. 2013a; Boland et al. 1998a). Our data
suggest that MIPSTR has the potential to offer itwrably greater resolution by assessing
somatic STR variation genome-wide. To examine titergial of our method to detect decreased
genome stability, we performed MIPSTR Ammsh2 mutant plants. This mutant carries an
insertion in theMSH2 gene, which is a crucial component of the DNA nepeachinery. Indeed,

a previous study, using a reporter system, fountla2 increase in dinucleotide STR somatic

mutation events in this mutant (Golubov et al. 20¥@e applied MIPSTR to three Col-0 plants
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and threéAtmsh2 plants. After eliminating STR loci with high tedbal error rates and loci
without information for both strains, we comparbkd aiverage number of STR alleles per locus
with bootstrap resampling as described above. ddsté assessing two alleles, those of Col-0
and Ler as in the mixtures, we counted all allslggported by at least one tag-defined read
group in the resampling procedure. Compared to0CtteAtmsh2 plants showed a 4.7%
increase in average STR alleles across loci (|2E-26, Wilcoxon testSupplemental Fig.
3.4A). Removing the two most overrepresented Col-OAtn&h?2 libraries, {.e. with many more
tag-defined read groups represented), resulted evan larger difference between Col-0 and
Atmsh2, with a 10.6% increase #itmsh2 mutants’ average STR alleles across all testadpoc
2.2E-16, Wilcoxon tesSupplemental Fig. 3.4B. This result is particularly remarkable
considering that these loci were not optimized wéspect to those most likely to exhibit
somatic variation. Such optimization is readily gibte with MIPSTR — for example, by
applying MIPSTR to long non-coding dinucleotide STRhich are far more prone to unit
number mutation and hence somatic error. By comgisuch a specifically designed set of
smMIPs {.e. targets) for detecting somatic STR variation vd#éep sequencing, MIPSTR may
be capable of identifying much more subtle increasgyenome instability.

Discussion

The potential of STR variation to contribute to pbgpic variation and heritability of
complex traits is increasingly recognized (Press.€2014). To realize this potential, several
recent efforts, relying on either analytical or exmental innovation, have made progress
towards the ascertainment of accurate STR genotypaspopulation-scale (Cao et al. 2014;
Duitama et al. 2014; Guilmatre et al. 2013; Gymeehkl. 2012; Highnam et al. 2013). However,
the STR-specific challenges for accurate genotypingappability and high amplification stutter
— were only partially addressed. Here, we resdiesd challenges by capturing STRs with
single-molecule Molecular Inversion Probes thaivaltietection of many independent capture
events of the same STR across many DNA moleculiedt(ét al. 2013). Specifically, we resolve
the mappability challenge by using targeted capancelocus-specific synthetic reference
sequences. We resolve the challenge of inhereiglytbchnical error in STR amplification by
examining many tag-derived read groups for each BT&s. STR unit number variation within

a tag-defined read group results from amplificasautter. In contrast, STR unit number
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variation among tag-defined read groups has thenpiat to detect genomic duplications,
heterozygosity, and somatic variation. We show MBSTR is capable of distinguishing these
crucial sources of STR variation within samples.

Previous studies relied on amplification of haplorchomozygous genomes to estimate
technical error for STR-containing sequencing rg@ilslimatre et al. 2013; Gymrek et al. 2012;
Highnam et al. 2013); this approach is confoundeddmatic variation and high STR mutation
rates. MIPSTR offers an experimental avenue forieoafly ascertaining technical error for
many types of STRs. Notably, we observed draméfiierdnces in technical error even among
the 100 trinucleotide and hexanucleotide STRsdds¢ee. With larger numbers and more types
of STRs, one may derive more precise predictiorseqgtiencing error based on sequence
composition, length, genomic position and othetuess.

However, even in this proof-of-principle study sopsterns emerged that inform our
understanding of the mutability of STRs. Firstp#fsers have seen, the most common technical
error we observed was the loss of one STR unit (&rfation within tag-defined read groups)
(Guilmatre et al. 2013). The loss of one STR uraswlso the most common somatic event (STR
variation observed among tag-defined read grofsH TR variation within a tag-defined read
group exclusively derives from amplification stujt@e speculate that the somatic loss of one
STR unit similarly derives from amplification ersoduring replication, rather than errors in
DNA recombination or repair. Second, as anticipdtggrevious studies (Legendre et al. 2007),
longer STRs showed both increased technical an@tsoerror. Third, comparing predicted
(based on neutral models) to observed variati@iliR unit number, we found a stronger
correlation for non-coding STRs than coding STRsisistent with greater selective pressures on
the latter, and suggesting that deviations froneetgrl STR variation may hold information
about an STR’s functional importance.

Although the immediate application of MIPSTR isaiccurately assessing germ-line STR
variation, we also emphasize our method’s potetdigensitively detect somatic STR variation.
Somatic STR variation, better known as microsaéeifistability (MSI), has a long history as a
biomarker for certain colorectal cancers, moremtgealso for endometrial cancers (Boland et
al. 1998; Kim et al. 2013). In fact, a recent studgd exome sequencing data (~20X coverage,
100 bp reads, compare with Figure S 3.1) to add&sn colorectal and endometrial tumor and

matched normal samples (Kim et al. 20133). Using 8T R-spanning reads, this study called
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an MSI event at a given STR locus by comparing 8fRnumber distributions between tumor
and matched normal samples, controlling for tecrecror with the STR variation observed in
normal samples. As we show, comparing read digtdbs is vulnerable to differences in
coverage and requires normalization by bootstragpmgling. MIPSTR eliminates the need to
compare distributions of “normal” and ‘tumor’ sareplto correct for technical error because
MIPSTR calls both germ-line STR genotype and saaiiR variation in a given sample.

Although the STR loci that we targeted were notrojzied for somatic events, MIPSTR
detected the Col-0 STR alleles even in a 1:999urexof Col-0 and Ler-DNA. Moreover, using
MIPSTR we observed a substantial increase of soreaénts in a plant mutant deficient in
DNA repair. MIPSTR can readily test and identifynps of 100-500 STR loci that are
particularly unstable and prone to many somaticatnurt events — for example by testing longer
and less complex STRs such as di- or mononuclentide

Beyond cancer genomics, at a population-scale, sowaxiation and its occurrence
across tissues, developmental stages, and in respor®environmental perturbations has
remained largely inaccessible due to the prohibitests of ultra-deep and single-cell
sequencing (Baslan et al. 2012; Navin et al. 2048)STRs are highly mutable, they are
arguably the best biomarkers to detect even spbeti@irbations of genome stability. We suggest
that MIPSTR in combination with STR panels optintiZer somatic variation has great promise
to detect even subtle decreases in genome stabllgyand others have previously proposed that
subtly decreased genome stability may precedeincide with many disease processes and may
increase the penetrance of disease risk allelesi{€gh et al. 2012; Heng 2010; Poduri et al.
2013). MIPSTR offers an approach to empirically ths hypothesis. Compared to single cell
sequencing (Baslan et al. 2012; Navin et al. 201PSTR also offers a cost-and labor-efficient
alternative for assessing the genetic heterogenéttymors, which is clinically relevant for
disease treatment and prognosis (Fox et al. 20d8n&# et al. 2012)

Finally, we emphasize that MIPSTR is readily sclaby simply targeting all STR loci
in its size range, our method can provide genonteassessment of STR variation; by
sequencing more deeply for an optimized panel & 8Ei our method can provide information
about somatic variation. MIPSTR is applicable tg arganism with a high-quality reference

genome, including humans. In the future, applying®TR across populations of diverse
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species will contribute to fulfilling the long owdre promise of STR variation for explaining trait

heritability.

Methods
smMIP capture reagent design

Each smMIP is an 80 bp oligonucleotide with a 4GCbmmon backbone flanked by an
extension arm of 16-20 bp and a ligation arm oR2Mp. These unique arms specifically
hybridize to flanking regions of STR loci for a ghibof 200 bp. Included in the 40 bp of the
common backbone are 12 random nucleotides, thengegfe tag, generating <12 1.67 x 16
unique sequences per MIP. The MIPs were designelDid STRs across the thaliana
genome $upplemental Table 3.}

These MIPs were procured individually by columnibgsis on an 100 nmol scale with
standard desalting purification (at a cost of ~$82MIP). Once purchased, one has effectively
an infinite MIP supply allowing for millions of céire reactions, justifying the considerable
upfront MIP cost. Cost per MIP is significantly lemwhen ordering less MIP without
purification (25 nmol /$7.20 per MIP) (Hiatt et aD13).

MIPs were pooled at equal molarity and mixed wité target at 200-fold molar excess.
The results of the first capture reaction in thé@ceference genome, specifically the
distribution of read counts from each MIP, weredugeadjust MIP concentrations. We
increased the concentration of the lowest perfogriviiPs (28, fewest number of reads) 100-
fold; concentration of the next lowest performimggp of MIPS (43) was increased 10-fold.
Capture and Library Construction

DNA was extracted from rosette leaves of individ2@lday-oldA. thaliana plants using
DNeasy Plant Maxi Kit (Qiagen). DNA was cleanedamal concentrated with Amicon Ultra
Centrifugal Filter Units (Millipore).

Capture procedures were modified from previousquais (O’Roak et al. 2012; Hiatt et
al. 2013). 750 ng genomic DNA was mixed with 2 psmIMIP mixture (starting concentration
before adjustment for low performing MIPs), 1510X Ampligase buffer, and molecular
biology grade water to a total volume of dI5For hybridization, these mixtures were incubated
in a thermocycler with a heated lid for 10 minuae®5°C followed by 48 hours at 55°C. After
hybridization, we added 2.5 pmol dNTPs (TaKaRa)nit Ex Taq polymerase (TaKaRa), @5
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10x Ampligase buffer, 60 units Ampligase DNA ligg&picentre) and molecular grade water to
an added volume of @ per mixture. The extension phase was carriecab@0°C for an hour.
After gap-fill and ligation, the mixtures were cedlto 37°C for two minutes. We then added 40
units of Exonuclease | (NEB) and 200 units of Exdease 11l (NEB) for a total reaction volume
of 19 ul. To digest uncircularized and excess genomic DNA jncubated these mixtures at
37°C for 15 minutes, and then denatured the enzan®2°C for two minutes.
Library construction, purification, and pooling

To create sequencing libraries, we amplified th@wa reactions using a common
forward primer and an indexed reverse primer. Wieethbul capture reaction with 12.5 pmol
dNTPs (TaKaRa), 5 ul 10X Ex Taq buffer, 25 microesoforward primer, 25 micromoles
reverse primer, 1 unit Ex Taqg polymerase (TaKaR@a), molecular biology grade water to a
total reaction volume of 50l. We performed an initial denaturation at 98°C 10rseconds,
followed by 28 cycles of 10 seconds at 98°C, 3@sds at 58°C and 12 seconds at 72°C. The
final extension was for 3 minutes at 72°C. PCR potslwere pooled as equal volumes per
sample or according to gel image quantificatiogegbapproximately equal representation. We
then cleaned up the pooled PCR products using AenBrbeads (Agencourt) at 1.8X
according to manufacturer's recommendations.
Sequencing and primary analysis

Samples were sequenced using the lllumina MiSggat®orm according to the
manufacturer’s instructions with custom sequengingners (Hiatt et al. 2013). To improve
cluster generation for these low complexity STRdries, we spiked in Phi-X or whole genomic
DNA libraries at 10-20%. We collected one 250 bpvird read to determine sequence of the
ligation arm and STR target locus, one 50 bp reverad to determine the sequence of the
degenerate tag and extension arm, and one 8 bpaeetdermine the sample index sequence.
The MiSeq software sorted by index read to sepa@déed libraries.
Mapping and STR genotype calling

For each target STR locus, we created a synthefecance of 100 “chromosomes,”
which consisted of the Col-0 reference target secgi@vith 1 to 100 pure STR units (no SNVs).
We sorted reads by the first 16 bp of the ligatemgeting arm allowing three mismatches and
then used the bwasw alignment mode oftilva aligner (Li and Durbin 2009) to map the reads

to the locus-specific synthetic reference. Fonagiread, if the A-score of its alignment to a



50

specific synthetic “chromosome” wa480, we called the STR unit number of this
“chromosome” for this read. Below this A-score, thad was discarded. When the sequence
read ended within the STR (presumably due to a&laxgpansion of STR units) but still mapped
with an acceptable A-score, we called the genoagethe unit number of the “chromosome” to
which the read aligned. In this way, MIPSTR carld/iaformation about STR unit number
expansions in a given individual even in the absaf(STR-spanning reads. Here, thesk “
calls were not used in further analyses such aged®n or calculation of variation.

We then sorted the STR genotype calls by the degentag on the paired reverse read
from which they derived. We required an exact maticthe 12 bp degenerate tag for reads to be
grouped into a tag-defined read group. We thereddahe mode STR unit number of each tag-
defined read group as the genotype of that DNA oudée If we observed that more than one
tag-defined read group supported an alternate Ji€R,ave considered it evidence of somatic
variation.

STR association with phenotypes

We used previously published data for 107 phenatgodected for 9&\. thaliana
strains (Atwell et al. 2010). We then proceededdtect associations between each of these
phenotypes and each variable STR locus within ggeot strains. For each test, we omitted
strains from the analysis that were not phenotypethe relevant trait or genotyped at the STR
in question. We additionally removed from the ass\strains that carried STR alleles that were
found in fewer than three strains total, to avadfounding from rare alleles. We then
performed one-way ANOVA to test the null hypothesfisio association between each STR and
each phenotype, while treating each STR allelegcaiteally. We chose to treat STR alleles
categorically because assumptions of linearitylTiR$henotype associations are poorly founded
in some cases (Undurraga et al. 2012; Press 204.). Associations were accepted at a 1%
false discovery rate (p = 1.48 *1p
Calculating technical error rates

To calculate the technical error rate of amplifyBiGR loci, we considered all tag-
defined read groups for which a single STR unit hemmode was supported by at least two
reads. For these tag-defined read groups, we teokaction of reads supporting unit numbers

other than the mode and divided by the total nurobegads. We averaged across all tag-defined
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read groups at a given locus for a technical estore between 0 and 1 representing the fraction
of reads at a locus known to be er®upplemental Table 3.1
Somatic allele counts

To compare the number of somatic events occurrirdifferent individuals, we only
considered STR loci with low technical error scaff@sow 0.2 Supplemental Table 3.) and
with information for all plants in the comparisdie used bootstrap resampling to account for
sometimes vastly different read counts. For examplthe Col-0 and Ler mixing experiment,
some mixture libraries had as few as ten tag-ddfread groups at a given locus. Thus, we
resampled ten modes from tag-defined read grouffese samples, counting the proportion of
those samples in which the Col-0 unit number alies present. In Col-0 versasnsh2
experiment, depth of coverage was much higher andéhwe resampled 1000 modes of tag-
defined read groups for each locus. For each samplealculated how many different STR unit

number alleles were present and averaged acrdss loc
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Supplemental Figures
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Figure S3.1. Theoretical number of STR informativereads given different read lengths,
sequencing coverage, and total STR lengtkor example, at 20X sequencing coverage with
101bp read length, a 60bp STR will be represenyeshly six STR-spanning, informative reads.
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Figure S3.2. Characteristics of smMIP target STRsA) Distribution in genomic functional
regions. The four STRs located in transposons sbosiwo pairs of duplicated loci, both
members of a pair are targeted with the same pfébee proximal STRs are within 1 kb of a
gene. B) The targets are distributed evenly througthe genome. C) The targets are all tri- or

hexa- nucleotide STRs. The duplicated STR lochareamers.
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Figure S3.3. MIPSTR successfully captured all 102TR target loci. X-axis, 100 smMIPs
targeting different STRs. Y-axis, read count focreamMIP. As previously observed, smMIP
capture efficiency differed among probes (Hiatle2013).. Note that two smMIPs

capture duplicate loci (100 smMIPs, 102 STR talgs).
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Figure S3.4. MIPSTR detects decreased genome statyiin Atmsh2 mutants. X-axis, Col-0
control orAtmsh2 mutant plants. Y-axis, average number of alleEs3TR locus (no somatic
variation in homozygous plants equals one all&&ndard error is indicated with black lines.
To calculate the average number of alleles persiome re-sampled tag-defined read group
modes at each STR locus 1000 times. The numbdietdsasupported by at least one tag-
defined read group per sample was averaged acid®$a8i. A) Data for three Col-0 plants and
threeAtmsh2 plants.B) Data for two Col-0 plants and two Atmsh2 plantthwhe outliers
removed (greater than two-fold higher depth of cage).
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CHAPTER FOUR
L ESSONS FROM MODEL ORGANISMS: PHENOTYPIC ROBUSTNESS
AND MISSING HERITABILITY IN COMPLEX DISEASE 2

Abstract

Genetically tractable model organisms from phagesite have taught us invaluable
lessons about fundamental biological processesisedse-causing mutations. Owing to
technological and computational advances, humaodyand the causes of human diseases
have become accessible as never before. Progregmiifying genetic determinants for human
diseases has been most remarkable for Mendelidgs fracontrast, identifying genetic
determinants for complex diseases such as dialweteser, and cardiovascular and neurological
diseases has remained challenging, despite théhtatdihese diseases cluster in families.
Hundreds of variants associated with complex desagave been found in genome-wide
association studies (GWAS), yet most of these a&siaxplain only a modest amount of the
observed heritability, a phenomenon known as “mgssieritability.” The missing heritability
has been attributed to many factors, mainly inadei@s in genotyping and phenotyping. We
argue that lessons learned about complex traitsokbel organisms offer an alternative
explanation for missing heritability in humans.diwerse model organisms, phenotypic
robustness differs among individuals, and thosk décreased robustness show increased
penetrance of mutations and express previouslyticrgpnetic variation. We propose that
phenotypic robustness also differs among humarmsthat individuals with lower robustness
will be more responsive to genetic and environnlgrggurbations and hence susceptible to
disease. Phenotypic robustness is a quantitatitehiat can be accurately measured in model
organisms, but not as yet in humans. We proposthlesapproaches to measure robustness in
large human populations, proof-of-principle expemts for robustness markers in model

organisms, and a new GWAS design that takes difee®in robustness into account.

3 This chapter is published as “Lessons from model organism: phenotypic robustness and
missing heritability in complex disease,” PLoS Genet: 8(11), 2012, by C Queitsch, KD

Carlson, S Girirajan.
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Introduction

Complex diseases such as diabetes, cancer, andwecllar and neurological diseases
are the predominant causes of morbidity and moytalithe developed world. As they tend to
cluster in families, these diseases are thougimvimlve genetic factors in addition to
environmental ones. Although genome-wide associaiodies (GWAS) have identified
hundreds of common variants associated with comgileeases and although susceptibility loci
have been reported for many disorders, the ovgealétic risk explained by these loci remains
modest. Thus, only a small proportion of heritapi{proportion of phenotypic variance
explained by genetic variants) has been accounteEfchler et al. 2010; Manolio et al. 2009).
This discrepancy, termed ‘missing heritability, shaeen attributed to many factors. First, rare
variants of large effect size (odds ratio > 2) magount for some of the unexplained genetic
risk, as observed in neuropsychiatric disorders siscautism, schizophrenia, and developmental
delay (Eichler et al. 2010; Manolio et al. 2009rifajan et al. 2011b; Girirajan and Eichler
2010). By their nature, rare variants are diffi¢doldetect and to associate with phenotype using
statistics. Second, highly repetitive structurad aequence variants have remained inaccessible
to large-scale genotyping (Eichler et al. 2010; blemet al. 2009; Gibson 2011). Third,
heritability estimates may be artificially inflateldie to interactions between genes, to shared
environments in families, and to imprecise diagsasdecomplex disorders (Eichler et al. 2010;
Manolio et al. 2009; Gibson 2011; Zuk et al. 20X2)nsequently, current research addresses the
problem of missing heritability with more compreba@ genotyping of genetic variants in
statistically well-powered cohorts of individualeat are better characterized for disease
phenotypes, genetic background, and environmerpalsaire (Eichler et al. 2010; Manolio et al.
2009). This approach is rooted in the prevalenbkiygsis that some combination of rare variants
of large effect, common variants of small effectd @nvironmental factors will translate into
disease (Eichler et al. 2010; Manolio et al. 20B&son 2011).

An alternative view posits that cryptic geneticison accounts for a substantial fraction
of disease-associated risk (Gibson 2009). In roimgstiduals, cryptic genetic variation will not
contribute to disease and will elude detection NYAS. In contrast, in individuals with
decreased overall phenotypic robustness, formeyjytic genetic variants will contribute to
disease, and disease-related variants will incrigagenetrance, resulting in increased

heritability. This hypothesis draws on findingsrfraiverse model organisms including yeast,
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worms, flies, plants, and fish: decreased phenotyghustness significantly increases heritability
of complex traits due to revealed, formerly cryenetic variation and increased penetrance of
genetic variants (Queitsch et al. 2002; Ruthergdrdl. 2007; Rutherford and Lindquist 1998;
Sangster et al. 2004, 2008, 2008; Yeyati et al7280rga et al. 2011; Casanueva et al. 2012). In
this review, we describe the causes and consegsiehdecreased phenotypic robustness in
model organisms, relate these findings to compisgade phenotypes, and propose an

alternative GWAS approach that accounts for diffees in robustness among humans.

What is phenotypic robustness?

Phenotypic robustness is the ability of a givenaggpe to produce a constant phenotype,
even when the organism is faced with genetic oirenmental perturbations. The remarkable
phenotypic robustness of wild-type organisms ismmamly attributed to features of the
underlying genetic networks, such as modularitgdbeack loops, gene redundancy, connectivity,
degeneracy, and the presence of activity-modulatiipgoRNAS (Rutherford et al. 2007;
Sangster et al. 2004; Bergman and Siegal 2003eCiliet al. 2007; de Visser et al. 2003;
Hornstein and Shomron 2006; Jarosz et al. 2010ete2008; Lehner 2008; Levy and Siegal
2008; Li et al. 2009; Manu et al. 2009; Masel are&l 2009; Raser and O’Shea 2005; Wagner
2000, 2008; Salathia and Queitsch 2007; Baggs 208B; Whitacre 2012). In model organisms,
targeted perturbation of any of these featuredeanease phenotypic robustness and release
cryptic genetic variation (Queitsch et al. 2002hHuford and Lindquist 1998; Yeyati et al.
2007; Burga et al. 2011; Bergman and Siegal 2088yland Siegal 2008; Li et al. 2009; Manu
et al. 2009; Baggs et al. 2009; Jarosz and Lind@®@i$0; Lehner et al. 2006).

Phenotypic robustness is a measurable quantitasite Traditionally, robustness of
individuals has been measured as the degree of symim morphological features (Debat and
David 2001). A high degree of symmetry is thoughibé associated with high fitness and even
with the perception of beauty for human faces (@atay et al. 2005; Scheib et al. 1999;
Thornhill and Gangestad 1999). In most organisrgative and high-throughput analysis of
symmetry is complicated by the complexity of morplgical features and their profound
changes throughout development. Another measwa@boktness is the degree of accuracy with
which a genotype produces a particular phenotypesagnany isogenic siblings (Debat and

David 2001). By this measure, phenotypic robustidssany other quantitative trait, shows a



58

distribution among genetically divergent individsialf a species and can be mapped to distinct
genetic loci (Sangster et al. 2008). The abilitptdfer mutations can vary among isogenic
individuals, suggesting that non-genetic mechanisigisficantly affect robustness (Burga et al.
2011; Casanueva et al. 2012). These non-genetistiodss determinants will elude genetic
approaches. None of the robustness measures tleabban used in model organisms are
applicable in humans; however, they have provefulteidentify master regulators or network
hubs that may contribute to robustneslumans.

The best-characterized master regulator of robastisethe molecular chaperone HSP90
(Queitsch et al. 2002; Rutherford et al. 2007; Rrftird and Lindquist 1998; Sangster et al.
2008, 2008; Yeyati et al. 2007; Burga et al. 2QIEkpsz and Lindquist 2010; Jarosz et al. 2010;
Gangaraju et al. 2011; Sollars et al. 2003; Specehal. 2010b; Taipale et al. 2010). HSP90
assists the proper folding and function of many &egymes and transcription factors that
govern growth and development (Taipale et al. 20I0¢ chaperone is essential in eukaryotes,
evolutionarily conserved, highly connected, ang/pla crucial role in integrating environmental
signals (Taipale et al. 2010). HSP90's functioofieven greater importance under
environmental stress that compromises proteinfigldi aipale et al. 2010). In genetically
divergent plant, fly, yeast, and fish populatiodd§P90 inhibition significantly increases
heritability due to increased penetrance of knoemegic variants and revealed cryptic genetic
variants (Queitsch et al. 2002; Rutherford and gindt 1998; Yeyati et al. 2007; Jarosz and
Lindquist 2010). In worms, naturally varying HSHB0els predict mutation penetrance: lower
HSP90 levels result in greater penetrance of nartat{Burga et al. 2011; Casanueva et al.
2012). In plants, yeast, and flies, HSP90-dependkemdnts are common in natural strains and
often affect complex traits (Sangster et al. 20@888b; Jarosz and Lindquist 2010; Carey et al.
2006).

Decreased phenotypic robustness is associated wignome instability

Loss of robustness may be associated with an isedeautation rate. In flies, HSP90
inhibition increases transposon transcription amitity (Gangaraju et al. 2011; Specchia et al.
2010). In human cells, HSP90 inhibition compromisgsair of DNA damage in response to
radiation (Dote et al. 2006) and increases the tiomaate of microsatellites (Mittelman et al.
2010). In yeast, severe HSP90 inhibition inducesiploidy (Chen et al. 2012). In plants,
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HSP90 inhibition increases the rate of homologeesmbinationEig. 4.1). HSP9O0 inhibition
appears to interfere broadly with genome stabilityaffecting transposon silencing, DNA repair,
microsatellite stability, chromosome segregatiod homologous recombination. Given the
extent of standing variation that responds to HSRBIition (Sangster et al. 2008b, 2008a,;
Jarosz and Lindquist 2010; Carey et al. 2006), newnking mutations probably play a minor
role in HSP90-dependent phenotypes, yet genomabitisf may be a hallmark of decreased
robustness. These HSP90-specific results are ¢ensisith stress-induced increases in mutation
rate in bacteria, yeast, and plants (Chen et a2 2Blolinier et al. 2006; Boyko and Kovalchuk
2011; Ponder et al. 2005; Shee et al. 2011; Caatlay. 2010). Environmental stress also
decreases robustness in diverse organisms, suppartiassociation of robustness with genome
stability (Queitsch et al. 2002; Rutherford anddgunist 1998; Yeyati et al. 2007; Dworkin 2005;
Parsons 1992).
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Fig. 4.1: HSP90 inhibition increases homologous recombination in plants. A.
Transgenic plants carrying reporter constructs that monitor somatic homologous
recombination (HR) events [48] were grown with and without HSP90 inhibition. HR
restores a functional GUS gene, allowing for detection of somatic HR events. Intra-
chromosomal HR events were significantly increased in plants grown with the HSP90
inhibitor geldanamycin for direct and indirect repeat reporter constructs (Poisson
regression p=0.0078). A total of 925 seedlings were analyzed with 381 seedlings for the
direct repeat reporter line and 544 for the indirect repeat reporter line. B. Example of
somatic HR event in plant leaf (blue circle around GUS spot). Unpublished data by K.
Carlson, A. Nuttle, and C. Queitsch.
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HSP90 is only one of several ‘robustness’ masigulegors. In yeast, 60-300 genes, all
network hubs, have been identified for which deletf any one decreases robustness (Levy and
Siegal 2008). In worms, decreased function of yigleinnected hub genes enhances the
phenotypic consequences of decreased function my mider genes (Lehner et al. 2006). It
remains untested how many of these yeast and wetwork hubs reveal cryptic genetic
variation in divergent populations or decrease ganetability when perturbed. However,
effects on genome instability seem likely as botmrwand yeast network hub genes are strongly
enriched for chromatin regulators (Levy and Si&§418; Lehner et al. 2006). In plants, a novel
master regulator of robustness has been foundhichwoss of function decreases phenotypic
robustness and releases cryptic genetic variaGoist(na Alexandre, personal communication).
Consistent with an association of robustness andrge stability, inhibition of this master

regulator increases transposon mobility.

Release of cryptic genetic variation may contributéo rise of complex diseases

While both rare variants of large effect and maosnmon variants of small effect
contribute to complex diseases (Gibson 2011), eeitiodel satisfactorily explains the
significant rise of complex diseases (Gibson 2@009). In the last century, dramatic changes in
life style and environment included diet changegjgeration, departure from natural circadian
rhythm through artificial lighting, modern hygierand urban living, to name a few (Gibson
2009; Hugot et al. 2003; Strachan 2000b, 2000g)afticular, changes in diet and refrigeration
have led to the fast evolution and changing contjposof the human gut microbiome
(Greenblum et al. 2012; Ley et al. 2008a, 2008biektaadeh et al. 2009; Prentice et al. 2008;
Turnbaugh et al. 2008, 2009). Greg Gibson has stigde¢hat these environmental perturbations
may alter the genetic contributions to phenotypedwealing cryptic genetic variation,
especially among individuals with reduced phenatypbustness (Gibson 2011, 2009).

Gibson’s hypothesis that cryptic genetic variatontributes to disease susceptibility is
supported by the properties of disease risk vagiantl their distribution among human
populations. A surprising number of the single rotide polymorphisms (SNPs) associated
with disease risk are ancestral, indicating thatgfotective variant arose in the human lineage.
Thus, disease susceptibility cannot be easily éxgdaby acquisition of deleterious mutations in

the human lineage. Further, disease risk allelesdtiamatically in frequency and effect size in
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human populations, indicating extensive populasvacture and the importance of

environmental factors for developing disease (Gii2@09).

Features of certain complex diseases are consistenith decreased robustness

As common SNPs fail to confer significant diseask for disorders such as autism,
schizophrenia, and mental retardation, rare vagiahpotentially large effect have been
examined (Eichler et al. 2010; Manolio et al. 2009%e human genome contains regions that are
predisposed to copy number variation (CNV) duéhtartrepeated architecture (Girirajan et al.
2011b). Several of these rare, recurrent CNVs sseaated with schizophrenia, autism, cardiac
and renal anomalies, epilepsy, obesity, diabetesngental retardation (Girirajan et al. 2011b;
Girirajan and Eichler 2010; Bailey et al. 2002;i@ijan et al. 2011a, 2010; Sebat et al. 2007,
Sharp et al. 2006; Walsh et al. 2008). However,yntdrthese CNVs are also found in control
populations and unaffected family members. Moreower same CNV can be associated with a
large spectrum of disorders (Girirajan et al. 2QXGivirajan and Eichler 2010). For example,
dell7gl2 is associated with renal cysts, matunityed diabetes, developmental delay, brain
malformations, seizures, schizophrenia, and aufSimrajan et al. 2011b; Girirajan and Eichler
2010). This variability in expressivity is thougbtbe due to additional rare events: the classical
genetic modifier hypothesis (Girirajan et al. 201@lrirajan and Eichler 2010; Girirajan et al.
2011a, 2010; Pinto et al. 2010). Alternatively,ls@NV lesions may not be causal but rather
reflect decreased genome stability (Heng 2010a)dacdeased robustness.

If decreased robustness correlates with or causssnge instability, patients with
complex diseases should carry a higher burden &f<CNhis burden (or mutational load) may
be inherited or may aris#e novo through environmental stress in early developmendeed,
schizophrenia patients show a significantly higiiebal burden of rare CNVs (Walsh et al.
2008; International Schizophrenia Consortium 2088)st importantly, private CNVs — that is,
CNVs specific to a particular individual — are higlkenriched in schizophrenia patients
(International Schizophrenia Consortium 2008). iikir increase of CNV burden is found in
autism patients (Pinto et al. 2010). Patients withrecurrent CNV on chromosome 16p12.1,
which is associated with severe developmental dalayalso more likely to carry additional
CNVs than matched controls (Girirajan et al. 20MQreover, patients with second CNV hits —

possibly less robust individuals — show distinal amore severe clinical features (Girirajan et al.
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2010). Consistent with decreased robustness, tie &ymmetry of some patients is visibly
perturbed (Girirajan et al. 2010). In nine othengmic disorders, additional CNV hits occur
more frequently in patients than controls (Girirag al. 2010). This enrichment of CNV hits in
patients is particularly strong for disorders witiriable penetrance and expressivity (Girirajan et
al. 2011b; Girirajan and Eichler 2010; Girirajara€t2010). In multiplex autism families

(families with multiple occurrences), CNVs in affed siblings are fourfold enriched compared
to unaffected siblings (Itsara et al. 2010). THhservation led to the hypothesis that multiplex
autism is due to an inherited predisposition initaia to other co-occurring mutations, including
CNVs (Girirajan et al. 2011b; Itsara et al. 20MYe speculate that this predisposition may be
decreased robustness.

The observation of additional, mostly private CNN'atients is consistent with the
existence of an extraordinarily large number ofides genetic modifiers leading to disease.
While certainly possible, this explanation is nobsistent with our basic knowledge of genetic
networks and their robustness to mutations. Intyaad worms, for which systematic analyses of
single and double mutant phenotypes have been ctedjumost loss-of-function mutations,
even if combined, do not show a phenotype unlesg dlecur in network hubs or master
regulators such as HSP90 (Levy and Siegal 200&)éreét al. 2006; Boone et al. 2007,
Davierwala et al. 2005; Giaever et al. 2002). Thmber of network hubs in humans is large but
not infinitely large. Under our hypothesis, thergesed CNV burden is an expression of a
generally less robust and therefore sensitizeddrackd rather than a cause of disease. This
explanation is consistent with the fact that th@es&NV can be associated with different
disorders. The different expressivity of a par@cudisorder may be due to different degrees of
robustness loss or different revealed, formerlyptcygenetic variants in patients. In short, we
propose that phenotypic robustness differs amongging as it does in model organisms and that
those with lower robustness will be more suscegptiblgenetic and environmental perturbations
and hence disease. This proposal is akin to asssifiiom physicians of generations past that

certain people have a robust constitution wheréasrs have weak ones.

How can we assess robustness in humans to increése heritability of complex diseases?
Currently, researchers attempt to identify unifypagterns of genetic variants, life style

choices, and environmental factors in affectedviiddials (casessig. 4.2. In contrast, we would
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like to assess all individuals first for their I&wé phenotypic robustness (robust vs. not robust,
Fig. 4.2). Individuals with significantly decreased robiesta would then be analyzed for genetic
variants associated with disease. This analysigdehtify formerly cryptic variants that were
unknown to influence disease risk. In additionvpyasly identified predisposing variants will
increase in penetrance because healthy individaatying these variants will be robust and
therefore not contribute to associations amongytbap with decreased robustness. In addition,
this analysis will facilitate the identification odre causal variants of large effect, which should
be enriched in robust, but affected individualeréased penetrance of common variants
together with revealed, formerly cryptic variantslaausative rare alleles of large effect will

significantly increase heritability for at leashse complex diseases.
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Figure 4.2. A. Current approach. GWAS identify variants that are overrepresented in
cases. Rare variants of large effect (red square, blue star) may escape detection, thereby
contributing to missing heritability. Common variants that are overrepresented in cases
(small yellow bar, 6 versus 2) do not contribute strongly to disease risk. A cryptic disease-
related variant does not show significant overrepresentation in cases (open circle). B.
Suggested approach. Individuals are first analyzed for phenotypic robustness (bold box)
and then for variants associated with disease. Rare variants of large effect will be enriched
in robust cases, although they may also be present in non-robust cases. Variants that are
overrepresented in all cases (robust, non-robust) will show higher penetrance in non-
robust individuals (large yellow bars). The formerly cryptic, disease-related variant (open
circle) is significantly enriched in non-robust cases versus s non-robust controls (and
robust cases) and can therefore be identified. Together, heritability significantly increases.
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The formerly cryptic genetic variant and higher penetrance variant can be thought of as
“disease-specifiers” as they determine the specific disease phenotype of individuals
carrying them. Note symbols represent highly simplified frequencies of specific variant in
indicated groups and not individuals carrying certain variants.

This approach hinges critically on the identificatiof reliable markers for phenotypic
robustness that can be readily assessed in lamgarhpopulations. The functionality of master
regulators such as HSP90 could potentially prowdeh a robustness measure. In yeast,
however, the group of master regulators that affelstistness is large and functionally diverse
(about 1-5% of all non-essential genes) (Levy argj& 2008). Assaying the diverse functions
of hundreds of proteins is not a suitable high-tigfgput test.

Because decreased robustness correlates with addgas genome instability at several
levels—an increase in microsatellite mutationg)gpson mobility, recombination rates, base-
substitution mutation rate, and large duplicatiand deletions—we suggest that these different
genome instability events can serve as read-outdeftreased robustness. Recent technological
advances have made most of these features easégilole in large populations of humans and
model organisms. The individual events may be @s@bserved for CNV variation; hence, they
need to be investigated on a genome-wide scaleié®satellites show by far the greatest
mutation rate (Legendre et al. 2007), somatic nsigt@llite variation may be the most sensitive
robustness marker. In fact, microsatellite variatias a long history as a marker for deficient
DNA repair in certain cancers (Li 2008; Prestoale2010). At this point, however, assessment
of microsatellite variation requires high-qualigxpensive Sanger-sequencing. Neither the more
cost-effective next-generation sequencing nor abased genotyping can accurately determine
variation of small microsatellites, but given thecp of current technology development, this
technical hurdle should soon disappear.

Before investing in human studies, the suitabitynolecular robustness markers is
easily testable in model organisms. We envisiorfahewing proof-of-principle experiments:
First, a diverse wild-type population, ideally findscollected, is phenotyped for robustness,
using traditional robustness measures such as sygnarequantitative trait variation in
genetically identical offspring (such as existpiants and worms). We expect a distribution of
robustness. Second, the least robust and mosttriololiigduals are assessed for genome

instability events at several levels. We expedlserve a higher frequency of these events in
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less robust individuals. If a significant corretetibetween a traditional robustness measure and
any genome instability event is found, this typgehome instability is a robustness marker that
is applicable to humans. Third, if our hypothesisarrect, less robust individuals should be
more susceptible to environmental stresses andsholv higher expressivity of mutations and
genetic variation. This assumption can be testeeXippsing the least robust and most robust
individuals to environmental stress and mutagenesis

If genome instability events fail to predict rolnesss, alternatives exist. For humans,
DNA-, RNA- or cell-based assays are preferabléhasiecessary material can be obtained with
relative ease. Indeed, several cell-based, highithrput assays for somatic mutations already
exist for humans (Albertini et al. 1993). In priplg, these assays monitor allele loss resulting in
an altered phenotypic output such as fluorescefether, potentially more promising, cell-
based approach for determining robustness in humankl be to assess cell population
variance for a given individual in gene expressgemnome methylation, or chromatin states. Cell
population variance in shape and other morpholdfgedures could also serve as a robustness
marker (Levy and Siegal 2008). In yeast, this apphadentified robustness master regulators by
calculating the variance of 70 phenotypic traitoamindividual cells stained for nuclei, actin,
and a cell wall marker (Levy and Siegal 2008). @itlds arsenal of possible robustness
measures, high-throughput molecular or cell-basbdstness markers seem feasible in the near
future.

Our hypothesis is testable even in the absencaragh robustness markers. If decreased
robustness predisposes to complex diseases, westamhether individuals suffering from one
complex disease are more likely to suffer from hagtas we would predict. Another test would
compare variants between cohorts of patients saffédrom two different complex diseases.

This comparison would filter out shared variantt lre not causative and possibly related to
decreased robustness and reveal statisticallytatticausative variants that are specific to each
disease.

Our hypothesis that robustness differences amatigiduals contribute to the missing
heritability of disease is akin to prior propositsothat epistasis, i.e. genetic interactions,
accounts for the missing heritability (Gibson 20Zaik et al. 2012). Epistatically interacting loci
could certainly be detected through GWAS, yet wilsrequire very large sample sizes to find

sufficient individuals of each genotype combinatibmcontrast, our approach reduces the
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intractable complexity of possible genetic intel@ts to robustness, which we propose is a
universal disease and trait modifier that can lasifdy measured in large human populations.
Further, not all instances of disease may invokmegic interactions; some may arise from
interactions of risk alleles with non-genetic meukms or environmental factors. Unlike
traditional GWAS, our approach might capture thastances because robustness differences
can arise through non-genetic mechanisms and emagntal perturbations. Taking robustness
into account has the potential to free us frommdesegling the multitude of factors contributing
to specific instances of disease. If successfid,approach might render complex disease more
deterministic and predictable, allowing us to bedentify the contributing life style choices and
environmental exposures and ultimately decreassdherity and incidence of these devastating

diseases.
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CHAPTER FIVE
PREDICTING MUTATION PENETRANCE WITH MOLECULAR MARKER S OF ROBUSTNESS
Introduction

Complex traits are phenotypes caused by interactetween multiple genetic loci, the
environment, and stochastic noise. Complex trantdiding complex human diseases such as
Autism and Schizophrenia, cluster in families barmmot be completely explained by inheritance,
leading researchers to conclude they have bothtigeared environmental underpinnings.
Genome-wide association studies have tried to iigethie genetic underpinnings of complex
disease and have been effective at identifyingcatsal common variants, yet these loci only
have modest explanatory value for the observedatdity. The inability to identify the genetic
determinants underlying the heritable portion ahptex traits has led to the term “missing
heritability” (Eichler et al. 2010; Manolio et &009). Many hypotheses have been put forth to
account for the “missing heritability” of complevaits and some combination of these
hypotheses together can likely explain most ifalbof this phenomenon. One such hypothesis
that others and we have put forth is that robustmesthe ability to buffer genetic variants and
environmental perturbations, varies between indiaid and affects the penetrance of both
standing variation and new mutations (Queitsch.€2Cd.2; Gibson 2009; Zuk et al. 2012). This
would result in the same genetic variant havinfed#int effects in different individuals,
preventing GWAS from discovering the causative gienariant underlying a given complex
trait.

The same phenomenon is also a potential mechatiswireg for rapid adaptation to
new environment. For example, work on protein enape Heat Shock Protein 90 (HSP90)
demonstrates that HSP90 can buffer genetic vaniaiml that perturbation of HSP90 reveals
previously cryptic genetic variation (Sangsterle2@08b; Queitsch et al. 2002; Sangster et al.
2008a). This novel phenotypic variation can bedaigon by natural selection. There are other
mechanisms thought to be able to buffer geneti@atran such as redundancy of genetic
networks and microRNAs (Wagner 2000; Bergman aed&i2003; Levy and Siegal 2008;
Leclerc 2008; Ciliberti et al. 2007; Li et al. 200®osadas and Carthew 2014; Ito et al. 2011,
Hornstein and Shomron 2006). When discussing rakgstmechanisms in relationship to rapid

adaptation, we invoke an environmental changeresstas the cause of the robustness

4 This work is in collaboration with G. Alex Mason.
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perturbation. For example, we know that heat sttaassequester HSP90 from its normal client
base and reveal the same cryptic genetic variateealed by specific reduction of HSP90 by
drug treatment (Queitsch et al. 2002). When disnggbe role robustness plays in “missing
heritability,” we instead invoke natural variationthe level of robustness between individuals.
We have demonstrated natural variation of robustaesoss global and regional strains of
Arabidopsigthaliana using the variance in quantitative traits acrgsgjénic siblings as a
measure of robustness for a given genotype. Thasuare of robustness is not an option in
humans and is laborious in model organisms. To dstnate robustness varies naturally in
human populations, a new method to measure rolsssis@eeded.

We propose genome stability as a molecular markegbwustness. There are multiple
observations in the literature that in several nigras both HSP90 reduction and environmental
stress lead to a decrease in genome stability€itin et al. 2010; Specchia et al. 2010a; Chen
et al. 2012; Queitsch et al. 2012). Here, we shwaw HHSP90 reduction decreases genome
stability in Arabidopsis thaliana using two approaches, a somatic homologous recatibm
reporter system (Schuermann et al. 2009) and githroughput, sequencing method MIPSTR.
MIPSTR can detect somatic STR slippage, allowingigtection of subtle differences in
genome stability. Unlike expression reporter systediPSTR can measure genome stability in
any organism with a high quality reference genam&uding humans. We hypothesize that
genome instability is an affect of a non-robustestaot a cause of phenotypic variation. To
address this, we measured robustness using variatguantitative traits in several well-
characterized, genome stability mutants. We fotmadl low genome stability does not
necessarily translate to low robustness, validatumguse of genome stability as a molecular
marker for robustness.

With a molecular marker of robustness in hand, @caretake robustness into account
when associating genetic variants with complexdran our model of the role of robustness in
complex traits, rare variants of large effect witiderlie complex disease in robust individuals
whereas both rare variants of large effsat unbuffered genetic variation, both standing
variation and new mutations, will underlie compteadts in non-robust individuals. Work on
HSP90 has demonstrated its ability to buffer stagdjenetic variation, variation that has been

vetted over time by evolution. We hypothesize th8P90 and other robustness regulators can
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also buffer the effects of new mutations, sucheasmt, rare mutations or de novo mutations
underlying some complex traits.

Here, in addition to characterizing nautral vagatin robustness across diverse strains of
A. thaliana and demonstrating a correlation between robustmaggenome stability, we show
that HSP90 can buffer new mutations. We show tlitls mutagenesis dk. thaliana seeds and
the subsequent measurement of penetrance of mgatidiSP90 reduced and control plants.
We follow up these results with a number of projiosgure experiments to further test our
hypothesis of the role of robustness in “missingtability.” First, we would like to associate
genome stability with robustness in other robustmestants and across diverse, non-mutant
backgrounds. Second, we would like to verify ourtation penetrance measurements with a
follow-up experiment. Third, we would like to colae mutation penetrance with robustness and
genome stability, again in non-robust mutants aatdnal strains. These experiments combined
with the results presented here could be strong@tior the role of robustness in both the

“missing heritability” of complex traits and rapadlaptation.

Results
Measuring variance of quantitative traits confirmed natural variation of robustness

HSP90, our primary example of a robustness meshmmot only buffers genetic
variation but also buffers the effects of stocltastise. Because of this, we use the variance in a
guantitative trait across isogenic siblings as asnee of robustness (Sangster et al. 2008b).
Those backgrounds that are robust will have legatian between siblings than those
backgrounds that are not robust. Our lab previowggtified variable levels of robustness,
based on variance of hypocotyl length in isogeibrgys, across recombinant inbred lines
(RILs) between two divergett thaliana strains Bay-0 (Bay) and Shadara (Sha). We
reproduced the most and least robust Bay X Sha &itass 70 individuals using the same
robustness measurgig 5.1top), demonstrating reproducible natural variabbnobustness in
these strains.

We also found variation in robustness with thisisaneasure in German strains that
were collected recently from around Tubingen (Bdesbét al. 2010). These strains were
genotyped with SNPs to determine diversity. We tbtirat plants from a stand with low genetic
diversity had very similar levels of robustness le/fplants from a stand with high levels of
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genetic diversity had varied levels of robustn@$ss indicates that natural genetic variation
plays a role in the natural variation of robustn@sg 5.1 middle, bottom).

Lastly, my labmate Jennifer Lachowiec, measureduae in hypocotyl and root length
across 70 isogenic siblings for 96 diverse globaiiss ofA. thaliana in triplicate. She found this
robustness measure to be reproducible acrossatgdiand to be highly variable between
strains. She was in fact able to associate a SKiPwariance in root length among these
populations (Jennifer Lachowiec, personal commuiang potentially identifying a new
robustness master regulator with functional natuaalants in a global population.
HSP90-reduced, non-robust plants have low genomeasility

We first tested whether HSP90-reduced plants hagreehrates of somatic homologous
recombination (lower genome stability) than corgnasing a transgene-based homologous
recombination reporter line. Error-free somatic lodgous recombination restores the function
of the firefly luciferase (LUC) gene (Schuermanmalet2009). We reduced HSP90
pharmacologically with geldenamycin (GDA), a driagttspecifically inhibits HSP90. We grew
reporter seedlings on media with and without GDAe §prayed two-week-old seedlings with
luciferin, the luciferase enzyme substrate, andchtalluciferase-expressing spots, each of which
represents a somatic homologous recombination eVlaete are more somatic events in HSP90-
reduced seedlings than in contrdisg( 5.2). Having confirmed that HSP90 reduction decreases
genome stability as we previously observed witimalar GUS reporter systenfrig. 4.1, we
then applied a more universally applicable metlwaddress genome stability.
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Figure 5.1 Variance in
hypocotyl length as a
measure of robustness
in different genetic
backgrounds. *p-value <
0.5, ***p-value < 0.005 in
Levene’s test comparison .
Left-most genotype is Col-
0 robust wild-type. Top)
Coefficient of variance of
hypocotyl length of
different Bay X Sha RILs.
There is significant natural
variation among RILs, but
none have a CV close to the
robustness mutant
positive control in orange
(polV). Middle) Box-and-
whiskers plot of hypocotyl
length in regionally
collected German strains.
The Ha individuals have
low genotypic diversity
while the Nie individuals
have high genetic
diversity. Bottom)
Coefficient of variance of
hypocotyl length in
regionally collected
German strains. The
diverse individuals vary in
robustness while the non-
diverse individuals do not.
None of the natural strains
have a CV close the
robustness mutant
positive control in orange

(polV).
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Figure 5.2 Non¥obust plants have undergo more somatic homologouscombination
events. Left)Photo of a 14-dapld seedling with glowing spots, each indicatingpanatic
homologous recombination event that completes etiimmal copy of the firefly luciferase ger
Right) Nonfobust plants grown on GDA show more spots pertglaan controls. Wilccon,
p=0.011.

Applying our sequencing based method MIPSTR, wesoreal genome instability
short tandem repeatise, microsatellite instability), in HSP-RNA: lines and Cc¢-0 wild-type
control plants. With MIPSTR, we can identify thenmber of somatic mutations at ~9(- and
hexa-nucleotide STR loci across the genome. In ordeptopare somatic alleles in HSI-
RNAI lines and wildtype controls, we performed a bootstrap resamphiethod to account fc
uneven sequencing library coverage. Previouslyusesl this method to assess gen:
instability in Atmsh2 mutants, which are defective in their DNA mismatepair fathway.
Atmsh2 mutants showed a ~5% increase in average somatiesaper locus compared to -0
(Supp. Fig. 3.4. We expected a subtler increase in somatic allede locus in the HSP-
reduced plantsComparing 39 loci across the genome that pasur read count threshold, v
observed a 3.4% increase in average number of goail@les per locus in HSP-RNAI-C1
plants than Col-0 control§ig 5.5, left).
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Figure 5.3 HSP90-RNAI plants show lower genome staity than Col-0 controls. Left) X-

axis, Col-0 control or HSP90-RNAI-C1 plants. Y-gxaserage number of alleles per STR locus
(no somatic variation in homozygous plants equatsallele). Standard error is indicated with
black lines. To calculate the average number eteslper locus, we re-sampled 300 tag-defined
read group modes at each STR locus 1000 timesndiméer of alleles supported by at least one
tag-defined read group per sample was averagedsa&DR lociRight) We used Fisher’s exact
test to ask whether the distribution of somatielal was different at each locus between sibling
pairs. The negative lggof the p-values are plotted for Col-0 siblingdloe and HSP90-RNAI-
C1 siblings in green.

We also used MIPSTR to compare somatic differebeéseen Col-0 siblings and
HSP90-reduced siblings. If HSP90-reduced planteapce more somatic events than controls,
we would expect the distribution of somatic alleéi@eshow greater difference between HSP90
reduced siblings than between wild-type siblinge d@mpared the distribution of molecules
(tag-defined read groups, Chapter 3) supportingmdint STR unit number genotypes across loci
between HSP90 reduced siblings and Col-0 siblisgsguFisher’s exact test. HSP90-reduced
siblings show more differences from each other simaldy than Col-0 siblings, indicating a
lower level of genome stability in the HSP90 redup®lividuals than in control$-{g 5.3
right).
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Genome instability mutants dc not necessarily have low robustness

To explore the relationship between genome stalahd robustness, we measu
robustness of the genome stability mutéAtmsh2, Atpmsl, Atwhyl, Atwhy3, and two alleles ¢
Atpoldl. We expected that mutants in geimportant for DNA stability would not necessar
have low robustness as in our hypothesis, genostahitity is a consequence of low robustr
and not a caus@&tmsh2 mutants which have defects in mismatch repair lpageiously beel
shown to have higlevels of somatic STR variation by others an (Golubov et al. 2010t
Supplemental Fig. 3.4) Mutants inPMSL, an impetant gene in the mismatch repair pathy
and MutL homologue, show increased somatic STRatiari and homologous recombinat
(Alou et al. 2004; Li 2008)Mutants in the WHY1 and WHY 3, two genes importimtplastid
genome stabilitghow increased rates of illegitimate, re-mediated somatic recombinat
(Maréchal et al. 2009Mutants inPOLJ1, a polymerase important for lagging strand repilice
and replication fidelity, show increased levelsiomolgous combination with LUC report
line, with thepold1-3 allele having «stronger affect thapolol1-2 (Schuermann et al. 20(. We
measuredhe variance of hypocotyl length across isogeritirgls these genome stabil
mutants in three replicates. and concluded gendabdisy does not determine robustneFig
5.4).
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Figure 5.4 Variance in hypocotyl length as a measure of robustness in genome
stability mutants. *p-value < 0.5 in a levene’s test comparison with robust control Col-0 in
salmon and non-robust mutant positive control polV in orange Top) Coefficient of variance
of hypocotyl length of different genome stability mutants. All have decreased genome
stability, but not all have increased robustness.

HSP90-reduced, non-robust plants have higher penetnce of new mutations

Next, we tested penetrance of new mutations irCiled background. We mutagenized
Col-0 seeds with two concentrations of EMS and ntoekted control seeds. We planted seeds
from each mutagenesis concentration and contrdissee both GDA-containing media and
control media to measure penetrance of mutatiotiseifM1 generation when the mutations are
in the heterozygous state. We scored 10-day-oldlisgs into five ranked scores ranging from
wild-type (0) to very sick (4)Kig. 5.5A). We measured penetrance by the statistical signi€e
of the change from low scores to high scores aftigiagenesis. The more significant a change
meant higher mutation penetrance. In the M1 geloeraive saw a large difference in penetrance
of mutations in HSP90-reduced versus control segslfFig. 5.58). We performed the same
experiment in the M2 generation, carrying forwantiydhe lower concentration of EMS (see
Methods) and again saw greater penetrance of newations in the HSP90-reduced plants than
in controls, though this time the difference wascimmore subtleRig. 5.50. We observed this
increased penetrance whether we used bulked M2 sedd2 seeds pooled from a single silique
from each plant. In the single silique seed poe@l,imcreased representation of deleterious
mutations by giving approximately equal represeénatio very affected and unaffected plants.
In the bulk seed pool, healthy, unaffected plamtglpced many more seeds than affected plants
and all seeds were collected. Because of this xpeated the single silique pool to be enriched
for variants of large effect (fully penetrant varig regardless of the level of HSP90) and indeed,
we see more extreme non-wild-type phenotypes isitigle silique experiments compared to
the bulked seed experiments in HSP90-reduced amdotconditions Fig. 5.5D). Throughout
these experiments, we saw an affect of DMSO (tlmécleefor GDA) on the germination of
seedlings. To avoid using DMSO and to more direotijmpare our mutation penetrance results
to our genome stability results, we mutagenizedH8890-RNA. lines at the lower
concentration of EMS. As with drug treatment, tHeR90-RNAI lines showed higher penetrance

of mutations than controls in the M1 generatibig(5.5E).



A Phenotypic score ke

Category 0: Category 1:
Wild-type seadling, One defect
no visible defecls Asymmetries
Lotieacns
o .I’.I'd ib(z'w
Category 2: Lesnons on Dlscolorat ons
Two defects, OR:

lEulra missing, or deiormedorgans ; I Epinagtic true leavas E

-

= D HHN
1 2 3 4

; Epinastic cotyledons  Hyponastic cotylecons  Abnormally small wtlike © mutant-like
Lesions on frue leaves
Category 3: Category 4:
Three defects, OR: 4 or more defecls

Severe developmental delay

®o—O —

B Phenotypic scores in M1s D Bulked and single silique scores in M2s
contral - - control
0 EMS l* 0 EMS
*
control *| 9 control
2% EMS * bulk

4% EMS silique

II"W

‘.
*
*
O EMS * * 0 EMS
% x
HSP9O- * * HSPOD-
.2% EMS * bulk
HSPYO- ] HSP2O-
4% EMS siligue
0 20 40 60 80 100 v] 20 40 60 &0 100
Percenl phenolypic score Percent phenolypic score
C Phenotypic scores in M2s E Non-wildtype seedlings in RNAi line M1s
contral ~ OCthIA_g |
0 EMS Col-0 |
: 2% EMS
HSP90-RNAI-C1 |
control E * QEMS | *
2% ZMS HSPOO-RNAI-C1 |
.2% EMS 1 - - 1
o [ 17 18 74
HSPYO- ; ] Percent phenotypic score = 2
0EMS
*
*
*
H5P90- ]
2% =MS
1 1 ] 1 1
0 20 40 B0 80 100

Percent phenotypic scare



77

Figure 5.5 HSP90-reduced plants show higher penetnae of mutation.A) Phenotypic score
key from wild-type (0) to very sick (4B) *p-value < 1E-6, **p-value < 1E-10, ***p-value <1E-
50, ****p-value <1E-100 using proportional odds modeling. Phenotypic score distributions of
M1 seedlings after mock EMS treatment or treatrmettit .2% or .4% EMS. Seedlings were
grown on GDA (HSP90-) or control media for 10 dagsore scoringC) *p-value < 1E-9, **p-
value < 1E-10, ***p-value <1E-13 using proportional odds modeling. Phenotypic score
distributions of M2 seedlings after mock EMS treairnor treatment with .2% EMS. Seedlings
were grown on GDA (HSP90-) or control media fordeys before scorind?) Phenotypic score
distirbutions of M2 seeds collected from a singligge of each plant (silique) versus bulked
from all plants (bulk) after mock EMS treatment@atment with .2% EMS. Seedlings were
grown on GDA (HSP90-) or control media for 10 dagsore scoringe) *p-value < .05, **p-
value < 1E-10 from chi-square test. Percent of Col-0 Col-0 and HSP90-RNAI-C1 M1
seedlings after mock EMS treatment or treatmertt vi&ito EMS with phenotypic score2.
Seedlings were then grown for 10 days before sgorin

Proposed Experiments
Does genome stability correlate with robustness inon-robust mutants other than HSP90-
reduced and/or in natural populations?

We propose to apply a selected set of somatiatrani sensitive MIPs and the MIPSTR
method first to non-robust mutants and then tomahpopulations. Our lab has identified one
other non-robust mutant in which we can test tlgolthesis, although we do not yet know the
mechanism by which the gene or gene product condérsstness (personal communication, Cris
Alexandre). We will also test mutants in homologgases to robustness regulators identified in
other species, such as yeast and worms (Levy aghlS2008; Lehner et al. 2006). We will use
this opportunity to test whether our robustnesssuess, namely variance of hypocotyl length
among isogenic siblings and genome stability, dateewith other identifiers of robustness.

After confirming a correlation between STR staiind robustness in mutants, we will
apply MIPSTR to natural populations for which werdaneasured robustness using variance of
hypocotyl length, namely the Bay X Sha RILs, thgiwaal German strains (Bomblies et al.
2010), and the global strains. We hypothesizegaabme instability as measured by average
number of alleles per locus correlates with varaimchypocotyl length among isogenic siblings
in a given genetic background. If this is not thee; or the correlation is not perfect, we propose
that genome stability itself could be an independesasure of robustness. Our lab has recently

shown that some robustness master regulators ldt@iyaffect certain traits (Jen Lachowiec,
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personal communication). Therefore, our hypoco@ylance measurement could miss certain
types of robustness. Additionally, we have statteexplore alternative robustness measures,
such as global expression patterns from which watify outliers as non-robust and “inliers” as
robust. We will test whether this alternative meastorrelates with hypocotyl length variance
and/or genome stability in the Bay X Sha RILs onahtihe initial expression analysis has been
completed (Kerry Bubb, personal communication).

Are we truly measuring mutation penetrance with ourexperimental design?

With our current experimental design, we do noediy show that the same mutation is
more penetrant in HSP90-reduced plants than coplaals. Instead, we show that the same
degree of mutagenesis results in more non-wild-pfmmnotypes in HSP90 reduced plants than
control plants. To address this, we will compaeetame mutation in HSP90-reduced and
control conditions. We selected 25 M2 seedlingmftbe following eight categories for
transplanting to take to the next generation: I}rmutagenized, wild-type looking on control
media 2) mutagenized, wild-type looking on contr@dia 3) non-mutagenized, with a score of
two, three, or four on control media 4) mutagenjzeith a score of two, three, or four on control
media 5) non-mutagenized, wild-type looking on H8R&duced media 6) mutagenized, wild-
type looking on HSP90 reduced media 7) non-mutageiiwith a score of two, three, or four on
HSP90-reduced media 8) mutagenized, with a sconeafthree, or four on HSP90 reduced
media (Fig. 5.6). We recorded and photographedpkeific phenotypes we observed before
transplanting.

Becaus@A. thaliana is inbreeding, any mutations that were homozygmgsaffecting
phenotype in the M2 generation will remain homozygm the next generation. We will collect
seeds from the transplants and will plant 72 segdlof each genotype on control and HSP90-
reduced media. Category one seedlings are unmutagesand therefore should be isogenic, so
we expect them to remain wild-type on control meatd to show a slight increase in non-wild-
type phenotypes on HSP90 reduced media due toeddudfering of stochastic noise. Category
two seedlings were mutagenized but we did not sexffact of mutations on phenotype, either
because the mutations were neutral or becausevteybuffered. We expect category two
seedlings to mostly appear wild-type on control ila&ahd to potentially show a specific non-
wild-type phenotype on HSP90-reduced media if aiptesly buffered mutation is revealed.

Category three seedlings are the result of stochasise, so we expect a low level of stochastic



79

noise on control media and a higher level of stettbaoise on HSP90-reduced media. Overall,
we expect the results for category three to belairo the results for category 1. Category four
seedlings represent highly penetrant mutationargkl effect. We expect to see the phenotype
for which the parent seedling was originally sededlchmong the seedlings growing on the control
media and the same phenotype potentially at a highguency on HSP90-reduced media.
Category five seedlings overcame the stochastgenbiat resulted from the reduction of HSP90
during their development. We expect these seedtmigok mostly wild-type on control media
with a subtly increased frequency of non-wild-tygeenotypes on HSP90-reduced media.
Category 6 seedlings either harbor neutral mutat@rmutations that are lowly penetrant even
upon HSP9O0 reduction. If the mutations turn ouvteédhe latter, we would expect to see a novel
phenotype on the HSP90-reduced media only andoat &equency. We propose category 7
plants experienced high levels of stochastic nafte the reduction of HSP90, so we expect
these plants to look mostly wild-type in the neghgration, with a higher frequency of non-
wild-type phenotypes on HSP90-reduced media thatrao In this case, we do not necessarily
expect to see the same phenotype we saw in thetphastly, for category eight plants, we
expect to see the phenotype of the parent at hnegjuéncy on HSP90 reduced media and
potentially at a lower frequency on control media.

This experiment has the potential to demonsttaethe same mutation is more
penetrant in HSP90-reduced, non-robust conditibas tn control conditions and that mutations
that look wild-type or have low penetrance in cohtonditions can be revealed or show high
penetrance in non-robust conditions. These resutsd give us confidence in our approach to
measuring mutation penetrance when we apply ousuanean other genetic backgrounds. On
the other hand, if we do not see consistent resuttss experiment, we will need other

measures of mutation penetrance.
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Figure 5.6 Proposed experiment to determine if a gen mutation is more penetrant wher
HSP90 is reducedFrom each of the ght categories shown on the four plates on thevef
chose 25 seedlings and recorded their phenotypedrafisplanted these seedlings to soil
will allow them to selffertilize, leading to genetically identical offspg. We will plant seed
from eah of these transplants on HS-reduced media and control media and record frequ
of phenotypes.

Can we use quantitative traits as a measure of mutian penetrance’

If the previous set of experiments demonstratelsahamutation penetrance measis
not valid, we will use quantitative traits. As praysly discussed, n-robust isogenic sibling
have a higher variance in quantitative traits tr@bust, isogenic siblings. If mutation penetra
is higher in norrobust mutants, we expect the disution of a quantitative trait in isoger
siblings to change more in n@abust plants than robust plants after mutagen@sescan
measure robustness as the significance in the ehafrtge distributions, with the assumpt
that robust plants would exjpence a smaller shift in distribution than -robust plants. Thi
approach is more quantitative than our current@ggr and less prone to human bias. Howe
out of all the mutations, we can only expect somalkpercentage to affect a given comg
trait. Because of this, it is possible that thediegs without a mutation affecting the given ti

with eclipse any small change in the distributiBar this reason, we believe our curr
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approach of taking into account all non-wild-tygeepotypes is a more suitable measure of
mutation penetrance.
Are we comparing apples to apples when comparing fierent mutagenized backgrounds?

In our experiments using GDA to reduce HSP90, veethis same batch of mutagenized
Col-0 seeds, allowing us to control for the leviehmtagenesis between the two conditions. In
the case of the HSP90-RNAI-C1 line, other robustmestants, and the natural populations, we
can mutagenize them with the same protocol, butamaot guarantee they experience the same
number of mutations. This unequal mutagenesis eatub to variation in seed size or seed
clumping among genetic backgrounds. In the casleeomutagenized RNAI-C1 line, we saw
more non-wild-type phenotypes in the M1s (Fig 4sasel more embryonic lethals in the M2s
than in the mutagenized Col-0 controls, which contticate either higher mutation penetrance
as we proposed or the trivial explanation of mdfieient mutagenesis in the HSP90-RNAI-C1
line. In order to make conclusions about mutatiengtrance in these lines as compared to Col-0
or each other, we need to bulk and sequence thad/ifismonstrate that comparable amounts of
mutations occurred in the different genetic backgus.
Do natural lines with low robustness and genome dbdity show high penetrance of
mutations?

We will mutagenize natural lines from the Bay X Ri& population, the regional
german population, and the global population fromextremes of robustness distributions
derived from genome instability, variance in queative traits, expression outliers, or some
combination of the three. We will measure both tlgw@ental phenotypes in M1s and
developmental phenotypes and quantitative phenstyptihe M2 generation as described above.
If we are able to predict mutation penetrance uaingbustness molecular marker such as
genome stability, we will be able to better undmmstwhich genetic variants are causative to

complex traits.

Discussion

From the work presented here, we concluded thairge stability correlates with
robustness in HSP90-reduced, non-robust plantsheghenetrance of new mutations is
increased in these plants. Although it has longnbe®wn that HSP90 reduction increases

penetrance of or reveals standing genetic varigBamgster et al. 2008b, 2008a; Queitsch et al.
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2002), we showed for the first time that HSP90 otidn leads to increased penetrance of new
mutations. We also demonstrated that robustnegssvacross natural populations using our
traditional robustness measure of variance of atiaéve trait across isogenic siblings. With
these results in hand, we can begin our proposgerenents to determine whether genome
stability can serve as a measure of robustnessyig@netic background and whether naturally
low levels of robustness can lead to increasedtpame of new mutations. We have begun
mutagenesis on highly and lowly robust Bay X ShiasRl

The experimental approach presented here has ealesats. The first is an incomplete
understanding of the “right” measure of robustn@&ss. measure of variance of hypocotyl length
across isogenic siblings could conceivably faildentify robustness in other developmental
stages or tissues. We know that variance of qudivet traits does not correlate well across traits
(Jennifer Lachowiec, personal communication). Wappse that genome stability will serve as a
consistent marker of robustness and predictor datimn penetrance, but this is yet to be shown.

Another caveat is the expectation that HSP90-rsalugvill always increase penetrance
as opposed to generally changing penetrance, @itreasing or decreasing it. When Sangster
et al mapped HSP90 dependent loci in RILs, thegesl new quantitative trait loci in HSP90-
reduced conditions, but also saw QTLS disappeamtaee present in control RILs (Sangster et
al. 2007, 2008a). This could be interpreted to nteahlow robustness can either increase or
decrease penetrance of genetic variation. The ,at@ne plausible explanation for this is simple
statistics. If revealed loci in the HSP90-reducéldsfhad a much larger effect on phenotype than
the loci identified in control RIls, the control Q3 would seem to “disappear.” We will have a
clear answer to this question from our proposecergEent to take specific mutations from wild-
type and HSP90-reduced media to the next generdtiseedlings we selected as “wild-type”
from HSP90 reduced conditions have a novel pheraty@ higher frequency of a phenotype on
control media, we would conclude HSP90-reductianalao decrease penetrance of variants.
This conclusion would void our mutation penetran@sasurement as a valid approach to test for
the effects of HSP90-reduction or low robustness.

There are alternative approaches to getting atdlleeof robustness in complex traits.
Michael Dorrity in our lab is currently using deequtational scanning (Araya and Fowler 2011)
in genes of the mating pathwayS#ccharomyces cerevisae, one of which is known to be an

HSP9O0 client. We hypothesize that under controbdmns, most mutations will be neutral but
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under HSP90-reduced conditions some mutationsafféct mating. We also predict large effect
mutations that are fully penetrant and have arceffeboth control and HSP90-redued
conditions. Mike has already found variants thatlarffered by HSP90 in a gene not known to
code for an HSP9O0 client. His work can also addiiessjuestion of whether HSP90-reduction
always increases or can also decrease penetranesvafutations. He is able to directly
compare the same mutations in different conditionssing established techniques of pooling,
barcoding and sequencing in yeast (Michael Dorggrsonal communication).

With the results presented here, the proposediexgets, and the complementary
approaches currently addressing the same quest@ate well on our way to understanding the
role robustness plays in complex traits. With #niewledge in hand, we can begin to look in
human populations for a way to stratify robust and-robust humans, such as the application of
MIPSTR to measure genome stability. Including rébess as an interaction in associations of
genetic variants and phenotypes will likely reviemictional variants previously over looked

because of their frequency in healthy, robust inldizls.

Methods

Measuring robustness using hypocotyl length variare

Columbia-0 (Col-0) was used as wild type (WAYrd3-1 was used as a non-robust, positive
control. All mutants were in the Columbia-0 backgrd. Seedlings were grown vertically for
seven days in the dark. Statistical significanceasfance in hypocotyl length of 50-70 seedlings

was determined using Levene’s statistic.
Luciferase homologous recombination reporter line

Plants were grown for fourteen days on media withSD (mock) or geldanamycin dissolved in
DMSO. At 14 days, seedlings were sprayed with 1ubMiferin and kept in the dark for 1 hour

before imaging on a NightOWL CCD camera. Spots werented manually.
MIPSTR analysis

See Chapter 3 Methods.
MIPSTR to look at genome stability
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To compare the number of somatic events occurrirdifferent individuals, we only

considered STR loci with low technical error scaifgslow 0.2 Supplemental Table ) and
with information for all plants in the comparisdife used bootstrap resampling to account for
sometimes vastly different read counts. We resadn®0® modes of tag-defined read groups
(See Chapter 3) for each locus. For each samplealgalated the number of different STR unit
number alleles present and averaged across loci.
EMS mutagenesis

3500 Col-0 seeds were pretreated with 0,005% Twe&mmutagenized with .2% EMS,
4% EMS, and with a mock solution. Seeds rotateeNts overnight. Seeds were thoroughly
rinsed eight times, then suspended in agarose. 4885 from each mutagenesis concentration
were planted for M1 phenotyping. The remainder plasted to take to the M2 generation.
Developmental phenotyping
We scored 10-day-old seedlings according to thphgean Figure 5. Only extreme asymmetries

were considered to be different from wild-type.
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CHAPTER 6
DISCUSSION AND FUTURE DIRECTIONS

The ability to rapidly adapt to new environmergbas on phenotypic diversity on which
natural selection can act. Genotypic variation el as environment and stochastic noise
underlie the phenotypic diversity. Often this gemetphenotype map is not straightforward. For
my dissertation, | investigated two molecular measms of rapid adaptation. First, a class of
highly mutable genetic elements called short tandegpeats. STRs are highly variable between
individuals and reside in functional genomic regiogenerating high levels of phenotypic
diversity on which natural selection can act irharstime frame. Second, robustness master
regulators can buffer genetic variation from phgpet allowing it to accumulate without facing
selective pressures, but when these robustnesateguare challenged by environmental stress
or mutation, these previously cryptic genetic vatsasuddenly lead to novel and diverse

phenotypes upon which natural selection can act.

The role of germline STR variation in adaptation ard missing heritability

In the genotype-phenotype map, STRs are one claggmnetic variation that has been
largely overlooked simply due to the difficulty afcurately genotyping these loci with current
whole genome re-sequencing data. Ignoring STR tiamighowever, will lead to holes in the
genotype-phenotype map. This has been made ebglentmerous, exhaustive studies on the
function of specific STRs in a variety of organiswéich demonstrate a critical role of STR
variation in phenotypic variation(Fondon and Gar2@d4; Undurraga et al. 2012; Rival et al.
2014, 1; Rosas et al. 2014, 1; Smukalla et al. 200Blichael et al. 2007a; Peixoto et al. 1993).
In order to fill in the map and to understand thie 1of STRs in rapid adaptation, the field needs
accurate STR genotypes genome-wide across marnyduoédls. To address this need, |
developed a novel capture and sequencing baseddetiied MIPSTR to accurately genotype
STRs in a high-throughput manner.

In my proof-of-principle experiments, MIPSTR acataly called STR genotypes across
the genomes of many individuals. With MIPSTR, Iwsled we can eliminate technical error
from further analyses, accurately genotype hetgroazy STR loci, and even confidently call
somatic STR alleles. | showed that with only 10€],Ibcould identify likely functional STRs

and associate variation in STRs with phenotypicatian.
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In the future, we will apply MIPSTR on a largeakx InA. thaliana, we will target 2100
STR loci with unit lengths between 2-10 basepaiduding coding, regulatory, intronic, and
matched intergenic loci. The matched intergenicadoe crucial as we hope to use them to build
a neutral model of STR evolution. As is the casih wiost neutral models, this will not be
perfect because even intergenic STR variation cbalet a phenotypic effect, for example on
chromatin structure (Eckert and Hile 2009). Thialso a particularly tricky question because
STRs of different unit sequence, unit size, andltohit number mutate differently, so each
potentially functional STR will have to be compatedhe appropriate set of intergenic STRs in
the neutral model (Gemayel et al. 2012).

With a neutral model in hand, we hope to build gipgenetic tree oA. thaliana strains
using genome-wide STR variation. STRs mutate fabter SNPs and therefore can be used to
build a tree that has a finer time scale resolutiteving determined population structure and a
neutral model, we could then identify STRs thatléedy under selection and therefore
functional. We will develop methods to robustly@sate STR variation with phenotypic
variation that take population structure into actotln particular, we will look for instances
where STR variation can explain local adaptatioarteironment. We can then take candidate
loci from these associations and functionally testeffects of STR unit number variation in
relevant environmental conditions using transgeitcxlurraga et al. 2012).

MIPSTR can be applied to any organism with a lggality reference genome. My
promising proof-of-principle results suggest thaplging MIPSTR to humans, developing a
robust neutral model, and applying sophisticatatstics for association will help to fill in the
genotype-phenotype map, i.e. account for some fngdseritability” in complex disease. We
know of several extreme cases where STR variatiadd to disease phenotypes (Metzger et al.
2008; Gatchel and Zoghbi 2005; zZuhlke et al. 2066),we have little information on how
subtler STR variation can affect human phenotygkedisease. Because nearby SNPs and STRs
are often not in LD (REF), STRs having a functiogi@éct have likely been overlooked.

Because STRs are highly mutable, they serve asiemigntifiers even in closely related
individuals. The FBI uses just thirteen STR locutoquely identify individuals and match their
DNA to that found at the scene of a crime (Rohifale2012). Unfortunately, the set the FBI
uses was derived from STRs that are highly variabjeeople of European ancestry, but these

STRs are less variable and therefore less infomadbir other races (Rohlfs et al. 2012).
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MIPSTR would allow the FBI to easily include moréRSmarkers to remove the racial bias in
their DNA matching protocol.

In order to demonstrate the role of STRs in ra@uldptation, | propose a laboratory
evolution experiment usingtmsh2 mutants, which are known to have a high rate aftmn in
STRs (Golubov et al. 2010a). Mutation accumulatioes have been made Anthaliana, but
only SNPs and indels have been assessed (Ossdvesk?26810). We could first use MIPSTR to
assess STR variation among the mutation accumnlities to understand STR mutation rate in
a non-mutant background when not under selectiprogose to plant 38tmsh2 mutant plants
and 36 Col-0 controls, to grow these plants inrexulbator on long days, and to rotate the plants
daily. I would then apply a selection pressureciany flowering by selecting the six plants of
each background that flower the earliest. | woulliect and plant 36 seeds from each of these
plants and again select the 6 earliest flowerioghifemong the offspring of each genetic
background. | would retain seeds from each germeardtir sequencing. After 10, 20, and 30
generations (2.5, 5, and 7.5 years respectivelypuld apply MIPSTR and whole genome
sequencing to identify variants under selectiom thay confer the early flowering phenotype.
By doing this in theAtmsh2 mutant background, | hope to enrich for functio®@R variation.

This experiment would definitively show the role®fR variation in adaptation.

The role of somatic STR variation in robustness, g&cer, and development

| demonstrate that MIPSTR can accurately identiiyatic STR variants in individuals.
We propose to use this as a measure of genométgtabd thereby robustness of organisms,
but there are many other potential uses, the nimgbos of which is to measure microsatellite
instability (MSI) in tumors. Traditionally, rese&uers separately PCR amplify several STR loci
in a tumor sample and matched normal sample amdube capillary electrophoresis to compare
the sizes and distributions of STR alleles (Bolahdl. 1998a; Kim et al. 2013). If the
distribution is wider or shifted in the tumor, thisnor is said to have MSI (Boland et al. 1998a,;
Kim et al. 2013). This conclusion can affect diagigpprognosis, and treatment of the cancer
(Boland et al. 1998a; Kim et al. 2013). MIPSTR easily provide this same information and
can do so at a much higher resolution allowingrfatistinctions of the level of MSI. In fact,
MIPSTR could potentially detect somatic variantsyvearly on in tumor development.

Similarly, MIPSTR could measure the genetic hetenaity of STR alleles in a tumor. It is
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thought that more heterogeneous tumors have hegledutionary potential and are therefore
more aggressive and more likely to develop resistan therapeutics (Fox et al. 2013; Schmitt et
al. 2012). MIPSTR could discern relative presesicgomatic variants that are not present in the
dominant clone, avoiding the need to perform siuglé sequencing analyses to determine
tumor heterogeneity (Baslan et al. 2012; Navin.e2@l1).

There is evidence that somatic STR variation isamby seen in tumors as a result of a
defective mismatch repair pathway, but that it aisy play a crucial role in normal
development. In particular, somatic STR variatias been proposed to play a role in neural
development and neurodegenerative diseases (Reidalri2013; Fehér 2014; Fondon et al.
2008). If this is the case, tracking somatic vagdhroughout development using an approach
like MIPSTR could illucidate much more of the geyp®-phenotype map than originally
predicted.

A. thaliana would be an excellent model to address the rokoofatic STR variation in
development. To look at this, | would plant both-O@ndAtmsh2 plants. | would collect DNA
from the plants at various life stages and tissides|ly able to compare tissues and stages of the
same plant if enough DNA can be extracted. | wagdly MIPSTR to these DNA samples to
ask if | see any consistent differences in spegifR loci between tissues in Col-0 plants. |
would look to see if these differences were disgdphAtmsh2 plants and if that disruption
would affect phenotype in the respective tissue Esults of these experiments would be
difficult to functionally test. | would like to deg an inducible STR mutant, perhaps using heat
as an inducer, but currently this type of transg@nthaliana is far off. If this experiment has
reproducible results, this would be transformativenderstanding how genotype affects

phenotype and heritability.

The role of robustness in “missing heritability” and open questions

| put forth the hypothesis that robustness, omathiéty of an organism to buffer genetic
variation, is important for both rapid adaptatioainderstanding the “missing heritability” of
complex traits. In order to address this hypothesesfirst need a method to measure the
robustness of an individual. | suggested genoni®lisyaas a molecular marker and presented

MIPSTR as a method to assess genome stabilitydofiduals. So far, my work supports the
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idea that genome stability can serve as a markepbustness and that non-robust individuals
show higher penetrance of new mutations. We plaxtend this analysis to natural strains.
Our data suggests we can apply MIPSTR to humans and measure genome instability
of individuals. With this information in hand, we could begin to look at the interaction
between robustness and genetic variants leading to complex disease. Current data
implicates chromatin remodeling factors in both Schizophrenia and Autism, two very
different neurological disorders (McCarthy et al. 2014; Walsh et al. 2008; O’'Roak et al.
2012). This begs the question, why would disruption ofrsan important and general function
cause two specific diseases? Instead, we coulgpnetethese variants in chromatin remodeling
factors as variants that lower robustness in iddials, potentially by disrupting chromatin
structure and gene expression. If we consider imlyiduals with these disruptive mutations
and separate by disease phenotype, we may beoablentify the variants that are neutral in

robust individuals but are the underlying causthefspecific phenotypes in these patients.

After the preliminary experiments presented in Gaap, we are left with open questions
like “how generalizable is the HSP90 example dflaustness mechanisms?” and “are there
different types of robustness?” HSP90 affects nteaits and many pathways, as is expected due
to its molecular role as a protein chaperone hglpiany different classes of proteins fold and
function (REF). From recent work in our lab, we egpthere will also be pathway specific
robustness mechanisms that like HSP90 can be pedwwo they reveal genetic variation or the
effects of stochastic noise, but only in a givethpay or developmental stage. It has been
suggested that some robustness mechanisms bulffer genetic variation or stochastic noise,
but not both. Furthering understanding of typesblustness and what a given mechanism

buffers will further our understanding of the rolierobustness in heritability and adaptation.

To further this understanding, | could further afdrthe question of causality concerning
robustness and somatic variation. | would startielsying somatic stability of isogenic siblings
using MIPSTR. In particular, | would ask if isogemiutliers in quantitative traits (e.g. those with
either very short of very long hypocotyls) haveh@glevels of somatic variation. If this were the
case, it would suggest that robustness to stochasise- or the ability to attain the trait meas- i
also correlated to genome stability along with thass to genetic variation. We can also use

MIPSTR to better understand the heritability ofustmess and genome stability. Because | see
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differences in robustness in different genetic lgagknds and predict genome stability can serve
as a molecular marker for this robustness, we wexjgkct genome stability would be heritable
across generations. Applying MIPSTR across germmgrainfA. thaliana individuals would help

us discern the comparative roles of heritability atochastic noise in determining the robustness

of an individual.

In my dissertation, | presented a novel methodedaliPSTR to genotype STRs
accurately, genome-wide, and across many indivedddlis method can genotype germline and
somatic STR variation taking into account the Hegrels of technical error. | began to apply this
technology to understand the role of germline S@Ra¥ion in rapid adaptation and “missing
heritability.” | also applied MIPSTR to measure gare stability of robust wild-type and non-
robust HSP90-reduced plants and showed that neatims are more penetrant in plants with
low robustness and low genome stability. | alsgppe2d a number of experiments applying
MIPSTR to allow further understanding of the rofesd@ Rs and robustness in both adaptation

and “missing heritability.”
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