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Abstract. We presert a new approach to managing redundancy in se-
gquence databanks such as GenBank. We store clusters of near-identical
sequencesas a representativ e union-sequen@ and a set of corresponding
edits to that sequence.During seard, the query is compared to only the
union-sequencegepreserting ead cluster; cluster members are then only
reconstructed and aligned if the union-sequenceachieves a su cien tly
high score. Using this approach in BLAST results in a 27% reduction is
collection size and a corresponding 22% decreasein seard time with no
signi cant change in accuracy. We also describe our method for cluster-
ing that uses ngerprinting , an approach that has been successfully ap-
plied to collections of text and web documernts in Information Retrieval.
Our clustering approach is ten times faster on the GenBank nonredun-
dant protein database than the fastest existing approach, CD-HIT. We
have integrated our approach into FSA-BLAST, our new Open Source
version of BLAST, available from http://www.fsa-blast.org/ .As are-
sult, FSA-BLAST is twice as fast as NCBI-BLAST with no signicant
change in accuracy.

1 Intro duction

Comprehensive genomic databasessudc as the GenBank non-redundart pro-
tein database contain a large amount of internal redundancy. Although ex-
act duplicates are removed from the collection, there remain large numbers of
near-idertical sequencesSud near-duplicate sequencesan appear in protein
databasesfor sewral reasons,including the existence of closely-related homo-
loguesor partial sequencessequencesvith expressiontags, fusion proteins, post
translational modi cations, and sequencingerrors. These minor sequencevari-
ations lead to the over-represeation in databasesof certain protein domains,
particularly thosethat are under intensive researd. For example, the GenBank
database cortains se\eral thousand near-idertical protein sequencesrom the
human immunode ciency virus.

Databaseredundancy has se\eral pernicious e ects. First, a larger database
takeslongerto query; assequencinge orts cortinueto outpaceimprovemerts in
computer hardware, this is a problem that will continue to worsen. Second,re-
dundancy canleadto highly repetitiv e seard results for any query that matches



closely with an over-represetted sequence.Third, large-scaleredundancy has
the e ect of skewing the statistics usedfor determining alignment signi cance,
ultimately leading to decreasedseard e ectiv eness.Fourth, the PSI-BLAST
algorithm (Altschul et al., 1997) can be misled by redundant matches during
iteration, causingit to bias the prole towards over-represeed domains; this
can result in a lesssensitive seard or even pro le corruption (Li et al., 2002;
Park et al., 2000).

Redundancyhas beenmanagedin the past by the creation of represenativ e-
sequenceadatabases(RSDBSs), culled collectionsin which no two sequenceshare
more than a given level of identity. Such databaseshave beenshown to signi -
cantly improve pro le training in iterativ e seart tools such as PSI-BLAST by
reducing the amount of over-represemation of certain protein domainsand con-
sequettly reducing pro le corruption. Howewer, they are lesssuitable for regular
seart algorithms such asBLAST (Altschul et al., 1990,1997)and FASTA (Peatr-
sonand Lipman, 1988,1985) becausepy de nition, RSDBs are not comprehen-
sive. This leadsto seard results that are both lessaccurate|the represertativ e
sequenceor a cluster may not be the onethat aligns bestwith a given query|
and lessauthoritativ e becausethe useris only showvn onerepresettativ e sequence
from a family of similar sequences.

In this paper, we describe a sequenceclustering methodology that e cien tly
and e ectively identies and managesredundancy. Importantly, it lacks the
drawbadks of previous represettativ e-sequencedatabases.Previous approaces
chooseone sequencdrom ead near-duplicate cluster as a represenativ e to the
databaseand deletethe other sequencesln contrast, we generatefor ead cluster
a special union-sequencethat|through  use of wildcard characters|represen ts
all of the sequenceén the cluster simultaneously. Through careful choice of wild-
cards, we are able to adchieve near-optimal alignments while still substartially
reducing the number of sequencesagainst which queries need to be matched.
Further, we store all sequencesn a cluster as a set of edits against the union-
sequenceThis achievesa form of compressionand allows us to retrieve cluster
members for more precisealignment against a query should the union-sequence
achieve a good alignment score. Thus, both spaceand time are saved with no
signi cant lossin accuracy or sensitivity.

Our method supports two modes of operation: users can chooseto seeall
alignments or only the best alignment from ead cluster. In the former mode,
the clustering is transparent and the results comparableto seartieson an un-
clustered collection. In the latter mode, the sear output is similar to the result
of searding a culled represenativ e database,exceptthat our approac is guar-
anteed to display the best alignment from ead cluster and is also able to report
the number of similar alignmerts that have beensuppressed.

Our work also improves on previous approaches by reducing the time and
resourcesequired to create clusters. The most successfukexisting algorithms use
a form of all-against-all comparisonthat is quadratic in the number of sequences
in the database.Our innovative clustering approac usesa technique known as
ngerprinting that leadsto signi cantly faster clustering; we are able to process
the entire GenBank collection in one hour on a commadity workstation. By



contrast, the fastest previously available system, CD-HIT (Li et al., 2001b),
takesalmost ten hours on the samemachine.

To investigatethe e ectiv enessof our clustering approac we have integrated
it with our freely available open-sourcesoftware padkage, FSA-BLAST. When
applied to the GenBank non-redundart (NR) database,our method reducesthe
size of sequencedata in the NR databaseby 27% and improvesseard times by
22% with no signi cant e ect on accuracy

2 Existing approac hes

Reducing redundancy in a sequencedatabaseis essetially a two-stageprocess:
rst, redundancy within the database must be identied by grouping similar
sequencesnto clusters;then, the clusters must be managedin someway. In this
section we describe past approadiesto thesetwo stages.

The rst stageof most clustering algorithms involvesidentifying pairs of sim-
ilar sequencesAn obvious approach to this is to align eah sequencewith every
other sequencen the collection using a pairwise alignment schemesud asSmith-
Waterman local alignment (Smith and Waterman, 1981). This is the approac
taken by several existing clustering algorithms, including d2_cluster (Burkeet al.,
1999), OWL (Bleasby and Wootton, 1990), and KIND (Kallb erg and Persson,
1999). Howe\er, this approad is impractical for any collection of signi cant size;
ead pairwise comparisonis computationally intensive and the number of pairs
is quadratic in the number of sequences.

Seeral schemes,including CLEANUP (Grillo et al., 1996), NRDB90 (Holm
and Sander, 1998), RSDB (Park et al., 2000), CD-HI (Li et al., 2001a) and
CD-HIT (Li et al., 2001b), usefast clustering approachesbasedon greedyincre-
mertal algorithms. In general,eat proceedsas follows. To begin, the collection
sequencesre sorted by decreasingorder of length. Then, ead sequenceis ex-
tracted in turn and usedas a query to seard an initially-empt y represenativ e
databasefor high-scoring matches. If a similar sequences found, the query se-
quenceis discarded;otherwise, it is addedto the databaseasthe represertativ e
of a new cluster. When the algorithm terminates, the database consistsof the
represerativ e (longest) sequenceof ead cluster. This greedy approad reduces
the number of pairwise comparisonsbut has three drawbadks: rst, a match is
only identied when one sequencds a substring of another; second,caseswhere
the pre x of onesequencematchesthe su x of another are neglected;and, third,
clusters form around longer sequencesnstead of natural certroids, potentially
leading to a suboptimal set of clusters.

Existing greedyincremertal algorithms alsousearangeof BLAST-lik e heuris-
tics to quickly identify high-scoring pairwise matches. The CLEANUP algo-
rithm (Grillo et al., 1996) builds a rich inverted index of short substrings or
words in the collection and usesthis structure to score similarity between se-
quencepairs. NRDB90 (Holm and Sander,1998) and RSDB (Park et al., 2000)
usein-memory hashables of decapeptides and pentapeptides for fast identi ca-
tion of possiblehigh-scoringsequencepairs beforeproceedingwith an alignmernt.
CD-HI (Li et al.,, 2001a) and CD-HIT (Li et al., 2001b) use lookup arrays of



very short subsequenceso more e cien tly identify similar sequencesHowever,
despite eah scheme having fast methods for comparing sequencepairs, the al-
gorithms still operate on a pairwise basis and remain O(n?) in the size of the
database.Indeed, we shaw in Section7 that CD-HIT | the fastestof the greedy
incremertal algorithms mentioned and the most successfukexisting approach |
scalespoorly, with superlinear complexity in the size of the collection.

Oneway to avoid an all-against-all comparisonis to pre-processthe collection
using an index that can e cien tly identify high-scoring candidate pairs. Malde
et al. (2003) and Gracy and Argos (1998) investigatedthe useof su x structures
such assu x trees(Gus eld, 1997)and su x arrays (Manber and Myers, 1993)
to identify groupings of similar sequencesn linear time. Howewer, traditional
su x structures consume large amounts of memory and are not suitable for
processinglarge sequencecollections such as GenBank on desktop workstations.
Malde et al. (2003) report results for only a few thousand EST sequencesThe
algorithm described by Gracy and Argos (1998) requires several days to process
a collection of around 60,000sequencesExternal su x structures, which record
information on disk, are also unsuitable; they usea large amount of disk space,
are extremely slow for searding, or have slow construction times (Cheunget al.,
2005). Nonetheless,we believe that investigating data structures for identifying
all pairs of similar sequence$n a xed number of passeds the correct approac.

Once a set of clusters have beenidenti ed, most existing approaces retain
a single represertativ e sequencefrom ead cluster and delete the rest (Holm
and Sander, 1998; Park et al., 2000; Li et al., 2001a,b). The result is a repre-
serativ e databasewith fewer sequencesnd lessredundancy. However, purging
near-duplicate sequencean signi cantly reducethe quality of results returned
by seard tools such as BLAST. There is no guarantee that the represerta-
tive sequencerom a cluster is the sequencethat best aligns with a given query.
Therefore, somequerieswill fail to return matchesagainsta cluster that contains
sequence®f interest, which reducessensitivity. Further, results of a seard lack
authority becausethey do not shawv the best alignment from ead cluster. Also,
the existenceof highly-similar alignments, even if strongly mutually redundart,
may be of interest to a researder.

3 Clustering using wildcards

In this section we describe our approad to represerting and searding clusters
of highly-similar sequencesising union-sequencesand special-purposewildcard
charactersto represen clusters.

Let usde ne E = fey;:::; e,gasthe setof sequence# a collection whereeadh
sequences a string of residuese; = ry:irp jr 2 R. Our approad represens the
collection as a set of clusters C, where ead cluster contains a union-sequence
U and edit information for eadh menmber of the cluster. The union-sequence
is a string of residuesand wildcards U = ujp::unjui 2 R[ W where W =
fwy;wy jw  Rgis the set of available wildcards. Each wildcard represens
a set of residuesand is able to act as a substitute for any of theseresidues.By
convertion, wy, is assumedto be the default wildcard wy that can represen any
residue;that is, w, = R.



KNQVAMI\QNTVFDAKRLIGRKFDEPTVQADMKI—QWFEVDNRFRSNTER (union-seq)

P ONTVFDAKRLIGRKFDEPTV gi 156103
KNQVA NTVEDAKRLIGRKFDEPTV gi 156105
NTVFEDAKRLIGRKFDEPTV! g 156121

KNQVA NTVFDAKRLIGRKFDEPTV gi 552059
KNQVA NTVEDAKRLIGRKFDEPTV! g 552055
KNQVA NTVFDAKRLIGRKFDEPTV gi 552057
P ONTVEDAKRLIGRKFDEPTV g 156098
NTVFDAKRLIGRKFDEPTV gi 156100
VFDAKRLIGRKFDEPTV! P g 156111

N QNTVFDAKRLIGRKFDEPTVQADMKHY TR gi 552056

Fig. 1. Example cluster of heat shock proteins from the GenBank NR database. The
union-sequenceis shown at the top, followed by the ten member sequences.

Figure 1 shavs an example cluster constructed using our approach. The
union-sequenceis showvn at the top and cluster members are aligned below.
Columns where the member sequencegli er from ead another and a wildcard
hasbeeninserted are shown in bold face.In this example,W = fwgg| that is,
only the default wildcard is usedand it is represened by an asterisk.

When a cluster is written to disk, the union-sequencq shawn at the top of
the gure | is storedin its complete form, and ead member of the cluster is
recordedusing edit information. The edit information for each member sequence
includes start and end o sets that specify a range within the union-sequence,
and a set of residuesthat replacethe wildcards in that range. For example,the
rst member of the cluster with Gl accession156103would be represened by
the tuple (8,44,PI); the member sequencecan be reconstructed by copying the
substring between positions 8 and 44 of the union-sequenceand replacing the
wildcards at union-sequencepositions 8 and 40 with characters P and | respec-
tively. Note that we do not permit gaps;insertions and deletions are heavily
penalisedduring alignmernt and any schemethat allows gapsin represenativ e
sequencess likely to reduceseart accuracy A more complex cluster represena-
tion such asa partial-order graph (Lee et al., 2002) could tolerate gaps;while the
increasedcomplexity of such a represettation leadsinevitably to larger on-disk
footprint and longer alignmert times, the potential increasein cluster sizethat
gapping would allow meansthat sud a technique merits future investigation.

Our clustering method is designedso that ead union-sequencealigns to the
query with a scorethat is|with high probability|lequal to or higher than the
bestscorefor aligning the query to membersof the cluster (seeSection5). During
seard, the query is comparedto the union-sequenceof eadh cluster; if the union-
sequenceproducesa statistically signi cant alignment, then the members of the
cluster are restored from their compressedrepresenations and aligned to the
query. Our approac supports two modes of operation: userscan chooseto see
all high-scoring alignmerts, or only the best alignment from ead cluster. The
latter mode reducesredundancy in the results.

4 Clustering algorithm

In this section we briey describe our approac to e cien tly clustering large
sequencecollections. A more detailed description of the algorithm is given in
Bernstein and Cameron (2006).



In our approach, we use a largely linear-time algorithm that has low main-
memory overheadsfor identifying candidate pairs. Documert ngerprin ting (Man-
ber, 1994;Heintze, 1996;Brin et al., 1995;Broder et al., 1997;Bernstein and Zo-
bel, 2004)hasbeenusedfor grouping highly similar documerts in extremely large
collections and has been successfullyapplied to text and web data for seweral
applications including plagiarism detection, copyright protection, and seard-
engine optimisation. Fingerprinting operates by selecting xed-length subse-
quenceg known aschunks| from ead documert. This setof chunks is known
asthe documert ngerprint and acts as a compact surrogate for the documert.
As highly similar documerts are expected to share a large number of chunks,
ngerprin ts are usedto e cien tly detect similar documerts in a collection.

The basicprocessof ngerprin ting canbe applied to biological sequencedata
by substituting sequencedor documerts, although somealterations in approac
are necessarypecausegenomicsequenceslo not cortain natural word-delimiters
such as punctuation and whitespace.We have modi ed our deco ngerprin ting
padkage (Bernstein and Zobel, 2004, 2005) for usewith sequencedata and it is
usedasthe rst stageof our clustering algorithm.

The ngerprin ting processidenti es chunks that occur in the collection more
than once. In the corntext of sequencedata we use subsequence®r words of
length W as our chunks. For ead word, deco outputs a postings list of se-
quencesthat contain the word and the o set into eatd sequencewnhere the word
occurs. Our clustering algorithm usestheselists to calculate the number of iden-
tical words shared by ead pair of sequencesn the collection. The number of
matching words is normalised by the length of the overlapping region between
the two sequencesthis provides a good quality estimate of the degreeof mutual
redundancy betweenthe sequenceslf this measureexceedsa threshold then the
two sequencesare aligned using the similarity score measurewe describe next.
Highly similar candidate pairs with a scorebelow threshold T are then recorded.

Giventhe list of candidate pairs, we usea variation on single-linkage hierar-
chical clustering (Johnson, 1967) to identify clusters. Each sequencds initially
consideredas a cluster with one member. Candidate pairs are processedin in-
creasingorder of similarity score,from most- to least-similar, and clusters are
merged. To mergea pair of candidate clustersCx and Cy with union-sequences
X and Y respectively, the overlapping regionsof X and Y are aligned. A new
union-sequencel is then created by replacing eady mismatched residuein the
overlap regionwith a suitable wildcard w. The clusterswill only be mergedif the
meanalignment scoreincreaseQ in the overlap regionis below a speci ed thresh-
old T | this prevents union-sequencedrom containing too many wildcards and
reducing seard performance.

If the clustersare merged,a new cluster Cy, is created consisting of all mem-
bersof Cx and Cy. When inserting wildcards into the union-sequencejf more
than ongwildcard is suitable then the onewith the lowest expected match score
e(w) = g s(w;r)p(r) is selected,where p(r) is the background probability of
residuer (Robinson and Robinson, 1991) and s(w; r) is the alignment scorefor
matching wildcard w to residuer. We discusshow alignmert vectors s(w; ) are
constructed in Section 5 and how wildcards are chosenin Section 6.

The alignment scoreincreaseQ for a wildcard w is calculated as



X X
Qw) = s(w;r)p(r) s(ra;r2)p(ra)p(rz)
R R R
wheres(ry;r»,) is the scorefor matching a pair of residuesasde ned by a scoring
matrix such as BLOSUMG62 (Heniko and Heniko, 1992). This value estimates
the increasein alignment scoreone can expect against arbitrary query residues
by aligning against w instead of against the actual residueat that position.

The above approac has a quadratic complexity in the length of eat post-
ings list. While most lists remain quite short even in large databases,a small
proportion of words can appear a large number of times. As the databasebe-
ing processedgrows, common words can come to dominate overall processing
time. For example, a postings lists with 500 ertries produces124,750potential
sequencepairs, which will take a very long time to process.We therefore process
frequertly occurring words |those with more than M occurrencesin the collec-
tion, wherewe useM = 100by defaultlin a dierent, top-down manner before
proceedingto the standard hierarchical clustering approach described above.

Given a list of sequence$ containing a particular frequertly occurring word,
the top-down approacd extracts all sequencesn | and selectsan exemplar; this
is the sequencewith the highestpercertage identit y to the other sequencesn the
list. The exemplaris then aligned against ead sequencen | and usedto createa
cluster asde ned above. All sequencedn the new cluster are removed from | and
the processis repeated until jlj < M. The shortenedlist is then processedusing
the hierarchical clustering method. This processstill hasan O(n?) worst-casein
the length of the list, but is signi cantly quicker than the hierarchical approad
when processinglong lists in practice.

5 Scoring wildcards

We have modied BLAST to work with our clustering algorithm. Instead of
comparing the query sequenceto ead member of the database, our approac
comparesthe query only to the union-sequenceepreseiing ead cluster, where
the union-sequencemay contain wildcard characters. If a high-scoringalignmert
betweenthe union-sequenceand query is identi ed, the members of the cluster
are reconstructed and aligned to the query. In this sectionwe discusshow, given
a set of wildcards W, we determine the scoringvectorss(w;; ) for eadyw; 2 W.

Ideally, we would like the score between a query sequenceQ and a union-
sequenceU to be precisely the highest scorethat would result from aligning
Q against any of the sequencesn cluster Cy. This would result in no lossin
sensitivity as well as no false positives. Unfortunately, such a scoring scheme
is not likely to be adchievable without aligning against eadh sequencein every
cluster, defeating much of the purposeof clustering in the rst place.

To maintain the speedof our approacd, scoring of wildcards against residues
must be on the basis of a standard scoring vector s(w; ) and cannot take into
consideration any data about the sequencesepresetted by the cluster. Thus,
scoring will involve a compromise between sensitivity (few false negatives) and
speed(few false positives). We describe two such compromisesbelow, and nally
showv how to combine them to achieve a good balance of sensitivity and speed.



During clustering, wildcards are inserted into the union-sequenceto denote
residuepositionswherethe cluster membersdier. Let usdene S = s;3:::i8 | S 2
W asthe ordered sequenceof x wildcards substituted into union-sequenceslur-
ing clustering. Each occurrenceof a wildcard is usedto represern a setof residues
that appearin its position in the membersof the cluster. Wedene o R asthe
set of residuesrepresened by an occurrenceof a wildcard in the collection and
O=o0::0,j0 R asthe orderedsequencef substituted residuesets. The k"
wildcard sk that is usedto represen the set of residuesoy must be chosensuc
that o,  sk.

Our rst scoringsdieme,sey, , builds the scoringvector by consideringthe ac-
tual occurrencepattern of residuesrepreserted by the wildcard in the collection.
Formally, we calculate the expected best scoresey, as:

maxs(r;f)
(w:r) k2p; f20k
S )= ——
P IPi]
where P; is the set of ordinal numbers of all substitutions using the wildcard w;:

Pi=fjjj 2N/ j X s =wg

This scorecan be interpreted as the mean score we would get by aligning
residuer against the actual residuesrepresenied by the wildcard w. This score
has the potential to reduce seart accuracy; howewer, it distributes the scores
well, and provides an excellert tradeo betweensensitivity and speed.

The secondscoring scheme, Sqpt, Calculatesthe optimistic alignmert scoreof
the wildcard w against ead residue. The optimistic scoreis the highest score
for aligning residue q to any of the residuesrepreserted by wildcard w. This is
calculated as follows:

Sopt (W) = maxs(r;f)

The optimistic scoreguaranteesno lossin sensitivity: the scorefor aligning
against a union-sequencelJ using this scoring schemeis at least as high as the
scorefor any of the sequencesepreserted by U. The problem is that in many
casesthe scorefor U is signi cantly higher, leading to false-positiveswhere the
union-sequencds agged as a match despite none of the cluster members being
su cien tly closeto the query. The result is substartially slower seard.

The expectedand optimistic scoringsdemesrepresern two di erent compro-
mises between sensitivity and speed. We can adjust this balance by combining
the two approacesusing a mixture model. We de ne a mixture parameter, |,
such that O 1. The mixture-model scorefor aligning wildcard w to residue
r is de ned as:

S (W;r)= sop(wir)+ (1 )Sexp (W; 1)

The scores (w;r) for eadh w;r pair is calculated when the collection is being
clusteredand then recordedon disk. During a BLAST seard, the wildcard scores
areloadedfrom disk and usedto perform the seard. We report experiments with
varying valuesof in Section7.



6 Selecting wildcards

Having de ned a systemfor assigninga scoring vector to an arbitrary wildcard,
we now describe a method for selectinga set of wildcards to be usedduring the
clustering process.Each wildcard w represeits a set of residuesw R and can
be usedin a union-sequenceto substitute for any set of residuesof which it is
a superset. A set of wildcards, W = fwsy;::;;w,g is used during clustering. We
assumethat one of thesewildcards wy, is the default wildcard that can be used
to represen any of the 24 residue and ambiguous codes, that is w, = R. The
remaining wildcards must be selectedcarefully; large residue sets can be used
more frequertly but provide poor discrimination with higher averagealignmert
scoresand more false positives. Small residue sets can be used lessfrequertly,
increasingthe use of larger residue setssuch as the default wildcard.

The rst aspect of choosing a set of wildcards to use for substitution is to
decide on the size of this set. It would be ideal to use as many wildcards as
necessary so that ead substitution s; = o,. Howewer, ead wildcard must be
encaled as a dierent character leading to an extremely large alphabet. An
enlarged alphabet would in turn lead to ine ciencies in BLAST due to larger
lookup and scoringdata structures. Thus, a compromiseis required. BLAST uses
a set of 20 character codesto represen residues,as well as 4 IUPAC-IUBMB
ambiguous residue codes and an end-of-sequenceode, for a total of 25 distinct
codes. Each code is represetied using 5 bits, permitting a total of 32 codes.
This leaves 7 unused character codes. We have therefore chosento usejWj = 7
wildcards.

We treat the task of selectinga good set of wildcards as an optimisation
problem. To do this, we rst cluster the collection as described in Section 4
using only the default wildcard, ie. W = fwgg. We usethe residue-substitution
sequenceO from this clustering to createa setW of candidate wildcards. Our
goal can then be de ned as follows: we wish to selecttge gst of wildcards W

W sud that the total averagealignment scoreA = s(w;r)p(r) for all
w2Sr2R
substitutions S is minimised. A lower A implies a reduction in the number of

high-scoring matches between a typical query sequenceand union-sequencesn
the collection, thereby reducing the number of false-positive situations in which
cluster members are fruitlessly recreatedand aligned to the query.

In selectingthe wildcard setW that minimises A we usethe following greedy
approach: rst, we initialize W to contain only the default wildcard wq. We
then scanthrough W and selectthe wildcard that leadsto the greatestoverall
reduction in A. This processis repeateduntil the setW is lled, at ead iteration
consideringthe wildcards already in W in the calculation of A. Once W is full
we employ a hill-clim bing strategy where we consider replacing eacd wildcard
with a set of residuesfrom W with the aim of further reducing A.

A set of wildcards was chosen by applying this strategy to the GenBank
NR database described in Section 7. The following wildcards were identi ed
and are used for all reported experiments: LVIFM, GEKRQHAVTIX, SETKDN,
LVTPRFYMHCAGSDPHILAGSVETKDPIRNQFYMHCWBZXU

We also consideredde ning wildcards basedon groups of amino acids with
similar physico-cemical properties by using the amino acid classi cations de-



scribed in Taylor (1986). Howewer, a preliminary investigation of this approac
resultedin 3% slower seart times and reducedseart accuracycomparedto the
approach we have described.

7 Results

The Structural Classi cation of Proteins (SCOP) database(Murzin et al., 1995;

Andreeva et al., 2004)is widely usedto evaluate the accuracyof sequenceseard

tools (Brenner et al., 1998;Park et al., 1998). For our own assessmets, we used

version 1.65 of the ASTRAL Compendium (Chandonia et al., 2004) that uses
information from the SCOP databaseto classify sequencesvith fold, superfam-

ily, and family information. The databasecontains a total of 67,210sequences
classi ed into 1,538 superfamilies.

A set of 8,759test querieswere extracted from the ASTRAL databasesuc
that no two of the queries shared more than 90% identity. To measureseard
accuracy ead query was seardied against the ASTRAL databaseand the Re-
ceiver Operating Characteristic (ROC) score(Gribskov and Robinson, 1996)was
calculated. A match betweentwo sequencesvas consideredpositive if they came
from the same superfamily, otherwise it was considerednegative. The ROCsyg
scoreprovides a measurebetween0 and 1, where a higher scorerepresetts bet-
ter sensitivity (detection of true positives)and selectivity (ranking true positives
ahead of false positives).

The SCOP databaseis too small to provide an accurate measureof seard
time, sowe usethe GenBank non-redundart (NR) protein databaseto measure
seart times. The GenBank collection was downloaded August 18, 2005 and
contains 2,739,666sequencesn around 900 megalytes of sequencedata. Per-
formance was measuredusing 50 queriesrandomly selectedfrom GenBank NR.
Each query was searded against the ertire collection three times with the best
runtime recorded and the results averaged. Experiments were conducted on a
Pentium 4 2.8GHz machine with two gigabytes of main memory.

We used FSA-BLAST |our open-sourceversion of BLAST|with  default
parameters as a baseline. To assesshe clustering scheme, the GenBank and
ASTRAL databaseswere clustered and FSA-BLAST was con gured to report
all high-scoring alignmerts, rather than only the best alignment from ead clus-
ter. All reported collection sizesinclude sequencealata and edit information but
exclude sequencedescriptions. CD-HIT version 2.0.4 beta was used for experi-
mernts with 95% clustering threshold and maximum memory setto 1.5 Gh. We
alsoreport results for NCBI-BLAST version2.2.11and our own implementation
of Smith-Waterman that usesthe exact samescoring functions and statistics as
BLAST (Karlin and Altschul, 1990). No sequenceltering was performed.

The overall results of our clustering method are shown in Table 1. When used
with default settingsof = 0:2and T = 0:25, our clustering approac reduces
the overall size of the NR databaseby 27% and improves seard times by 22%.
Importantly, the ROC scoreindicates that there is no signi cant e ect on seart
accuracy with the highly redundant SCOP databasereducing in size by 80%

1 Available from: http://www.fsa-blast.org



Scheme GenBank NR ASTRAL
Time Sequencedata
secs(% baseline) Mb (% baseline) ROCso

FSA-BLAST
No clustering (baseline) ~ 28.75(100%) 900 (100%) 0.398

Cluster = 0:2;T = 0:25 22.54 (78%) 655 (73%) 0.398
Cluster = 0;T = 0:3 20.97 (73%) 650 (72%) 0.397
NCBI-BLAST 45.75 (159%) 898 (100%) 0.398
Smith-W aterman | | 0.415

Table 1. Averageruntime for 50 queries searded against the GenBank NR database,
and SCOP ROCs5p scoresfor the ASTRAL collection.
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Fig. 2. Clustering performance for GenBank NR databasesof varying sizes.

when clustered. If usersare willing to accepta small lossin accuracy then the
parameters = 0and T = 0:3 improve seard times by 27% and reducethe size
of the sequencecollection by 28% with a decreaseof 0.001in ROC scorewhen
comparedto our baseline.Sincewe are interestedin improving performancewith
no lossin accuracywe do not considerthesenon-default settings further. Overall,
our clustering approac with default parameterscombined with improvemerts to
the gapped alignment (Cameron et al., 2004) and hit detection (Cameron et al.,
2005) stagesof BLAST more than double the speed of FSA-BLAST compared
to NCBI-BLAST with no signi cant e ect on accuracy Both versionsof BLAST
produce ROC scores0.017below the optimal Smith-Waterman algorithm.

Figure 2 shows a comparison of clustering times between CD-HIT and our
clustering approach for four dierent releasesof the GenBank NR database;
details of the collections used are given in Table 2. The results show that the
clustering time of our approad is linear with the collection size and the CD-
HIT approad is superlinear (Figure 2). On the recert GenBank non-redundart
collection, CD-HIT is almost 10 times slower than our approacd; we expect this
ratio to further increasewith collection size.

Table 2 shows the amount of redundancy in the GenBank NR databaseas
it has grown over time, measuredusing our clustering approach. We obsene



Fig. 3. Seart accuracy for collections clustered with varying valuesof and T. Default
valuesof = 0:2; T = 0:25 are highlighted.

Number of Collection  Overall size  Percertage
Releasedate sequences Size (Mb) reduction (Mb) of collection

16 July 2000 521,662 157 45 28.9%
22 May 2003 1,436,591 443 124 28.1%
30 June 2004 1,873,745 597 165 27.4%
18 August 2005 2,739,666 900 245 27.3%

Table 2. Redundancy in GenBank NR database over time.

that the degreeof redundancy is not changing signi cantly with the percertage
reduction through clustering remaining between27% and 29% acrossversionsof
the collection tested.

Figure 3 shaws the e ect on accuracy for varying valuesof and T. We

have chosen = 0:2 as a default value becausesmaller values of result in a
larger decreasein seard accuracy and larger values reduce seart speed. We
obsene that for = 0:2 there is little variation in seart accuracy for values of

T between0.05and 0.3.
Figure 4 shows the e ect on seard times for varying values of T where
= 0:2. As T increasesthe clustered collection becomessmaller, leading to
faster seart times. Howevwer, if T is too large then union-sequencewith a high
percertage of wildcards are permitted, leading to an increasein the number
of cluster members that are recreated and a corresponding reduction in seard
speed. We have chosenthe value T = 0:25 that maximisesseart speed.

8 Conclusion

Sequencedatabanks such as GenBank contain a large number of redundart se-
quences.Sud redundancy has seweral negative e ects including larger collection
size, slower seard, and di cult-to-in terpret results. Redundancy within a col-
lection can lead to over-represemation of alignments within particular protein
domains, distracting the user from other potentially important hits.



N N
N [6)]
l o |

Search time (secs)
N
¢

N
N

0.05 0.10 0.15 0.20 0.25 0.30
T

Fig. 4. AverageBLAST seard time using = 0:2 and varying valuesof T.

We have proposeda new scheme for managing redundancy. Instead of dis-
carding near-duplicate sequencespur approac identi es clusters of redundant
sequencesnd constructs a special union-sequencehat represerts all membersof
the cluster through the careful useof wildcard characters. We presert a new ap-
proach for searding clustersthat, when combined with a well-chosenset of wild-
cards and a system for scoring matches between wildcards and query residues,
leadsto faster seard times without a signi cant lossin accuracy Moreover, by
recording the di erences betweenthe union-sequenceand ead cluster member
using edit information our approadh compresseghe collection. Our schemeis
generaland can be adapted to most homology seart tools.

We have integrated our algorithm into FSA-BLAST, anewversionof BLAST
that is substartially fasterthan NCBI-BLAST and freely available for download
at http://www.fsa-blast.org/ . Our results show that our clustering scheme
reducesBLAST seard times against the GenBank non-redundart databaseby
22%and compressesequencalata by 27%with no signi cant e ect on accuracy
We have also described a new system for identifying clusters that uses nger-
printing, a technique that has been successfullyapplied to duplicate-documernt
detection in information retrieval. Our implementation can cluster the ertire
GenBank NR protein databasein one hour on a standard workstation and scales
linearly in the sizeof the collection. We proposethat pre-clusteredcopiesof the
GenBank collection be made publicly available for download.

We have con ned our experimental work to protein sequencesand plan to
investigatethe e ect of our clustering schemeon nucleotide data asfuture work.
We also plan to investigate the e ect of our approac on iterativ e seart algo-
rithms sud as PSI-BLAST, and how our scheme can be usedto improve the
current measureof the statistical signi cance of BLAST alignmerts.
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