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A bst r act . mpiBLAST is an open-source parallelizat ion of BLAST that
achieves superlinear speed-up by segment ing a BLAST database and
then having each node in a computat ional cluster search a unique por-
t ion of the database. Database segmentat ion permits each node to search
a smaller port ion of the database, eliminat ing disk I/ O and vast ly im-
proving BLAST performance. Because database segmentat ion does not
create heavy communicat ion demands, BLAST users can take advantage
of low-cost and e� cient Linux cluster architectures such as the bladed
Beowulf [8, 16]. In addit ion to present ing the software architecture of
mpiBLAST, we present a detailed performance analysis of mpiBLAST
to demonst rate its scalability.

1 I nt roduct ion

The BLAST family of sequence database-search algorithms serves as the founda-
t ion for much biological research. The BLAST algorithms search for similarit ies
between a short query sequence and a large, infrequent ly changing database of
DNA or amino acid sequences [1, 2]. Newly discovered sequences are commonly
searched against a database of known DNA or amino-acid sequences. Similari-
t ies between the new sequence and a gene of known funct ion can help ident ify
the funct ion of the new sequence. Other uses of BLAST searches include phy-
logenet ic pro� ling and pairwise genome alignment . Unfortunately, t radit ional
approaches to sequence homology searches using BLAST have proven to be too
slow to keep up with the current rate of sequence acquisit ion [12].

Because BLAST is both computat ionally intensive and embarrassingly par-
allel, many approaches to parallelizing its algorithms have been invest igated [4,
5, 7, 10, 13{ 15]. We present an open-source parallelizat ion of BLAST that seg-
ments and dist ributes a BLAST database among cluster nodes such that each
node searches a unique port ion of the database.

Database segmentat ion in BLAST o� ers two primary advantages over other
parallel BLAST algorithms. First , database segmentat ion can eliminate the high
overhead of disk I/ O. The sizes of bioinformat ic databases are now larger than
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core memory on most computers, forcing BLAST searches to page to disk.
Database segmentat ion permits each node to search a smaller port ion of the
database, thus reducing (or even eliminat ing) ext raneous disk I/ O, and hence,
vast ly improving BLAST performance. With sequence databases doubling in size
each year, the problem of ext raneous disk I/ O is expected to persist . The ad-
verse e� ects of disk I/ O are so signi� cant that BLAST searches using database
segmentat ion can exhibit super-linear speedup versus searches on a single node.

Second, database segmentat ion in mpiBLAST does not produce heavy in-
tercommunicat ion between nodes, allowing it to cont inue achieving super-linear
speedup over hundreds of nodes. Consequent ly, scient ists using BLAST with
database segmentat ion can take advantage of low-cost and highly e� cient Linux
clusters such as Green Dest iny [8, 16]

mpiBLAST, an open-sourceparallelizat ion of BLAST, uses theMessagePass-
ing Interface [11] (version 1) to implement database segmentat ion, allowing it to
work on diverse system architectures. mpiBLAST has been designed to run on
clusters with job-scheduling software such as PBS (Portable Batch System). In
such environments, it adapts to resource changes by dynamically re-dist ribut ing
database fragments.

2 T he BLA ST A lgor it hm

BLAST searches a query sequence consist ing of nucleot ides (DNA) or pept ides
(amino acids) against a database of nucleot ide or pept ide sequences. Because
pept ide sequences result from ribosomal t ranslat ion of nucleot ides, comparisons
can be made between nucleot ide sequences and pept ide sequences. BLAST pro-
vides funct ionality for comparing all possiblecombinat ionsof query and database
sequence types by t ranslat ing the sequences on the 
 y. Table 1 lists the names
used to refer to searches on each possible combinat ion of query versus database
type.

Table 1. BLAST search types

Search Name Query Type Database Type Translat ion

blastn Nucleot ide Nucleot ide None
tblastn Pept ide Nucleot ide Database
blastx Nucleot ide Pept ide Query
blastp Pept ide Pept ide None
tblastx Nucleot ide Nucleot ide Query and Database

Thealgorithms for each typeof search operatenearly ident ically. TheBLAST
search heurist ic [1] indexes both the query and target (database) sequence into
words of a chosen size (11 nucleot ides or 3 residues by default ). It then searches
for matching word pairs (hits) with a score of at least T and extends the match
along the diagonal. Gapped BLAST [2] consists of several modi� cat ions to the



previous algorithm that result in both increased sensit ivity and decreased ex-
ecut ion t ime. Gapped BLAST (hereafter referred to simply as BLAST) moves
down the sequences unt il it has found two hits, each with a score of at least
T, within A let ters of each other. An ungapped extension is performed on the
second hit , generat ing a 'high-scoring segment pair' (HSP). If the HSP score
exceeds a second cuto� , a gapped extension is t riggered simultaneously forward
and backward. Standard BLAST output consists of a set of local gapped align-
ments found within each query sequence, the alignment 's score, an alignment
of the query and database sequences, and a measure of the likelihood that the
alignment is a random match between the query and database (e-value).

3 Relat ed Work

3.1 B LA ST H ar dwar e Par al lel izat ion

Parallelizat ion at the hardware level takes place during the sequence alignment
itself. Such techniques are capable of parallelizing the comparison of a single
query sequence to a single database entry, but require custom hardware with
a greater degree of parallelizat ion than is present in symmetric mult i-processor
(SMP) or symmetric mult i-threaded (SMT) systems. The � rst hardware BLAST
accelerator was reported by R.K. Singh [15]. More recent ly, T imeLogic [14] has
commercialized an FPGA-based accelerator called the DeCypher BLAST hard-
ware accelerator.

3.2 Quer y Segmentat ion

Query segmentat ion splits up a set of query sequences such that each node in a
cluster or CPU on an SMP system searches a fract ion of the query sequences.
By doing so, several BLAST searches can execute in parallel on di� erent queries.
BLAST searches using query segmentat ion on a cluster typically replicate the
ent iredatabaseon each node's local storagesystem [4, 5]. If thedatabase is larger
than core memory, query-segmented searches su� er the same adverse e� ects of
disk I/ O as tradit ional BLAST. When thedatabase � ts in corememory, however,
query segmentat ion can achieve near linear scalability for all BLAST search
types, even on SMP architectures [7].

3.3 D ata base Segmentat ion

In database segmentat ion, independent segments of the database are searched
on each processor or node, and results are collated into a single output � le.
Several implementat ions of database segmentat ion exist , the � rst of which was
within NCBI's BLAST itself. NCBI-BLAST implements database segmentat ion
by mult ithreading the search such that each processor in an SMP system is
assigned a dist inct port ion of the database.

Database segmentat ion has also been implemented in a closed-source com-
mercial product by TurboWorx, Inc. called TurboBLAST [3, 6]. TurboBLAST



provides a database segmentat ion and dist ribut ion mechanism explicit ly de-
signed for use on networks of workstat ions. By using TurboWorx's proprietary
TurboHub scheduling and load balancing software, TurboBLAST dynamically
adapts to the current cluster environment . However, its proprietary implementa-
t ion only results in linear speed-up (seeht t p: / / www. t ur bowor x. com/ pr oduct s/
t ur bobl ast _over vi ew. ht ml ). Furthermore, a recent survey on bioinformat ics
and Linux clusters(seeht t p: / / bi oi nf or mat i cs. or g/ pi per mai l / bi ocl ust er s/
2002- Oct ober / 000432. ht ml ) shows that none of the sample populat ion uses
this dist ribut ion, primarily because of its exorbitant cost and its proprietary
nature, which makes it di� cult to integrate with other bioinformat ics codes.

Recent ly another implementat ion of database segmentat ion was released at
f t p: / / saf . bi o. cal t ech. edu/ pub/ sof t war e/ mol bi o/ par al l el bl ast . t ar .
par al l el bl ast is composed of a set of scripts that operate in the Sun Grid
Engine/ PVM environment . Aside from requiring the SGE/ PVM environment ,
it also di� ers from mpiBLAST in that it is not direct ly integrated with the NCBI
toolkit and does not explicit ly provide a load-balancing mechanism.

4 mpiBLA ST A lgor it hm

The mpiBLAST algorithm consists of two primary steps. First , the database is
segmented and placed on a shared storage device. Second, mpiBLAST queries
are run on each node. If a node does not yet have a database fragment to search,
it copies a fragment from shared storage. Fragment assignments to each node
are determined by an algorithm that minimizes the number of fragment copies
during each search.

4.1 For matt ing and Quer y ing t he D ata base

Database format t ing is done by a wrapper for the standard NCBI f or mat db
called mpi f or mat db. mpi f or mat db formulates the correct command line argu-
ments to cause NCBI f or mat db to format and divide the database into many
small fragments of approximately equal size. Addit ional command line param-
eters to mpi f or mat db allow the user to specify the number of fragments or the
fragment size. Upon successful complet ion of f or mat db, the format ted fragments
are placed on shared storage.

Querying the database is accomplished by direct ly execut ing the BLAST al-
gorithm as implemented in the NCBI development library available at
f t p: / / f t p. ncbi . ni h. gov/ t ool box/ ncbi _t ool s/ . Upon startup, each worker
process reports to the master process which database fragments it already has
on local storage. Next , the master process (that with rank 0), reads the query
sequences from disk and broadcasts them to all processes in the communicat ion
group. When the query broadcast has completed, each process reports to the
master that it is idle. The master, upon receiving an idle message, assigns the
idle worker a database fragment to either search or copy. The worker copies or



A lgor i t hm 1 mpiBLAST master
Let r esul ts be the curr ent set of BLAST results
Let F = f f 1 ; f 2 ; :::g be the set of database fragments
Let U nsear ched � F be the set of unsearched database fragments
Let U nassigned � F be the set of unassigned database fragments
Let W = f w1 ; w2 ; :::g be the set of part icipat ing workers
Let D i � W be the set of workers that have fragment f i on local storage
Let D ist r ibut ed= f D 1 ; D 2 ; :::g be the set of D for each fragment

R equir e: jW j 6= 0
Ensur e: jU nsear chedj = 0

U nsear ched  F
U nassigned  F
r esul ts  ;
Broadcast queries to workers
whi le jU nsear chedj 6= 0 do

Receive a message from a worker wj

i f message is a state request t hen
i f jU nassignedj = 0 t hen

Send worker wj the state SE ARCH COM PL E TE
else

Send worker wj the state SE ARCH F RAGM E N T
end i f

else i f message is a fragment request t hen
Find f i such that minD i 2 D ist r ibut ed jD i j and f i 2 U nassigned
i f jD i j = 0 t hen

Add wj to D i

end i f
Remove f i from U nassigned
Send fragment assignment f i to worker wj

else i f message is a set of search results for fragment f i t hen
Merge message with r esul ts
Remove f i from U nsear ched

end i f
end whi le
Print r esul ts



searches its assigned fragment and reports to the master that it is idle when com-
plete. This process is repeated unt il all database fragments have been searched.

The master process uses a greedy algorithm to determine which fragments
to assign each worker. First , if the idle worker has any unsearched fragments
that no other worker has on local storage, the worker is assigned to search the
unique fragment . If a worker has no unique fragment , the worker is assigned
the unsearched fragment which exists on the smallest number of other work-
ers. Finally, if an idle worker has no unsearched fragments, it is told to copy
the unsearched fragment exist ing on the fewest other workers. The set of frag-
ments current ly being copied is t racked by the master to prevent duplicate copy
assignments to di� erent workers.

A lgor i t hm 2 mpiBLAST worker
quer ies  Receive the queries from the master
cur r entS tate  Receive the state from the master
whi le cur r entS tate 6= SE ARCH COM PL E TE do

cur r ent F r agment  Receive a fragment assignment from the master
i f cur r ent F r agment is not on local storage t hen

Copy cur r ent F r agment to local storage
end i f
r esul ts  B L AST(quer ies; cur r ent F r agment )
Send r esul ts to master
cur r entS tate  Receive the state from the master

end whi le

When each worker completes a fragment search, it reports the results to the
master. The master merges the results from each worker and sorts them accord-
ing to their score. Once all results have been received, they are writ ten to a
user-speci� ed output � le using the BLAST output funct ions of the NCBI devel-
opment library. This approach to generat ing merged results permits mpiBLAST
to direct ly produce results in any format supported by NCBI-BLAST, including
XML, HTML, tab delimited text , and ASN.1.

5 mpiBLA ST Per formance

NCBI-BLAST and mpiBLAST have been benchmarked on several systems in
an e� ort to characterize their performance and scalability. We � rst present the
performance of NCBI-BLAST when the database is larger than core memory,
demonstrat ing a signi� cant decrease in performance caused by addit ional disk
I/ O. Next , we show that mpiBLAST (with its database-segment ing technique)
achieves superlinear speed-up on mult iple nodes when the database is larger
than the core memory of a single node. We cont inue by assessing the scala-
bility of mpiBLAST to many nodes. Then, we present the addit ional running
t ime incurred by various components of the mpiBLAST algorithm as it scales.
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F ig. 1. (left ) The performance of a blastn search using NCBI-BLAST when run on a
system with 128MB RAM. As the database size grows larger than core system memory
total running t ime increases rapidly. A sharp increase in disk I/ O is also observed when
the database is large and can no longer � t in memory.

Our benchmarking methods have been carefully designed to accurately re
 ect a
typical usage pat tern by molecular biologists.

5.1 B enchmar king M et hods

When benchmarking BLAST search performance, decisions about the type of
search to perform can signi� cant ly in
 uence t iming results. Factors such as query
length, number of queries, total database size, length of database entries, and
sequence similarity between the query and database entries a� ect the amount
of t ime consumed by the BLAST algorithm [7]. Each factor must be carefully
considered if the benchmarks are to accurately re
 ect typical BLAST usage
pat terns by molecular biologists.

We have endeavored to perform benchmarks that model the typical usage of
BLAST when integrated into a high throughput genome sequencing and annota-
t ion pipeline. When used in this context , each BLAST query is a predicted gene
in a newly sequenced organism. The BLAST search results are used to assist
human annotators in determining the biological role of each predicted gene [9].
Because many organisms have thousands of genes, the large number of search
queries generated by genome sequencing and annotat ion projects demand heavy
computat ion. We have chosen to model this scenario because sequencing and an-
notat ion projects can bene� t from mpiBLAST's improved BLAST performance.

The benchmarks described in the following sect ions ut ilize predicted genes
from a newly sequenced bacterial genome as BLAST queries. The query gene
lengths are approximately exponent ially dist ributed with a mean � = 747.2 base
pairs and standard deviat ion � = 684.2. The database sequences are taken from



the GenBank nt database, a large public repository of non-redundant nucleot ide
sequences. Ignoring a small number of out liers whose length is greater than
25,000 bp, the length of the nt database entries can also be reasonably approx-
imated by an exponent ial dist ribut ion where � = 1370.

5.2 Low M emor y Per for mance

NCBI-BLAST was benchmarked on a system with 128MB memory using in-
creasingly large database sizes to determine the e� ect of databases that do not
� t in core memory. Each run measured the total running t ime of a blastn search
using the same set of query sequences against a larger database. We ut ilized
Linux's BSD process-account ing facilit ies to collect system-act ivity stat ist ics.

Figure 1 shows total BLAST run t imes alongside the average blocks read per
second from the disk for each database size tested. Format ted BLAST databases
are compressed versions of the raw sequence databases. A format ted nucleot ide
databaseconsumesapproximately 25% asmuch spaceasa text � lecontaining the
sequences. As the database size exceeds the total system memory size, BLAST
running t imes and average blocks read per second increase sharply. Because the
operat ing system cannot cache the ent ire database BLAST must wait for it to
be re-read from disk when processing each query sequence.

Like NCBI-BLAST, the performance of mpiBLAST su� ers when confronted
with low memory condit ions. However, because mpiBLAST e� ect ively uses the
aggregate memory of all worker nodes, the database can grow much larger before
causing ext ra disk I/ O.
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F ig. 2. Speedup of mpiBLAST on Green Dest iny. 300 KB of query sequences were
searched against a 5.1-GB database. The size of the format ted database is approx-
imately 1.2 GB, much larger than the 640-MB core memory per node. The search
causes heavy disk I/ O when a single node is used.



To get an overview of scalability when the database is larger than a sin-
gle node's core memory, we benchmarked mpiBLAST on Green Dest iny [8, 16].
Green Dest iny is a 240-node bladed Beowulf cluster based on the Transmeta
Crusoe processor. Each compute node consists of a 667-MHz TM5600, 640MB
RAM, 100-Mb/ s Ethernet , and a 20-GB hard drive running under Linux 2.4.

Figure 2 shows mpiBLAST performance measurements taken on Green Des-
t iny. Fragments of a 5.1-GB uncompressed database were pre-dist ributed to each
worker and a short query was executed to prime the bu� er-cache. By priming
the cache, we hope to simulate the case when the cluster is processing many
BLAST queries in quick succession. Each t imed run used 300 KB of predicted
gene sequences.

Thesingleworker search consumed 22.4 hourswhereas128 workerscompleted
the search in under 8 minutes. Relat ive to this single-worker case, mpiBLAST
achieved super-linear speedup in all cases tested. However, as the number of
workers increases the e� ciency of mpiBLAST decreases.

5.3 W her e does t he t ime go?

Thedecrease in e� ciency observed when scaling mpiBLAST to many nodes leads
us to ask \ What ismpiBLAST doing with theext ra t ime?" mpiBLAST's running
t ime can be decomposed into � ve primary components: (1) MPI and mpiBLAST
init ializat ion, (2) database-fragment copying t ime, (3) BLAST search t ime, (4)
communicat ion t ime, and (5) result merging and print ing t ime. In order to de-
termine how each component contributes to the total execut ion t ime, we pro� led
mpiBLAST with the MPE library to collect wall-clock t iming stat ist ics and used
gpr of to measure CPU usage.

Measurements were taken on systems located in the Galaxy cluster at SUNY
Stony Brook. Each node contains dual 700-MHz Pent ium I I I processors with 1-
GB PC133 SDRAM, 100-Mb/ s Ethernet connected to a Foundry Networks Big
Iron 8000 switch, and a 20-GB hard drive.

Two gigabytes of the nt database were format ted into 25 fragments. Each run
measured the components of execut ion t ime on 1 through 25 workers using the
sameset of database fragments and an 10-KB query of predicted ORF sequences.
Figure 3 shows the contribut ion of each component to the total running t ime of
mpiBLAST. Based on these measurements, we conclude that for small numbers
of workers, execut ion t ime is dominated by BLAST searches. As more workers
are ut ilized, the t ime spent format t ing and writ ing results grows relat ive to total
execut ion t ime. Communicat ion consistent ly accounts for less than 1% of the
total execut ion t ime.

Although some workers may � nish before others during the search phase,
the master waits unt il all workers have completed before format t ing the results.
Thus, the total execut ion t ime is dependent on the longest running worker.
Each bar in Figure 3 shows the execut ion t ime of components of the longest
running worker in addit ion to the t ime spent format t ing by the master in order
to accurately re
 ect the components of the total execut ion t ime.



F ig. 3. How t ime is spent in mpiBLAST. Each bar is a composite that shows how t ime
was spent on the longest running worker node in addit ion to the t ime spent merging
results by the master node. Total execut ion t ime is largely dominated by BLAST search
t ime.

The measurements discussed here were taken by searching the same 25 frag-
ment database with a variable number of workers. In a search using a single
worker, all 25 fragments would be assigned to the same worker. When searching
with 25 workers, each worker searches a single fragment . However, when search-
ing with some number of workers that is not an even divisor of the number of
fragments, an imbalance in the number of fragments searched by each worker
occurs. In such a scenario, some workers complete early while the other work-
ers search the remaining fragments. Also, some database fragments may take
much longer to search than others because the query sequence is very similar
to that fragment . Since result format t ing proceeds after all workers have com-
pleted searching, an imbalance in the rat io of workers to fragments can result in
execut ion t ime beyond what would be observed in the balanced case.

One potent ial solut ion to the problems of imbalance in the worker/ fragment
rat io and variable fragment-search t imes would be segment ing the database into
a large number of small fragments. The expectat ion is that a small fragment
would get searched quickly. In the case of imbalance, workers that must search
an addit ional fragment would not delay result format t ing by much. In the case
of highly variable fragment-search t imes, the large number of fragments would
allow mpiBLAST to balance the load among the workers, assigning addit ional
database fragments to workers as they complete fragment searches.

However, a t radeo� exists when segment ing the database into many small
fragments because there is signi� cant overhead in searching ext ra fragments.
Figure 4 shows the total execut ion t ime of mpiBLAST when searching the same
database broken into a variable number of fragments. Searching a 422 frag-
ment versus a 105 fragment database incurs an addit ional 140% wall clock t ime.
The t ime required to format and output results increases with the number of
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F ig. 4. The overhead of performing the same mpiBLAST search increases with the
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taken by format t ing an ident ical database with a varying number of fragments. The
unusual numbers of database fragments arise because NCBI formatdb's segmentat ion
method t ries to guarantee a maximum fragment size, not a part icular number of frag-
ments.

fragments used, but is independent of the number of processors used. Figure 5
shows measurements of the result format t ing and output component t imes for
mpiBLAST when searching a database broken into a variable number of frag-
ments.

The measurements suggest that by varying the number of database frag-
ments, an mpiBLAST user can trade addit ional CPU overhead and some wall
clock execut ion t ime for less variability in the execut ion t ime over di� erent
queries. Increasing the number of processors reliably shortens the execut ion t ime
but may also require increasing the number of database fragments, which in-
creases the cost of the serial result format and output component of execut ion
t ime. The opt imal balance between number of processors and number of frag-
ments will depend on the priorit ies of the individual user.

Finally, it is important to note that in many cases fragment copy t ime will be
negligibleor non-existent becausethedatabasewill havealready been dist ributed
during a previous search.

6 Fut ure Work

There are several direct ions for future work on mpiBLAST's algorithms. First ,
mpiBLAST does not provide t ransparent fault tolerance when a node goes down.
A transparent fault -tolerance mechanism could be easily integrated into the cur-
rent mpiBLAST algorithm. Each node would periodically send a message to the
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search increases with the number of database fragments used. The t ime spent format -
t ing and output t ing results is independent of the number of processors used because it
is a serial component of the algorithm executed on the master node.

master that it is st ill alive and searching. If the master does not receive a mes-
sage from a part icular node before a t imeout occurs, that node's work would
be reassigned to another node. Fragment searching would cont inue as normal
without the downed node.

A second potent ial improvement to the mpiBLAST algorithm is the integra-
t ion of database updates. To implement such a scheme, each node could check
a central repository of versioning informat ion for the database fragments. If a
fragment has been updated the node responsible for processing that fragment
can ret rieve an updated copy of the fragment . The master node would also check
the database for new fragments that should be searched.

A third improvement to the mpiBLAST algorithm would be providing ad-
dit ional parallelizat ion with query segmentat ion. To do so, a scheduler would
determine the opt imal number of nodes to use for a part icular set of queries.
Large query sets are split among subsets of the nodes such that each subset
searches the ent ire database. However, predict ing the opt imal division of the
query set may be di� cult due to the high variability in search t ime across dif-
ferent queries.

Because mpiBLAST spends the majority of its t ime execut ing NCBI Toolbox
code, improvements to theToolbox could sign� cant ly in
 uenceperformance. Our
measurements indicate that there is high overhead for using addit ional database
fragments. Further pro� ling to reduce the fragment overhead would allow mpi-
BLAST to more e� cient ly load-balance the search and reduce total search t ime.



7 Conclusion

We have described mpiBLAST, an open-source, MPI-based implementat ion of
database segmentat ion for parallel BLAST searches. Database segmentat ion
yields near linear speedup of BLAST in most cases and super-linear speedup
in low memory condit ions. mpiBLAST direct ly interfaces with the NCBI de-
velopment library to provide BLAST users with interface and output formats
ident ical to NCBI-BLAST.

Finally, analyzing the components of mpiBLAST's running t ime shows that
the bulk of execut ion t ime is spent performing BLAST searches. Communicat ion
consumesa relat ively small port ion of t ime. Merging and print ing BLAST results
also representsa relat ively small amount of the total execut ion t ime. Our � ndings
indicate that mpiBLAST scales well to at least one hundred nodes.

8 A cknowledgement s

The authors would like to thank Eric Weigle and Adam Engelhart of Los Alamos
Nat ional Laboratory for their support and insight ful comments. We also thank
the referees for their suggest ions.

This work was supported by the U.S. Department of Energy through LANL
contract W-7405-ENG-36 and is also available as a technical report : LA-UR-03-
2486. In addit ion, Aaron E. Darling was supported in part by NLM Training
Grant 1T15LM007359-01.

References

1. S. Altschul, W. Gish, W. Miller, E. Myers, and D. Lipman. Basic local alignment
search tool. Journal of Molecular Biology, 215:403{ 410, 1990.

2. S. F. Altschul, T . L. Madden, A. A. Scha� er, J. Zhang, Z. Zhang, W. Miller, and
D. J. Lipman. Gapped BLAST and PSI{ BLAST: a new generat ion of protein
database search programs. Nucleic Acids Res., 25:3389{ 3402, 1997.

3. R. Bjornson, A. Sherman, S. Weston, N. Willard, and J. Wing. Turboblast : A
parallel implementat ion of blast based on the turbohub process integrat ion archi-
tecture. In IPDPS 2002 Workshops, April 2002.

4. R. Braun, K . Pedret t i, T . Casavant , T . Scheetz, C. Birket t , and C. Roberts. Par-
allelizat ion of local BLAST service on workstat ion clusters. Future Generati on
Computer Systems, 17(6):745{ 754, April 2001.

5. N. Camp, H. Cofer, and R. Gomperts. High-throughput BLAST, September 1998.
6. R. Chen, C. Taa� e-Hedglin, N. Willard, and A. H. Sherman. Benchmark and

performance analysis of TurboBLAST on IBM xSeries server cluster, 2002.
7. E. Chi, E. Shoop, J. Carlis, E. Retzel, and J. Riedl. E� ciency of shared-memory

mult iprocessors for a genet ic sequence similarity search algorithm, 1997.
8. W. Feng, M. Warren, and E. Weigle. The bladed beowulf: A cost -e� ect ive alter-

nat ive to t radit ional beowulfs. In Proceedings of IEEE Cluster 2002, 2002.
9. J. D. Glasner, G. P. I I I , P. Liss, A. Darling, T . Prasad, M. Rusch, A. Byrnes,

M. Gilson, B. Biehl, F. R. Blat tner, and N. T . Perna. ASAP, a systemat ic an-
notat ion package for community analysis of genomes. Nucleic Acids Research,
31(1):147{ 151, January 2003.



10. E. Glemet and J. Codani. LASSAP, a LArge Scale Sequence compArison Package.
Computer Applicati ons In The Biosciences, 13(2):137{ 143, April 1997.

11. W. Gropp, E. Lusk, and A. Skjellum. Using MPI: Portable parallel programming
with the Message Passing Interface, 1999.

12. W. J. Kent . Blat { the BLAST-like alignment tool. Genome Research, 12:656{ 664,
April 2002.

13. K . Pedret t i, T . Casavant , R. Braun, T . Scheetz, C. Birket t , and C. Roberts. Three
complementary approaches to parallelizat ion of local BLAST service on worksta-
t ion clusters. Lecture Notes In Computer Science, 1662:271{ 282, 1999.

14. A. Shpuntof and C. Hoover. Personal communicat ion, August 2002.
15. R. K . Singh, W. D. Det t lo� , V. L. Chi, D. L. Ho� man, S. G. Tell, C. T . White, S. F.

Altschul, and B. W. Erickson. BioSCAN: A dynamically recon� gurable systolic
array for biosequence analysis.

16. M. Warren, E. Weigle, and W. Feng. High-density comput ing: A 240-node beowulf
in one cubic meter. In Proceedings of SC2002, 2002.


