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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 now actively
competing in the race towards the $1,000 genome. Each of these
technologies produces raw sequence data with particular characte-
ristics and distinct error models. However, it has become clear that
three major contenders (Solexa/Illumina, Agencourt/Applied Biosy-
stems, and Helicos BioSciences) aim to produce high volume,25-30
base paired-end reads.

Short read sequencing has lead to a new surge of interest in the
old problem of sequence assembly. These new technologies have
only recently started producing data suitable for de novo assembly.
Several teams are now building short-read assemblers (see Section
3), but the protocols optimizing assembly projects (e.g. optimal
mixes of short- and long-reads) are still being invented.

In this paper we present our assembler SHORTY, targeted towards
paired-end microread sequencing data. Unlike others in thelitera-
ture, SHORTY uses a trivially low volume of Sanger reads (Sanger
et al., 1977), only one to threereads per bacterial genome. Still,
these “seed reads” enable us to produce significant assemblies using
about half the short-read coverage (50-60X) of other recentresults.
Further, our final assemblies prove very accurate even though our
reads contain 5% base error rates, which is ten times that assu-
med by single-read Solexa/Illumina data. Certain previouswork on
microread assembly underestimates the complexity of the problem
by simulating assembly on error-free reads.

SHORTY exploits two new ideas which we believe will be of
interest to the short-read assembly community:

∗Corresponding author, skiena@cs.sunysb.edu

• Seed reads for 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 repeating this
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 contigs.
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 contracted out
to a core facility for under $50 per genome, or likely even repla-
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-end reads.
Typically, these insert lengths are normally distributed,say
with a mean distance of 3200 bases and a standard deviation of
150 bases. Our walking assembly strategy naturally produces
two neighboring contigs separated by some insert distance.The
substantial number of paired-end reads with one end anchored
in each contig provides the possibility of accurately estimating
the distance between the contigs. Such estimation enables us to
order contigs and fill gaps using shorter overlaps that wouldbe
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. The pri-
mary research issue today is not the head-to-head comparison of
which assembler is “best”, but to identify the most cost-effective
short-read sequencing protocol which results in data that can be
reconstructed when coupled with the right assembly strategy. Most
relevant to us are two other assembly strategies focusing ondouble-
ended short-reads:

• 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 0.5kb± 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) employing
shorter reads (25 vs. 30bp), (3) assuming reads with substan-
tially higher base error rates (5% vs. 0.3%), and (4) requiring
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) reads into
contigs with N50 contig sizes around 25kb. These contig
sizes are essentially identical to ours, however the results they
report use twice the short-read coverage we assume or more
(100-200X).

Our paper is organized as follows. Section 2 reviews the three
primary short-read sequencing technologies. Section 3 surveys
short-read assemblers targetted for 454 and single-end Solexa data,
respectively. The algorithmic work flow of SHORTY is described
in Section 4. Our techniques for establishing positional information
from mate pair data are discussed in Section 5. Experimentalresults
are presented in Section 6, with conclusions in Section 7.

2 SHORT READ SEQUENCING TECHNOLOGIES
Although the Sanger sequencing method (Sangeret al., 1977) has
been the dominant sequencing technology for decades, noveltech-
nologies for short read sequencing are have been developed by
several groups (Shendureet al., 2004; Brenneret al., 2003; Kling,
2003; Miller et al., 2003; Ronaghiet al., 1998). See Mitchelson,
2007 for a recent survey and analysis of these technologies.Most of
them are based onpyrosequencing (Nyren, 2007; Nyrenet al., 1993;
Ronaghiet al., 1996, 1998).

Pyrosequencing is based on a “sequencing by synthesis” princi-
ple. More specifically, the method uses a chemical light-producing
enzymatic reaction which is triggered when a molecular recognition
event occurs. Essentially, the method allows sequencing ofa single
strand of DNA by synthesizing the complementary strand along it.
Each time a nucleotide, A, C, G or T is incorporated into the growing
chain, a cascade of enzymatic reactions is triggered which causes a
light signal. 454 Life Sciences (www.454.com) has developed an
array based pyrosequencing which has emerged as an excellent plat-
form for large scale DNA sequencing. Their read length is typically
around 100 bases, which provides much more significance to read
overlaps for an assembler than is possible when reads are as small
as 25-30 bases.

These new short-read sequencing technologies differ in details of
localizing molecules, amplification and sequencing approach. Our
assembler has been developed for microread technologies that gene-
rate mate paired short reads. Hence, it is suitable for data generated
by companies like:

• Applied Biosystems (www.appliedbiosystems.com):
They recently released their sequencing machine SOLiDTM ,
which uses a sequencing technology that is acquired

from Agencourt Bioscience Corporation (www.agencourt.
com). 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 SOLiDTM in mind.

• Solexa (www.solexa.co.uk): They were recently acqui-
red by Illumina (www.illumina.com). Their sequencing
machine,Illumina Genome Analyzer, can load to eight samp-
les onto their flow cell surface for simultaneous analysis. The
platform offers high accuracy, high throughput and relatively
low cost ($3000 per run, $400 per channel), and promises real
support for double-ended reads forthcoming very soon.

• Helicos BioSciences (www.helicosbio.com): Based on
technology from Braslavskyet al., 2003, they are pioneering
a single-molecule approach to sequencing. This offers advan-
tages in capacity and eliminating amplification-specific bias.
Their HeliScopeTMsequencing machine contains two flow cells
where billions of single molecules of sample DNA are captu-
red on an application-specific proprietary surface to serveas
templates for the sequencing-by-synthesis process.

Table 1 compares the primary performance characteristics of
various short read sequencing technologies.

3 BACKGROUND AND RELATED WORK
The success of shotgun sequencing (Sangeret al., 1977) led to
the development of many successful assemblers for Sanger reads.
Most of them were based on the overlap-layout-consensus (Kece-
cioglu et al., 1995) paradigm, while others took a graph-theoretic
approach. Some assemblers were suitable for hierarchical sequen-
cing, while others targetedwhole genome shotgun (WGS) sequen-
cing. A partial list of major assemblers include Arachne (Batzoglou
et al., 2002; Jaffeet al., 2003), Celera (Myerset al., 2000), TIGR
(Sutton et al., 1995), PHRAP (Green, 1994), EULER (Pevzner
et al., 2001), Phusion (Mullikinet al., 2003), JAZZ (Shapiro, 2005),
and CAP3 (Huanget al., 1999). Also available are tools like Consed
(Gordonet al., 1998) and BAMBUS (Popet al., 2004), which can be
used as finisher for other assemblers which may produce unrelated
or mis-assembled contigs.

As short read sequencing technologies mature, several bioinfor-
matics groups have started working on short read assembly projects.
Most algorithms are still tested on simulated data, as true assembly-
quality data is not yet readily available for most platforms. Solexa
double-ended reads and Applied Biosystems’ SOLiDTM system have
just entered the market, so real data should be available in short
order.

We classify short read assemblers in three different groups, based
on the type of reads they expect. The two assemblers most similar
to our own work (using short paired-end reads) have been discussed
in the introduction. The second class are assemblers targeting 454
data, which include:

• 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 and con-
sists of three modules: Overlapper, Unitigger and Multialigner.
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Table 1. Comparison of different commercial short read sequencing technologies.

Company Machine Throughput (per run) Read length (base)

454 GS FLX 100M bases/7 hours 100 or more
Helicos HeliScope 2G bases/day around 25

Applied Biosystems SOLiD 4G bases 25 – 30
Solexa Illumina Genome Analyzer 2G bases/2 days 25 – 30

As 454 doesn’t typically produce paired-end data,Newbler
generates a set of unlinked contigs.

• EULER (Chaissonet al., 2004) analyzed the feasibility of short
read assembly of read lentgh 70–200 using EULER. On simu-
lated data from several bacterial genomes, they produced a mix
of long and short contigs.

• EULER-SR (Chaissonet al., 2008), the new version of EULER
is particularly designed for reads generated by next generation
sequencing technologies. The results are based on a hybrid
approach where they used 454 and Sanger type data together
to generate an assembly. They presented some results for
simulated paired 454 reads as well.

• SHRAP (Sundquistet al., 2007) is another assembler that
assemble reads of length around 200 base pairs using a pro-
posed sequencing protocol for mammalian-scale genomes.

A final class of short-read assemblers focuses on single-ended
reads produced by the first generation of Solexa machines:

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

• SHARCGS (Dhomet al., 2007) is a de novo short read assemb-
ler that handles short reads as short as 25–40 bases. It generates
a set of large contigs but without any ordering information.
Their algorithm was tested againstIllumina’s 1G sequencing
instrument. It uses a method that it callscontig elongation: a
read is extended by looking for other reads in a prefix tree for
potential extensions. It doesn’t work with paired-end reads.

• Phusion (Mullikin et al., 2003) was used bySanger Institute
to assemble many genomes from shotgun sequences. Recently
they showed (Keaneet al., 2007) possibilities of assembling
short reads but with mixing a low coverage (0.5-2X) of capil-
lary reads with them. They used 454 and Solexa data for their
prototype.

• Velvet (Zerbinoet al., 2007) augments 50X Solexa data with
significant coverage (2X) of paired Sanger reads to produce
high quality assemblies.

4 ALGORITHMIC WORK FLOW
SHORTY is designed to work on paired end short reads. These reads
(optionally accompanied by quality scores) are generated by recent
technologies developed by Applied Biosystems, Solexa and others
to come. Laboratory protocols aim to select targets whose insert

insert length
5’ 3’

3’ 5’

Fig. 1. Paired end reads are collected from both the strands where the left-
mer (marked in blue) is always on the side of5

′ (or 3
′) end.

separating the two reads is normally distributed around a given tar-
get length. Each paired read contains a distinctleft-mer (lmer) and
a right-mer (rmer) (Figure 1). These reads may contain insertion,
deletion, substitution or homo-polymer errors. Our protocol will
also need a few (1-3) Sanger sequencing reads (we call themseeds)
to start with.

4.1 Read Hashing
In a typical data set, we will have millions of pairs of reads.The way
we make use of these reads requires them to be accessedmany times
during the assembly process. Thus we hash all the pairs basedon
thek-mers present in theleft-mer andright-mer. From each pair, we
generate another pair of reads. Theleft-mer of the new pair will be
the reverse complement of theright-mer of the original pair. Simi-
larly theright-mer of the new pair will be the reverse complement
of theleft-mer of the original pair. We hash the new pair in a similar
way. So, after the hashing process is finished, we know for a parti-
culark-mer which pairs of reads contain thatk-mer in their left-mer
or right-mer. A typical value ofk is 8 or 9 on a 2GB machine but can
be larger based on available system memory and amount of errors
in the reads.

4.2 Processing a Seed
For eachseed we detect the group of read pairs whoseleft-mers
(or right-mers) will map onto that seed. With high probability, this
group ofright-mers (orleft-mers) belong to some neighboring reads
in the reference sequence (Figure 2). The previously built hash table
of reads is used to determine this group. We take into consideration
various types of sequencing errors while trying to map a readon the
seed. This group forms the basis of forming larger contigs and next
generationseeds.

While processing a seed, we must be careful in handling repeat
regions (Figure 3) as these might generate contigs with misleading
positional information. Another situation where this problem can
arise is when there are regions which are similar to their reverse
complement. We call such regionspalindrome regions. One way
we detect seeds with repeats or palindrome regions is by checking
the number of reads that a seed can map onto itself. If it attracts
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Fig. 2. Group ofright-mers (red) whose correspondingleft-mers (blue) can
be mappedon theseed (black). In can also be in the other way, i.e.right-mers
mapped on theseed to form a group ofleft-mers.

 P  R

Fig. 3. Repeats (R) and palindromes (P) can generate contigs with mislea-
ding positional information.

too many reads, there is a strong chance that it has one of those
problems.

4.3 Generating Contigs
The group of reads formed in the previous stage is expected tohave
overlapping reads when we are presented with enough input cover-
age. We greedily merge them based on overlaps among them. This
generates a set of contigs who are expected to be in neighboring
positions in the reference. While considering an overlap, we also
take into account the quality of the bases. Considering the possibility
that the reads may contain different kinds of errors, it is not always
possible to have ‘clean’ overlaps. We use adynamic programming
based approach where we penalize for such error conditions.We
also store voting information (for each position we count the num-
ber of A, T, G and C that comes from the constituting reads) for
each position of a contig which helps us to choose the appropriate
base for a position in case we have multiple candidates whichmight
be the result of errors in the constituting reads. This can beused to
determine the quality of that base.

4.4 Contig Geography
We also generate positional information for each contig (wecall it
contig-geography) using theinsert-length of the read-pairs and its
standard deviation. We exclusively use this information infuture
steps especially to identify potential overlaps and order thecontigs.
Contig geography is discussed in greater detail in Section 5.

4.5 Generating New Seeds
Some of thecontigs generated in the previous stage might qualify
to be used asseeds again. Thesenext generation seeds are chosen
based on the length and quality of thecontigs. It is also possible to
use a collection of neighboringcontigs as a singleseed.

4.6 Generating Larger Contigs
At this stage we are expected to have decent sizedcontigs. But
we can even do better withcontig-geography which we have been
generating and updating so far. This information will help us fil-
ling up gaps and generating even largercontigs by allowing smaller
overlaps.

AC B

ED

Fig. 4. Because of the standard deviation ofinsert-length, gap between
successivecontigs gets reduced.

−1

00

0 1

Fig. 5. Because of the standard deviation ofinsert-length, gap between
successivecontigs gets reduced.

Figure 4 explains how the gap betweencontigs get reduced. Con-
tigs B andC are generated from seedA. If the standard deviation
of insert length was zero,D, which is generated fromC, must have
overlapped completely withA. But we can safely assume that we
will have 10-15% standard deviation in actual situation. However,
we can still proceed in a situation where the standard deviation is
zero using multipleseeds. As we can see in Figure 4,A, D andE
now overlap to produce a largercontig while also reducing the gaps.

The contig-geography provides us with two very important pie-
ces of information:a) an approximate distance between aseed and
contigs generated from thatseed, b) information about whichcon-
tig is generated after whichcontig. The distance information helps
us to calculate an approximate starting position for acontig. The
later information allows us to generate anid for eachcontig which
we callgeneration-id. Thegeneration-id of a contig is 1 more than
its seed’s generation-id if it is composed ofright-mers, otherwise
it is 1 less than that of itsseed. Figure 5, which corresponds to
the contigs in Figure 4, shows thegeneration-ids of the contigs.
Contigs which are neighbors should have similargeneration-ids and
also their approximate starting positions should be close.This gives
us a clue for searching possible overlaps. Instead of looking for
overlaps among all thecontigs in our collection, we can only try
among those who have near similargeneration-ids and close enough
starting positions. This accelerates the finishing job of SHORTY.

At this point we have contigs large enough to be considered as
input for traditional shotgun sequence assemblers. In our experi-
ments, we use the TIGR assembler (Suttonet al., 1995) for our
final-stage processing (see Table 3).

4.7 Contig Scaffolding
We use mate pair data in such a way that it is possible to trace back
which contig was generated from which seed (Figure 6). We con-
struct a directed graphG = (V, E) from this information. Vertices
of G are the contigs and each seed is connected to all of its child-
ren. A chain of contigs in the same direction in the graph forms
a scaffold. Contiguous contigs in the scaffold can be mergedif
they become large enough in the previous steps. We can also re-
map our initial reads to fill the gaps in a scaffold (Figure 7).If
the gaps still persist, we can provide an estimated gap length using
contig-geography.
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Fig. 6. A chain of contigs in the same direction is used as a scaffold.Three
different scaffold are shown in this figure in red, blue and black.

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

Fig. 8. Chimeras can be detected by mapping back the reads onto the contig.
The contig can be partitioned at a point where no pair has its reads in both
sides of that point.

B

A

Fig. 9. Contigs shown here are from one scaffold.A andB are two consecu-
tive contigs large enough to overlap. If they don’t overlap,there is a chance
that eitherA or B is a chimera produced due to mis-assembly.

4.8 Detecting Misassemblies
We can detect mis-assemblies by mapping the reads back to thecon-
tigs (Figure 8). If there is a point where a wrong merge occurred,
there should not be any mate paired reads where both of them get
mapped to the opposite sides of that point. We can split the con-
tigs in such points. Our scaffolds can also be another sourceof
identifying chimeras (Figure 9). Our scaffolds are ordered chains
of contigs generated from mate paired reads. When two contigs
become large enough to cover the gap between them, they should
ovelap. Otherwise, there is a chance that at least one of themis a
chimera.

5 POSITIONAL INFORMATION FROM MATE
PAIRED READS

The combination of relatively high-coverage as realized bypaired-
end microreads provides new opportunities to accurately estimate
the distance between non-overlapping contigs. The simulations dis-
cussed in this paper assume 50x sequence coverage in 25-base
paired reads. This yields an expectation of two reads starting from
each position on the genome, half of which will represent the
5’ read. This implies that the number of read-pairs spanningany
interior position on the genome roughly equals the insert length
(centered around 3200 bases in our simulations). Thus hundreds

or even thousands of read pairs connect each two non-overlapping
contigs, all of whose insert sizes were drawn from a normal distri-
bution of known mean and standard deviation. By analyzing where
these read-pairs map on each contig we can accurately estimate the
intercontig distance.

In this section, we explore techniques for analyzingcontig geo-
graphy. Accurate distance estimation is vital in later-stage contig
merging in SHORTY. Many contigs generated from seeds over-
lap, but too weakly to be statistically significant over the scale of
a genome assembly. Accurate information about position enables
us to merge them confidently. Secondary benefits include reduced
running times (by avoiding unpromising contig-overlap pairs) and
dealing with repeats.

5.1 Gap Between a Contig and Its Seed
For these estimations, it is assumed that contigs and their respective
seeds are from the same strand. Define distanced between two con-
tigs to be the distance between their first nucleotides in theactual
sequence. This definition is useful because it is independent of con-
tig size. We reduce the problem of estimating this distance to a
parameter estimation problem. AssumeC = {c1, c2, . . . , cn} and
S = {s1, s2, . . . , sn} whereci is the position of theith read on the
contig andsi is the position of the other read (from the pair) on the
seed. Assume that insert length for each short read pair is a random
variableX which belongs to parametric familyfθx1

,θx2
,...,θxm

(x),
E[X ] = µ andE[(X − µ)2] = σ2. DefineY = X − d. Note
thatY also belongs tofθy1

,θy2
,...,θym

(y) with the same number of
parameters. Here, forith read,yi = ci + si 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 ofX andY distribution. Since
density ofX is known (from parameters of the normal insert length
distribution), our problem reduces to estimating the parameters of
Y from the observations we get from each read.

We assume theinsert length is governed by a normal distribution
N(µx, σ2

x) which meansθ1 = µy andθ2 = σy . Using maximum
likelihood estimation, we have:

µy =
1

n

n
X

i=1

ci + si , σ
2

y =
1

n

n
X

i=1

(ci + si)
2

We defined = X−Y as before. Since bothX andY are normally
distributed,d must also have a normal distribution withµd = µx −
µy andσ2

d = σ2

x + σ2

y .
Figure 10 reports the accuracy of our distance estimation between

contigs and their respective seeds. The sharp peak centeredaround
zero indicates that we can position almost all contigs with an expec-
ted error which is small relative to the length of the contig itself. This
means we can accurately order these contigs relative to their seed,
which determines the neighbors to evaluate as possibly overlapping
contigs. It also accurate enough to determine whether we arelikely
to be able to bridge the gap using a smaller unpositioned contig
(possibly a single read) under appropriately relaxed conditions.

5.2 Merging Contigs and Improving Distance
Estimation

In the scaffold graphG we used to represent relationships between
contigs (Section 4.7), each edge is assigned a weight estimating to
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Fig. 10. Histogram showing the base distance estimation error inlocal
contig/seed gaps, generated over 90,000 contig pairs.
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Fig. 11. Histogram showing the base distance estimation error inglobal
contig/seed gaps, generated from 55,000 contig pairs.

the distance between the contig-pair. Initially this distance is esti-
mated using the techniques of the previous subsection, but we can
refine it through a computation on all scaffold paths betweenthe
contig pair.

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

1. Compute the distance of all the contigs from the initial seed.
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 atith iteration asith level contigs
and usedi1,i2 ,...in to show the distance estimation from the initial
seed for the contig generated from merging the first level contigs
i1, i2, ..., in. We have already discussed the distance estimation for
the first level contigs. For the other level contigs we can still use the
read information but this is very time consuming task. Instead we
use the following formula:

di1,i2 ,...in =
1

n
P

j=1

1

depthij

n
X

j=1

1

depthij

dij

wheredepthij is the depth of contigij in G (the positionij in its
scaffold) anddij is the distance for contigij from the initial seed.

Figure 11 shows the quality of our estimation of global distances
of contigs. In the absence of repeats, we can quantify the separation
between two contigs on a scaffold to within 4kb (with 3.2kb inserts)
even though the contigs be hundreds of thousands of bases apart.

6 EXPERIMENTS

6.1 Data
All experiments in this paper are performed on simulated reads
from Streptococcuss suis, strain P1/7 (www.sanger.ac.uk/
projects/s_suis). The bacteria has a genome containing a
significant number of repeat regions, which complicates theprocess
of assembly. Table 2 shows the repeat counts for this genome.

Our simulations were designed to conform as closely as possible
to an assembly project on the Applied Biosystems’ SOLiD platform.
Indeed our coverage, insert distribution, and base error distribution
are derived from an actual data set. Unfortunately, the reads were
sampled in a highly non-uniform manner, presumably due to correc-
table problems in sample preparation. For this reason we believe that
our simulated data gives a better perspective on how our assembler
will perform in practice.

Specifics on our simulation parameters are given below. The mate
pairs were collected uniformly from the 2,007,491 bases long refe-
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. All errors
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Table 2. Repeats inS. suis sequence.Color Space is the
SOLiD representation of DNA sequences, whereasLetter
Space is 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 (Kurtzet al., 2004)

here are substitution errors. The insert lengths were normally dis-
tributed and centered around 3200bp with a standard deviation of
150bp. All of these parameters are in accord with real datasets we
have analyzed. Sanger seeds used is the experiments were all500
bases long and contain no error. They were selected uniformly at
random from the reference sequence.

A characteristic of ABI SOLiD data is that it is generated in so-
calledtwo base encoding or color space. Properties of this encoding
is that reverse complement of a sequence in letter space is equivalent
to just the reverse in color space translation. More about two-base
encoding can be found atwww.appliedbiosystems.com. All
the sequences in this paper were both assembled and comparedto
the reference genome in color space.

6.2 Results
Our results from several datasets with read coverage varying from
50x-75x are summarized in Table 3. Two assemblies are provided
for each data set. Those labeledSHORTY represent the union of
runs from distinct seeds with no attempt to further assemblethem.
Those labeledSHORTY T report the results of applying a traditional
assembler (TIGR assembler (Suttonet al., 1995)) to merge overlaps
in these sequences. We consider theSHORTY T results more repre-
sentative of the assemblies to be obtained in practice, although our
contig accuracy rate suffers somewhat due to chimeras induced by
this last stage assembly. Such misassemblies should be detectable
by the unusually low frequency of read-pairs spanning the mistaken
junction.

The results in Table 3 shows that for all five of these runs, the
N50 size ranges from 17.1kb to 32.2kb, in terms of finished contigs
with base accuracies of over≥ 99.9%. The N50 size is a standard
measure of assembly quality denoting the size of the smallest con-
tig such that 50% of the reference sequence is contained in contigs
of size N50 or greater. Table 3 also shows that between 96.7% and
99.0% of the reference genome occurs in substantial (≥ 100 base)
finished contigs, each with base accuracies of over≥ 99.9%. This
result, coupled with the mate pairs linking these contigs implies we
have tiled the genome with ordered, substantial contigs. Weare con-
fident that our N50 number will rise substantially as we explore
methods to fill these (usually) trivial gaps using a second look at
the original sequence reads.

Figure 12 illustrates the contig-size distribution of three of our
assemblies (for 55x, 65x, and 75x coverage respectively) both pre-
(left) and post- (right) final phase assembly. The insets highlight
detail with respect to smaller but not trivial contig sizes;recall that
we are starting with only 25-base reads!

7 DISCUSSION AND FUTURE DIRECTIONS
The results we have presented here provide evidence that high-
quality short read assembly is indeed possible using simpleand
economical protocols on real short-read data. Unlike previous work,
our protocol uses a single sample preparation as opposed to amix
of insert sizes or or runs on a mix of different platforms (e.g. 454
and Solexa). Our assemblies thrive on signficant variance ininsert
length, further simplifying preparation over others in theliterature.
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 outsourcing
services. An interesting question is whether they are really neces-
sary. Database sequence from closely-related species should suffice,
but even more to the point is noting how little information they add
to the process. Three 500 base Sanger reads represent only 3000 bits
of information in an assembled genome of 4,000,000 bits, making it
hard to believe they really are essential.

Our primary direction of further work is demonstrating signifi-
cant de novo assemblies on each of the major short-read platforms,
namely ABI SOLiDTM , Solexa paired-read data, and Helicos Bios-
ciences data as they are available to us. We are also working to
raise our N50 sizes through gap filling techniques based on accurate
positional estimation.
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Fig. 12. Coverage of the reference sequence by various sizes of contigs with different level of contig accuracies (90%, 95%, 97%,99%, 99.9%; shown in
different color). Contig lengths are in kilo bases. First portion of a graph (especially the region containing N50) is zoomed inside the small rectangles.
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