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Abstract. Detection of highly similar sequenceswithin genomic collec-
tions has a number of applications, including the assembly of expressed
sequencetag data, genome comparison, and clustering sequencecollec-
tions for improved search speed and accuracy. While several approaches
exist for this task, they are becoming infeasible | either in spaceor in
time | as genomic collections contin ue to grow at a rapid pace. In this
paper we present an approach basedon document �ngerprin ting for iden-
tifying highly similar sequences.Our approach usesa modest amount of
memory and executes in a time roughly proportional to the size of the
collection. We demonstrate substantial speedimprovements compared to
the CD-HIT algorithm, the most successfulexisting approach for clus-
tering large protein sequencecollections.

1 In tro duction

Similarit y betweengenomicsequencesis a strong predictor of functional or phy-
logenetic relatedness,and thus the identi�cation of sequencesimilarit y is a very
important application in bioinformatics. The �rst step towards identifying a
new sequencetypically involves searching a large sequencedatabank for sim-
ilar sequencesusing an alignment algorithm such as Smith-Waterman (Smith
& Waterman 1981), FASTA (Pearson & Lipman 1988) or BLAST (Altschul
et al. 1990,1997,Cameron et al. 2004,2005). Thesealgorithms comparea sin-
gle query sequenceagainst a collection of sequences,and are notable for their
accuracy and sensitivity. In many cases,however, it is useful to know not just
the similarit y between a single sequenceand a collection, but between all se-
quencesin the collection. The identi�cation of similar sequencepairs is useful
for clustering EST (expressedsequencetag) data (Burk e et al. 1999,Malde et al.
2003), genomecomparison (Kurtz et al. 2004), and reducing redundancy in a
collection to improve search speed(Holm & Sander1998,Li et al. 2001b,a) and
accuracy (Park et al. 2000,Li et al. 2002). In such cases,a straightforward ap-
plication of Smith-Waterman or BLAST is not appropriate: an all-against-all
comparisonof a 100 Mb collection takesseveral days with BLAST.

Previous studies have investigated a range of approaches to identifying all
pairs of highly similar sequencesin a collection. Most of the proposedtechniques
executesigni�cantly faster than a na•�ve application of query-basedalgorithms



such as BLAST. However, a majorit y of thesealgorithms still have a fundamen-
tal O(n2) complexity in the size of the collection, rendering them increasingly
infeasible as genomicdatabasescontinue their exponential growth. Malde et al.
(2003) have investigatedthe useof su�x structures such assu�x trees(Gus�eld
1997)or su�x arrays (Manber & Myers1993) to e�cien tly identify high-scoring
pairs in a single passof the collection. This approach does not su�er from the
quadratic complexity problem, however su�x structures have signi�cant mem-
ory overheadsand long construction times, making them unsuitable for large
genomiccollections such as GenBank.

In this paper we describe and apply document �ngerprinting to isolate candi-
date pairs of highly similar sequences.Our approach is fast, scaleslinearly with
collection size,and has modest memory requirements. We describe our method
for applying �ngerprin ting to genomicsequencesand �nd that it is remarkably
accurateand sensitive for this task. We also apply �ngerprin ting to the creation
of representativ e-sequencedatabases(Holm & Sander1998,Park et al. 2000,Li
et al. 2001b). We are able to processthe GenBank non-redundant databasein
around 1.5 hours, while the fastest existing approach, CD-HIT (Li et al. 2001b),
requires over 9 hours for the same task. Importantly , there is no signi�cant
changein accuracy.

2 Similarit y detection: techniques and applications

Query-basedsimilarit y detection in sequencecollections is a fundamental task
in bioinformatics. It is often the �rst step in the identi�cation, classi�cation
and comparison of new sequencedata. A number of well-researched and well-
establishedtechniquesexist for this task; alignment algorithms such as BLAST
comparea single query sequenceto every sequencein a collection and are gen-
erally consideredsatisfactory solutions for this task.

For some important applications, however, there is no notion of a query
sequence;rather, it is necessaryto identify similarit y between arbitrary pairs
of sequencesin a collection. For example, the assembly of EST (expressedse-
quencetag) data involves arranging a collection of overlapping sequencesinto
a longer consensussequence.For this application there is no apparent query
sequence:rather, we are interested in similarit y between any pair of sequences
in the collection. Another application where an all-against-all comparison is re-
quired is the construction of a representativ e-sequencedatabase(RSDB), where
highly redundant sequencesare removed from a collection resulting in faster,
more sensitive search for distant homologiesusing search algorithms such as
PSI-BLAST (Altschul et al. 1997).

Several past solutions | including Holm & Sander (1998) and Li et al.
(2001b) | usea simple pairwise approach to identify pairs of similar sequences.
Theseschemesuse fast BLAST-lik e heuristics to compareeach sequencein the
collection to the entire collection. The representativ e-sequencedatabasetool CD-
HIT (Li et al. 2001b) is the fastest approach basedon this method. However,
despite fast methods for comparing each sequencepair, such approachesrequire



time that is quadratic in the sizeof the collection and are increasingly infeasible
as genomiccollectionscontinue to grow. The CD-HIT tool requiresover 9 hours
to processthe current GenBank non-redundant protein database.

An alternativ e approach to identifying similar sequencesinvolves using a
su�x structure such as a su�x tree or su�x array. This approach is taken by
Malde et al. (2003), where su�x arrays are used to cluster EST sequencesin
linear time. While the approach is highly e�ectiv e for this application | in which
collections are typically quite small | su�x structures are known to consume
large amounts of main-memory. In our experiments with the freely available
XSACT software, this was con�rmed: the software required more than 2 Gb of
main memory to processa 10 Mb collection of uncompressednucleotide data.
Although more compact su�x structures exist (Grossi & Vitter 2000) they have
longer construction and search times.

In the following sections we describe a novel, alternativ e approach called
document �ngerprin ting with linear time complexity and modest memory re-
quirements.

3 Do cumen t �ngerprin ting and spex

Document �ngerprin ting (Manber 1994,Brin et al. 1995,Heintze 1996,Broder
et al. 1997,Shivakumar & Garc��a-Molina 1999) is an e�ectiv e and scalabletech-
nique for identifying pairs of documents within large text collections that share
portions of identical text. Document �ngerprin ting hasbeenusedfor several ap-
plications, including copyright protection (Brin et al. 1995), document manage-
ment (Manber 1994) and web search optimisation (Broder et al. 1997,Fetterly
et al. 2003,Bernstein & Zobel 2005).

The fundamental unit of document �ngerprin ting techniques is the chunk, a
�xed-length unit of text such as a seriesof consecutive words or a sentence.The
full set of chunks for a given document is formed by passinga sliding window
of appropriate length over the document; this is illustrated below for a chunk
length of six words:

[the quick brown fox jumped over]
the quick brown fox jumped [quick brown fox jumped over the]
over the lazy dog [brown fox jumped over the lazy]

[fox jumped over the lazy dog]

The set of all chunks in a collection can be stored in an inverted index (Witten
et al. 1999)and the index can be usedto calculate the number of sharedchunks
between pairs of documents in a collection. Two identical documents will nat-
urally have an identical set of chunks. As the documents begin to diverge, the
proportion of chunks they sharewill decrease.However, any pair of documents
sharing a run of text as long as the chunk length will have at least one chunk
in common. Thus, the proportion of common chunks is a good estimator of the
quantit y of common text shared by a pair of documents. The quality of this
estimate is optimised by choosing a chunk length that is long enough so that



for chunkLength = 1 to finalLength
foreach sequence in the collection

foreach chunk of length chunkLength in sequence
if chunkLength = 1

increment lookup[chunk]
else

subchunk1 = chunk prefix of length chunkLength - 1
subchunk2 = chunk suffix of length chunkLength - 1
if lookup[subchunk1] = 2+ and lookup[subchunk2] = 2+

increment lookup[chunk]

Fig. 1. The spex algorithm

two identical chunks are unlikely to coincidentally occur, but not so long that it
becomestoo sensitive to minor changes.In the deco package, for example, the
default chunk length is eight words (Bernstein & Zobel 2004).

For practical document �ngerprin ting, chunks are generally hashed before
storagein order to make their representation more compact. Further, somesort
of selection heuristic is normally applied so that only some chunks from each
document are selectedfor storage. The choice of selection heuristic has a very
signi�cant impact on the general e�ectiv enessof the �ngerprin ting algorithm.
Most �ngerprin ting algorithms have usedsimple feature-basedselectionheuris-
tics, such as selectingchunks only if their hash is divisible by a certain number,
or selectingchunks that begin with certain letter-combinations. Theseheuristics
are obviously lossy: if two documents share chunks, but none of them happen
to satisfy the criteria of the selectionheuristic, the �ngerprin ting algorithm will
not identify thesedocuments as sharing text.

Bernstein & Zobel (2004) intro duced the spex chunk selection algorithm,
which allows for losslessselectionof chunks, basedon the observation that single-
ton chunks (chunks that only occur onceand represent a large majorit y in most
collections) do not contribute to identifying text reusebetweendocuments. The
spex algorithm takesadvantage of the fact that, if any subchunk (subsequence)
of a chunk is unique, the chunk as a whole is unique. Using a memory-e�cien t
iterativ e hashing technique, spex is able to selectonly those chunks that occur
multiple times in the collection. Using spex can yield signi�cant savings over
selectingevery chunk without any degradation in the quality of results.

Figure 1 providesa pseudocodesketch of how spex identi�es duplicate chunks
of length finalLength within a collection of documents or genomicsequences.
The algorithm iterates over chunk lengthsfrom 1 to finalLength , the �nal chunk
length desired.At each iteration, spex maintains two hashtables (referred to as
lookup in the �gure): onerecording the number of occurrencesof each chunk for
the previousiteration, and onefor the current iteration. As weareonly interested
in knowing whether a chunk occurs multiple times or not, each entry in lookup
takes one of only three values: zero, one, or more than one (2+ ). This allows
us to �t four hashtable entries per byte; collisions are not resolved. A chunk is
only inserted into lookup if its two subchunks of length chunkLength - 1 both
appear multiple times in the hashtable from the previous iteration. The iterativ e
processhelps prevent the hashtables from being 
o oded. The spex algorithm is
able to processquite large collectionsof text and indicate whether a given chunk



occurs multiple times in a reasonabletime, and consuming a relatively modest
amount of memory. For a full description of how the spex algorithm works, we
refer the reader to Bernstein & Zobel (2004).

4 Fingerprin ting for genomic sequences

The spex algorithm (and, indeed, any �ngerprin ting algorithm) can be trivially
adapted for usewith genomicsequencesby simply substituting documents with
sequences.However, the propertiesof a genomicsequencearequite di�eren t from
thoseof a natural languagedocument. The most signi�cant di�erence is the lack
of any unit in genomic data analogousto natural languagewords. The protein
sequenceswe considerin this paper are represented asan undi�eren tiated string
of amino-acid characterswith no natural delimiters such aswhitespace,commas
or other punctuation marks.

The lack of words in genomicsequenceshas a number of immediate impacts
on the operation and performanceof the spex algorithm. First, the granularit y
of the sliding window must be increasedfrom word-level to character-level. An
increasedgranularit y means that there will be far more chunks in a genomic
sequencethan in a natural-language document of similar size. As a result, the
spex algorithm is lesse�cien t and scalable for genomic data than for natural
languagedocuments.

The distribution of subsequenceswithin genomic data is also less highly
skewed than the distribution of words in English text. Given a collection of
natural languagedocuments, we expect somewords (such as `and' and `or') to
occur extremely frequently , while other words (such as perhaps`alphamegamia'
and `nudiustertian') will be hapax legomena: words that occur only once. This
permits the spex algorithm to be e�ectual from the �rst iteration by remov-
ing word-pairs such as `nudiustertian news'. In contrast, given a short string of
characters using the amino acid alphabet of size20, it is far lesslikely that the
word will occur only oncein any collection of nontrivial size.Thus, the �rst few
iterations of spex are likely be entirely ine�ectual.

One simple solution to theseproblems is to intro duce `pseudo-words', e�ec-
tiv ely segmenting each sequenceby moving the sliding window several characters
at a time. However, this approach relies on sequencesbeing aligned along seg-
ment boundaries.This assumptionis not generallyvalid and makesthe algorithm
highly sensitive to insertions and deletions. Consider, for example, the following
sequencesgiven a chunk length of four and a window increment of four:

Sequence Chunks
Sequence1 ABCDEF GHIJKLM NOP ABCDEFGHIJKL MNOP
Sequence2 AABCDEF GHIJKLM NOP AABCDEFGHIJK LMNO
Sequence3 GHAACDEF GHIJKLM Q GHAACDEFGHIJ KLMQ

Despiteall three of thesesequencescontaining an identical subsequenceof length
11 (in bold above), they do not sharea singlecommonchunk. This strong corre-
spondencebetweenthe three sequenceswill thus be overlooked by the algorithm.



chunkLength = finalLength - Q � (numIterations - 1)
for iteration = 1 to numIterations

foreach sequence in the collection
foreach chunk of length chunkLength in sequence

if lookup[chunk] 6= 0
increment lookup[chunk]

else
count number of subchunks of length chunkLength - Q

where lookup[subchunk] = 2+

if (count � 2 or iteration = 1) and
(number of chunks processed since increment lookup � Q)

increment lookup[chunk]
increment chunkLength by Q

Fig. 2. The slotted spex algorithm

We proposea hybrid of regular spex and the pseudo-word basedapproach
described above that we call slotted spex. Slotted spex usesa window increment
greater than one but is able to `synchronise' the windows betweensequencesso
that two highly-similar sequencesare not entirely overlooked as a result of a
misalignment betweenthem.

Figure 2 describesthe slotted spex algorithm. As in standard spex, wepassa
�xed-size window over each sequencewith an increment of one. However, unlike
spex, slotted spex does not consider inserting every chunk into the hashtable.
In addition to decomposing the chunk into subchunks and checking that the
subchunks are non-unique, slotted spex also requires that one of two initial
conditions be met. First, that it has been at least Q window increments since
the last insertion; or second, that the current chunk already appears in the
hashcounter. The parameter Qis the quantum, which can be thought of as the
window increment usedby the algorithm. Slotted spex guaranteesthat at least
every Qth overlapping substring from a sequenceis inserted into the hashtable.
The secondprecondition | that the chunk already appearsin the hashcounter |
provides the synchronisation that is required for the algorithm to work reliably.

The operation of slotted spex is best illustrated with an example.Using the
sameset of sequencesas above, a quantum Q= 4 and a chunk length of four,
slotted spex producesthe following set of chunks:

Sequence Chunks
Sequence1 ABCDEF GHIJKL MNOP ABCDEF GH IJKL MNOP
Sequence2 AABCDEF GHIJKL MNOP AABCABCDEF GH IJKL MNOP
Sequence3 GHAACDEF GHIJKL MQ GHAACDEFEF GH IJKL

For the �rst sequence,the set of chunks produceddoesnot di�er from the na•�ve
pseudo-word technique. Let us now follow the processfor the secondsequence.
The �rst chunk | AABC| is inserted as before. When processingthe second
chunk, ABCD, the number of chunks processedsincethe last insertion is one,fewer
than the quantum Q. However, the condition lookup[chunk] 6= 0 on line 5
of Figure 2 is met: the chunk has been previously inserted. The hashcounter
is therefore incremented, e�ectiv ely synchronising the window of the sequence
with that of the earlier, matching sequence.As a result, every Qth identical



chunk will be identi�ed acrossthe matching region between the two sequences.
In this example, the slotted spex algorithm selectstwo chunks of length four
that are common to all sequences.Slotted spex also di�ers from regular spex
by incrementing the word length by Qrather than 1 betweeniterations.

In comparison to the ordinary spex algorithm, slotted spex requires fewer
iterations, consumeslessmemory and builds smaller indexes.This makesit suit-
able for the higher chunk density of genomicdata. While slotted spex is a lossy
algorithm, it doeso�er the following guarantee: for a window sizefinalLength
and a quantum Q, any pair of sequenceswith a matching subsequenceof length
finalLength + Q - 1 or greater will have at least one identical chunk selected.
As the length of the match grows, so will the guaranteed number of common
chunks selected.Thus, despite the lossinessof the algorithm, slotted spex is still
able to o�er strong assurancethat it will reliably detect highly similar pairs of
sequences.

5 Fingerprin ting for iden tit y estimation

In this section, we analyze the performance of slotted spex for distinguishing
sequencepairs with a high level of identit y from those that do not.

Following Holm & Sander (1998) and Li et al. (2001b), we calculate the
percentage identit y betweena pair of sequencesby performing a banded Smith-
Waterman alignment (Chao et al. 1992) using a band width of 20, match score
of 1, and no mismatch or gap penalty. The percentage identit y I for the sequence
pair si ; sj is calculated as I = S(si ; sj )=L(si ; sj ) whereS(si ; sj ) is the alignment
scoreand L(si ; sj ) is the length of the shorter of the two sequences.This score
can be functionally interpreted as being the proportion of characters in the
shorter sequencethat match identical characters in the longer sequence.We
de�ne similar sequencepairs as those with at least 90% identit y (I � 0:9); this
is the samethreshold usedin Holm & Sander(1998) and is the default parameter
usedby CD-HIT (Li et al. 2001b).

For experiments in this section we use version 1.65 of the ASTRAL Com-
pendium (Chandonia et al. 2004), becauseit is a relatively small yet com-
plete databasethat allows us to experiment with a wide range of parameterisa-
tions. The ASTRAL databasecontains 24,519sequences,equating to 300,578,421
unique sequence-paircombinations. Of these,139,716| lessthan 0.05%| have
an identit y of 90% or higher by the above measure;this is despite the fact that
the databaseis known to have a high degreeof internal redundancy. A vast ma-
jorit y of sequencepairs in any databasecan be assumedto be highly dissimilar.

Although we do not expect �ngerprin ting to be as sensitive and accurate
as a computationally intensive dynamic-programming approach such as Smith-
Waterman, we hope that the method will e�ectiv ely distinguish sequence-pairs
with a high level of identit y from the large number of pairs that have very low
identit y. Our aim is to usedocument �ngerprin ting to massively reducethe search
spacewithin which more sensitive analysismust be pursued.For example,even if
�ngerprin ting identi�es three times asmany falsepositives(dissimilar sequences)
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Fig. 3. spex index size as a function of �nal chunk length and quantum (left) and
averageprecision as a function of �nal chunk length and quantum (righ t)

as true positives (similar sequences),lessthan 0.2% of all sequencepairs in the
ASTRAL collection would needto be aligned.

In order to �nd a good compromisebetween resourceconsumption and ef-
fectiveness,we have experimented with di�eren t parameter combinations. Fig-
ure 3 (left) shows the spex index sizefor varying chunk lengths and quanta. The
results show that increasingthe word length doesnot result in a large reduction
in index size, but increasing the quantum results in a marked and consistent
decreasein the sizeof the index.

Figure 3 (right) plots the average precision (Buckley & Voorhees2000) as
a function of chunk length and quantum. The average precision measurewas
calculated by sorting pairs in decreasingorder of spex score| the number of
matching chunks divided by the length of the shorter sequence| and using
sequencepairs with an identit y of 90% or above as the set of positives. We
observe that increasing the chunk length results in a small loss in accuracy,
however increasingthe quantum has almost no e�ect on averageprecision. This
indicates that slotted spex | even with a high quantum | is able to estimate
sequenceidentit y nearly aswell asthe regular spex algorithm with reducedcosts
in memory use, index sizeand index processingtime.

The result in Figure 3 make a strong casefor using a shorter word length;
however, shorter words place a greater loading on the hashcounter. With larger
collections,memory boundscan lead to the hashtable 
o oding and a consequent
blowout in index size. Thus, shorter word lengths are less scalable. Similarly,
longer quanta are in generalbene�cial to performance.However, a larger quan-
tum reducesthe number of iterations possiblein slotted spex. Thus, a very high
quantum can result in more collisions in the hashcounter due to fewer iterations,
suggestingonceagain that a compromiseis required. Guided by theseobserva-
tions along with the other data, chunk lengths of 25 or 30 with a quantum of 5
to 9 appear to provide a good compromisebetween the various considerations
in all-against-all identit y detection for large collections.

The high average precision results indicate that slotted spex provides an
accurate and sensitive prediction of whether sequencepairs have a high level of
identit y. What is particularly surprising is that the averageprecision stays high
even with reasonably long chunk lengths and high quanta. Earlier e�orts by



Holm & Sander(1998) and Li et al. (2001b), and Li et al. (2001a) are extremely
rigorous and rely upon short matching chunks, typically lessthan ten characters
in length, betweensequence-pairsbeforeproceedingwith alignment. Our results
indicate that longer chunk lengths have only minor impact on result quality.

In our experiments wehavefocusedon identifying sequence-pairswith greater
than 90%identit y, and we have shown that �ngerprin ting is e�ectiv e at this task.
However, it is probable that �ngerprin ting will prove lessuseful as the identit y
threshold is lowered.

6 Remo ving redundan t sequences: an application

Holm & Sander(1998), Park et al. (2000) and Li et al. (2001b) have all investi-
gated techniquesfor creating representative-sequence databases(RSDBs), culled
collections where no two sequencesshare more than a given level of identit y.
RSDBs are typically constructed by identifying clustersof similar sequencesand
retaining only one sequencefrom each cluster, the cluster representativ e. Such
databasesare more compact, resulting in faster search times. More signi�cantly ,
they have been demonstrated to improve the sensitivity of distant-homology
search algorithms such as PSI-BLAST (Li et al. 2002).

The most recent and e�cien t technique for constructing an RSDB, CD-
HIT (Li et al. 2001b), usesa greedyincremental approach basedon an all-against-
all comparison. The algorithm starts with an empty RSDB. Each sequenceis
processedin decreasingorder of length and comparedto every sequencealready
inserted into the RSDB. If a high-identit y match is found, where I exceedsa
threshold, the sequenceis discarded;otherwise it is added to the RSDB. To re-
ducethe number of sequencepairs that arealigned,CD-HIT �rst checks for short
matching chunks | typically of length four or �v e | betweensequencesbefore
aligning them. The approach is still fundamentally quadratic in complexity.

We have replicated the greedy incremental approach of CD-HIT, but use
�ngerprin ting with slotted spex as a preprocessingstep to dramatically reduce
the number of sequencecomparisonsperformed. A list of candidate sequence-
pairs, for which the spex scoreexceedsa speci�ed threshold, is constructed. We
only perform alignments between sequencepairs in this candidate list. This is
signi�cantly faster than comparing each sequenceto all sequencesin the RSDB.

We measuredthe performanceand scalability of our approach by comparing
it to CD-HIT | which is freely available for download | usingseveral releasesof
the comprehensive Genbank non-redundant (NR) protein databaseover time1.
We usedthe CD-HIT default threshold of T = 90%and the four releasesof Gen-
Bank NR databasefrom July 2000until August 2005described in Table 1. For
tests with CD-HIT we useddefault parametersexcept for maxmemorywhich we
increasedto 1.5Gb. For our approach, weuseda �nal chunk length finalLength
of 25, a quantum of 9 and 3 iterations. Our threshold for identifying a candidate

1 Ideally, we would have had more datapoints for this experiment. However, old re-
leasesof the NR database are not o�cially maintained, and thus we could only �nd
four di�eren t releasesof the database.



Table 1. Reduction in collection sizefor CD-HIT and our approach for various releases
of the GenBank NR database.

Original Size reduction
Releasedate Size (Mb) CD-HIT Our approach
16 July 2000 157 61.71 Mb (39.56%) 61.72 Mb (39.57%)
22 May 2003 443 164.38Mb (37.33%) 165.07Mb (37.48%)
30 June 2004 597 217.80Mb (36.71%) 218.76Mb (36.87%)
18 August 2005 900 322.98Mb (36.08%) 324.92Mb (36.30%)
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Fig. 4. Time required to identify and remove redundant sequencesfrom various releases
of the GenBank NR database.

pair is onematching chunk betweenthe pair. We usethis low threshold because
we have found that it provides improved accuracy with a negligible increasein
execution time. In our experiments with the ASTRAL databasedescribed pre-
viously and our chosendefault parameters,slotted SPEX identi�es only 10,143
false positivesout of 147,724sequencepairs identi�ed.

The results in Table 1 show no signi�cant di�erence in representativ e col-
lection size between our method and CD-HIT, indicating the two approaches
are roughly equivalent in terms of accuracy. Figure 4 shows the runtime for our
approach and CD-HIT for the releasesof GenBank tested. A visual inspection
reveals that our approach scalesroughly linearly with the sizeof the collection
while CD-HIT is superlinear. When processingthe recent August 2005collection,
our approach is more than 6 times faster than CD-HIT.

7 Conclusions

The identi�cation of highly-similar sequencepairs in genomiccollectionshassev-
eral important applications in bioinformatics. Previous solutions to this problem
involve either an all-against-all comparisonwith O(n2) complexity or the useof
su�x structures that su�er from large main-memory overheadsor long construc-
tion times. Therefore, existing approaches are not suitable for processinglarge
collections such as GenBank.



We have applied document �ngerprin ting techniques to genomic data with
the aim of more e�cien tly identifying pairs of similar sequencesin large collec-
tions. We have described a new algorithm called slotted spex that requires less
main-memory and CPU resourceswhen processinggenomiccollections.We show
that slotted spex is highly accurate for identifying high-identit y sequencepairs,
even with long chunk lengths and large quanta. We have also tested the e�ec-
tiv enessof our slotted spex approach for removing redundant sequencesfrom
large collections. When processingthe recent GenBank non-redundant protein
databaseour scheme is more than 6 times faster than the previous fastest ap-
proach, CD-HIT, with no signi�cant changein accuracy. Further, our approach
scalesapproximately linearly with collection size.

As future work, we plan to investigate the e�ectiv enessof our approach on
nucleotide data. We also plan to apply our slotted spex algorithm to English
text in applications where the original spex algorithm has proved successful.
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