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Abstract. The de novo assembly of genomes from high-throughput
short reads is an active area of research. Several promising methods
have been recently developed, with applicability mainly restricted to the
smaller and less complex bacterial genomes. In this paper, we present
a method for assembling large genomes from high-coverage paired short
reads. Our method exploits large distributed memory and parallelism
available on multiprocessor systems to handle memory-intensive phases
of the algorithm, effectively allowing scaling to large genomes. We present
parallel algorithms to construct a bidirected string graph that is several
orders of magnitude smaller than the raw sequence data and to extract
features from paired reads. We also present a heuristic method that uses
these features to guide the extension of partial graph traversals corre-
sponding to large genomic contigs. In addition, we propose a simple
model for error correction and derive a lower bound on the coverage
needed for its use. We present a validation of our framework with short
reads from D. melanogaster and S. cervisiae synthetically generated at
300-fold coverage. Assembly of the D. melanogaster genome resulted in
large contigs (n50 > 102Kb), accurate to 99.9% of the bases, in under 4
hours of wall clock time on a 512-node Blue Gene/L.

1 Introduction

For nearly three decades from its invention, Sanger sequencing - which pro-
duces 700 to 1000 base-pair reads - dominated the field of DNA sequencing and
genome assembly. New developments in high-throughput short read sequencing
are proving a disruptive technology that allows concurrent generation of mil-
lions of reads at a significantly lower per base cost, albeit with limitations on
read length (25-50 bp typically, with the exception of 454, which can produce
150 bp reads). Several such platforms are available and seeing rapid adoption
in the community (454 Life Sciences system [13], Illumina Solexa [1], Applied
Biosystems SOLiD [17], and Helicos Biosciences Heliscope [22]).

Short-read technologies were initially aimed at resequencing individuals when
a template genome of the species is known. This allows aligning the reads to the
reference genome, avoiding a de novo assembly, and provides an easy way for
biological analysis such as identifying Single Nucleotide Polymorphisms (SNPs).



The Solexa system has been used for resequencing [2][19], identifying repeats
[21], and characterizing population diversity [16].

There has been considerable recent interest in the more technically chal-
lenging problem of de novo genome sequencing. Given the multimillion dollar
expense associated with Sanger read based genome sequencing projects, high-
throughput technologies offer the only hope of sequencing a much larger number
of species. Also, de novo assembly is important in cases where significant genomic
rearrangements are expected, such as when sequencing multiple inbred lines of
the same plant species. In response to these needs, several short read assemblers
have recently been developed – ALLPATHS [3], Euler-SR [4], SHARCGS [5],
Shorty [8], an assembler by Medvedev et al. [14], SSAKE [20], and Velvet [23].

Traditionally, the overlap-layout-consensus paradigm has been the mainstay
of Sanger read based sequencing projects, whereby long overlaps between reads
provide much of the information to shape the assembly. Though graph-based
methods that permit a more global view when resolving repeats have been de-
veloped (de Bruijn [9][18] and string graph models [15]), their reach has not
extended beyond bacterial genomes due to significant memory requirements.

With short reads eliminating the reliability of read overlaps in predicting
genomic co-location, a revival of graph-based methods has underpinned the de-
velopment of short-read assemblers. However, the memory limitations seen previ-
ously are further exacerbated due to the high coverage needed to compensate for
shorter read lengths. As a result, short-read de novo assembly has been demon-
strated on relatively small genome sizes, ranging from single BACs [5][20][23]
to bacterial genomes with a few million bases [4][7][14]. Perhaps the largest re-
ported assembly (39 million bases) was produced in 2 days using a workstation
with 64 GB memory [3].

In this paper, we present a short-read sequence assembly framework that can
successfully assemble large genomes with high coverage. To do so, we rely on par-
allel algorithms and the large distributed memory afforded by high performance
parallel computers for the memory-intensive phases of the assembly. We present
parallel methods for constructing a bidirected de Bruijn graph of k-molecules
and converting this graph into a bidirected string graph. We present a parallel
method for computing features that summarize the distances between paired
reads. We also create weak traversal constraints derived from k-mer frequency
along each edge. We present an algorithm that finds paths corresponding to con-
tigs by starting with unambiguous long edges as seeds, and then extending each
path using heuristic rules that rely on the computed features. As the string graph
is many orders of magnitude smaller than the initial sequence data, and there
are only a few thousand features per edge, this final phase of assembly can be
carried out sequentially for many genomes. Our method advances the state of the
art in short-read assembly from the confines of prokaryotic genomes. For exam-
ple, we demonstrate a 99.9% accurate assembly of the Drosophila Melanogaster

genome in four hours, with 50% of the genome covered by contigs of length at
least 102Kb.



2 Linking Coverage to Error Correction

The two most crucial technical challenges in accurate short read assembly are
eliminating sequencing errors and accurately reconstructing genomic repeats.
High coverage, randomness in error location, and a low error rate are helpful
when dealing with errors. Paired reads obtained by sequencing both ends of
fragments of known approximate size provide distance constraints that are in-
strumental in identifying correct walks in the graph and resolving repeats.

As with other methods, the method we propose is sensitive to errors unless
they are identified prior to assembly. In a manner similar to that proposed by
Pevzner et al. [18], we deal with errors by analyzing k-mer frequency. We wish
to find a threshold such that, with high probability, all k-mers with frequency
below this threshold are artifacts due to sequencing errors. Correspondingly, all
real k-mers should occur at a rate above this threshold. We make the simpli-
fying assumption that the sampling of the genome and the sequencing error
are independent, uniform, random processes. For the initial analysis, we ignore
the increased frequencies of certain k-mers due to the presence of repeats, but
address this subsequently.

Let g the length of the genome, l be the length of each read, r be the sub-
stitution error rate per base, and c be the coverage rate per base. We describe
a k-mer as a tuple s = 〈p1, p2, ..., pk〉. An edit profile is the corresponding tuple
〈c1, c2, ..., ck〉 with ci ∈ [0, 3]. The probability P (ci = 0) is 1− r (i.e., base called
correctly), while the probabilities P (ci = 1) = P (ci = 2) = P (ci = 3) = r

3
(corresponding to each of the three incorrect base call possibilities).

We are interested in two classes of edit profiles: the identity profile, which
has probability (1−r)k; and the profiles corresponding to a single edit, each with
probability r

3 (1 − r)(k−1). We ignore other profiles given their low probabilities
for practical values of r. The expected rate at which the identity profile occurs

at some location in the genome is λp =
(

c(l−k)
l

)

(1 − r)k. The expected rate at

which a single error edit profile occurs is λd =
(

c(l−k)
l

)

(

r
3

)

(1 − r)k−1.

The number of times a particular k-mer (the identity profile at a particular
position) is seen in the data is a Poisson process, with the expected number of
k-mers seen exactly t times given by the equation:

Ct =

(

λp
te−λp

t!

)

g

The expected number of times a single base k-mer edit is seen exactly t times
is defined similarly:

Et =

(

λd
te−λd

t!

)

3kg

Given a genome of length g and an error rate r, we wish to find coverage c

such that good k-mers can be separated from bad k-mers by some threshold τ

with high probability. We create a 3-dimensional plot of Ct and Et given c and
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Fig. 1. Contour lines for Ct and Et when plotted against c and t. We plot log
10

Ct =
{−2,−1, 0, and 2} for genome length 300Mb, read length of 40bp, 1% error, and k=30.
We also plot log

10
Et = {−2,−1, 0, and 2} for a hypothetical genome repeat decom-

position, superimposed against Ct. We show in the upper left a plot of Ct for 300Mb
of unique sequence. We show in the upper right a plot for 60Mb of sequence repeated
twice. We show in the lower left a plot for 1Mb of sequence repeated 4 times. Finally,
we show in the lower right a plot for 20Kb repeated 30 times. These plots indicate
that with 1% sequencing error rate, 30-mers can likely be differentiated using a simple
threshold method at 250-fold to 300-fold coverage.

τ , as shown in the upper left quadrant of Figure 1. Observe that if the genome
is unique, a good separation of 30-mers can be achieved with 200-fold coverage
of length 40bp reads with 1% error.

We can update this analysis given the presence of sampling bias and repeats
by observing that both can be modeled as non-uniform coverage of some genome
with only unique k-mers. We can analyze the k-mers by separating this genome
into sets of k-mers with similar coverage. Our task is to find a single threshold
that separates real k-mers from errors in all sets simultaneously. As shown in
Figure 1, for a genome of length 300Mb, a 1% error rate, and an average read
length of 40, we can expect that 300-fold coverage will achieve separation of
30-mers for many repeats.



3 Parallel Bidirected String Graph Construction

Our target architecture is the distributed memory high performance computer;
all processors have direct access to local memory, but access to other proces-
sors’ memory is mediated by an interconnection network. We have previously
described a method for constructing a bidirected string graph in parallel[10][11],
which we review.

In a bidirected graph, each edge has two directions, one for each endpoint.
There are four possible ways of connecting edges for an ordered pair of nodes
(u, v): u⊲–⊲v, u⊳–⊳v, u⊲–⊳v, and u⊳–⊲v. A valid graph traversal requires
that endpoint directions be satisfied when passing through a node; if we enter a
node on an in arrow, we must exit on an out arrow, and vice versa.

Consider each k-molecule in the data (by considering both strands associ-
ated with each k-mer). We call the lexicographically larger of the two strands
the positive (or representative) strand, and the other strand the negative strand.
Consider a de Bruijn graph, where each k-molecule corresponds to a node in the
graph, and two nodes are connected if they share a common (k − 1)-molecule.
There are four ways of connecting edges in the de Bruijn graph, and we use
a bidirected edge to capture these options, as shown in Figure 3. If the posi-
tive strand of the underlying molecule moves into the edge, the corresponding
arrowhead points away from the node. Similarly, if the negative strand of the
underlying molecule moves into the edge, the corresponding arrowhead points
into the node.

We construct the de Bruijn graph edge-by-edge, by looking at all (k + 1)-
molecules in the input data. The representative strand of each molecule is stored
as a 4(k+1) bit integer in a distributed array. To deal with memory constraints,
the sequences are read in stages, updating this representative list at the end of
each phase with the frequency of each molecule in the data, using parallel sort
[6] as the supporting operation.

Also because of limited memory, data is processed in two phases. In the first
phase, we record the frequency of all observed (k + 1)-molecules. After enough
data has been considered, all real (k + 1)-molecules will have been observed at
least once with high probability. At this point, we continue with the second
phase, in which only the frequencies of previously seen (k + 1)-molecules are
updated. After all data has been considered, molecules with frequency below
the threshold indicated in the previous section are discarded.

Fig. 2. The four ways in which k-molecule nodes can be connected in the bidirected
de Bruijn graph of the data, with the corresponding edge labels that will be used in
creating the string graph.



Once all true (k + 1)-molecules are found, the graph can be determined di-
rectly by constructing an edge from each representative. This graph is nearly
a de Bruijn graph, but there can exist nodes in this graph that are not con-
nected but would be in a true de Bruijn graph, due to the existence of maximal
k − 1 length repeats in the underlying genome [10]. We will refer to the graph
constructed in this manner as a de Bruijn graph despite this subtle difference.

We can label the edges in this graph with two characters, each corresponding
to the first base from each strand of the (k + 1)-molecule. We are interested in
compacting chains in the de Bruijn graph, as we have described extensively in
[11]. We solve this problem by transforming the chain compaction problem to
the parallel undirected list ranking problem. During edge compaction, we also
concatenate the edge labels, to produce assembled contigs.

The result of this process is a bidirected string graph [15]. The bidirected
string graph we create is the lowest order graph homeomorphic with the de
Bruijn graph. Each edge in this graph is labeled by some genomic sequence,
which may or may not be repeated multiple times in the genome. We arbitrarily
assign each edge in the graph a forward direction which will be used during the
processing of paired reads. Some traversal of this graph corresponds to the entire
assembled genome, although there are many possible traversals.

4 Paired Read Processing

The reads in the sequence data come in pairs, each read pair coming from the two
ends of a sheared DNA fragment. Typically fragment lengths fall into a specified
range. Our method allows for the consideration of multiple such fragment ranges,
which we call fragment types, and assumes that reads are classified accordingly.

In the bidirected string graph G = {E, V }, edges ei and ej correspond to
genomic sequences si and sj , each sequence occurring one or more times in the
genome. If the genomic distance between these two sequences falls within some
fragment range, there will be evidence of these two sequences’ relative location
in the sequence data. We will summarize this information as a set of features we
term partial (k + 1)-pair clusters, and use these features to finish assembly.

Definition 1. A position in the bidirected graph G is a tuple of the form p =
〈e, f〉, with e ∈ E, f ∈ N, 0 ≤ f < ‖e‖. The field f corresponds to a position

along the edge in its forward direction, indexed from zero.

Note 1. By construction of the string graph, there is a bijection between valid
(k+1)-molecules in the input and the set of all positions in the graph. Therefore
we use p(m) to denote the position corresponding to (k + 1)-molecule m, and
p(m).e and p(m).f to denote the corresponding fields.

Definition 2. A read pair is a tuple of the form 〈R1, R2, z〉, where R1 and R2

are the reads and z is the fragment type.

Definition 3. A (k + 1)-pair is a tuple of the form π = 〈m1, m2, z〉, where m1

and m2 are molecules.



Note 2. We use ⌈z⌉ to denote the largest possible distance between observed
(k + 1)-molecules when reading the ends of a fragment of type z, and ⌊z⌋ to
denote the smallest possible distance. If zmin is the minimum length of fragment
type z, zmax the maximum fragment length, and l the maximum read length,
⌊z⌋ = zmin − 2l + (k + 1), and ⌈z⌉ = zmax − (k + 1).

Definition 4. The set of all (k+1)-pairs in the input is the set Π = {π1, π2, ..., πM},
with 〈m1, m2, z〉 ∈ Π if and only if there exists some read pair 〈R1, R2, z〉 with

m1 a sub-molecule of R1 and m2 a sub-molecule of R2.

Note 3. When we allow duplicates, M = O
(

N(l − k)2
)

, where N is the number
of reads and l the maximum read length.

Definition 5. An edge traversal is a tuple of the form t = 〈e, d〉, with e ∈ E

and d ∈ {F, R}, with F corresponding to traversing the edge in the forward

direction, and R in the reverse direction.

Definition 6. A path is a sequence of edge traversals: T = 〈t1, t2, ..., tl〉.

Note 4. In general, edges in the graph can be traversed multiple times, so there
could exist ti and tj , i 6= j and ei = ej . We always assume that paths being
discussed are valid walks in the string graph, as described in the previous section.

Consider some πx = 〈m1x, m2x, zx〉 and traversal T . Let Lx = {ti|ei =
p(m1x).e} be the set of edge traversals in T to which m1x maps. Let Rx =
{tj |ej = p(m2x).e} be the set of all edge traversals to which m2x maps.

Definition 7. For each 〈ti, tj〉 ∈ Lx ×Rx, i < j, the observed distance of πx

is:

d(πx, ti, tj) =

j−1
∑

h=i+1

‖eh‖ + σi + σj

σi =

{

p(m1).f if di = R

‖p(m1).e‖ − p(m1).f if di = F

σj =

{

p(m2).f if dj = F

‖p(m2).e‖ − p(m2).f if dj = R

Definition 8. πx supports T using ti and tj if and only if ⌊zx⌋ ≤ d(πx, ti, tj)
and ⌈zx⌉ ≥ d(πx, ti, tj).

Definition 9. ti and tj are supported by Π if and only if there exists some

πx that supports the path using ti and tj.

Note 5. We call this support weak because the genomic distance between ti and
tj can differ from the path distance by as much as ⌈zx⌉ − ⌊zx⌋.

Definition 10. The maximum distance expectation for ti and tj and some

fragment type z, denoted by ⌈(ti, tj , z)⌉, is calculated as min
(

⌈z⌉,
∑j

h=i ‖eh‖
)

.



Fig. 3. Some examples of path extension candidates, with (k + 1)-pair clusters for two
fragment types shown. In a), we show prototypical strong cluster support. In b), we
show (k + 1)-pair cluster support for the extension of a repeat that will occur twice
in quick succession in the path. In c), we show an obvious example of lack of support.
Finally, in d) we show an example of lack of strong support for the extension, even
though the cluster overlaps with expected distance constraints.

Definition 11. The minimum distance expectation for ti and tj and some

fragment type z, denoted by ⌊(ti, tj , z)⌋, is calculated as max
(

⌊z⌋,
∑j−1

h=i+1 ‖eh‖
)

.

In general, multiple (k + 1)-pairs with the same fragment type can support
a pair of edge traversals on a path. Moreover, if the path is correct, we would
expect that, for all zh, support for much of the range [ ⌊(ti, tj , zh)⌋, ⌈(ti, tj , zh)⌉
] to be found in the data, assuming the edges are not very short. We wish to
formalize this support expectation.

Definition 12. A (k + 1)-pair cluster is a set of observed distances for ti, tj,

and z. We summarize a cluster using the range α(ti, tj, z) = [min, max], with

min being the minimum observed distance in the cluster and max the maximum

observed distance.

We construct the (k + 1)-pair clusters starting from all single element sets
taken from Π and proceeding in two phases of merging. In the first phase, we
perform single linkage clustering, merging two sets αx(ti, tj, z) and αy(ti, tj, z)
if and only if (maxx + R > miny) ∧ (minx − R < maxy), for some parameter
R. In the second stage, we order all clusters by min, and then, considering all
consecutive pairs (αx(ti, tj , z), αy(ti, tj , z)) in this ordered set, merge if maxy −
minx < ⌈z⌉.

Definition 13. ti and tj are strongly supported by a (k + 1)-pair cluster

α(ti, tj , z) if αmin < ⌊(ti, tj, z)⌋ + T and αmax > ⌈(ti, tj , z)⌉ − T , with T a

sensitivity parameter.

The preceding definition is carefully chosen to allow for an edge to be strongly
supported even if, for example, ti is a repeat and occurs at multiple distances
from tj in the genome. For a visual intuition behind the strongly supported
definition, see Figure 3.



In practice, we wish to be able to answer the question of whether ti and tj are
strongly supported without having to consider the entire set Π when analyzing
a particular path, but instead preprocess the raw paired reads to extract the
necessary features. This needs to be done without any a priori knowledge of
the nature of the eventual traversal T . In other words, we do not know either
the distance between pairs of edges or their relative orientations at the time of
summarization.

We achieve this goal by calculating, for each tuple 〈ei, ej , z〉, the ranges of
the partial sum σi + σj corresponding to each (k + 1)-pair cluster. As we don’t
know the relative orientation of the edges at the time of summation, we track
the range of σi + σj for all four possible orientations of edges, using ffmin and
ffmax to denote this range when ei and ej are traversed forwards, with frmin,
frmax, rfmin, rfmax, rrmin, and rrmax denoting the ranges of other orientations.

Definition 14. A partial (k + 1)-pair cluster is a summarization of a set of

observed partial sums σi + σj for edges ei, ej and fragment type z, denoted as

α̂(ei, ej , z) = 〈rfmin, rfmax, ffmin, ffmax〉.

Note 6. The value for rrmin can be calculated as ‖ei‖+‖ej‖−ffmax, and rrmax,
frmin, and frmax can be calculated similarly.

Given a traversal T with edges ti and tj , we can calculate the (k + 1)-pair
clusters αx(ti, tj , z) corresponding to partial (k + 1)-pair cluster α̂y(ei, ej, z). If

ti.f = F and tj .f = F , minx = ffminy +
∑j−1

h=i+1 ‖eh‖ and maxx = ffmaxy +
∑j−1

h=i+1 ‖eh‖. The other orientations of ti and tj are handled similarly.
We will now describe a parallel algorithm for computing all partial (k+1)-pair

clusters from Π :

1. Assume that we have, for each (k + 1)-molecule m, a mapping to that
molecule’s corresponding graph position, stored as a distributed tuple ar-
ray of the form 〈m, eID, f, l〉, where l is the length of the edge identified by
eID, and f is the forward position, as described previously.

2. Let C be the a distributed tuple array containing tuples of the form 〈eIDi
, eIDj

,

z, ffmin,ffmax, rfmin, rfmax〉, corresponding to partial (k+1)-pair clusters. C

is initially empty.
3. To overcome memory limitations, we process the paired reads in R stages.

In each stage we process an N
R

subset of the data, N
Rp

per processor, if p is
the number of processors.

(a) For each read pair in the data of the form 〈R1, R2, z〉, create (k + 1)-
molecule tuples 〈mi, mj, z〉 for all possible (k+1)-molecule combinations.

(b) Distribute these tuples, based on element mi, to those processors that
have the corresponding (k + 1)-molecule tuple.

(c) Combine the tuples 〈mi, mj , z〉 and 〈mi, eIDi
, fi, li〉 to the form the tuple

〈mj , z, eIDi
, fi, li〉.

(d) Distribute the tuples, based on element mj , to those processors that have
the corresponding (k + 1)-molecule tuple.



(e) Combine the tuples 〈mj , eIDj
, fj , lj〉 and 〈mj , z, eIDi

, fi, li〉 to form a
partial (k + 1)-pair cluster 〈eIDi

, eIDj
, z, ffmin,ffmax, rfmin, rfmax〉 with

ffmin = ffmax = li − fi + fj and rfmin = rfmax = fi + fj.
(f) Merge these partial (k + 1)-pairs with the array C.
(g) Sort C, using eIDi

as primary key, eIDj
as secondary key z as tertiary

key, and finally by ffmin, forcing all clusters with equivalent (eIDi
, eIDj

,
z) onto the same processor.

(h) For each bucket of partial (k + 1)-pair clusters with equivalent (eIDi
,

eIDj
, z), merge partial (k+1)-pair clusters in accordance with the single

linkage merging described above, updating all minimums and maximums.
As the clusters are sorted by ffmin, this can be done using a single pass
through the array on each processor.

4. After all stages have completed, consider each bucket of partial (k + 1)-pair
clusters with equivalent (eIDi

, eIDj
, z), and merge partial (k+1)-pair clusters

in accordance with the phase two merging rule described above, updating
all minimums and maximums. As the clusters are sorted by ffmin, this can
be done using a single pass through the array on each processor.

5. Write the resulting partial clusters.

4.1 Bidirected Graph Traversal

Given the partial (k + 1)-pair clusters, we wish to find valid walks through the
bidirected string graph. We will describe the process using (k+1)-pair clusters, as
it is more natural to do so, and these can be derived from the partial (k+1)-pair
clusters for any path T .

We assign to each edge e in the graph an expected traversal bound b(e) by
analyzing the coverage seen along that edge. When traversing the graph, we
keep track of the number of times an edge has been traversed as c(e), and use
this information in conjunction with the bound to choose between ambiguous
options. Additionally, we restrict traversal to edges with c(e) < 2b(e). Initially
c(e) = 0 for all edges.

Our method for traversing the graph is one of path extension. Given a likely
partial traversal of the graph as a path T = 〈t1, t2, ...tl〉 with total length greater
than the maximum fragment size, we can determine, by looking at the structure
of the string graph, a set of possible edge traversals that can serve as extensions
of this path: E = {t′1, t

′

2, ...t
′

h}, t
′

j = 〈ej , dj〉. We describe a heuristic method for
choosing the best extension from E by choosing the candidate with the most
strong support among the (k + 1)-pair clusters.

Specifically, consider some extension t′j . Let T ′ be the path created by ex-
tending T with t′j .

Definition 15. The expected support for ti, t′j, and fragment type zv is:

γijv =











γ̂ijv if
(

⌊(ti, t
′

j , zv)⌋ < (⌈zv⌉ − B)
)

∧
(

⌈(ti, t
′

j, zv)⌉ > (⌊zv⌋ + B)
)

γ̂ijv if ti and t′j are strongly supported by some α(ti, t
′

j , zv)

0 otherwise

γ̂ijv = ⌈(ti, t
′

j , zv)⌉ − ⌊(ti, t
′

j , zv)⌋



Where B is a parameter.

Definition 16. The observed support for ti, t′j and fragment type zv is:

ωijv =

{

ω̂ijv if ti and t′j are strongly supported by some α(ti, t
′

j , zv)

0 otherwise

ω̂ijv = min
(

⌈(t′i, t
′

j , zv)⌉, α.max
)

− max
(

⌊(t′i, t
′

j , zv)⌋, α.min
)

Definition 17. The extension score of a candidate t′j (for
∑

i,v γijv > 0) is

defined as:

0 ≤ S(t′j) =

∑

i,v ωijv
∑

i,v γijv

≤ 1

We say that an extension t′j is unambiguous if S(t′j) > 0 and, for all w with

0 < w ≤ h and w 6= j,
S(t′w)
S(t′

j
) < D (for some specificity parameter D). If there

exists an extension t′j that is unambiguous, then we append t′j to the path and
continue with traversal. If t′j does not exist, we consider only those edges with

b(t′j) > c(t′j), and look for the existence of an unambiguous extension t̂′j . If

neither t′j nor t̂′j exist, we stop extension.
All that remains is to describe how we seed the paths. All edges e with ‖e‖

greater than the maximum fragment size and c(e) = 0 can serve as a seed. As
it is not obvious, for example, that really long edges are better than moderately
long edges as starting points, we simply choose from candidate starting points
in increasing order of edge identifier, until none remain.

5 Experimental Results

We experimentally evaluated the proposed method using synthetic data gen-
erated from previously assembled genomes, downloaded from the NCBI FTP
server. For each genome, we cleaned any ambiguities from the data and con-
catenated any contigs from the same chromosome, in the order presented in
the finished FASTA file. In this way, we generate a contiguous sequence for each
chromosome even though the actual data may contain a large number of contigs,
possibly scaffolded. From the input chromosomes, we then generated fragments
and sampled 30bp to 50bp paired short reads from the ends of the fragments.
We used a 0.9% substitution rate and 0.1% deletion rate, for a total error rate of
1%. Fragment sizes were based upon two hypothetical experimental protocols.
Protocol I consisted of two fragment types, {900 ± 100, 4300 ± 600}. Protocol
II consisted of five fragment types{330 ± 30, 660 ± 60, 1100 ± 100, 2200 ± 200,
4400 ± 400}. All genomes were sampled at 300-fold coverage.

For testing the assembler, data was generated on a workstation, using the
parameters described above. This data was then transferred to a 512-node Blue
Gene/L system with 512 MB memory per node, at which point the parallel



Organism Size Max n50 n75 n90 Count Mis Cov

E. coli 5.4 224 85 43 10 91 0.2 90.0
S. cerevisiae 12.2 225 71 34 11 225 0.8 90.1

C. pneumoniae 1.0 867 867 867 132 2 0.0 99.9
S. pneumoniae 2.1 321 137 92 77 19 0.0 95.5
E. coli 5.4 378 231 104 42 42 0.5 94.0
S. cerevisiae 12.2 290 107 75 25 148 0.8 94.1
D. melanogaster 120.3 855 102 43 12 1,687 1.5 91.2

Table 1. Assembly quality for five organisms. The first group shows results for se-
quences using protocol I, as described in the text. The second group was assembled
from data matching protocol II. In order, we show the size of the genome in megabases;
the maximum, n50, n75, and n90 lengths, all in kilobases; the number of contigs with
length > 10Kb, the number of missassemblies per megabase, and percentage of the
genome covered by these contigs at > 99.9% identity.

phases of the software were run to produce the intermediate string graph and
features from paired reads. These results were transferred back to a workstation
for production of contigs using bidirected graph traversal. For Drosophila, this
process took ∼50 minutes for data transfer (depending on network congestion),
∼100 minutes for the parallel phases, and ∼20 minutes for the remaining. In the
local processing phase of the algorithm, the running time was dominated by file
I/O.

Producing long and correctly assembled contigs that cover most of the genome
is the hallmark of a good assembler. We use the nX length measure, which is the
maximum length l such that X percent of the genome is covered by contigs with
length at least l. For validation, we used MUMmer 3.20 [12] to align the finished
contigs back to the reference. The results are presented in Table 5. We present
results on three bacterial genomes as a reference point for comparison with other
work on short read assembly. In addition, we present results on S. cerevisiae and
D. melanogaster. For each genome, we present the length of the maximum contig
generated, along with n50, n75 and n90 lengths. We also present the number of
contigs with length > 10Kb, the percentage of the genome that is covered by
these contigs with at least 99.9% identity, and the number of large-scale mis-
sassemblies per megabase. Generally, four out of five assembled contigs aligned
perfectly to the reference.

6 Discussion and Conclusions

In this paper, we presented a graph-based method for assembly of large genomes
from short reads. Our method can scale to large genomes using distributed mem-
ory multiprocessors. It can naturally handle reads of multiple lengths (short reads
from one or more platforms, Sanger reads, or a mixture), and multiple fragment



sizes used in paired read generation. Experimental results show that our method
produces large (N50 > 100Kb), high quality (>99.9% correct) contigs from syn-
thetic data sets generated with 1% error in a few hours of wall clock time using
a 512-node Blue Gene/L. We have validated our method by generating synthetic
short sequence data from Drosophila (120Mb), Yeast (12Mb), and a number of
bacterial genomes.

Error discovery is an essential part of any de novo short read assembly. While
we have identified errors by counting k-mer frequency for relatively large k, other
promising methods for finding errors have been proposed. Zerbino et al. [23]
describe motifs in the graph that are likely to be due to errors, such as alternate
edges between two nodes, with one edge at much lower coverage. Chaisson et

al. [4] described methods for preserving sequences with errors by finding good
edits. We are interested in exploring ways to achieve robust error correction
using parallel computers, as this will be necessary to achieve good results at
lower sequence coverage rates.

There is good potential for using the large edges in the graph to decompose
the graph traversal into multiple independent problems. We plan to develop
parallel algorithms for this final assembly stage, leading to the creation of a
fully parallel assembly pipeline. This may be necessary for scaling to very large
genomes such as human, mouse and maize. Using our assembler, it has become
easy to experiment with the number and types of paired read lengths. A pa-
rameterized study with multiple experimental protocols, and different sampling
errors and coverage variance, can be conducted to help plan future de novo

genome sequencing projects.
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