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ABSTRACT

New short-read sequencing technologies produce large volumes
of 25-30 base paired-end reads. In this paper, we present a sequen-
cing protocol and de novo assembler program (SHORTY) targeted
towards such microread data. Our protocol augments short-paired
reads using a trivially small number of Sanger reads (only one to three
reads per bacterial genome). Still, these “seed reads” enable us to
produce significant assemblies using about half the short-read cover-
age (50-60X) of comparable assemblers, despite our assumption of
base error rates at least 10 times that of other groups. SHORTY
exploits two new ideas which we believe to be of interest to the short-
read assembly community: (1) using single seed reads to crystalize
assemblies, and (2) estimating intercontig distances accurately from
multiple spanning paired-end reads.
Contact: skiena@cs.sunysb.edu

1 INTRODUCTION
Several new short-read sequencing technologies are navelgct

competing in the race towards the $1,000 genome. Each of thes ©

technologies produces raw sequence data with particumacte-
ristics and distinct error models. However, it has becorearcthat
three major contenders (Solexa/lllumina, Agencourt/AggpBiosy-
stems, and Helicos BioSciences) aim to produce high vol@sa0
base paired-end reads.

Short read sequencing has lead to a new surge of interest in th
old problem of sequence assembly. These new technologies ha

only recently started producing data suitable for de nogaably.
Several teams are now building short-read assemblers (sgoIi$
3), but the protocols optimizing assembly projects (e.gtinogl

mixes of short- and long-reads) are still being invented.

In this paper we presentour assembler SHORTY, targeteddswa

paired-end microread sequencing data. Unlike others iritéra-
ture, SHORTY uses a trivially low volume of Sanger reads (f&an
et al., 1977), only one to threesads per bacterial genome. Still,
these “seed reads” enable us to produce significant ass=mising
about half the short-read coverage (50-60X) of other rentlts.
Further, our final assemblies prove very accurate even thoug

e Seedreadsfor crystalizing assemblies— Several other assemb-
lers intermix low (say 2x) coverage from Sanger or 454 reads
with a higher coverage of short reads to fill up gaps. Instead,
we use a single 500-base Sanger read to grow a neighboring
contig of greater or equal to Sanger length. By repeatirg thi
process on the new contig, we can walk across the full genome
assembling perhaps 90% of the genome into 4-5kb contigs.
Assembling the results of such walks from a trivial number of
seeds (say three) produces contigs with an N50 size of 30kb
on bacterial genomes and 98% coverage in non-trivial centig
These numbers should grow with additional tuning; indeed
we expect a substantially larger N50 size by the time of the
conference.

The Sanger coverage assumed by our protocol is so modest
it eliminates the need for a lab to own more than one type of
sequencing platform. These Sanger reads can be contratted o
to a core facility for under $50 per genome, or likely everlaep
ced by highly-conserved ribosomal RNA sequences scavenged
from databases.

Inter-contig distance estimation from spanning paired-end
reads — Sequencing protocols specify the mean separation
distance and variance between the ends of the paired-etsl rea
Typically, these insert lengths are normally distributesdy
with a mean distance of 3200 bases and a standard deviation of
150 bases. Our walking assembly strategy naturally pragluce
two neighboring contigs separated by some insert distaree.
substantial number of paired-end reads with one end anghore
in each contig provides the possibility of accurately eating

the distance between the contigs. Such estimation enabtes u
order contigs and fill gaps using shorter overlaps that wbald
unconvincing in the absence of distance information.

In this paper, we develop our distance estimation efforts,
which we believe will be helpful in any paired-end short read
assembler. To the best of our knowledge we are the first
short-read assembler to exploit this idea.

Section 3 surveys related work on short-read assembly. Tihe p
mary research issue today is not the head-to-head compasfso

reads contain 5% base error rates, which is ten times that assWhich assembler is “best”, but to identify the most coseetife

med by single-read Solexa/lllumina data. Certain previeosk on
microread assembly underestimates the complexity of thblem
by simulating assembly on error-free reads.

short-read sequencing protocol which results in data thathe
reconstructed when coupled with the right assembly styatdgst
relevant to us are two other assembly strategies focusinigohle-

SHORTY exploits two new ideas which we believe will be of €nded short-reads:

interest to the short-read assembly community:

*Corresponding author, skiena@cs.sunysb.edu

e ALLPATHS (Butler et al., 2007) is an assembler being deve-
loped at theBroad Institute reporting excellent assembly on
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paired-end Solexa-type data with 80X coverage using a proto
col with three different insert sizes (50kb 10%, 6kb+ 10%,

and 0.5kht 1%). Our results in this paper are not directly com-
parible. SHORTY produces somewhat lower quality assem-
blies, however our experiments assume (1) a substantially
simpler, single library experimental protocol, (2) emplay
shorter reads (25 vs. 30bp), (3) assuming reads with substan
tially higher base error rates (5% vs. 0.3%), and (4) reqgiri
substantially less coverage (50X vs. 80X).

Medvedev and Brudno’s RECOMB 2008 paper (Medvedev
et al., 2008) reports assembly results for bacterial scale geno-
mes which are more directly comparable to ours. They assem-
ble simulated 25-base paired (although error-free) reaids i
contigs with N50 contig sizes around 25kb. These contig

from Agencourt Bioscience Corporatiomv. agencourt .

con). Agencourt commercialized their technology based on
Polony Sequencing developed by Church and Mitra (Mitra
et al., 1999, 2003). Indeed, the parameters underlying our
simulations were selected with SOLiin mind.

Solexa (www. sol exa. co. uk) : They were recently acqui-
red by Illumina (www. i I I um na. conm). Their sequencing
machine |llumina Genome Analyzer, can load to eight samp-
les onto their flow cell surface for simultaneous analystse T
platform offers high accuracy, high throughput and reé&dyiv
low cost ($3000 per run, $400 per channel), and promises real

support for double-ended reads forthcoming very soon.
e Helicos BioSciences (Wwww. hel i cosbi 0. com): Based on

technology from Braslavskgt al., 2003, they are pioneering

sizes are essentially identical to ours, however the retudty
report use twice the short-read coverage we assume or mo
(100-200X).

Our paper is organized as follows. Section 2 reviews theethre
primary short-read sequencing technologies. Section 8egsr
short-read assemblers targetted for 454 and single-erc&dhta,
respectively. The algorithmic work flow of SHORTY is desetb
in Section 4. Our techniques for establishing positionfarimation
from mate pair data are discussed in Section 5. Experimesgalts
are presented in Section 6, with conclusions in Section 7.

2 SHORT READ SEQUENCING TECHNOLOGIES

Although the Sanger sequencing method (Saegal., 1977) has
been the dominant sequencing technology for decades, temfel

a single-molecule approach to sequencing. This offersradva
tages in capacity and eliminating amplification-specifiasbi
Their HeliScop&sequencing machine contains two flow cells
where billions of single molecules of sample DNA are captu-
red on an application-specific proprietary surface to ses/e
templates for the sequencing-by-synthesis process.

re

Table 1 compares the primary performance characterisfics o
various short read sequencing technologies.

3 BACKGROUND AND RELATED WORK

The success of shotgun sequencing (Samyeal., 1977) led to
the development of many successful assemblers for Sanaés.re
Most of them were based on the overlap-layout-consensusetKe
cioglu et al., 1995) paradigm, while others took a graph-theoretic

nologies for short read sequencing are have been developed approach. Some assemblers were suitable for hierarctagales-

several groups (Shendueeal., 2004; Brenneet al., 2003; Kling,
2003; Miller et al., 2003; Ronaghét al., 1998). See Mitchelson,
2007 for a recent survey and analysis of these technoldgiest. of
them are based quyrosequencing (Nyren, 2007; Nyrert al., 1993;
Ronaghiet al., 1996, 1998).

Pyrosequencing is based on a “sequencing by synthesi<iprin
ple. More specifically, the method uses a chemical lightipoing
enzymatic reaction which is triggered when a moleculargeé®mn
event occurs. Essentially, the method allows sequenciagafgle
strand of DNA by synthesizing the complementary strandglitn
Eachtime a nucleotide, A, C, G or T is incorporated into thengng
chain, a cascade of enzymatic reactions is triggered wlaobes a
light signal. 454 Life Scienceswwv. 454. com) has developed an
array based pyrosequencing which has emerged as an expédlen
form for large scale DNA sequencing. Their read length iscigiy
around 100 bases, which provides much more significanceatb re
overlaps for an assembler than is possible when reads araak s
as 25-30 bases.

These new short-read sequencing technologies differ mildeif
localizing molecules, amplification and sequencing apgho@®ur
assembler has been developed for microread technologiegghe-
rate mate paired short reads. Hence, it is suitable for datargted
by companies like:

e Applied Biosystems (www. appl i edbi osyst ens. com):
They recently released their sequencing machine SB{D

which uses a sequencing technology that is acquired

cing, while others targetewhole genome shotgun (WGS) sequen-
cing. A partial list of major assemblers include Arachneté®glou

et al., 2002; Jaffeet al., 2003), Celera (Myerst al., 2000), TIGR
(Sutton et al., 1995), PHRAP (Green, 1994), EULER (Pevzner
etal., 2001), Phusion (Mullikiret al., 2003), JAZZ (Shapiro, 2005),
and CAP3 (Huanet al., 1999). Also available are tools like Consed
(Gordonet al., 1998) and BAMBUS (Popt al., 2004), which can be
used as finisher for other assemblers which may produceatedel
or mis-assembled contigs.

As short read sequencing technologies mature, severalftioi
matics groups have started working on short read assentdjgqbs.
Most algorithms are still tested on simulated data, as tssembly-
quality data is not yet readily available for most platforrBelexa
double-ended reads and Applied Biosystems’ SOMBystem have
just entered the market, so real data should be availabléart s
order.

We classify short read assemblers in three different grduassed
on the type of reads they expect. The two assemblers mosasimi
to our own work (using short paired-end reads) have beenstsd
in the introduction. The second class are assemblers itaggéH4
data, which include:

e Newbler (Margulies et al., 2007) is a proprietary de novo
assembler from 454 Life Sciences Corporation which is desi-
gned to handle their data which is in the form of flowgrams.
It is based on the overlap-layout-consensus paradigm amd co
sists of three modules: Overlapper, Unitigger and Mutiiadir.
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Table 1. Comparison of different commercial short read sequenegrtologies.

Company | Machine | Throughput (per run] Read length (base)
454 GS FLX 100M bases/7 hourg 100 or more
Helicos HeliScope 2G bases/day around 25
Applied Biosystems SOLID 4G bases 25-30
Solexa lllumina Genome Analyzef 2G bases/2 days 25-30
As 454 doesn't typically produce paired-end dalewbler . ) insert lengt - 5
generates a set of unlinked contigs. s
e EULER(Chaissoret al., 2004) analyzed the feasibilty of short ... 5

read assembly of read lentgh 70-200 using EULER. On simu-2

lated data from several bacterial genomes, they producéxiam )
of long and short contigs. Fig. 1. Paired end reads are collected from both the strands wheilefth

) ) mer (marked in blue) is always on the sides6{or 3’) end.
e EULER-SR (Chaissoet al., 2008), the new version of EULER

is particularly designed for reads generated by next g¢inara

sequencing technologies. The results are based on a hybrid

approach where they used 454 and Sanger type data togethggparating the two reads is normally distributed aroundengar-

to generate an assembly. They presented some results f@et length. Each paired read contains a distieftimer (Imer) and

simulated paired 454 reads as well. aright-mer (rmer) (Figure 1). These reads may contain insertion,
 SHRAP (Sundquistt al., 2007) is another assembler that deletion, substitution or homo-polymgr errors. Our protowill

assemble reads of length around 200 base pairs using a préiSC Need a few (1-3) Sanger sequencing reads (we calldbeis)
posed sequencing protocol for mammalian-scale genomes. o start with.

A final class of short-read assemblers focuses on singleeend 41 Read Hashing

fi i f Sol hines: - .
reads produced by the first generation of Solexa machines In atypical data set, we will have millions of pairs of reatlse way

we make use of these reads requires them to be accessed masy ti
during the assembly process. Thus we hash all the pairs loased
thek-mers presentin thésft-mer andright-mer. From each pair, we
generate another pair of reads. Thfe-mer of the new pair will be

) the reverse complement of thight-mer of the original pair. Simi-
* SHARCGS (Dhoretal., 2007)is a de novo short read assemb- |1y the right-mer of the new pair will be the reverse complement

ler that handles short reads as short as 25-40 bases. IB§ESI€r f the|eft-mer of the original pair. We hash the new pair in a similar
a set of large contigs but without any ordering information. way. So, after the hashing process is finished, we know fort pa
Their algorithm was tested agairdumina’s 1G sequencing ¢y jark-mer which pairs of reads contain thietmer in their left-mer
instrument. It uses a method that it cadlantig elongation: a orright-mer. A typical value ofk s 8 or 9 on a 2GB machine but can
read is extended by looking for other reads in a prefix tree fory, larger based on available system memory and amount a§erro
potential extensions. It doesn’t work with paired-end gead in the reads.
e Phusion (Mullikin et al., 2003) was used bganger Institute
to assemble many genomes from shotgun sequences. Recently )
they showed (Keanet al., 2007) possibilities of assembling 4.2 Processing a Seed
short reads but with mixing a low coverage (0.5-2X) of capil- For eachseed we detect the group of read pairs whdsft-mers
lary reads with them. They used 454 and Solexa data for theior right-mers) will map onto that seed. With high probability, this
prototype. group ofright-mers (orleft-mers) belong to some neighboring reads
e \elvet (Zerbinoet al., 2007) augments 50X Solexa data with in the reference sequence (Figure 2). The previously basihftable
significant coverage (2X) of paired Sanger reads to produc®f reads is used to determine this group. We take into coretide
high quality assemblies. various types of sequencing errors while trying to map a ceeithe
seed. This group forms the basis of forming larger contigs and nex
generatiorseeds.

e SSAKE (Warreret al., 2007) is a short read assembler that was
tested with simulated error-free 25 mers. It performs wéthw
viral genomes. In a recent release, SSAKE started suppgortin
paired end reads.

While processing a seed, we must be careful in handling tepea

regions (Figure 3) as these might generate contigs witheaniihg
4 ALGORITHMIC WORK FLOW positional information. Another situation where this piesh can
SHORTY is designed to work on paired end shortreads. Thaslsre arise is when there are regions which are similar to theienss
(optionally accompanied by quality scores) are generagagtent  complement. We call such regiopslindrome regions. One way
technologies developed by Applied Biosystems, Solexa diner®  we detect seeds with repeats or palindrome regions is bykeigec
to come. Laboratory protocols aim to select targets whoserin  the number of reads that a seed can map onto itself. If itcistra
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Fig. 4. Because of the standard deviation ingert-length, gap between

Fig. 2. Group ofright-mers (red) whose corresponditgit-mers (blue) can  successiveontigs gets reduced.
be mapped on theeed (black). In can also be in the other way, kight-mers
mapped on theeed to form a group ofeft-mers.

Fig. 5. Because of the standard deviation ingert-length, gap between
Fig. 3. Repeats (R) and palindromes (P) can generate contigs wileani  successiveontigs gets reduced.
ding positional information.

too many reads, there is a strong chance that it has one of thos Figure 4 explains how the gap betwemntigs get reduced. Con-
problems. tigs B andC are generated from seéd If the standard deviation

of insert length was zeroD, which is generated fror€, must have

. . overlapped completely witih. But we can safely assume that we
4.3 Generating Contlgs. ] ) will have 10-15% standard deviation in actual situationwewer,
The group of reads formed in the previous stage is expecte@M® e can still proceed in a situation where the standard dewias
overlapping reads when we are presented with enough inpetco ¢ using multipleseeds. As we can see in Figure A, D andE
age. We greedily merge them based on overlaps among thes1. Thio,y, overlap to produce a largeantig while also reducing the gaps.
generates a set of contigs who are expected to be in neigigbori The contig-geography provides us with two very important pie-
positions in the reference. While considering an overlap,also g of informationa) an approximate distance betweesead and
take into accountthe quality of the bases. Consideringadissipility contigs generated from thaeed, b) information about whickcon-
that the reads may contain different kinds of errors, it isalways g is generated after whictontig. The distance information helps
possible to have ‘clean’ overlaps. We useymamic programming s to calculate an approximate starting position faoatig. The
based approach where we penalize for such error condit\¥es.  |ater information allows us to generate iarfor eachcontig which
also store voting information (for each position we cougttum- ;o callgeneration-id. Thegeneration-id of acontig is 1 more than
ber of A, T, G and C that comes from the constituting reads) forjig geed's generation-id if it is composed ofright-mers, otherwise
each position of a contig which helps us to choose the apptepr i is 1 |ess than that of itseed. Figure 5, which corresponds to
base for a position in case we have multiple candidates whight o contigs in Figure 4, shows thgeneration-ids of the contigs.
be the result of errors in the constituting reads. This candwsel to Contigs which are neighbors should have simieneration-ids and

determine the quality of that base. also their approximate starting positions should be cl6his gives
us a clue for searching possible overlaps. Instead of Igpfin
4.4 Contig Geography overlaps among all theontigs in our collection, we can only try

We also generate positional information for each contig ¢aeit ~ @mong those who have near simigneration-ids and close enough
contig-geography) using theinsert-length of the read-pairs and its ~ starting positions. This accelerates the finishing job cO&TY.

standard deviation. We exclusively use this informatiorfuture At this point we have contigs large enough to be considered as
steps especially to identify potential overlaps and ordecontigs.  input for traditional shotgun sequence assemblers. In gpere
Contig geography is discussed in greater detail in Section 5 ments, we use the TIGR assembler (Sutébral., 1995) for our

final-stage processing (see Table 3).
45 Generating New Seeds

Some of thecontigs generated in the previous stage might qualify 47  Contig Scaffolding
to be used aseeds again. Thesaext generation seeds are chosen
based on the length and quality of tbantigs. It is also possible to
use a collection of neighborirapntigs as a singleeed.

We use mate pair data in such a way that it is possible to track b
which contig was generated from which seed (Figure 6). We con
struct a directed grapy = (V, E) from this information. Vertices

. . of GG are the contigs and each seed is connected to all of its child-
4.6 Generating Larger Contigs ren. A chain of contigs in the same direction in the graph form
At this stage we are expected to have decent seomtigs. But  a scaffold. Contiguous contigs in the scaffold can be meifed
we can even do better wittontig-geography which we have been they become large enough in the previous steps. We can also re
generating and updating so far. This information will hekpfik map our initial reads to fill the gaps in a scaffold (Figure ).

ling up gaps and generating even largentigs by allowing smaller  the gaps still persist, we can provide an estimated gapHheurgng
overlaps. contig-geography.
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— ;@ or even thousands of read pairs connect each two non-opartap

— T N contigs, all of whose insert sizes were drawn from a normgttiei

bution of known mean and standard deviation. By analyzingreh

these read-pairs map on each contig we can accurately éstinea

Fig. 6. A chain of contigs in the same direction is used as a scafididee intercontig distance.

different scaffold are shown in this figure in red, blue aratchl In this section, we explore techniques for analyziogtig geo-

graphy. Accurate distance estimation is vital in later-stage igpnt
mﬂ merging in SHORTY. Many contigs generated from seeds over-

- — — — lap, but too weakly to be statistically significant over tloals of

' ' B a genome assembly. Accurate information about positioflesa

us to merge them confidently. Secondary benefits includecestiu

running times (by avoiding unpromising contig-overlaprgppand

dealing with repeats.

Fig. 7. Gaps in scaffolds can be filled by re-mapping the reads orgo th
contigs.

5.1 Gap Between a Contigand Its Seed

For these estimations, it is assumed that contigs and egdective
seeds are from the same strand. Define distdrimween two con-
tigs to be the distance between their first nucleotides irattaal
sequence. This definition is useful because it is indeperdeon-
tig size. We reduce the problem of estimating this distaca t

Fig.8. Chimerascan be detected by mapping back the reads onto the contigP@rameter estimation problem. Assuﬁig: {e1, 027; ..,cnt and
The contig can be partitioned at a point where no pair hagitgs in both S = {s1, s2, ..., sn } Wherec; is the position of theé*" read on the
sides of that point. contig ands; is the position of the other read (from the pair) on the

seed. Assume that insert length for each short read pairisdom

/NA variableX which belongs to parametric familfp,,, 6., .....6,,. (%),
/\\ E[X] = pandE[(X — p)?] = o2 DefineY = X — d. Note

thatY” also belongs t¢fs, 0, .....6,.,, (¥) with the same number of
parameters. Here, faf” read,y; = ¢; + s; is an observation of
Y. ThusY’s parameters can be estimated using this observation.
Recall thatd = X — Y, so we can compute the probability of the
value ofd by having the parameters &f andY” distribution. Since
density ofX is known (from parameters of the normal insert length
distribution), our problem reduces to estimating the paans of

Y from the observations we get from each read.

4.8 Detecting Misassemblies . ; o
) . . We assume thinsert length is governed by a normal distribution
We can detect mis-assemblies by mapping the reads backdonhke N(iz, 02) which mean#), = i, andé, = o,. Using maximum

tigs (Figure 8). If there is a point where a wrong merge o®WIT  |ikelihood estimation, we have:

there should not be any mate paired reads where both of them ge

mapped to the opposite sides of that point. We can split tme co 1 , 1 9

tigs in such points. Our scaffolds can also be another sowirce Py =72 Zci T, oy = Z(Ci +si)

identifying chimeras (Figure 9). Our scaffolds are ordered chains =1 =1

of contigs generated from mate paired reads. When two @ntig e definel = X —Y as before. Since botkf andY” are normally

become large enough to cover the gap between them, theydshoudistributed,d must also have a normal distribution with = 71, —

ovelap. Otherwise, there is a chance that at least one of hem |, ands?2 = o2 + o2.

chimera. Figure 10 reports the accuracy of our distance estimatiomdsn
contigs and their respective seeds. The sharp peak certeredd
zero indicates that we can position almost all contigs witlkexpec-

5 POSITIONAL INFORMATION FROM MATE ted error which is small relative to the length of the cortsgif. This

PAIRED READS means we can accurately order these contigs relative togbed,

which determines the neighbors to evaluate as possiblyapmng

contigs. It also accurate enough to determine whether wikaig

to be able to bridge the gap using a smaller unpositionedgont

a{ggssibly a single read) under appropriately relaxed dard.

B

Fig. 9. Contigs shown here are from one scaffddcandB are two consecu-
tive contigs large enough to overlap. If they don't overlégere is a chance
that eitherA or Bis a chimera produced due to mis-assembly.

The combination of relatively high-coverage as realizegbaiyed-
end microreads provides new opportunities to accuratelynate
the distance between non-overlapping contigs. The siiuagtis-
cussed in this paper assume 50x sequence coverage in 25-b
paired reads. This yields an expectation of two reads staftom . . . .
each position on the genome, half of which will represent theS'2 'V'e,fg'”g Contigsand Improving Distance

5' read. This implies that the number of read-pairs spanaimg Estimation

interior position on the genome roughly equals the insergtle  In the scaffold grapliz we used to represent relationships between
(centered around 3200 bases in our simulations). Thus bdedr contigs (Section 4.7), each edge is assigned a weight @stgrta
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Fig. 10. Histogram showing the base distance estimation erroiodal
contig/seed gaps, generated over 90,000 contig pairs.
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Fig. 11. Histogram showing the base distance estimation errayiabal
contig/seed gaps, generated from 55,000 contig pairs.
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the distance between the contig-pair. Initially this dista is esti-
mated using the techniques of the previous subsection, butan
refine it through a computation on all scaffold paths betwiben
contig pair.

Using the estimated seed-to-contig distances, we cartsoctin-
tigs and try to merge them based on predicted overlaps. Wleen w
merge two contigs we also merge the corresponding vertices o
graphG. After each merge, we recalculate the edge weights keep
iterating for new merges. An optimal correction to the edgégits
should make the length of all the paths from the root to the- mer
ged contig equal, while making the least possible changedge
weights. This is a rather time-consuming computation, steid
we iterate the following set of steps to merge contigs:

1. Compute the distance of all the contigs from the initisdcse
Find all the possible merge candidates.

2. Attempt to do all of the merges computed in step 1 and make
new contigs.

We call contigs generated ath iteration asith level contigs
and usel;, ,i,,...i,, 10 show the distance estimation from the initial
seed for the contig generated from merging the first levetigen
i1,12, ...,1n. We have already discussed the distance estimation for
the first level contigs. For the other level contigs we cahwsdie the
read information but this is very time consuming task. ladteve
use the following formula:

n

1 1

d; ;
n 1 — depthij J
_E depth,; . =
j=1 7

dil,ig,min -

wheredepth;; is the depth of contig; in G (the positioni; in its
scaffold) andi;; is the distance for contig; from the initial seed.
Figure 11 shows the quality of our estimation of global dists
of contigs. In the absence of repeats, we can quantify theragpn
between two contigs on a scaffold to within 4kb (with 3.2kbarts)
even though the contigs be hundreds of thousands of basks apa

6 EXPERIMENTS
6.1 Data

All experiments in this paper are performed on simulatedisea
from Streptococcuss suis, strain P1/7 imw. sanger. ac. uk/
proj ects/s_suis). The bacteria has a genome containing a
significant number of repeat regions, which complicate ptoeess

of assembly. Table 2 shows the repeat counts for this genome.

Our simulations were designed to conform as closely as plessi
to an assembly project on the Applied Biosystems’ SOLiDfplat.
Indeed our coverage, insert distribution, and base erstrilolition
are derived from an actual data set. Unfortunately, thegeazte
sampled in a highly non-uniform manner, presumably due tece
table problems in sample preparation. For this reason vieMeghat
our simulated data gives a better perspective on how oundsse
will perform in practice.

Specifics on our simulation parameters are given below. Tate m
pairs were collected uniformly from the 2,007,491 baseg lafe-
rence sequence. All reads were 25 bases long, where 15% of the
reads had 3 errors, 20% had 2 errors and 28% had 1 error. Atkerr
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Table 2. Repeats irS. suis sequenceColor Space is the
SOLID representation of DNA sequences, whefleziter
Spaceis the traditional representation.

space >75 >1,000 > 3,000 >5,000 max

letter 382 25 6 6 6151
color 180 15 6 6 6137

Analysis was done using MUMmer (Kurézal., 2004)

here are substitution errors. The insert lengths were nyrrdes-
tributed and centered around 3200bp with a standard deriafi
150bp. All of these parameters are in accord with real ditase
have analyzed. Sanger seeds used is the experiments wéfall
bases long and contain no error. They were selected unifoaml
random from the reference sequence.

A characteristic of ABI SOLID data is that it is generated 0 s
calledtwo base encoding or color space. Properties of this encoding
is that reverse complement of a sequence in letter spacaiisadent
to just the reverse in color space translation. More aboathese
encoding can be found atwv. appl i edbi osyst ens. com All

the sequences in this paper were both assembled and contpare

the reference genome in color space.

6.2 Results
Our results from several datasets with read coverage \@fyam

50x-75x are summarized in Table 3. Two assemblies are prdvid

for each data set. Those label8HORTY represent the union of
runs from distinct seeds with no attempt to further asseitiig.

7 DISCUSSION AND FUTURE DIRECTIONS

The results we have presented here provide evidence thhat hig
quality short read assembly is indeed possible using sirapté
economical protocols on real short-read data. Unlike previvork,
our protocol uses a single sample preparation as opposethiv a
of insert sizes or or runs on a mix of different platforms (et§4
and Solexa). Our assemblies thrive on signficant varianaesert
length, further simplifying preparation over others in therature.
We make do with about half the coverage reported elsewhere.

Our use of single Sanger reads is more of a nuisance than a pro-
blem, as this data can be obtained cheaply through outsmurci
services. An interesting question is whether they areyesdtes-
sary. Database sequence from closely-related speciekishdiice,
but even more to the point is noting how little informatioeyhadd
to the process. Three 500 base Sanger reads represent 00liig)
of information in an assembled genome of 4,000,000 bits jimggik
hard to believe they really are essential.

Our primary direction of further work is demonstrating gfgn
cant de novo assemblies on each of the major short-readplef
namely ABI SOLID™, Solexa paired-read data, and Helicos Bios-
ciences data as they are available to us. We are also wor&ing t
raise our N50 sizes through gap filling techniques based curate

dpositional estimation.
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Fig. 12. Coverage of the reference sequence by various sizes ofysomith different level of contig accuracies (90%, 95%, 9P%%, 99.9%; shown in
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