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ABSTRACT
Motiv ation: Genomics and proteomics studies routinely
depend on homology searches based on the strategy of
Þndingshort seed matches which are then extended. The
exploding genomic data growth presents a dilemma for
DNA homology search techniques: increasing seed size
decreases sensitivity whereas decreasing seed size slows
down computation.
Results: We present a new homology search algorithm
ÔPatternHunterÕthat uses a novel seed model for in-
creased sensitivity and new hit-processing techniques for
signiÞcantly increased speed. At Blast levels of sensitivity,
PatternHunter is able to Þnd homologies between se-
quences as large as human chromosomes, in mere hours
on a desktop.
Availability: PatternHunter is available at http://www.
bioinformaticssolutions.com, as a commercial package. It
runs on all platforms that support Java. PatternHunter
technology is being patented; commercial use requires a
license from BSI, while non-commercial use will be free.
Contact: mli@cs.ucsb.edu

INTRODUCTION
We are interestedin fasterand more sensitive methods
for Þndingall approximaterepeatsor homologiesin one
DNA sequenceor betweentwo DNA sequences,asper-
formedby thepopularBlastn(Altschul et al., 1990)pro-
gram.One particularapplicationof this task is in com-
parative genomicswherelargegenomesor chromosomes
suchasthehumanone(InternationalHumanGenomeSe-
quencingConsortium,2001;Venteret al., 2001)needto
becompared.

Many programshavebeendevelopedfor thetask.These
includeFASTA (LipmanandPearson,1985),SIM (Huang
andMiller, 1991),theBlast family (Altschul et al., 1990;
Gish, 2001; Altschul et al., 1997; Zhang et al., 2000;
Tatusova and Madden,1999), SENSEI (States,2000),

MUMmer (Delcheret al., 1999),QUASAR (Burkhardtet
al., 1999),andREPuter(KurtzandSchleiermacher,1999).

SmithÐWatermanalignmentwhich comparesall bases
againstall basesis clearlytooslow. Two linesof approach
lead to improvements.The Þrst is exempliÞedby Blast,
which is usedroutinely by thousandsof scientists.This
approachÞndsshort exact ÔseedÕmatches(hits), which
arethenextendedinto longeralignments.However, when
comparingtwo very longsequences,FASTA, SIM, Blastn
(BL2SEQ), WU-Blast, and Psi-Blastrun very slow and
need large amountsof memory. SENSEI is somewhat
fasterand usesmuch lessmemory than the above pro-
grams,but is currently limited to ungappedalignments.
MegaBlastrunsquiteefÞcientlywith its defaultgap scores
and large seedlength of 28 but turns out to have worse
outputqualityanddoesnÕt scaleaswell to hugesequences.

Another line of approach,exempliÞedby MUMmer,
QUASAR and REPuter, usessufÞx trees. SufÞx trees
suffer from two problems:they are meantto deal with
precisematchesandare limited to comparisonof highly
similar sequences(Delcheret al., 1999;Burkhardtet al.,
1999; Kurtz and Schleiermacher,1999). They are very
awkward in handling mismatches.The secondproblem
with sufÞx treesis that they have an intrinsic large space
requirement.

We introducenovel seedingschemesandhit-processing
methods,which areimplementedin our programPattern-
Hunter. On a moderndesktop,its running time ranges
from secondsfor prokaryotic genomesto minutes for
Arabidopsischromosomesto hours for humanchromo-
somes,with very modestmemory use,and at provably
highersensitivity thanthedefaultBlastn.

SELECTING GOOD SEEDS: EXPECT LESS TO
GET MORE
A dilemmafor a Blast type of searchis that large seeds
losedistanthomologieswhile smallonescreatestoomany

440 c� Oxford University Press 2002



PatternHunter

randomhits which slow down thecomputation.We usea
new ideathat allows us to have a higherprobability of a
hit in a homologousregion, evenwhile having somewhat
lowerexpectednumberof randomhits.

Blast looks for matchesof k (default k � 11 in Blastn
and k � 28 in MegaBlast)consecutive lettersas seeds.
Insteadwe proposeto use nonconsecutive k letters as
seeds.We call the relative positions of the k letters a
model, andk its weight.

This seeminglysimplechangehasa surprisinglylarge
effect on sensitivity. An appropriatelychosenmodelcan
have a signiÞcantly higherprobability of having at least
one hit in a homologousregion, comparedto BlastÕs
consecutive seed model, even while having a lower
expectednumberof hits  . For example, in a region of
length64with 70%identity, BlastÕsconsecutiveweight11
model has a 0�30 probability of having at least one
hit in the range,while a nonconsecutive model of the
sameweight has a 0�466 probability of getting a hit,
seeFigure 1. On the other hand, the expectednumber
of hits in that region by the Blast consecutive model
is 1�07, while the nonconsecutive model expects 0�93
hits. This is becausethe length 11 model can shift over
54 placeswithin the length64 window, while the length
18 model has only 47 placesto Þt. The reasonfor the
increasedsensitivity is thattheevents,of having amatchat
differentpositions,becomemoreindependentfor spaced
models.If a modelanda shiftedcopy sharemany 1s in
the sameposition,thena basemismatchin any of these
sharedpositionswill make both matchesfail, hencethe
correspondingmatchingeventsarefar from independent.
Independentevents are better at pooling their success
probabilitiestogether. Generally, the fewer basesshared
by a model and any of its shifted copies,the higher its
sensitivity is.Clearly, by thismeasure,consecutivemodels
aretheworst,sinceshift of 1 sharesall but onebases.

For convenience,we denotea model by a 0Ð1 string,
wherethe 1-positionsrepresentrequiredmatches,while
the 0s areÔdonÕt caresÕ. For example,if we usea weight
six model1110111,then ������� versus������� is a
seedmatch,aswell as������� versus������� . SoBlast
usesmodelsof the form 1k. Blast actually matchestwo
or threebytes,eachcontainingfour bases,simultaneously,
and extendsthesehits to the left and right. This is Þne
for the default of k � 11 becauseany length 11 match
necessarilycontainsamatchof twobytes,but for k smaller
than11, it will misssomeseeds.

Supposeasubstrings from thequerysequenceis similar
to a same-lengthsubstringt from thetargetsequence.Let
� � �� s� t � be a 0Ð1 stringindicatingthematchesbetween
s andt, i.e. � � i � � 1 if andonly if s�i � � t � i � . Saythat

  For statisticalpurposes,we count overlappinghits separately, while the
Blastprogramignoreshits overlappingthelastrecordedone.
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Fig. 1. 1-hit performanceof weight 11 spacedmodel versus
weight 11 and 10 consecutive models,coordinatesin logarithmic
scale.

a modelm covers a binary string u of the samelengthif
m�i � � u�i �, i.e. u hasa 1 wherever m hasa 1. Thena
hit betweens andt occurswherever the modelcoversa
substringof �� s� t � .

To evaluate a model, we compute its probability of
generatinga hit in a Þxed lengthregion of given similar-
ity, by dynamic programming(which works Þne up to
model size 20 and quickly becomesprohibitive in both
time and spacebeyond that). We somewhat arbitrarily
chosea region lengthof 64 becausein practiceungapped
homologiesaretypically of size20Ð200 bases.Note that
the shorterthe region length,the morea (longer)spaced
modelsuffersby having fewerplacesto Þt. For weight11,
the most sensitive model is 111010010100110111with
sensitivity 0�467122 for 70% similarity. Figures1 and2
comparethenonconsecutivemodel110100110010101111
with BlastÕs consecutive models. This model, found
heuristicallybeforewe discoveredthedynamicprogram-
ming algorithm,is slightly suboptimal,with a sensitivity
of 0�465485, and was used in all experimentsin this
paper for weight 11. The new PatternHunterusesthe
optimal model 111010010100110111and will support
user-deÞned, randomly generated,and neighbourhood
modelsin future. Using differentmodelsallows Pattern-
Hunter to have different outputs in different runs, thus
increasing the sensitivity. Neighbourhoodmodels use
multiplesimilarmodelssimultaneouslyto furtherincrease
sensitivity. For eachsimilarity percentageshown on the
x-axis,thepercentageof regionsacquiringat leastonehit
is plottedon the y-axisasthesensitivity at thatsimilarity
level in Figure 1. Recalling our earlier discussionof
independence,the (near)optimality of thesetwo models
is witnessedby thefactthatany shift sharesno morethan
Þvebases.
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Fig. 2. 2-hit performanceof weight11 spacedmodelversussingle
hit weight11and12 consecutivemodels.
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Fig. 3. 1-hit performanceof weight 8 consecutive model versus
weight9 nonconsecutivemodel.

Thecurrent1�4 versionof Blast triggersanextensionif
two disjoint hits are found on the samediagonalwithin
a certaindistance(Altschul et al., 1997).The increased
selectivity morethanoffsetsthelossin sensitivity, so that
it canusea smallerweightmodelandstill generatefewer
extensionsthananequallysensitive 1 hit modelof larger
weight.The samecanbe donewith spacedmodels,with
theadvantagethathitsarenolongerrequiredto bedisjoint
in orderto gain a lot of sensitivity. Figure2 comparesthe
sensitivity of adoublehit spacedweight11modelagainst
singlehit weight11and12 consecutivemodels.

SENSEI usesa default seedsize of eight; Figure 3
comparesits sensitivity with thatof a spacedweightnine
model.

The expectednumberof hits in a region canbe easily
calculatedasin thefollowing Lemma.

LEMMA 1. Theexpectednumberof hitsof a weightW,
length M model within a length L region of similarity
0 � p � 1, is � L � M � 1� pW.

PROOF. The expectednumberof hits is the sum,over
the � L � M � 1� possiblepositionsof Þtting the model
within theregion,of theprobabilityof W speciÞcmatches,
thelatterbeing pW. �

Observations
� Figures1Ð3 show that thesteepercurve of thespaced

seedmodelhassmallerhit probabilityin low similarity
regions,with respectto theclosestconsecutive model
in termsof sensitivity. In fact, Figures1 and3 show
thatwe canusea spacedmodelof weight9 to replace
a consecutive weight 8 model, gaining sensitivity
above 64% similarity, or use a weight 11 spaced
model to replace a weight 10 consecutive model
gaining sensitivity above 60%. Note that increasing
theweightby 1 reducesthenumberof randomhits by
approximatelya factorof 4.

� It has beenbrought to our attention, that a related
but conceptuallydifferentapproach,hasbeenapplied
to ungappedhomologysearchin Buhler (2001),and
CalifanoandRigoutsos(1995).

Buhler (2001) applies a random hashing/projection
techniqueknown asLocally-Sensitive Hashing(LSH;
Indyk et al., 1998), as follows. In eachof hundreds
of iterations,a newly chosenrandomhashfunction is
appliedto every region of a Þxed size(of about100),
and regions mapping to the same value are fully
compared.Similar overlappingregions on the same
diagonalare then merged into ungappedalignments.
Unlike Blast,a long ungappedalignmentcanonly be
foundif theregionsfoundto besimilarcover its whole
length.Earlier, asimilar ideahasbeenappliedin Flash
(Califano and Rigoutsos,1995), which usedshorter
regions.Both papersfocusedon coveringa homology
entirely with hits, insteadof doing hit-extension in
Blaststyle.SeealsoBuhlerandTompa(2002)

Retrospectively, our carefully chosen deterministic
spacedseedmodelmaximizesthechanceof any HSP
to containat leastoneseed,while minimizing random
hits. Experimentsshow that SENSEI (States,2000)
(which is also limited to ungappedalignment),at its
default size8 seed,is fasterthanLSH.

PATTERNHUNTER: COMPARE WHOLE
GENOMES ON YOUR DESKTOP
We have implementedPatternHunterin Java using the
spacedseedmodelandvariousalgorithmicimprovements
usingadvanceddatastructures.
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Hit generation
PatternHunterusesa methodof generatinghits similar to
that of MegaBlast  . For eachposition in one sequence,
computeanindex from Þtting themodelat thatparticular
position. This index is 2 � weight bits long (two bits
per base).Then do a lookup in a big table which gives
the Þrst position in the othersequencewherethe model
matches.Thisgives theÞrsthit. Subsequenthitsarefound
usinganothertable,which for eachpositiongives thenext
positionwherethemodelmatches.This tablerequiresone
int (four bytes)per base.If the numberof hits found for
one index is large then becauseof the relative cost of
computingtheindex becomesnegligible.

For each hit, we look up its diagonal in another
hashtable,the hit table, to Þnd the rightmost matched
position on that diagonal.If this position is to the right
of thehit thenweignorethehit asbeingpartof analready
foundmatch.

If thedoublehit optionis chosenthenin theabsenceof
a recenthit on the samediagonal,we merely recordthe
new one.

Hit extension
Next we extend this hit in a greedyfashionto the left
and right, stoppingwhen the scoredrops by a certain
amount.If the resultingsegmentpair hasa scorebelow
a certain minimum, then we ignore it, else we have a
HighscoringSegmentPair (HSP).Thepositionof thelast
comparison,which reachedthedropoff score,is storedin
thehit table,sothatfutureequivalenthitswithin thisHSP
canberecognizedasredundant.

Gapping extension
To Þnd the bestway to extendan HSPto the left across
gaps,we try all candidatesfrom a diagonal-sortedsetof
recently found HSPs,after addingto this set somenew
HSPsfoundby local hit generation.We usea variationof
a redÐblack treeto implementthe setof HSPssortedby
diagonal.HSPsare insertedin the tree oncean optimal
gappedalignmentto its left is found,andretiredfrom the
tree oncenewly generatedHSPsare too far beyond its
right endpointto make useof it. Retiredalignmentsare
put into apriority queueaccordingto their scores.

The local hit generationÞnds triple hits of the small
model1101in alimited lengthregionto theleft of theHSP
andstoresthemin thetreeif they haveacertainminimum
length.

For eachcandidateHSPto gapa newly found HSPto,
we computethegappingcostasthesumof thegapopen
plus gap extensionpenaltiesplus the cost of adjusting
either HSP in size to make a perfectÞt. From this data

  Notethat(Mega)Blastcomputesits indicesmoreefÞcientlybypackingfour
basesinto onebyte.
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Fig. 4. Input: H. inßuenzaand E. coli. Run times are shown in
Figure7. Scoreis plottedasa functionof therankof thealignment,
with both axes logarithmic. MegaBlast(MB28) missesover 700
alignmentsof scoreat least 100. MB11 is MegaBlastwith seed
size11(50 timesslowerand10 timesmorememoryusethanPH2),
indicatingthemissedalignmentsby MB28 aremainly dueto seed
size.
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Fig. 5. Input: H. inßuenzaand E. coli. Run times are shown in
Figure7. PatternHunterproducesbetterquality outputthanBlastn
while running20 timesfaster.

the best HSP, if any, to link to, is chosenand usedto
computetheoptimalpartialalignmentscore.Overlapping
alignmentsarenot reported.

IMPLEMENTATION
PatternHunteris implementedin Java, henceplatform-
independent.We have madegreatefforts to write simple,
clean, and short code. The executablesize of Pattern-
Hunter is 40 kB, only 1% of the size of Blast, while
offeringa largefractionof its functionality.
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Fig. 6. Input: A. thaliana chr 2 and 4. Run times are shown in
Figure 7. PatternHunter(PH2) outscoresMegaBlastin one sixth
of the time and one quarter the memory. Both programsused
MegaBlastÕs nonafÞne gap costs(with gapopen0, gapextend � 7,
match2, andmismatch� 6) to avoid MegaBlastfrom runningout
of memory. For comparisonwe alsoshow thecurve for MegaBlast
with its default low complexity Þltering on, which decreasesits
runtimemorethan6-fold to 3305s.

With two input sequencesof lengthn andm, m � n,
andmodelweight 11, PatternHunteruses16 Mbytes for
the hashtableentriesand4n bytesfor the arrayof next-
occurrenceindices.Togetherwith n � m bytes to store
theinputs,andavariableamountfor otherdatastructures,
PatternHunterusesabout�4W� 1 � m � �5 � �� n� bytes
of memory, in addition to the Java Virtual MachineÕs
memory footprint (which can rangefrom half a Mbyte
to a dozenMbytes). Here, W is the model weight, and
� � 0 is a small constantdependingon the options
PatternHunter uses.For the default W � 11, 4W� 1

amounts to 16 Mbytes. Typically � is much smaller
than 1. We conclude that the reason this theoretical
estimation is not exactly reßected in Figure 7 is that
the Java virtual machinedoes not do garbagecollec-
tions often when there is still enough free memory
in the heap to use. Our recent experimentson larger
human chromosomesdemonstratedthat our estimation
in memory is accurate.This allows PatternHunterto
work on completechromosomesof the humangenome
on a moderndesktopcomputerwith 2 Gbytesof mem-
ory.

RESULTS
Here, we report several test runs of PatternHunterwith
comparisonto other programs.Since the Blast family,
especially the newly improved Blastn, is the indus-
try standard,and widely recognizedfor its sensitivity
(Blastn, SENSEI) and speed(Blastn, MegaBlast), we

limit ourselves to comparisonwith theseprograms.All
experimentsare performedon a 700 MHz PentiumIII
PC with 1 Gbyte of memory. The table in Figure 7
comparesPatternHunterwith thelatestversionsof Blastn
and MegaBlast,downloadedfrom the NCBI websiteon
July 9, 2001. All programswere run without Þltering
(bl2seq option -F F) to ensureidentical input to the
actualmatchingengines.The tablein Figure8 compares
PatternHunter with SENSEI; note that SENSEI, as
currently available,doesnot do any gappedalignments.
One may suspectthat PatternHuntersacriÞces quality
for speed.Figures4Ð6 show the opposite.In Figure 4,
MegaBlast using seedweight 28 (MB28) missesover
700high scoringalignments.Usingthesameparameters,
PatternHunteroutputs better results than Blastn, is 20
times fasterand usesone tenth the memory, (Figure 5).
Notice the quick growth of Blastn/MegaBlasttime/space
requirements,indicatingpoorscalability. Only MegaBlast
(MB28) at its default afÞne gap costs allowed us to
continuethe comparison,without running out of mem-
ory, but with vastly inferior output quality compared
to PatternHunter(PH2), which usesonly one Þfth the
time and one quarter the space, (Figure 6). Finally,
PatternHunter has recently been used to comparethe
humangenomewith 16 million readsof theunassembled
mousegenome,a total of nine billion basepairs. PH2,
weight 12, Þnishesin 20 (PentiumIII) CPU-days.PH2,
weight11,Þnishesin 80 CPU-days.Theresultsareavail-
able at http://genome.cse.ucsc.edu/.While MegaBlast
is designedfor high speedon highly similar sequences
and Blastn for sensitivity, PatternHuntersimultaneously
exceedsBlastnin sensitivity, MegaBlastin speed(on long
sequences),andboth in memoryuse.Written in Java, it
runsany genomeanywhere.
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Seq1 Size Seq2 Size PH PH2 MB28 Blastn

M. pneumoniae 828K M. genitalium 589K 10 s	 65M 4 s	 48M 1 s	 88M 47 s	 45M
E. coli 4.7M H. inßuenza 1.8M 34 s	 78M 14 s	 68M 5 s	 561M 716s	 158M
A. thalianachr2 19.6M A. thalianachr4 17.5M 5020s	 279M 498s	 231M 21720s	 1087M 	
H. sapienschr22 35M H. sapienschr21 26.2M 14512s	 419M 5250s	 417M 	 	

Fig. 7. Performancecomparison:if notspeciÞed,all with match1, mismatch� 1, gapopen� 5, gapextension� 1. PHdenotesPatternHunter
with seedweight11,PH2denotessamewith doublehit model(sensitivity similar to BlastÕssinglehit size11seed,Figure2) MB28 denotes
MegaBlastwith defaultseedsize28,anddefaultafÞnegappenalties.Blastn(via BL2SEQ)usesdefaultseedsize11.TableentriesunderPH,
PH2,MB28 andBlastnindicatetime (s)andspace(Mbytes)used;	 meansoutof memoryor segmentationfault.

Seq1 Size Seq2 Size PH(9) PH(11) SENSEI

E. coli 4.7M H. inßuenza 1.8M 279s	 67M 34 s	 78M 780s	 64M
A. thalianachr2 19.6M A. thalianachr4 17.5M 677m	 282M 84 m	 279M 781m	 415M

Fig. 8. PatternHunterwith seedweights9, 11, 1-hit model versusSENSEIÕs weight 8 seed.SENSEIonly doesungappedalignments.
PatternHunterÕsweight9 spacedseedhashighersingle-hitsensitivity thanSENSEIÕs8 asshown in Figure3.
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