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Abstract

Recent studies show that along with single nucleotide pohafisms and small indels, larger structural variants
among human individuals are common. The Human Genome Stalidariation Project aims to identify and classify
deletions, insertions, and inversions BKbp) in a small number of normal individuals with a fosmid basedtexd-
end sequencing approach using traditional sequencingnaéadies. The realization of new ultra high throughput
sequencing platforms now makes it feasible to detect thepeictrum of genomic variation among many individual
genomes, including cancer patients and others sufferorg fliseases of genomic origin. Unfortunately, existing al-
gorithms for identifying structural variation among iniiuals have not been designed to handle the short read &ngth
and the errors implied by the “next-gen” sequencing teabgiek. In this paper, we give combinatorial formulations
for the structural variation detection between a referegyer@me sequence and a next-gen based, paired-end, whole
genome shotgun sequenced individual. We describe ef @kgarithms for each of the formulations we give, which
all turn out to be fast and quite reliable; they are also @pplie to all next-gen sequencing methods (lllumina, 454,
SOLID, etc.), and the traditional capillary sequencindtexiogy. We apply our algorithms to identify structuralivar
ation among individual genomes very recently sequencetilopiha technology. The source code of the implemen-
tations of our algorithms as well as the predicted strutuadants are available at http://compbio.cs.sfu.cesthtm



1 Introduction

Recent introduction of the next-generation sequencingielogies has changed how genomics research is conducted
signi cantly [1]. High-throughput, low-cost sequencingchnologies such gsrosequencing454), sequencing-by-
synthesiglllumina and Helicos), andequencing-by-ligatiofSOLiID) methods produce shorter reads than the tradi-
tional capillary sequencing, but they also increase thamddncy byl0  100-fold, or more [1, 2]. With the arrival

of these new sequencing technologies, along with the chyatfi sequencing paired-ends (oratepair3 of a clone
insert that follows a tight length distribution [3, 4, 5, 6,& 9, 10], it is becoming feasible to perform detailed and
comprehensive genome variation and rearrangement studies

The genetic variation among human individuals has beeitiwadlly analyzed at the single nucleotide polymor-
phism (SNP) level, as demonstrated by the HapMap Projec¢t]2]lwhere the genomes @f70 individuals were
systematically genotyped f&: 1 million SNPs. However, human genetic variation extendobdySNPs. The Hu-
man Genome Structural Variation Project [13] has beersitgit! to identify and catalogue structural variation. In the
broadest sense, structural variation (SV) can be de neti@génomic changes among individuals that are not single
nucleotide variants [5, 13]. These include insertionseti@hs, duplications, inversions and translocations 5,

See Appendix A for details on types of structural variation.

End sequence pro ling (ESP) was rst presented in [3, 4] tsadiver structural variation events using the bacterial
arti cial chromosome (BAC) end sequences to map structigatrangements in cancer cell line genomes; and it
was used in [5] to systematically discover structural vagan the genome of a human individual. Several other
genome wide studies [7, 16, 17, 18, 19] demonstrated thattatal variation among normal individuals is common
and ubiquitous. More recently, Kidd et al. [8] detected, emmentally validated, and sequenced structural vanatio
from 8 different individuals. ESP method was also utilized by Deéale[6] to evaluate and compare assemblies and
detect assembly breakpoints.

As the promise of these next generation sequencing (NGBhtdagies become reality with the publication of the
rst three human genomes sequenced with NGS platforms [RQ® 2], the sequencing of more thar000individuals
(http://www.1000genomes.org), computational methodafalyzing and managing the massive numbers of the short
read pairs produced by these platforms are urgently needetfectively detect single-nucleotide polymorphisms,
structural, and copy-number variants [23]. Since most#tinal variation events are found in the duplicated regiéns
13], the algorithms must also be able to discover variaticthé repetitive regions of the human genome.

Detection of structural variants in the human genome usixg-generation sequencing technologies was rst pre-
sented in [7]. In this study, paired-end sequences gemevate the 454 platform were employed to detect structural
variants in two human individuals, however the same algoritand heuristics designed for capillary based sequencing
presented in [5] were used, and no further optimization®fé6 were introduced. Campbell et al. employed lllumina
sequencing to discover genome rearrangements in canténes| however they considered one “best” paired map
location per insert [24], by the use of the alignment tool MI&B], thus not utilizing the full information produced
by high-throughput sequencing methods. In the rst studytengenome sequenced with a NGS platform (lllumina)
that produced paired-end sequences [21], Bentley et a.daitected structural variants using the same methods and
unigue map locations of the sequenced reads.

More recently, a probabilistic method by Lee et al. [9] wasganted for detecting structural variation. In this
work a scoring function for each SV was de ned, as a weighted sf (1) sequence similarity, (2) length of SV and
(3) the square of number of paired-end reads supportingth&t® scoring function was computed via hill climbing
strategy to assign paired-end reads to SVs. In theory thbadeh [9] can be applied to data generated by new
sequencing technologies, however the experiments pezsanf9] was based on capillary sequencing[26]. In another
study Bashir et al. [10] presented a computational framkworevaluate the use of paired-end sequence analysis
detect genome rearrangements and fusion genes in cangen¢i®that no NGS data was utilized in this study due
to lack of availability of sequences at the time of publioati

In this paper we present combinatorial algorithms for struad variation detection using the NGS methods. We
de ne two alternative formulations for the problem of contgtionally predicting the structural variation between a
reference genome sequence (i.e. human genome assembéy3einaf paired-end reads from a whole genome shotgun
(WGS) sequence library obtained via an NGS method from aritheal genome sequence. The rst formulation,
which we callMaximum Parsimony Structural Variation ProblgiMPSV), turns out to be NP-hard; we give a simple



O(log n) approximation algorithm to solve this problem in polynohtilme. The second formulation tires to calculate
probability of each structural variation. For this variave give expressions for (i) the probability of each possible
structural variation conditioned on other structural &ats and the paired-end reads that “support them”, anc@i) t
probability of mapping each paired-end read to a particldeation, conditioned on the set of structural variation
“realized”. We show how to obtain a consistent set of sohsgito these expressions which gives us the independent
probability of each structural variation, which we use tonpuite the most probable set of structural variants. We test
our algorithms for both formulations with a paired-end W@fsdry generated with Illumina technology; and compare
the results of both algorithms with the validated strudtuaaiation set from the genome of the same individual using
fosmid based capillary end-sequencing [8], as well as tluetstral variation calls presented in [21] detected from th
unigue map locations of the same sequence set.

2 Structural Variation Detection with Paired-End Reads

A general method for usingaired-endong reads to detect structural variants betweew donor genomandrefer-
ence genomwas rstintroduced in [3, 5]. This general strategy is basadligning the paired-end sequenced reads
to the reference genome and observing signi cant diffeesrisetween the distance efid-pairé when mapped to
reference genome and their expected distance - which irediedeletionor aninsertionevent. Furthermore, one can
also deduce inversion events: if one of the two ends of a @airah"wrong” orientation, this is likely a result of an
inversion(see [5]). In case, the two ends areerted i.e. both ends of a paired-end have reverse orientatiott (wi
respect to each other), but their order is preserved in feeaece genome, it is likely to havdandem repeatrinally,
paired-end reads mapping to two different chromosomesikaly to be a result of arans-chromosomatvent (see
Appendix A).

At core of the above general strategy is the computationegttpected distance between end-pairs in the donor
genome, which is referred to as insert sitesSize). Previous works [5, 7, 9] assume that for all paired-ends,
InsSize is in some rangfminLen; maxLen ] which can be calculated as described in [5].

An alignment of a paired-end read to reference genome isd@dihcordan{5], if the distance between an aligned
ends of a pair in the reference genome is in the rgmgeLen; maxLen ], and both the orientation and the chromo-
some the paired-end read is aligned to are “correct”. Faéam in lllumina platform, a paired-end read is considered
to be aligned in “correct” orientation if the left end-padr inapped to the “+” strand (which is representedH)y
and the right paired-end is mapped to the “-” strand (whichefgresented by). A paired-end read which has no
concordant alignment in reference genome as de ned in [8]later used in [7, 9], is calleddiscordantpaired-end
read (which indicates a possibility of a structural vadatas shown in Appendix A).

Let the set of discordant paired-end reads be representBis@€or = fpe;;pe; ;peng. Each of these
discordant end-pairs can have multiple (pairs of) locaion genome that they can be aligned to with high se-
quence similarity (e.g. 90%?2), can be represented #lign (pe) = faipe;ape; ;apeg. We also de ne
Align  (ajpe) = pe.

Note that each alignment location in the reference genommémtioned above, all alignments of paired-end reads
to the reference genome require a sequence similarity s a; pe , includes a triplet of a pair of loci in genome
and orientation of the mapping. More speci caly,pe = (pe;l(ajpa);r(a pe); or(ape), wherel(a; pg) is the
start locus of the left end,(a pe) is the end locus of the right end awnd(ape) is the orientation of the mapping
(or(ape) = + is the orientation representing no inversion(ape) = ++ shows an inversion event where right
end-pair is in the inverted region and(ape) = represents the fact that left end-pair is in the inverteibrég

Our algorithm(s) will obtain a unique alignmetap(pe) from the setAlign (pg ) for each paired-end requ .

We denote b apcorr (pg), the “correct” location for the paired-end repd. The goal of our algorithm(s) is to pick
Map(pg) = Mapcor (P&).

We represent a structural variation event®y (t; Pos, ; P 0sg; Ranmin ; Ranmax ) (in shortSV), which repre-

sents a structural variation of type2 f Ins; Del; Inv g® which is located between positioR0s. andP osz of the

1End-pairs refer to the two ends of a paired-end read.
2This an arbitrary cutoff; using higher cutoff value makes foblem easier, however we might miss some real structarints.
3referring to an insertion, deletion, and inversion respelst



reference genome, and the length of structural variatibet@een rangeRan i, andRannay . All structural varia-
tions have breakpoints and it is desirable to nd these lpeaks, however using the information of paired-end reads
we can only deduce a range for the location of these breatgppmg., if there is a single mapping for a particular
paired-end read that supports a deletion, which is supgortly by this paired-end, it is unclear what is the exact size
of deletion or the exact locations of the breakpoints).

An alignment of discordant paired-end resggkis said to be supporting@V (t; Pos. ; P osk; Ranmin ; Ranmax ),
when:

t = SVipe (ape
Pos [(ape and Pos r(ape t = Ins; Del
[(ape Pos r(ape and Poss r(ape t=Inv ”~ or(ape =+ +
[(ape Poss r(ape and Pos [(ape t = Inv ~ or(ape =
Ranmin [(ape r(ape + minLen t =Ins
r(ape) I(ape maxLen t = Del
r(ape I(aped maxLen t = Inv
Ranmax [(ape r(ape) + maxLen t =Ins
r(ape) I(ape) minLen t = Del
r(ape) I(ape + maxLen t = Inv

HereS Viype (ap€) represents the structural variation tyggee supports as a consequence of the distance orientation of
its ends’

A set of alignment of discordant paired-end reads that capat the same potential structural variation is called
a “valid cluster” and is denoted by

VClui = faope,;agpa,; ;aopa.gd

Thus, a valid cluster is a set of alignments of discordanteplaénd reads which support a particusv. A set of
discordant mappings forms a valid cluster if it satis es tafeules, based on the type of structural variation it suppo
as follows.

Insertion. A set of discordant alignment€,lu, is a valid cluster that supports an “insertion”, if

9loc;8ape2 Clu : I(ape) <loc<r (ape
9lnsLen; 8ape2 Clu : minLen InsLen<r (ape) I(ape) <maxLen InsLen

Deletion. A set of discordant alignment€|lu is a valid cluster that supports a “deletion” if,

9loc;8ape2 Clu : |I(ape) <loc<r (ape
9DellLen; 8ape2 Clu : DelLen + minLen<r (ape I(ape) < DelLen + maxLen
8ape;ap€2 Clu : jl(ape) I(apd)j <maxLen ~jr(ape) r(ape)j < maxLen

Inversion. A set of discordant alignment§lu is a valid cluster that supports an “inversion”. We only fe@n
inversions with size at least twice the size of insert sins$ize) of the paired-end reads; this is the most common
scenario. The formulae to capture all the inversions is nmohe complex and probably not very reliable.

4Note that there are no range rules for transchromosomatsvé&urthermore, although we do not focus on Everted paretireads or the
transchromosomal mappings in this report, our algoritharste generalized to capture both tandem repeat eventsaasghromosomal events.



9loc;8ape2 Clu : I(ape) <loc<r (ape

9locy: locy: 8ape2 Clu or(ape =++=) I(ape <loci <r (ape " r(ape) <loc,

or(ape) = =) I(ape) <loc2<r (ape " I(ape) > locl
9lnvLen; 8ape2 Clu : Invien maxLen<r (ape I(ape) <InvLen + maxLen
_ or(ape) =++ “or(apd) =++=)j I(ape I(ape)j < maxLen
8ape;ape'2 Clu or(ape= ~ or(apé) = =)j r(ape) r(apé’)j < maxLen

A “valid” cluster V Clu; is said to be supporting a structural variation evBm if all the mappings inv Clu;
support the structural variatiodBV. An alignment of paired-end read, suchage, is said to be “materialized” by
the algorithm if it maps the paired-end reddign (ape), to alignmentape A valid clusterV Clu; = faopg.gis
said to be “materialized” (by the algorithm) if for eachMap(pe; ) = aops; . We denote materialized clusters as
M C|Uj .

3 Structural Variation Detection based on Maximum Parsimory

The Maximum Parsimony Structural Variation (MPSV) problasks to compute a unique mapping for each discordant
paired-end read in the reference genome such that the totaber of implied structural variants (SVs) is minimized.
The minimum number of SVs implied by the mappings is the massimonious one under the implicit assumption
that all SVs are equally likely.We will consider varying probabilities for each SV type, d¢gim, support by number
of paired-end reads supporting it and sequence similaritiié description and the solution of the probability based
problem. Note that for the MPSV problem we provide an algonitvith an approximation guarantee.

More formally, MPSV problem asks to compute the minimum nemdf materialized clusters (setd)Clu; given
a set ofDisCor paired-end reads and a set alignment locatigtig( (pg)) for each paired-engdg such that

fpgpe= Align (ape) :ape2[ giMCluijg = DisCor
8ape;;ape; 2[ iMClu; : Align  (ape) = Align (ape) =)  ape = ape
The MPSV problem can be further constrained as per [5, 7, 8jaeach materialized cluster includes at least two
reads. The problem can also be generalized, in a way thatstraucitiural variation has an associated cost, which may
be based on the sequence similarity in the alignments, thrdadof pair-ends supporting it, and length of structural
variation.

In what follows, we rst show that the MPSV problem is NP-coleie and then give a®(logn)-approximation
algorithm for it.

Theorem 1. MPSV problem is NP-complete.

Proof. The reduction is from the set cover problem [27]. Given dket fe;;:::;engandS = fS;;Sy; ;Skg, a
collection of subsets dfl, the set cover problem asks to nd the minimum number of sef whose union include
all e 2 U. The reduction from an instance of a set cover problem to tR&Wiproblem is as follows:

1. SetDisCor = U, thatis, for eacle, generate a paired-end repd .
2. For each s&b; set aninterva(lL s, ; Rs, ), which does not overlap with any other such interval.

3. Finally, setAlign (pg) = f(Ls ;Rs)i8S 1 & 2 §jg.

5Note that minimizing the SVs also will imply that the averagenber of paired-end reads supporting an SV is maximized i goals are
equivalent.



Clearly, the two problems are equivalent and a suB8ef S is a minimum size set cover & iff the set of intervals
corresponding t&P includes the minimum number of intervals to which each mhzad readpg can be mapped
to. O

Before proceeding with the approximation algorithm for MBSV problem we have to introduce the notion of a
maximum valid cluster: A maximal valid cluster is a valid sler for which no valid superset exists. For each type of
structural variation the maximal valid clusters can be cotag in polynomial time as follows.

1. Given the complete set of paired-end read alignments;;lebe an “interval” on the genome sequence that
corresponds to the paired-end read alignnagpi ; let1; = [I(a p&);r(apea)]. On this set of intervals,
compute the complete collection ofaximal interval setin which every interval intersects with every other
interval. Denote byMPos = fMPos;; ;MPos,g the collection of these maximal interval sets. Let
MPos; = fa.p&,;ai.p&,; :a,,.pe,9. MPos can be computed greedily in time polynomial with the
number of intervals: Scan the intervals from “left” to “rigfhadding toM P 0s;, each interval that intersects
with all intervals added tM P os; so far. StartM P os; by including all members df1P os; excluding the one
that has the leftmost right end and iterate. At each stegiminate eactM P os; if it ends up to be a proper
subsetoMPos; ;.

2. This step is only necessary for detecting inversioRsr each maximal intervall P os; (which is representing
an inversion), create all the subsetdwP os; (denoted by pos;,; MPos;,; ;MPos;,) such that

8ape; apd2 Mpos;, : or(ape) = ++ "or(ape’) = =) I(ape) < | (ap) ~ r(ape) < r (ape)

These subsets can be created simply in polynomial time ésaolFirst Consider the range whid¥l P os;
covers (i.eRange = [ min (I(apé); max(r (ape)]).
SecondBx;y 2 Range: x <y create set
MPos;; = fapgape2 MPos; : (or(ape) =++= ) I(ape) <x<r (ape) " r(ape) <y)"
(or(ape) = =) l(apg) <y <r (apg " x <l (ape)g:

Finally, remove any sé¥lP os;; which is a proper subset of another such set. Itis easy tdaeéotal number
of such sets is less thad(jM P 0s; j?).

3. For each paired-end read alignmangpe. in MP os; (or MP os;; for inversion detection) and for each struc-
tural variation type, consider the implied range of the tangf this structural variation. Find the maximal
subsets oM pos; in which the ranges (for a particular structural variatigpd) of all paired-end read align-
ments intersect. Again, by the simple greedy algorithm idlesd for the previous step, this can be done in time
polynomial with the size oM P os;.

4. Consider the collection of the maximal subsets of paged+ead alignments obtained above. First Iter out
any maximal subset that is contained in another (it is easgéothat the remaining sets are inde#if the
maximal valid clustefs Then, simply apply the well known greedy algorithm for egppmate set cover problem
(described below) on these maximal subsets to obtain thaf setuctural variation.

Givenaset) = feg;:::;e,gandacollection of subsets bf, S = S;; Sy; ; Sm 0, the set cover problem asks
to nd the smallest subset & whose union includes eaeh 2 U. The greedy algorithm, which, at each iteration,
picks up the set that includes the maximum number of uncdvelements ofJ until all elements ofJ are covered,
provides arD(log n) approximation to the optimal solution (an interested reada nd a proofin [28]). Interestingly
enough this simple algorithm implies an approximationdacf O(log n) for the MPSV problem after the following
modi cation: in each iteration of the algorithm pick up thearimal paired-end read alignment set with the maximum
number of uncovered paired-end reads (the proof for theapation factor trivially follows the proof for the set
cover problem [28]).

In our experiments we have also considered a weighted vetsi®l P SV, calledweighted MPS\ih the rest of
the paper. Each set (maximal valid cluster) has a weight#ssad to it which is summation of the weights associated
to each paired-end read alignment based on the alignmenm stthe paired-end reads.



4 A Probabilistic Model for Capturing Structural Variation and Paired-End
Read Alignments

The MPSV problem as described above aims to map each paickdead to a particular location with the goal of
minimizing the number of SVs they collectively imply. Thisrfnulation implicitly assumes that each SV occurs
independently - dependencies between SVs are ignored.ideomow the following scenarios supported by a given
set of paired-end reads: (i) all (discordant) paired-ezxatis are mapped to only two locations (supporting two SVs),
one with very high support and the other with signi cantlydsupport; (ii) the paired-end reads are mapped to three
locations supporting three SVs, all with roughly equal subpThe joint probability of the SVs implied by scenario
(i) may be much lower than that implied by scenario {ii).

As a result it is highly desirable to compute (at least appnaxely) the probability for each potential SV given
the potential mappings of all paired-end reads. Once thedgapilities are computed it may become possible to
determine the set of SVs which is most likely to be implied lwy paired-end reads we have.

In what follows we show how to compute the probability of e& given the mappings of all input paired-end
reads and the probability of a particular alignment of agriend read, given all SVs.

First we will de ne few sets and variables which will be usbdaugh the rest of the paper. Let &8V be the set of
all potential structural variation that have at least oriegghend supporting them. S8tup(pe ) is a subset of s&SV,
such that each potential SV is a membeiSafp(pg) if there exists an alignment of paired-epd which supports
it. More formally,Sup(ep) = fSVjSV 2 SSV;9ape 2 Align (pe) : apesupportsSVg. Let SeqSim(pg; SVj)
be the sequence similarity score of the alignment of pa@medipg which supportsSV, (if a paired-endhg does not
have any alignments which supp&Y¥; thenSeqSim(pe;SV,) = 0), alsoPr(SeqSim(pe; SV, )) is probability of
paired-engg supportingSV; solely based on sequence similarity scBegSim(pe ; SV, ).

Let (SVi) be the indicator variable for potential structural vaoatsV, (i.e. (SVi) = 1 iff SV} is “correct”).
We also would de ne (pg; SV, ) as the indicator variable that paired-eguel if mapped to “correct” location supports
the structural variationSV, (i.e, (pe;SVj) =1 iff the correct location of mapping afe supportsSV, ).

We claim thatPr( (SVf)) is a function of (pe;SV) for all pe, length and type of the structural variation. In
addition,Pr( (pe;SV)) is a function of all the structural variations that pair-gued potentially can support and the
sequence similarity of the paired-epd and the alignments which suppof%}. Formally speaking we will have
two set of equations:

Pr( (SV)) = 9(8i: (p&;SV);Len;t)

and,
Pr( (p&;SV)) = h(8SVk 2 Sup(pe) : SeqSim(pe; SW))

Note that a discordant paired-end read that supports omyotential structural variation in the reference genome
may not indicate a structural variation: in certain casead errorscan be responsible for the deviation in the paired-
end read lengtR.Obviously, the more paired-end reads support a potentisattstral variation, the fewer the chance
is that the deviation in read length is due to a read errorthéamore, the longer the potential structural variation is
the lower the chance we have that a read error is responsitiled deviation in read length.

4.1 The Probability of Structural Variants Based on Mappings of Paired-End Reads-function

In this section we give expressions for the probability ohegSV, conditioned on the (correct) mappings of paired-
end reads. Let (t;Len;k) be the probability of a structural variation of typeand lengthLen, when supported
exactlyby k paired-end reads when all the reads are mapped to corratiooc

The value off should increase witlkk and decrease withen.® Although the length of a structural variation
implied by one or more mappings can only be obtained withiargye, we will simply uséen = m.

8The reader can easily verify this in the case that the préibabf a SV is a linear function of the number of mappings soiing it.

"By read error we mean errors in distance between the two ehdsead pair by the sequencing platform. For certain platirsuch as
lllumina, the probability of such an error is almost nil.

8perhapd f, the probability of a potential read length error shouldrdase exponentially witk and linearly withLen .



Assuming that seh is set of paired-end reads which (when mapped to correctitwpasupporiSV, we have :
Pr(SV (t;Pos.;Poss; Ranmin ; Ranmax )j8pe2 A : (pe;SVY)=1) f(t;Len;jAj)

Now we are ready to give the equation or( (SV;)).

Pr( (SV)) = Pr(SVjBpe2 X : (pe:SV)) Pr(8pe2 X : (pe;SV))
8X DisCor
X A
f (t; R@Nmax ; Ramin 1% ) Pr(8pe2 X : (pe;SV))
8X DisCor
jDi%or j _ X
_ f (t; R@Nmax ;Ra”m'” d) Pr(8pe2 X : (pe;SV))
d=0 8X DisCor; jXj=d

Furthermore assuming independence between mappingderedif paired-end reads

Y Y
Pr(8pe2 X : (pe;SV)) = Pr( (pe;SV) 1 Pr( (pe’;SV))
8pe2 X 8ped2 DisCor X
It is not dif cult to calculate
X Y Y
Pr( (pe;SyV) (1 Pr( (peS\V))
8X DisCor; jXj=d8pe2X 8pef2 DisCore X

which is the probability of exactlg paired-end reads from sBisCor when mapped to correct location supp®¥; ,
through dynamic programming. LBtr (i; m), be the probability of exactlypaired-end reads supp@V, among the
rst m paired-end reads in sBiisCor (when paired-end reads DisCor are mapped to the correct locations)

Pr(m)=Pr(i 1,m 1) Pr( (pem;SVi))+ Pr(iim 1) (1 Pr( (pem;SV))

As it can been seen, the above recursive equation can bdateftusing DP giveR® r( (pen;SV)) forallj and
m.

4.2 The Probability of Paired-End Read Mappings based on Strctural Variation

In this section we will give the formulation that we use toataéte probability of a paired-engly supporting a
potential structural variatio8V .

Given a paired-end reguh and potential structural variatidV, we have:

8Y  Sup(en);SVi 2 Y : Pr( (pa;SV)8SW 2 Y : (Sw)) = —x-r(Seasimpa;Sy))
Pr(SeqSim(peg;SV))
8SV2y
We use the fact that
X
Pr(SeqSim(pe;SV9)

X -
8Y  Sup(ep): Pr(SeqSimpe;SV)) j Yj LSRR _
8sV2Y iSup(ep)j

Now we can calculat®r( (pe;SV,)) as:

%n general there exits dependency between mapping of eiiffggaired-end reads; however, to be able to approximatealnesP r (8pe 2
X : (pe; SVj)) we assume independence between mappings of differentlpeics



X
Pr( (pe;SVj)) = Pr( (pe;SV)j8SV 2 Y : (SV)) Pr(8svV2a2y: (SV))
8Y Sup(ep;i);SVj2Y

X i ‘QV
= xPrseasimpa;SY) 5 asvay : (sv))
8Y Sup(epi);SV;2Y Pr(SeqSim(pg;SV))
8Sv2a2y
X i i i 3y
_ISup(Rg)i Pr(SeqSimpeiSV)) o g5y 2y : (sv))
8Y Sup(epi):SV;2Y Y] Pr(SeqSim(pe; SVO))
SV 92 Sup (pei)
jsug(pe)i : ; Yy X
= jSup(pe)j Pr(SeqSim(pe;Sy) Pr(8SV2Y: (SV))
4o d Pr(SeqSim(pe;SVY) g Sup(ep):jY j= d
SV %2 Sup (pei)
X
Itis clear that Pr(8SV 2 Y : (SV)) can be calculated using a similar dynamic programming

8Y Sup(epi);jYj=d
method used in the section 4.1 assuming independence bretliffsrent potential structural variations).

4.3 |denti cation of the Most Probable Set of Structural Var iants

Itis not dif cult to compute solutions to the expressions gave above for the probabilities of the SVs and paired-end
read mappings iteratively. Initially we assume that eacthefpotential structural variants are equally probables Th
set of SV's implied by the maximal valid clusters (as de nedsection 3) can act as the potential structural variants.
In iterationi, calculate the probability of each mapping (or paired-ezatis), considering the probabilities of SVs
from iterationi 1, and then calculate the probability of each SV, based onrbieghilities of paired-end reads from
iterationi. The iterative procedure terminates once the total diffeeen the probabilities of the SVs and mappings in
iterationi and iteratiori ~ 1is within a factor of . Finally we can select the structural variants with probigitabove

a user-de ned cut-off (which will be set to 0.9 in the rema@nadf the paper).

5 Experimental Results and Discussion

We tested our algorithms with the paired-end read WGS Kbganerated from the genome of an anonymous donor
(NA18507) using the Illumina technology [21]. Although eththigh-coverage paired-end read WGS libraries from
different individuals were produced as part of the 1000 Gee® Projeé¢f and as an independent study by Applied
Biosystems (SOLID), and two low-coverage libraries wit43], to our knowledge, together with [22] this data
set is one of the only two published and publicly availablghk¢overage paired-end read sequence library built with
next generation sequencing technologies. We rst dowrddaapproximateli3:5 billion end sequences (1:7 billion
pairs) of lengti36  41bp and insert siz&00bp from the NCBI Short Read Archive This constitutes 42X se-
guence and 120X physical coverage of the human genome. Using longer ingkikbp fosmids), a set of structural
variation events in the genome of the same individual wagigusly detected and experimentally validated [8], which
we also utilize to test the sensitivity of our algorithmsgdammpare against the sensitivity of the method used in [21]
(see table 2). Another alternative is the algorithm presetint Lee et. al [9], however we were not able to compare
our algorithms against the method presented in [9], bectdgseurrent implementation of this method is not able to
handle NGS data in the scale studied in here (personal comatiom with Seunghak Lee).

Due to the lower sequence quality generated by the lllumiatiggm, we rst pre-screened the paired-end reads.
We removed any matepairs from consideration if either (@hoend sequences has averape=d[29] quality value

10http://www.1000genomes.org
Litp://ftp.ncbi.nih.gov/pub/TraceDB/ShortRead/SRAQBWL/
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less tharR0, or if either (or both) sequences contain more tBah characters. This resulted in the removal ofi:3
billion reads. Approximatel$0 million pairs of sequences were rst sampled and mappeddadference genome to
establish length statistics (average span le@@@bp and standard deviation (stti}.4bp - see Figure 1 for the length
distribution histogram). All  2:2 billion higher-quality end sequences were then mappeddadference genome
using our in-house sequence mapping toOFAST(Alkan & Hormozdiari, unpublished), and all possible Idoat
within an edit distance o2 were considered?. In total, 2:17 million reads 05:9%) were mapped to the reference
genome ( 804 million inserts where both ends mapped) yielding approxalyeb6X physical coverage over the
reference genome. We then discarded any matepairs whei@aheumber of paired con gurations exce&d00, or

if either of the end sequences map to more tha@00locations. The read mapping stage was completed within & wee
using200CPU cores on our computational cluster. Further detailhemtap statistics are provided in Table 1. As per
[5, 7, 8, 9] we call a clone insecbncordantf it spans withind  std of the average lengti 65op to266bp), and the
mapping orientations of both ends obey the rules dictatettidyVGS library®. In the end, we obtainetB7: 667: 370
million concordant, and 6; 766, 282 million discordant(deletion, insertion, inversion, everted, translocatipairs
(296, 408 665discordant combinations). Concordant clones are remawedfurther consideration for SV detection,
however, the concordant clone information can further Bezed to infer heterozygosity. Both MPSV and probability
based algorithms were then performed on the map locatiotiseofliscordant paired-end read sequences. It took
less thanl hour for the MPSV algorithm to complete on a single computigh wMD Opteron processor, and the
probabilistic method returned predictions3dmours.

NA18507 Span Length Histogram
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«— —>
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400000

200000
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Figure 1: Span length histogram of paired-end reads from8%3Z on human genome build 36. We call a clone
insert concordant if its span is withih  std of the mean length. For this library, the concordant sizeofinalues
are155p and266bp.

To increase our con dence in SV prediction by MPSV, we Itdreariants with less thalisupporting independent
clones for the unweighted version, and variants witighted_support < 3were lItered out in the weighted version
(weighted_support is total summation of weights of paired-end reads supppdim SVs. Note that weight of each
paired-end supporting an SV is based on its sequence diyi#aore; also it is normalized such that total weights
associated to each paired-end read is equBl.téd/e also required at leaSbp between the start coordinates of map lo-
cations to eliminate possible clonals (over sequencingdinge clone) [5, 8]. False positives frequently are recaghiz

12The reader should also note that our algorithm is compatiitte any sequence mapping tool that can return multiple roagtions, such as
Mosaik [30] or SHRIMP [31]

13For example in the lllumina platform (short insert librarif)e upstream end sequence is expected to map to the + siraed the downstream
end sequence is expected to map to the - strand; see Figure 5
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# Sequences 3;519 246,954
#HQ Sequences 2;261, 838984
unique, e.d.® 1;512 419 495 (6687%)
unique, e.d.2 245,586,578 (1085%)

unique, e.d.2 60; 194 526 (266%)
repeat, e.d.® 250,118,990 (1107%)
repeat, e.d.2 66; 094 390 (293%)
repeat, e.d.2 35,978 574 (16%)
no match 91; 446,431 (401%)

Table 1: Mapping statistics of the lllumina short insertdity from NA18507 [21]. We rst removed lower quality end
sequences prior to mapping stage. Approxima®etp% of the remaining sequences were mapped to human genome
build 36 using our in-house sequence mappafAST(Alkan & Hormozdiari, unpublished). AlthougimrFASTpro-
vides all possible map locations within an edit distanc@,afe also report the properties (unique vs. repetitive and
edit distance) of the best map locations in this table.

post-facto as too many clustered calls predicting more ghalleles. We currently apply a simple heuristic to remove
the discrepancy between predicted events that would sirttehyout the calls with less mate-pair support among the
incompatible variants. In case of equal matepair suppa2taifntradicting indels, we select the variant with smaller
size. We further limited our deletion calls 5@0Kb and inversion calls taOM b in size, and discarded any inversion
events if only one of the two breakpoints are observed (Sger€i5d). Our rst algorithm, MPSV, returned a total
of 8;959deletions 504 inversions, and; 575insertions with the weighted version; aipgb99 deletions433inver-
sions, and; 772insertions with the unweighted version. In contrast, owbability based algorithm predict&l537
deletions,181 inversions and’; 142 insertions (with probability 90%). We compare the predicted deletions and
inversions with both sample-level and locus-level vakdisites of variation in Table 2. Structural variants detéct
by fosmid ESP approach that are validated using the fosmids the same individual are classi ed as “sample-level
validated”. If a variant is predicted in multiple individiga(including NA18507), but validated with fosmids from
another individual (to reduce cost and labor for validatimgnmon variants), then it is categorized as “locus-level
validated”. Our thresholds to call an overlap are more tsthian the original lllumina study [21]. We require for
deletions that the length of the intersection of validated predicted overlap to at leds®%of the length of the union

of the intervals; or the deletion variant predicted by llinensequencing to be entirely encompassed by the fosmid
interval (due to the difference between detection resmhstiof the two methods). Any overlap between the predicted
and validated inversion calls are considered as captunddtdl, we were able to predict 62%of the validated dele-
tions with our MPSV algorithm, where the original study sisosvidence for 53%overlap when same thresholds
are applied. Our true positive rate can be improve@4e92(70%) for sample-level validated, ar@b6=143 (67%)

for locus-level validated sites by simply removing theighted_support 3 requirement, but this also increases
the total number of deletion prediction 18; 320 sites (L34Mbps) as opposed t8; 959 intervals £3:4Mbps). Note
that, it is impossible to capture any insertion events latigen the difference between the average insert size and the
concordant size cut of209 155 = 54bp in this set) using paired-end reads without the use ofesarpiassembly
methods. However, since the average length of a fosmid ¢tot@Kbp, Kidd et al. [8] could detect insertions of size
only betweerB0tbp-8Kbp, thus insertion predictions from these two sets are aotgarable.

Although the number of deletions we discover using the llhesWGS set is signi cantly higher than the validated
sites,24:5% of the predicted intervals report less tha®bp, and96:75% of the intervals calk 8Kbp of deletion
(Figure 2), which is the resolution limit for deletion detiea with fosmid ESP analysis [5, 8]. This is mainly due
to the ability to detect shorter deletions with the smalfeseirt size 200bp againsdOKbp). We can test the validity
of the short indels ( 100bp) with another resource presented in [8], called delétisartion polymorphisms (DIPS).
DIPs are indels of length less thaObp, and were detected from the alignment of each capillagyesecing based
read (average length 800bp) to the genome233of 2; 200deletions of length 100bp and1350f 5; 575insertions
predicted by the weighted version of the MSVP algorithmrsget with the DIP database (Table 3). We should also
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Validated [8] MPSV Probabilistic Bentley et al.
Weighted Unweighted Weighted
Pred. Capt. Pred. Capt. Pred. Capt. Pred. Capt.
Validation type | S L S L S L S L S L
Deletion 92 | 143 8,959 | 57 | 85 7,599 | 55 | 82 8,537 | 58 | 85 5,704 | 49 | 67
Inversion 13 | 82 504 2 23 433 4 25 181 1 11 NA NA | NA

Table 2: Comparison of structural variation detected infthenina paired-end read library generated from the genome
of NA18507 with the validated sites of variation (sample &34 locus-level (L) validation; remapped to human
genome build 36) using fosmid based approach from the sadiddnal. We require that at leaS0% of either the
validated or predicted deletion interval to be covered tbammoverlap. Inversions are considered to be captured if
there is any intersection between the validated and pestlioterval. The original study with the lllumina data does
not report the inversion calls, primarily because inversiasually anked by repeat sequences which were mostly
missed by unique sequence mapping [21].

point out that since the sequence coverage of the fosmidemdesace library used in [8] is on(;3X , the DIP list is

far from complete. In addition, the length distribution bétpredicted sites of deletion (Figure 2) also show incretase
number 0f300bp and6Kbp deletions con rming the known copy number polymorphisfmetrotransposons [32, 33].
We also showed the length distribution of deletion siteddagths> 100bpcalled by our weighted MPSV (which is
total of 6759 predicted deletions) and the set of homozygletions in comparison of individual (J. Craig Venter)
and NCBI human reference assembly [26] (which is a total @43deletions of lengtlr 10Cbp) in Figure 3.

MPSV ( 100bp) Probabilistic ( 100bp) || Bentley etal. ( 100bp)
Weighted Unweighted Weighted
Pred. 2 DIP [| Pred. 2 DIP || Pred. 2 DIP Pred. 2 DIP
Deletion | 2;200 | 233 1;885 | 204 2;216 | 220 1,601 | 244
Insertion | 5;575 | 135 3,772 | 81 7,142 | 171 NA NA

Table 3: Comparison of small indels (100bp) detected in the lllumina paired-end read library geteerdrom

the genome of NA18507 with the DIP (deletion/insertion mobyphism) sites predicted by fosmid end sequence
mapping [8] from the same individual. Build 35 coordinatégie DIP intervals in were converted to build 36
coordinates using UCSC liftOver tool (http://genome.uedu/cgi-bin/hgLiftOver). We require that at ledstp of
either the validated or predicted deletion interval to beeced to call an overlap. The original study with the lllumin
data does not report insertion calls detected with matepailysis [21].

Finally, we compared our set of predicted structural vasaetected by both weighted and unweighted versions
of MPSV with the SV calls reported in [21]. Approximately haf our predictions intersected with 78% of the
variants detected by Bentley et al. (Figure 4a,4b). We apont another comparison of variants detected by MPSV
and probabilistic method with the original Illumina stud®4] (Figure 4c,4d).

6 Conclusion

The algorithms presented in in this paper for the detectf@iractural variation using new sequencing platforms are
shown to be ef cient, and reliable. Nevertheless, the maincern in the experimental results is that although the
physical coverage of the lllumina WGS library was signi ¢igrhigher than that of the library used in fosmid based
approach [8], we still could not recapture many of the vaédastructural variation ( 30 38% false negative
rate depending on the support threshold). This might be durapping artifacts in repeats and duplications, and
sequencing bias associated with lllumina technology ssdiG@-rich regions.

Aside from mapping issues, there are other algorithmiclehgés to further improve our algorithms. First, apply-
ing a post- Iter to remove SV predictions with an arbitranymber of supporting matepairs is less than ideal. Sequence
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Figure 2: Deletion length histogram of detected SVs from RB17 on human genome build 36 with weighted
MPSYV algorithm (veighted_support > = 3). Increased number of predicted deletions of §@ébp and6Kbp (due

to AluY and L1Hs repeat units respectively) are clearly sietihe histogram, con rming the known copy-number
polymorphism in retrotransposons [32, 33].

coverage with the new sequencing technologies is not unifothe genome [21, 22, 34], a careful analysis and sim-
ulations would be needed to tune the ltering parametergthas the sequence coverage at the of the predicted SV
locus.

We also not that the resolutions of SV detection using fosamd Illumina paired-end sequences are quite dif-
ferent. Fosmid matepair analysis can not reveal the exaeiipoints for structural variation due to larger inserésiz
(40Kbp) and standard deviation (3Kbp), however smaller insert sizes and tighter length ihistion (20Cbp and
13bp, respectively) of lllumina based ESP approach, in thezay detect the SV breakpoints within only a few base
pairs of error. Therefore, the best data set to compare digraggainst would be the sequenced sites of variation. A
selected subset of fosmids used in [8] are being completgjyenced405sequenced fosmids were reported in [8],
however from a different individual), and we will be able isabver the exact breakpoints of deletions, insertions and
inversions. Additional experiments are also needed talstdinew SV predictions that were not detected in [8], which
will in turn provide more insight for further developmentair algorithms.

7 Acknowledgements

We would like to thank Jeffrey M. Kidd for discussions on théial formulations of the structural variation detection
problem, and providing us the set of validated structurabvas in the NA18507 genome remapped to human refer-
ence genome build 36 (original SV set in [8] was listed in @b coordinates). We also thank Martin Shumway and
Mark Ross for technical help in downloading the WGS librafi®mm the NCBI SRA site. EEE is an investigator of
the Howard Hughes Medical Institute.

14



100%

80%

B80%
70%

60%

¥ >10000bp
50%

¥ 1000bp-10000bp

40%

 100bp-1000b
30% # 5

20%

10%

0% - T
NA18507 Deletion Ventor Deletion

Figure 3: Length distribution of deletion SVs of Venter gem@reported in [26]and sites predicted for NA18507 by
our MPSV algorithm.

References

[1] Mardis ER (2008) The impact of next-generation sequamtéchnology on genetics. Trends Genet 24:133-141.
[2] Shendure J, Mitra RD, Varma C, Church GM (2004) Advanceguencing technologies: methods and goals. Nat Rev Ge3&8-5344.

[3] Wolik S, Zhao S, Chin K, Brebner JH, Herndon DR, et al. (3p&nd-sequence pro ling: sequence-based analysis ofafiteayenomes. Proc
Natl Acad SciU S A 100:7696-701.

[4] Raphael BJ, Volik S, Collins C, Pevzner PA (2003) Recaring tumor genome architectures. Bioinformatics 19($@pil62—iil71.
[5] Tuzun E, Sharp AJ, Bailey JA, Kaul R, Morrison VA, et al0@5) Fine-scale structural variation of the human genonag G¢net 37:727-32.
[6] Dew IM, Walenz B, Sutton G (2005) A tool for analyzing matairs in assemblies (TAMPA). J Comput Biol 12:497-513.

[7] Korbel JO, Urban AE, Affourtit JP, Godwin B, Grubert F,at (2007) Paired-end mapping reveals extensive structarztion in the human
genome. Science 318:420-426.

[8] Kidd JM, Cooper GM, Donahue WF, Hayden HS, Sampas N, €2aD8) Mapping and sequencing of structural variation feaght human
genomes. Nature 453:56—64.

[9] Lee S, Cheran E, Brudno M (2008) A robust framework foredéing structural variations in a genome. Bioinformatidsis9—i67.

[10] Bashir A, Volik S, Collins C, Bafna V, Raphael BJ (2008)efuiation of paired-end sequencing strategies for detecf genome rearrange-
ments in cancer. PLoS Comput Biol 4:e1000051.

[11] IHMC (2003) The international HapMap project. Natu@64789—-796.
[12] IHMC (2005) A haplotype map of the human genome. Nat'g 4299-320.

[13] Eichler EE, Nickerson DA, Altshuler D, Bowcock AM, Brke LD, et al. (2007) Completing the map of human genetic tiana Nature
447:161-165.

[14] Sharp AJ, Cheng Z, Eichler EE (2006) Structural vaoiatdf the human genome. Annu Rev Genomics Hum Genet 7:407-442
[15] Feuk L, Carson AR, Scherer SW (2006) Structural vasiatn the human genome. Nat Rev Genet 7:85-97.

[16] lafrate AJ, Feuk L, Rivera MN, Listewnik ML, Donahoe Pé&t,al. (2004) Detection of large-scale variation in the homenome. Nat Genet
36:949-951.

15



MPSV Weighted Probabilistic

Bentley et al.

@ (b) © (d)

Figure 4. Comparison of deletion calls from our MPSV (bothgh¢ed and unweighted versions), and probabilistic
algorithms and intervals from the original lllumina stu@®i]. Note that Bentley et al. also used long insert libraries
(expected clone length 2Kbp), which were not available for download when we perfodroar analyses. Four Venn
diagrams are presented here: MPSV (both versions) anddgegitlal. with minimum (ap0% reciprocal overlap,
(b) 1bp overlap requirements; and comparison of MPSV (weighraed)probabilistic methods with the original study
with (c) 50%overlap and (d)Lbp overlap.

[17] Sebat J, Lakshmi B, Troge J, Alexander J, Young J, et28l04) Large-scale copy number polymorphism in the humaomen Science
305:525-8.

[18] Redon R, Ishikawa S, Fitch KR, Feuk L, Perry GH, et alQ&0Global variation in copy number in the human genome. iéatd4:444—-454.

[19] Cooper GM, Nickerson DA, Eichler EE (2007) Mutationaldaselective effects on copy-number variants in the humaome. Nat Genet
39:522-S29.

[20] Wheeler DA, Srinivasan M, Egholm M, Shen Y, Chen L, et(@8008) The complete genome of an individual by massivelalfErDNA
sequencing. Nature 452:872—876.

[21] Bentley DR, Balasubramanian S, Swerdlow HP, Smith GiRpiJ, et al. (2008) Accurate whole human genome sequgnsing reversible
terminator chemistry. Nature 456:53-59.

[22] Wang J, Wang W, Li R, Li Y, Tian G, et al. (2008) The diplaiénome sequence of an Asian individual. Nature 456:60-65.
[23] Pop M, Salzberg SL (2008) Bioinformatics challenges@iv sequencing technology. Trends Genet 24:142-149.

[24] Campbell PJ, Stephens PJ, Pleasance ED, O'Meara S dtidf,(2008) Identi cation of somatically acquired reargements in cancer using
genome-wide massively parallel paired-end sequencing Géaet 40:722—729.

[25] LiH, Ruan J, Durbin R (2008) Mapping short dna sequencerds and calling variants using mapping quality scorenoBie Res 18:1851—
1858.

[26] Levy S, Sutton G, Ng PC, Feuk L, Halpern AL, et al. (200heTdiploid genome sequence of an individual human. PLoSB&#54.
[27] Karp RM (1972) Reducibility among combinatorial prebis. Complexity of Computer Computations :85-103.

[28] Vazirani VV (2001) Approximation Algorithms. Spring&/erlag.

[29] Ewing B, Green P (1998) Base-calling of automated segeetraces using phred. II. error probabilities. Genome &&86—94.

[30] Hillier LW, Marth GT, Quinlan AR, Dooling D, Fewell G, al. (2008) Whole-genome sequencing and variant discove€. ielegans. Nat
Methods 5:183-188.

[31] Yanovsky V, Rumble S, Brudno M (2008) Read mapping athors for single molecule sequencing data. In: Proceedifi¢®orkshop on
Algorithms in Bioinformatics (WABI).

[32] Batzer M, Arcot S, Phinney J, Alegria-Hartman M, Kassebal. (1996) Genetic variation of recent Alu insertionstia human populations.
J Mol Evol 42:22-29.

[33] Boissinot S, Chevret P, Furano AV (2000) L1 (LINE-1)rattansposon evolution and ampli cation in recent humastdry. Mol Biol Evol
17:915-928.

[34] Smith DR, Quinlan AR, Peckham HE, Makowsky K, Tao W, et(2008) Rapid whole-genome mutational pro ling using ngeneration
sequencing technologies. Genome Res 18:1638-1642.

[35] Cooper GM, Zerr T, Kidd JM, Eichler EE, Nickerson DA (Z)0Systematic assessment of copy number variant detedtiogemome-wide
SNP genotyping. Nat Genet 40:1199-1203.

16



A Structural Variants

As described in [3, 5, 7, 8, 9], by examining the mapping spahaientation of paired-end read sequences, one can
detect insertion, deletion, inversion, and translocaéeents in a test genome. Recently, it was shown that tandem
repeat expansions can also be detected by end sequenca@(&E5P) [35]. In this section, we revisit the de nitions

of structural variants, and the properties of mate pair nmaggathat support each kind of variant in Figure 5.

The fundamental part of the structural variation projesthe use of paired-end read sequences from clone inserts
that follow a tight length distribution, such as fosmids 40Kb) and BACs ( 150Kb). Similar techniques are used
with the NGS technologies, however the insert length differarious platforms: 200bpin lllumina, 600 3; 00Cbp
in SOLID, and3Kbp in 454. Both length and orientation discordancies betwthe left and right ends of each clone
insert on the reference genome identify the underlyingstinal variation event at that site (Figure 5).

Figure 5: Types of structural variation that can be deteutithl paired-end sequences: mapped span of paired-end
reads appear larger than the expected insert length if theréa) deletion, and smaller in an (b) insertion haplotype.
Disagreement between the mapping orientations and the=seipg library speci cations might either report a (c)
tandem repeat, or an (d) inversion. Also, not that in the chseversions (d)CLONE ; andCLONE , predict two
different inversion breakpoints (shown with arrows), butdxamining the map locations and orientations, one can
deduce that both clones predict the same inversion, anddvettkpoints of the inversion event can be recovered. If
the paired-end reads align con dently on different chroomass, a (e) translocation event is reported. In this gure,
we assumed the expected end-sequence orientation pesaertapillary based sequencing and Illlumina platforms.
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