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Abstract

We considerthe problemof substringsearching
in large databases.Typical applicationsof this
problemaregeneticdata,webdata,andeventse-
quences.Sincethe sizeof suchdatabasesgrows
exponentially, it becomesimpractical to use in-
memoryalgorithmsfor theseproblems.In thispa-
per, we proposeto mapthesubstringsof thedata
into anintegerspacewith thehelpof waveletco-
efficients.Later, weindex thesecoefficientsusing
MBRs (Minimum BoundingRectangles).We de-
finea distancefunctionwhich is a lowerboundto
the actualedit distancebetweenstrings. We ex-
perimentwith both nearestneighborqueriesand
rangequeries. The resultsshow that our tech-
nique prunessignificantamountof the database
(typically 50-95%), thus reducingboth the disk
I/O costandtheCPUcostsignificantly.

1 Intr oduction
Stringdatanaturallyarisesin many realworld applications
like geneticdata,webdataandeventsequences.Thereis
a frequentneedto find similaritiesbetweensuchdatase-
quences.For example,the similarity of two DNA strings
from different organismsmay correspondto somefunc-
tional or physical relationshipbetweentheseorganisms.
Suchsimilaritiesmaybeusedto predictdiseases,or to de-
sign new drugs. Significantbreakthroughshave already
beenachieved in genomeresearchusing the analysisof
similargeneticstrings.Identificationof thegeneticcodeof
thedeadlyE.coli bacteria,or geneticcluesfor fibrodyspla-
siaossificansprogressiva(FOP),adiseasethataffectsmus-
cleandskeletongrowth,andthevital proteinsfor thebone
growth,or identificationof thegenesthathastenthehealing�
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of somevenousulcersareonly a few of theachievements
obtainedrecently.

Anotherapplicationof substringsearchingis the iden-
tification of similar patternsin large text databaseswhile
allowing someamountof typographicalerrors. This ap-
plication includessearchinga word in a dictionary, or a
phrasein a largecollectionof text. Spellcheckersandweb
searchersaresomespecificexamplesof suchapplications.

Videodatacanbeviewedasaneventsequenceif some
prespecifiedsetof eventsaredetectedandstoredasa se-
quence. Theseevents can be voices, faces,objects,or
text. Video databasessupporta wide variety of appli-
cationsincluding securitycameras,interviews, documen-
taries, movies, and TV news. Searchingsimilar event
subsequencescanbe usedto find relatedvideo segments.
Somecompanieslike CNN, ABC, CNET, and AltaVista
arealreadyencodingandindexing video data. For exam-
ple,ABC usesasearchenginewhichenablesoneto search
somespecifictext thatappearedin ABC news. A numberof
universitiesarealsorecordinglecturesandseminars,with
theaimof providing onlineaccessandsearchcapabilities.

String data applicationsgenerally involve very large
databases.GenBank[7], a databaseof nucleotideandpro-
tein stringsbuilt by NationalCenterfor BiotechnologyIn-
formation(NCBI), is anexampleof sucha database.Fig-
ure1 plotsthegrowth of thesizeof thisdatabasefrom year
1982to 2000.Thestatisticsshow thatthesizeof GenBank
hasdoubledevery 15 months[8]. Similarly, the sizeof a
video databasecan also increasedramatically: CNN has
morethan150hoursof news feedevery day, andplansto
encodemorethan100,000hoursof archivedmaterial.
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Figure1: Thegrowth of theNCBI databasein recentyears.



Most of the string searchalgorithmsproposedso far
are� in-memoryalgorithms[5, 6, 11, 17, 20, 21, 22]. That
is, thesetechniqueshave to scanthe whole databasefor
eachquery. Therefore,thesetechniquessuffer from disk
I/Os when the databaseis too large. In-memory algo-
rithmscanbecomeimpracticalfor stringdatabasesbecause
the databasesizegrows fasterthanthe availablememory
capacity, and extensive memory requirementsmake the
searchtechniquesimpractical.Thesizeof theindex struc-
ture for the index basedtechniques[2, 4, 15, 18] areeven
largerthanthesizeof thedatabase,andtheir performance
deterioratesfor longquerypatterns.Therefore,efficientex-
ternalmemoryalgorithmsareneededfor moststringcom-
parisonapplicationsof thefuture.

A string ��� canbetransformedinto anotherstring �	� by
usingthreeedit operations, namelyinsert, delete, andre-
place, on individual charactersof the string ��� . Figure2
presentsa transformationof thestringACTTAGCto AAT-
GATAG usingeditoperations.Thetransformationgivenin
Figure2 consistsof 1 replace,2 insert,and1 deleteopera-
tions.Thedifferencebetweentwo strings ��� and �	� is gen-
erallydefinedastheminimumnumberof editoperationsto
transform ��� to �	� , callededit distance( 
�� ). Let 
 and� bethelengthsof strings� � and � � , thentheeditdistance,
��������������	� , andthecorrespondingedit operationscanbe
determinedin ����
 � � time andspaceusingdynamicpro-
gramming[11]. The spacecomplexity canbe reducedto����
�� � � 
�� � ��� if only theedit distanceis needed(i.e. the
correspondingedit operationsarenot required).Someap-
plicationsassigndifferentweightsto differentedit opera-
tionsor differentcharacterpairs[12], leadingto aweighted
edit distance. The time and spacecomplexity of finding
theweightededitdistanceis also ����
 � � by usingdynamic
programming.

A   C   T    -   -   T   A   G   C

A   A   T   G   A  T   A   G    -
      R         I     I                    D

Figure2: Transformationof thestringACTTAGCto AAT-
GATAG usingeditoperations.

An alignmentof strings��� and �	� is obtainedby match-
ing eachcharacterof � � to a characterin � � in increasing
order. All the unmatchedcharactersin both stringsare
matchedwith space.An alignmentof stringsACTTAGC
andAATGATAG is givenin Figure2. Thedashes(i.e., -)
in this figurecorrespondto spaces.Eachcharacterpair is
assigneda scorebasedon their similarity, and theseval-
uesarestoredin a scorematrix. Thevalueof analignment
is definedasthe sumof the scoresof all of their charac-
ter pairs. Global alignment(or similarity) of � � and � � is
definedas the the maximumvaluedalignmentof ��� and�	� . Findingthesimilarity of two stringsis thedualof find-
ing thedistancebetweenthem.Local alignment[20] of ���
and �	� is definedasthehighestvaluedalignmentof all the
substringsof � � and � � . Both globalandlocal alignments
canbedeterminedin ����
 � � timeusingdynamicprogram-
ming.

In this paper, we considertheproblemof rangequeries

and nearestneighborqueries. The typical databasesthat
we work with include very long strings. For example,
thestringcorrespondingto chromosome-22of humanshas
about35 million basepairs. (A basepair is oneof A,C,G,
or T characterscorrespondingto the four differentkinds
of nucleicacids.)A � -nearestneighborreturnsthe � clos-
estsubstringsfrom thedatabaseto a givenquery. A range
query, on the other hand, returnsthe substringsthat lie
within a givendistanceof theinputquery.

We proposea wavelet-basedmethodto map the sub-
strings of the databaseinto a multidimensionalinteger
space.Thenumberof dimensionsis determinedby theal-
phabetsize and the numberof wavelet coefficients. We
definea notion of distancein this integer spacethat is a
lower boundto the actualedit distance. A sliding win-
dow is usedto translatea setof contiguoussubstringsinto
anMBR (Minimum BoundingRectangle).Repeatingthis
overall thestringsgeneratesanarrayof MBRscorrespond-
ing to oneresolution(window size)for the database.We
usea hierarchicalschemein which windowsof successive
coarsergrainareused.Thisgeneratesanapproximationto
thedatabaseat differentgranularities,andresultsin a grid
of MBRs. The resultingindex structureis quite compact
andcan be storedin memory. Typical size of this index
structurerangesbetween1-2%of thedatabasesize.Range
queriesandnearest-neighborqueriesarefirstperformedus-
ing this in-memoryindex structureusingthe lower-bound
distance.Theresultingsetof candidatepagesarethenac-
cessedfrom thedisk to remove falsehits (usingtheactual
editdistance).

Accordingto experimentalresults,ourmethodruns5 to
45 timesfasterthanexisting techniquesfor nearestneigh-
bor queriesof 10 to 200, nearestneighborsand 2 to 12
timesfasterthanexisting techniquesfor rangequeries.

Therestof thepaperis asfollows. Section2 discusses
therelatedwork. Section3 discussesthesubstringsearch-
ing problemanddefinesourindex structureandalgorithms.
Section4 discussestheexperimentalresults.We endwith
a brief discussionin Section5.

2 RelatedWork

Thedynamicprogrammingsolutionto theproblemof find-
ing the substringsof a given string � of length � , which
arewithin a distanceof �! #"%$'& ()& to a querystring ( of
length 
 , runsin ����
 � � time andspace.This technique
is a variationof thedynamicprogrammingalgorithmthat
finds the edit distancebetweentwo stringsby generating
a distancematrix of size 
*$ � . For long dataandquery
strings,this techniquebecomesinfeasiblein termsof both
time andspace.Myers [17] improvedthe time andspace
complexity to ����� � � by maintainingonly therequiredpart
of the distancematrix. However, for largeerror rates� is����
+� , andhencethecomplexity is still ����
 � � .

Wu andManber[22] proposeda techniquethat uses�
binary masks ,-� , ,.� , ..., ,./ of length 
 . They scan
throughthedatastring � andupdatethesemasksfor each
characterin � . After the 021�3 characteris processed,the
valueof ,-465 ��7 becomes1 if the last � charactersof � are



within � edit operationsto thefirst � charactersof ( . If 8
is thesizeof a word, thealgorithmrunsin ��� �:9 /; � time.
The spacerequirementof this techniqueis ����� 9 ; � . The
algorithmrunsefficiently for small valuesof 
 (closeto��� � �<� ), but the performancesdegradesfor large 
 . Fur-
thermore,thespacerequirementmaybecomemuchlarger
thanthedatastringfor large 
 and � .

In anotherpaper, Myers[18] proposeda techniquethat
preprocessesthedatastring � andcreatesan index of size��� � � . This techniqueassumesa lower bound = on the
lengthof the querystring ( => ?=�@	AB� � � here). All possi-
blestringsof length= aremappedto integersusingaperfect
hashingfunction.Later, theleftmostpointsof all theoccur-
rencesof thesestringsin � arestoredin separatelists. For
agivenquery ( andqueryradius� , thetechniquegenerates
the setof stringswhich arewithin edit distanceof � to ( ,
calledcondensedr-neighborhood. Thestringsin thecon-
densedr-neighborhoodaresearchedin theindex to find the
answersto thequery. If thequerylengthis largerthan = , the
techniquesplits the querystring into subqueries,searches
eachsubqueryseparatelyandcombinesthe results.Since
this techniqueindexesall possiblestringsof someprespec-
ified length,we call it a dictionary basedtechnique. The
authorprovesthat if the databaseis createdasa resultof
equi-probableBernoulli trials, then the techniqueruns in
sublineartime. Thereare two drawbackswith this tech-
nique. First, althoughthe spacecomplexity is ��� � � , the
index sizecanbe7-9 timeslarger thanthedatasize. This
maycausea dropin performanceif the index doesnot fits
in memory. Second,theworstcaserunningtime complex-
ity of this techniqueis veryhigh.

Baeza-YatesandNavarroproposedanNFA-basedsolu-
tion in [5]. They proposeanNFA of ���DCFE	�G$H��
�CFE	� states,
whichaccepts� astheinputstring.TheNFA is constructed
using the querystring. The NFA goesinto an accepting
statewhenevera substringwithin edit distanceof � is pro-
cessed.Theauthorsproposeto useonly therequiredstates
of theNFA at any time. Theexpectedrunningtime of this
techniqueis ����
 � /; � , where 8 is thesizeof a word. The
experimentalresultspresentedin the papershow that for
shortqueriesandsmallalphabets,this techniqueperforms
well. Theperformanceof this techniquedeteriorateswhen� is very long(i.e. it doesnotfit in memory).

Altschul,Gish,Miller, Myers,andLipmanproposedthe
BLAST technique[3] to find local similarities. BLAST,
the mostpopularstring matchingtool for biologists,runs
in two phases.In the first phase,all the substringsof the
queryof someprespecifiedlength(typically between3 and
11) aresearchedin thedatabasefor anexactmatch.In the
secondphase,all the matchesobtainedin the first phase
areextendedin bothdirectionsuntil thesimilarity between
the two substringsfalls below somethreshold.This tech-
niquekeepsa pointerto thestartinglocationsof all possi-
ble substringsof theprespecifiedlengthin thedatabaseto
speedupthe first phase.Therefore,the spacerequirement
of BLAST is morethanthesizeof thedatabase.Further-
more,BLAST doesnotfind asimilarsubstringto thewhole
querystring,only similaritiesbetweenthequerysubstrings
andthedatabasesubstrings.

Muthukrishnanand Sahinalp[16] proposedan index
structurefor approximatenearestneighborsearch. This
techniqueusesanindex structurebasedonsuffix arraysand
a partitioningof thepattern.Theresultingindex structure
is four timesthesizeof thedatabase.

Giladi, Walker, Wang,andVolkmuth[10] considereda
heuristics-basedsolutionwhich runsin ���I=�@	A � � expected
time. Thistechniquesplitsthedatastringsinto overlapping
windowsof length = for someprespecifiedoverlapamount
of J . For eachsuchwindow, they countthenumberof rep-
etitionsof all thepossiblek-tuples, andstorethisvaluein aK 4 dimensionalvector, whereK is thealphabetsize.Later,
thesevectorsareindexedusinga hierarchicalbinary tree.
Theauthorsproposeto approximatethesimilarity between
the querystring anda substringby usingthe � � distance
betweenthesevectors.Experimentalresultsshow thatthis
techniqueruns25 to 50 timesfasterthanBLAST. Theau-
thorsalsonotethatthis techniquecanbeusedasa prepro-
cessingstepto speedup any stringsearchprogram.There
aretwo drawbackswith this method:it allows falsedrops,
andtheindex sizeincreasesexponentiallywith � .

A specialcaseof thesubstringmatchingproblemis ex-
actmatching(i.e. �% ML ). Onecansolvethisproblemusing
suffix trees[11] in whichall thesuffixesof adatabasestring
arestoredin atree.However, thesizeof thesuffix treemay
bemorethantentimeslargerthanthedatabasesize.Man-
ber and Myers [15] proposea datastructurecalledsuffix
arraysto reducethespacerequirementfor theindex struc-
ture.However, thespacerequirementis still morethanfour
times the databasesize. Ferraginaand Manzini [9] pro-
posedatechniqueto compressthesuffix arrays,decreasing
thequeryperformanceslightly.

3 ProposedSolution
String matchingproblemcanbe classifiedin two groups.
Theseare whole matching and substringmatching. The
simpler case,whole matching, considersthe problemof
finding the edit distance
N����(D���	� betweena datastring� andaquerystring ( . Substringmatchingconsidersall the
substrings�G5 �PO20Q7 of � which arecloseto thequerystring,
where �G5 �RO	0Q7 is thesubstringof � between(andincluding)
the �S1�3 and 0Q1�3 characters.In this paper, we confineour
attentionto substringmatches.

Givena stringdatabaseTU � �����V�	�<��WXWYWX����Z�� consisting
of very longstrings,weconsidertwo typesof queries:[ Range search seeksall thesubstringsof T which are

within anedit distanceof � to a givenquerystring ( ,
where � is thequeryrange.We define "� /\ ]^\ asthe
error rate.[ k-nearest neighbor search seeksthe � closestsub-
stringsof T to ( .

Thereareseveralchallengesin solvingthesubstringmatch-
ing problem.1) Findingtheedit distanceis very costly in
termsof bothtimeandspace.2) Thestringsin thedatabase
maybeverylong. For example,thelengthof chromosome-
22, oneof theshortestchromosomesin humangenomeli-
brary, is approximately35 million basepairs. For a query



stringof lengthtenthousandsandanerrorrateof "_ ML`W L`E ,
therea arebillions of possiblesubstrings.Thereforeit is in-
feasibleto checkall the substrings.3) The databasesize
for mostapplicationsgrowsexponentially. Therefore,aso-
lution methodbasedonsequentiallyscanningthedatabase
will suffer from extensive disk I/Os. Our approachbased
on distanceapproximationsand the ensuringhierarchical
index structureadressesall theaboveissues.

The restof this sectionis as follows. Section3.1 de-
finesa lower bounddistancefor substringsearching.Sec-
tion 3.2 improves this lower boundby using the idea of
wavelet transformation. Section3.3 presentsthe MRS-
index structurebasedon the aforementioneddistancefor-
mulations.Sections3.4and3.5presentthealgorithmsfor
rangequeriesandnearestneighborqueries.

3.1 A newdistancefunction

We definea transformation,bc�I��� thatmapsa string � to a
point in amultidimensionalintegerspaceasfollows:

Definition 1 Let � be a string from the alphabet de �	f � � f � �gWYWXWY� fih � . Let �kj be the numberof occurrencesof
the character

f j in � for Emln�ol K . We definethe fre-
quency vector, bc����� , of � as:bc�I���p q5 � � � � � �gWYWXWY� � h 7 .

For example, if � =TACTTAG is a geneticstring (i.e.
from alphabetdU ��r �Vst�Vu��wv%� ), then bc�I���: x5 y6��EQ��EQ�{z<7
(We use alphabeticorder in the constructionof bc�I��� .).
Threeimportantnotesfollow from this definition. 1) The
transformedstring bc�I��� has K dimensionsindependentof
the lengthof � . 2) Thesumof theentriesof bc���	� is inde-
pendentof thecontentsof � . 3) All theentriesof bc����� are
nonnegative.

Lemma 1 Let � be a string from the alphabet d  �	f ��� f �Q�gWYWXWY� f h � . Let bc�I���| }5 ~2�<�w~<�Q�gWYWXWY�w~ h 7 be the fre-
quencyvectorof � , then d hjX� � ~ j  �& �D& .

As a resultof Lemma1, thetransformationof a strings
of length � lie on the K+� E dimensionalplanethatpasses
throughthepoint 5 � �{L)�VL)��WXWYWX�VL�7 andis perpendicularto the
normal vector 5XEQ�gE2�gWYWXWY�gEg7 . The relationshipbetweenthe
edit operationsand the frequency vectorsis capturedin
Theorem1.

Theorem1 Let � be a string from the alphabet d� �	f � � f � �gWYWXWY� fih � . Let bc�I���| }5 ~ � �w~ � �gWYWXWY�w~ h 7 be the fre-
quencyvectorof � . An edit operation on � hasoneof the
followingeffectson bc�I��� , for EHl�����0�l K , and ��� -0 :

1. ~ j O� M~ j C�E
2. ~ j O� M~ j � E
3. ~ j O� M~ j C�E and ~	�%O� M~	� � E

Proof:
Case1 correspondsto inserting

f j in somelocationof � .
Case2 correspondsto deleting

f j from � .
Case3 correspondsto replacing

f � with
f j in � . �

Theorem1 showsthatasingleeditoperationonastring
resultsin a limited changein the correspondinginteger
space.Keepingthis fact in mind, we defineneighboring
pointsasfollows:

Definition 2 Let � and ~ be integer points in K dimen-
sional space, then � and ~ are called neighborsif oneof
themcanbeobtainedfromtheotherusinga singleeditop-
eration.

Next we definea new distancefunction, frequencydis-
tance( �%�F� ), for the frequency vectors,which is a lower
boundon the edit distanceof the correspondingstrings.
Theideais basedonTheorem1.

Definition 3 Let � and ~ be integer points in K dimen-
sionalspace. Thefrequency distance, �%� � ���i�w~6� , between� and ~ is definedastheminimumnumberof stepsin order
to gofrom � to ~ (or equivalentlyfrom ~ to � ) bymovingto
a neighborpointat each step.

Theorem2 provesthat the frequency distancebetween
the frequency vectorsof two stringsis a lower boundon
theireditdistance.

Theorem2 Let ��� and �	� betwostringsfromthealphabetd� ��f � � f � �gWYWYWX� f�h � , then�%�F�<�Ibc�I��������bc�I�	���{��l�
����I�������	��� .
Corollary 1 Let ( and � betwo stringsfromthealphabetd� ��f ��� f �<�gWYWYWX� f h � , then

if �>�'�%� � �Ibc��(<�^�Vbc���	�{� then �>��
N����(D���	� .
Given a query string ( and a query range � , one can

prune a string � without computing 
����I(D�V��� if ����%�F����bc��(<����bc�I���w� . Another importantattribute of the fre-
quency distancefunctionis thatit is a metric.

Figure 3 presentsan efficient algorithm to compute�%�F�������{~D� for K dimensionalintegerpoints � and ~ . The
algorithmcomputestwo values,namelyposDistance, and
negDistance. PosDistancedefinesthe numberof decre-
ment operationsthat must be appliedto � , and similarly
negDistancedefinesthe numberof incrementoperations
thatmustbeappliedto � . Sinceeacheditoperationchanges
thevaluesof posDistanceandnegDistanceby atmostone,
thelargerof thetwo valuesequals�%�F�������{~D� .
3.2 Impr oving the lower bound distance

The frequency distancecanbe improved by storing local
frequenciesof the charactersin the string as well as the
globalfrequencies.For this,wedefinethewavelettransfor-
mationof a string.Assume� is apowerof 2 for simplicity
in thefollowing development.



/* � and ~ are K dimensionalintegerpoints.*/
Algorithm
� �%�F�������{~D�[�� @<�	��������� �k�^� O� �k� A6��������� �k�g� O� ML[ for � := 1 to K

– if � jc� ~ j then� @<�	�����g��� �k�^� += � j � ~ j
– else�k� A6��������� �k�^� += ~ j � � j[ if � @<�	��������� �k�^� � �k� A6�����g��� �k�^� then return� @<�	��������� �k�^� elsereturn �k� A6��������� �k�g�

Figure3: Computationof �%�F�
Definition 4 Let �� � � � �QWXWYW �g� bea string fromthealpha-
bet d� �	f � � f � �gWYWXWY� fih � , then �D1�3 -level wavelet transfor-
mation, � 4 ����� , L�l�� l�=I@	AQ� � , of � is definedas:� 4 �I���¡ ¢5 ~ 4	£ �<�w~ 4�£ �Q��WXWYWX�{~ 4	£<¤¥S¦ 7 , where ~ 4	£ j  ¢5 r 4	£ j �{§ 4	£ j 7 ,r 4	£ j  ¨ bc� � j � �� MLr 4�© � £ � j C r 4�© � £ � jYª � L>��� l�=I@	A � � ,

and

§t4�£ j  ¨ L �� MLr 4�© � £ � j � r 4	© � £ � jYª � L«��� l'=I@	A � �
As an example of the above definition, it

is possible to show that �­¬Q��vPs r stv:v r u��  5Y5 y)�Vy6��EQ�Vz�7S��5 L)�Vy)� � E2� � E^7Y7 . The above formulation is
similar to the Haar wavelet except for a scaling factor.
Someimportantpropertiesof thewavelettransformationof
astring � areasfollows.1) The

r
coefficientsof �c® defines

the string. 2) Global frequency vector bc�I��� asdeveloped
in Section3.1 is simply

r:¯X°w± ¥ � £ ® 3) Each
r 4	£ j coefficient

correspondsto the frequency vectorof a substringof � of
length y 4 . Formally,

r 4	£ j  ²bc���25 y 4 ��O�y 4 ���pC¢E	� � Eg7³� .
4) Each §H4	£ j coefficient correspondsto the difference
of the frequency vectors of two consecutive substrings
of � of length y 4�© � . Formally, §H4	£ j  bc�I�G5 y 4 �?Oy 4 �´C¢y 4	© � � E^7�� � bc���G5 y 4 ��C�y 4	© � O>y 4 �_C¢y 4 � Eg7³� .
Hence,§ ¯Y°�± ¥ � £ ®  µbc�I�G5 L�O � � � Eg7³� � bc�I�G5 � � O � � E^7�� .

[ A0,n-2 ]0,n-2B [ A ]0,n-1B0,n-1

B ]1,n/2-1[ A1,n/2-1

B 0,0 ][ A0,0 B ][ A0,1 0,1

B ][ A1,0 1,0

[ A B ]log n,0 log n,0

Figure4: Waveletdecompositionof a string

Thehierarchicalstructureof thewavelettransformation
of a string is given in Figure4. We name

r�¯X°w± ¥ � £ ® asthe
firstwaveletcoefficient, and § ¯Y°�± ¥ � £ ® asthesecondwavelet

coefficient. If the
r

and § coefficientsof � 4 areknown,
thenthe

r
coefficientsof �¡4	© � canbecomputed.The §

coefficientsof � ¯X°w± ¥ � © � arecalledthird andfourthwavelet
coefficients. In general,if thefirst waveletcoefficient and
all the § coefficient of � j for L�l¢�Nl#=�@	AQ� � areknown,
thenall the

r
coefficientscanbedetermined.

In Section3.1, we transformedthe stringsto their first
waveletcoefficients.As thenumberof waveletcoefficients
increases,the accuracy of the lower bound function in-
creasesatthecostof alargerindex size.Thisis shownnext.
We will focus our developmenton the first two wavelet
coefficients; however, the ideacanbe generalizedto any
numberof coefficients. Hereon,we will use �P�I��� instead
of � ¯X°w± ¥ \ ¶�\ �I��� for simplicity.

Theorem3 Let � be a string from the alphabet d� �	f � � f � �gWYWXWY� fih � . Let �t�I���  ·5 r �{§�7 be the first and the
secondwaveletcoefficientsof � . Let

r  ¸5 �)����WXWYWX�V� h 7 and§¹ �5 º � �gWYWXWY�Vº h 7 . An edit operation on � has one of the
followingeffectson

r
and § for E%l'����0�l K , and �:� |0 :

1. � j O� �� j C-E , � � O� M� � � E , º j O� Mº j C-E , º � O� µº � � E .
2. � j O� �� j C-E , � � O� M� � � E , º j O� Mº j � E , º � O� µº � C-E .
3. � j O� �� j¼» E , º j O� ½º j¼» E .
4. � j O� �� j » E , º j O� ½º j CME , º � O� Mº � � y .
5. � j O� �� j¼» E , º j O� ½º j � E , ºV�HO� Mº{��C'y .

Proof:
Thiscanbeprovenby splittingthestringinto 2 equalparts
andinspectingtheeffectof theeditoperationsonthesesub-
strings. �

Thewavelettransform�t�I��� canbeconsideredasapoint
in a y K dimensionalintegerspace.Theorem3 liststhelegal
stepsthatcanbeusedto move from �P��� j � to �P���^�	� , where� j and � � arestrings. The transformationof ��� to ��� us-
ing theeditoperationscorrespondsto a legalpathbetween
their wavelet transformations.Therefore,theedit distance
between� � and � � is at leastthe numberof stepsin the
shortestlegal pathfrom �P��� j � to �P��� � � . Lemma2 defines
a lowerbound,�%� � ���t�I� j ���{�P�I�^�	�{� , to thenumberof steps
in the shortestlegal pathin y K dimensionalinteger space
basedon thelegaloperationsgivenin Theorem3.

Lemma 2 Let ��� and �	� be strings from the alphabetdM ��f � � f � �gWYWYWX� f�h � . Let �t�I� � �_ #5 r � �{§ � 7 and �t�I� � �_ 5 r �2�{§t��7 be the first andsecondwaveletcoefficientsof ���
and � � . Let

r �  ¾5 � � £ � �gWYWXWY�{� � £ h 7 , § �  ¿5 º � £ � �gWYWYWX��º � £ h 7 ,r �t À5 �G� £ ����WXWYWY�{�D� £ h 7 , and §t�P À5 º�� £ ����WXWYWX��º�� £ h 7 . Let� @<�P Áj £ ÂgÃSÄ ÅSÆBÂ ¥ Ä Å ���)� £ j � �D� £ j �ÇC Áj £ È ÃÉÄ Å ÆBÈ ¥ Ä Å ��ºg� £ j � º�� £ j �^��k� A> Áj £ Â ÃSÄ ÅSÊ Â ¥ Ä Å ���D� £ j � �)� £ j �ÇC Áj £ È ÃÉÄ ÅÉÊ È ¥ Ä Å ��º�� £ j � ºg� £ j �^W
Let 
�� � betheminimumof � @<� and �k� A , then

�%� � ���P�I� j ���{�P�I�^���{�¡ ÌË \ Í ° ¶ © �QÎ ± \� � if 
�� � � \ Í ° ¶ © �QÎ ± \�\ Í ° ¶ © �QÎ ± \� C 9 j � ©tÏ Ð�Ñ�Ò�Ó ¤�Ô�Õ Ï¥� � else



Proof:
LetÖµ
!�G× bethemaximumof � @<� and �k� A . Steps4 and5
of Theorem3 resultsin thelargestchangeto thedifference�P��� j � � �P�I�^�	� (+3,-1or -3,+1). Therefore,thesestepsmust
beusedwhenever & � @<� � �k� Ak& � L . If 
�� � � \ Í ° ¶ © �QÎ ± \� ,
thenthesestepscanbeusedatmost 
�� � times.After that,
only Step3 ( » y6�VL ) canbeusedto incrementor decrement
the remainingvalueby 2 at eachstep. Therefore,at least9 Â�ØQ© ¬ 9 j �� more stepsare needed. This makes the total

distance
 � � C 9 Â�ØQ© ¬ 9 j ��  \ Í ° ¶ © �2Î ± \� .
A similar reasoningcanbeusedfor thesecondpart. If
�� � � \ Í ° ¶ © �QÎ ± \� , thensteps4 and5 canbeusedat most\ Í ° ¶ © �QÎ ± \� times.Thismakes� @<�P �k� A , soStep1 andStep

2 (+2, -2 or -2, +2) canbeusedfor therest. Therefore,at

least
\ Í ° ¶ © �QÎ ± \� C 9 j � © Ï ÐVÑSÒÉÓ ¤	ÔIÕ Ï¥� stepsareneededto move

from �t�I� j � to �t�I�^��� . �
Lemma2 constructsa lower boundto theedit distance

usingthefirst andsecondwaveletcoefficientsat thesame
time. However, �%� � ��bc�I� � �^�Vbc��� � �w� is not necessarilyless
than �%���Q���P�����g���{�P�I�	���w� . We define the maximumfre-
quencydistance(FD) between� � and � � as�%�������������	�¡ 
!�G× � �%� � �Ibc��� � ����bc�I� � �{���{�%� � ���t�I� � �^�w�P��� � �{��� .
3.3 The MRS index structur e

Let TÙ � �������	�<�gWYWYWX���	ZQ� be a databaseconsistingof po-
tentially longstringsfrom alphabetd� ��f � � f � ��WXWYWX� f�h � ..
Let 8:�� Ùy Â be the lengthof the shortestpossiblequery
string.Our index structurestoresagrid of treesv j £ � , where� rangesfrom � to �FCU= � E , and 0 rangesfrom 1 to Ú .
The parameter= representsthe numberof resolutionlev-
els availablein the index structure.Tree v j £ � is the index
structurefor the 021�3 string correspondingto window sizey j . Figure5 showsa layoutof this index structure.
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Figure5: Layoutof theMRS-index structure

In orderto obtain v j £ � , we slide a window of length y j
on string � � , startingfrom the leftmost point of � � . For
eachpossibleplacementof the window, we computethe

wavelet transformationof the correspondingsubstringof�^� , andstorethe first two wavelet coefficients. Note that
eachsubstringcorrespondsto a point in the y K dimen-
sionalintegerspace.Webegin with theinitial substringand
find theminimumbox,calledMinimumBoundingRectan-
gle (MBR), thatcoversthewaveletcoefficientsof thissub-
string. This box is laterextendedto cover the transforma-
tionsof thefirst � substrings,where � is thebox capacity.
(Wewill laterdiscusstheimpactof thevalueof � ontheef-
ficiency of theindex structure.)After thefirst � substrings
aretransformed,a new MBR is createdto cover thenext �
substrings.This processcontinuesuntil all substringsare
transformed.Notethat,weonly storethelowerandhigher
endpointsof the MBRs alongwith the startinglocations
of thefirst substringcontainedin thatMBR. Sincethe in-
dex structurestoresfrequenciesatdifferentresolutions,we
call this index structuretheMulti ResolutionString(MRS)
Index Structure.

The �S1�3 row of the MRS index structureis represented
by Û j , where Û j  � v j £ � , ...,v j £ Z<� correspondsto the set
of all treesat resolution y j . Similarly, the 0Q1�3 columnof
theMRSindex structureis representedby s � , wheres �  � v Â	£ � , ...,v Â ª ¯ © � £ � � correspondsto the setof all treesfor
the 021�3 stringin thedatabase.

Let ( be a querystring of length y j , where �ÀlÜ�+l��C¢= � E . Given an MBR § , we define �%����(D�V§«�. 
�� � ¶�ÝQÞ �%���I(D�V��� . We observethefollowing:

1. if �Nl��%����(D�V§«� then �>l��%����(D���	� for all ��ß�§ .

2. As the box capacity � increases,the box volumein-
creases.As aresult,thequery-boxdistance�%���I(D�{§«�
decreases,andtheperformanceof theindex structure
deteriorates.

3. For afixedvalueof � , �%����(D�V§«� decreasesasthewin-
dow size( 8 ) decreases.Thiscanbeexplainedasfol-
lows. Recall that the sum of the entriesof the fre-
quency vectorsof substringsof length 8 is constant
(i.e. 8 ). Furthermore,frequency vectorscontaina
fixed numberof dimensions(i.e. K ), and eachdi-
mensionhasa nonnegative value. Hence,thereares���8�C K+� EQ�{8P� possiblefrequency vectorsfor sub-
stringsof length 8 . Consequently, with decreasing8 , the set of frequency vectorsin the MBR consti-
tutesa higherpercentageof thesetof all possiblefre-
quency vectors.As a result,theprobability that bc�I(<�
is containedin theMBR increases,and �%����(D�V§«� de-
creases.We verifiedthis for our datasetsby comput-
ing theaveragevolumeof anMBR for differentwin-
dow sizes. This is plottedin Figure6. Accordingto
this figure, the averagebox volume increasesexpo-
nentiallyas 8 decreases.

4. Thewaveletcoefficientsof thesubstringsobtainedby
slidingthewindow by asinglecharacterareveryclose
to eachother. Therefore,the set of wavelet coeffi-
cientsin anMBR aregenerallyhighly clustered.
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Figure6: The averagevolumeof MBRs for variousbox
capacitiesandwindow sizes.

3.4 RangeQueries

Our searchtechniquepartitionsa givenquerystringof ar-
bitrary lengthinto a numberof subqueriesat variousreso-
lutionsavailablein our index structure.Later, it performs
a partial range query for eachof thesesubquerieson the
correspondingrow of the index structure.This is calleda
partial rangequery, becauseit only computesdistanceof
thewavelettransformof thequerysubstringto theMBRs,
not the distanceof the querystring to the substringscon-
tainedin theMBRs.

Givenany query ( of length �)y Â anda range" , thereis
a uniquepartitioning1, (! à(	�^(g�QWXWYW ( 1 , with & ( j &Ç xy2á Å and�µl � ���*WXWYW�� � j l � jYª �.l²WYWYW � 1 l¸�FCU= � E . This
partitioningtechniquechoosesthe longestpossiblesuffix
of ( , suchthat its lengthis equalto oneof the resolutions
availablein the index, asthelastquerysubstring.Later, it
recursively partitionstherestof thestringsto find theother
querysubstrings.

We first performa searchusing (	� on row Û á Ã of the
index structure.As a resultof this search,we obtaina set
of MBRs that lie within a distanceof �> q"�$-& ()& from (	� .
Usingthedistancesto theseMBRs, we refinethevalueof� for eachMBR andmake a secondqueryusing ( � on rowÛ á ¥ andthenew valueof � . Thisprocesscontinuesfor the
remainingrows Û áSâ ... Û áSã .

TherelationshipbetweenanMBR andthesubstringsof
thestringthatformsthisMBR is capturedin thefollowing
lemma.

Lemma 3 Let � bea string and § bean MBRthat covers
thewavelettransformsofall thesubstringsof length8 in � .
Let ( bea querystring of length 8 . Let Ú betheminimum
editdistancebetween( andall substringsof � , then�%���I(D�{§«�´l�Ú .

Figure7 presentsthe completesearchalgorithm. Step
1 partitionsthe query ( into separatepiecescorrespond-
ing to a subsetof the rows Û á Ã , Û á ¥ , ..., Û á ã of the

1If thelengthof thequerystringis notamultipleof theminimumwin-
dow size,thenthe longestprefix of thequerywhoselengthis a multiple
of theminimumwindow sizecanbeused.

Algorithm Û r�ä u%
 T­
 r ÛHsHå-��(D�w�<�
1. Partition thequery ( into � partsas (	� , (g� , ..., ( 1 such

that & ( j &6 �yQá Å and �!l � ��� � �>�ÀWYWXWæ� � j l � jYª ��lWYWXWYWXWYW)l � 1 l�º . Let v á Ã £ � contain, � boxes.

2. For 0�O� 1 to Ú /* processeachsequence*/

3. For �FO� 1 to ,�� /* processeachMBR */

(a) ÚQ������� �k�^� 5 �G7kO� ��
(b) For �RO� 1 to �

i. PerformrangequeryonMBRscorrespond-
ing to ( j using radius ÚQ������� �k�^� 5 �D7 . LetÛ � � á Å�£ � betheresultingsetof MBRswhose
distancesto ( j arelessthan Ú2�É����� �k�^� 5 �G7 .

ii. ÚQ������� �k�^� 5 �G7kO� 
��G× ÞpÝQç Î ¶�è Å Ä é � Ú2������� �k�g� 5 �G7 � �%����( j �V§«���
4. Readdisk pagescorrespondingto Û � � á ã £ �
5. Performpostprocessingto eliminatefalseretrievals.

Figure7: Rangesearchalgorithm.

index structure. In Step 2, every databasesequenceis
searchedindependently. Thenfor every sequence,we pro-
cessits MBRs independently(Step3). The distancevec-
tor for a given MBR is initialized to � (Step zQ� ). Suc-
cessive rows of the index structurefor the sequenceare
then usedto refine this distancevector (Step z2º ). When
all rows have beensearched,thedisk pagescorresponding
to the last result set are read(Step4). Finally, postpro-
cessingis carriedout to eliminatefalseretrievals(Step5).
Notethatany of thedistancecomputationtechniquesavail-
able[2, 3, 4, 5, 6, 11, 15, 17, 18, 20, 21, 22] canbeusedin
thepostprocessingstep.

As a consequenceof Theorem2 andLemma3 we have
thefollowing theorem.

Theorem4 TheMRSindex structure doesnot incur any
falsedrops.

We note the following aboutthe searchalgorithm. 1)
For eachMBR, the refinementof radiusis carriedout in-
dependently, andproceedsfrom top to bottom.2) For each
substring,no disk readsaredoneuntil the terminationof
the for loop in Step z2º . Furthermore,the targetpagesare
readin thesameorderastheir locationondisk. As aresult,
theaveragecostof apageaccessis muchlessthanthecost
of a randompageaccess.

3.5 Nearestneighbor queries

A k-nearestneighbor(k-NN)queryseeksthe � closestsub-
stringsfrom thedatabaseto a querystring � . We perform
a � -NN queryin two phases.In thefirst phase,the � clos-
estMBRs in the index structurearedeterminedby an in-
memorysearchon the index structure.Oncethe � closest
MBRs aredetermined,the algorithmreadsthe substrings
containedin theseMBRs, andfinds the � 1�3 smallestedit



Algorithm � � ä�ä T­
 r Û%sHå|��(D���)�
1. Phase1[|ê O� Thesetof � closestMBRs to thequery ( .[ ���PO� ��D1�3 smallestedit distanceto stringsin ê .

2. Phase2[ Û rPä u%
 T­
 r Û%sHå|��(D�{���g�[ Returnthe � closeststringsin theanswerset.

Figure8: � -nearestneighboralgorithm

distanceof thesesubstringsto thequerystring. We repre-
sentthis distanceby ��� . Note that,generallya small per-
centageof the databaseis processedat this stage. In the
secondphase,we performa rangequeryusing ��� as the
queryradius.Figure8 presentsthecomplete� -NN search
algorithm.

It is guaranteedthatthe � nearestneighborsareretrieved
in thesecondphase.Thiscanbeexplainedasfollows. The
editdistanceof thequeryto theactual�D1�3 nearestneighbor
(say � ) is at most � � . Let § beanMBR thatcontainsthe
waveletcoefficientsof at leastoneof thesubstringsin the
actualanswersetof the � -NN query, then �%���I(D�{§«�tlµ� .
Hence, �%����(D�V§«�.lë��� , and all the MBRs that contain
answerstringsareretrievedin thesecondphase.

Onecanretrieveany numberof MBRs in thefirst phase
as long as they containmore than � substrings. For ex-
ample,the substringsin the closestMBR is sufficient to
prove correctnessof the algorithm if the box capacityis
at least � . The postprocessingand disk readcost of the
first phasedecreasesif fewerMBRsareretrievedin thefirst
phase.However, asthe numberof MBRs retrieved in the
first phasedecreases,the radiusof the rangequeryin the
secondphaseincreases.Hence,it causesmorepagesreads
andpostprocessingin thesecondphase.

Korn, Sidiropoulos, Faloutsos,Siegel, and Protopa-
pas[14] proposea similar � -NN search.Theauthorspro-
posea techniquein which � closestpointsareobtainedin
thefirst phaseusinganapproximatedistancefunction.The
actualdistanceto thesepoints is computed,and a range
querywith thegreatestactualdistanceis performedin the
secondphase.Seidl andKriegel [19] proposean optimal
iterative � -nearestneighborsearchtechnique.They iterate
overboththefeatureandtheobjectspacesto ensurethatno
unnecessaryobjectsareaccessed.Our algorithmis closer
in spirit to theformeralgorithmexceptthat,we work with
MBRs insteadof datapointsin thefirst phase.

4 Experimental results
We usedfour homosapienschromosomestrings in our
experimentstaken from [1]. Theseare chromosome2
(chr02), chromosome18(chr18), chromosome21(chr12),
andchromosome22 (chr22). Thesechromosomestrings
arecomposedof thealphabetd� �	r �Vst�{u��{v:� ä � . The
letter “N” standsfor not known. We treat the letter N as
a different letter, resultingin an alphabetsize of 5. The

lengthsof thesestringsandthe numberof occurrencesof
eachletter are presentedin Figure 9. The chr18 dataset
contains4M characters,andall the otherdatasetscontain
morethan31M characters.Thenumbersof A, C, G, and
T charactersin thethechr22datasetareaboutequal,while
theotherdatasetscontainmoreA/T thanC/G.Thepercent-
ageof theunknown charactersfor thechr22datasetis zGì ,
while it is lessthan L`W L2LGí2ì for theotherdatasets.

We implementedsingle wavelet coefficient and two
waveletcoefficientversionsof theMRS-index structurefor
window sizes8x � 128,256,512,1024� . We compared
theperformanceof ourtechniqueto theNFA basedmethod
proposedby Baeza-YatesandNavarro[5]. This is a recent
techniquefor rangequeries. This techniquesequentially
readsa datastringandfeedsit to anNFA constructedus-
ing the querystring andthe queryradius. The NFA goes
into the acceptingstatewhenever an answersubstringis
processed.Our measureof costis basedon thenumberof
diskpagesaccessed,andthenumberof stringcomparisons
madelaterusingtheaccesseddisk pages.Sincethenum-
ber of string comparisonsneededfor a givendisk pageis
constantover all techniques,the total cost is proportional
to thenumberof diskpagesread.We assumethatthepage
sizeis 1K in ourexperiments.

The restof this sectionis as follows. Section4.1 dis-
cussesthe effect of box capacityon the performanceof
queries.Section4.2discussestheeffectof window sizeon
theperformanceof queries.Sections4.3and4.4discusses
our resultsfor NN andrangequeries.

4.1 Effect of box capacity

The first experiment comparesthe performanceof the
MRS-index for differentboxcapacities.In thisexperiment,
we perform100 arbitrary lengthnearestneighborqueries
for box capacities100, 500, 1000,2000,3000,and4000
for �! 10 on thechr18dataset.Thelengthof thequeries
variesbetween512and10000.Figure10 plots thecostof
the MRS-index techniqueandthe NFA techniquefor 10-
NN queries. The costof the MRS-index increasesas the
boxcapacityincreases.Thiseffectof increasingboxcapac-
ity on theperformancewasobservedearlierin Section3.3
(Observation2). Thecostof theMRS-index is muchlower
thanthe NFA techniquefor all thesebox capacities.The
MRS-index runsup to 120timesfasterthantheNFA tech-
niquewhenthebox capacityis 500,andup to 4 whenthe
boxcapacityis 4000.Althoughusing2-waveletcoefficient
slightly improvestheperformancefor thesameboxcapac-
ity, the size of the index structureis doubled. If we use
thesameamountof memory, thesinglecoefficient version
performsbetter.

4.2 Effect of window size

The secondexperimentreportsthe impactof the window
size(i.e. resolution)on theperformanceof theMRS-index
structure.In this experiment,we useonly onerow of the
index structure.We ran100arbitrarylength � -NN queries
for window sizes128, 256, 512, 1024for �� 10 on the
chr18dataset.Thequeriesarerandomlyselectedfrom the



Dataset A C G T N Total
chr18 1300930 823103 819387 1282027 30 4225477
chr21 10032226 6921020 6908202 9962534 174 33824156
chr22 8751963 8002860 8000421 8721658 1076929 34553831
chr02 9394422 6251334 6299566 9565401 2266 31512989

Figure9: Frequency of symbolsin thedatasets.
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Figure 10: The cost of our methodwith one and two
wavelet coefficients and the NFA techniquefor different
boxcapacitiesfor 10-NNquerieson thechr18dataset.

chr18dataset.Figures11 plots thecostof theMRS-index
structureandtheNFA technique.TheMRS-index structure
outperformsthe NFA techniquefor all the window sizes.
Furthermore,theperformanceof theMRS index structure
itself improvesasthewindow sizeincreases.Theeffect of
increasingwindow sizeon theperformancewasobserved
earlierin Section3.3(Observation3).
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Figure 11: The cost of our methodwith one and two
wavelet coefficients and the NFA techniquefor different
window lengthsfor 10-NNquerieson thechr18dataset.

4.3 Nearestneighbor queries

Thethird experimentconsiders� -NN querieson thechr21
datasetfor 9 differentvaluesof � from 10 to 500whenthe
box capacityis 1000. In this experiment,we ran100ran-
dom NN queriesof arbitrary lengthsin the range512 to
10000for eachvalueof � . Thequeriesaregeneratedfrom
thesamedataset.Figure12 presentsthecostof theMRS-
index structureandtheNFA technique.Theexperimental
resultsfor the otherdatasetsaresimilar. The MRS-index
structureoutperformsthe NFA techniquefor all valuesof� . Although the performanceof the MRS-index structure

dropsfor largevaluesof � , it still performsbetterthanthe
NFA technique. We achieved speedupsup to 45 for 10
nearestneighbors.Thespeedupfor 200nearestneighbors
is 3. As thenumberof nearestneighborsincreases,theper-
formanceof theMRS-index structureapproachesto thatof
the NFA technique.This is becausean increasinglylarge
numberof MBRs areaccessedin Phase1 of the � -nearest
neighboralgorithm.
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Figure 12: The cost of our methodwith one and two
wavelet coefficients and the NFA techniquefor different
numberof nearestneighborson thechr21dataset.

4.4 Rangequeries

We consideredrangequeriesin the fourth experimentset
for "� 0.01, 0.025, 0.05, 0.075, and 0.1 on the chr22
dataset.Weperformed100arbitrarylengthqueriesfor each
errorrate.Thebox capacityis fixedto 1000in thisexperi-
ment.Figure13 presentsthecostof theMRS-index struc-
tureandtheNFA technique.In this experimentthequery
stringsareselectedfromthechr18dataset.TheMRS-index
structureperformedup to 12 times fasterthan the NFA
technique. The performanceof the MRS-index structure
improvedwhenthequeriesareselectedfrom differentdata
strings. This is becausethe DNA stringshave a high self
similarity. Therefore,if the query string is chosenfrom
thedatastringitself, thelikelihoodof having morenumber
of matcheswithin a specifiedrangeincreases.Theperfor-
manceof theMRS index structuredeterioratesastheerror
rateincreases.This is becausethesizeof thecandidateset
increasesastheerrorrateincreases.

5 Discussion
In thispaper, weconsideredtheproblemof searchingsim-
ilar stringsin a databaseconsistingof very long strings.
The distancebetweenthe strings is definedas the mini-
mumnumberof editoperations(insert,delete,andreplace)
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Figure 13: The cost of our methodwith one and two
wavelet coefficients and the NFA techniquefor range
queriesof differentrangeson thechr18dataset.Thequery
stringsarechosenfrom thechr22dataset.

to transformonestringto theother.
We transformedthestringsto anintegerspaceby map-

pingthemto their frequency vectors.Later, wegeneralized
this idea to map the stringsto their local frequenciesfor
differentresolutionsby usingawavelettransform.Wepre-
sentedanefficient algorithmto find a lower boundon the
distancebetweenthewaveletcoefficientsof thestrings.

We adaptedthe MR-index [13] to cluster the wavelet
coefficientsof thestring.We calledthis index structurethe
MRS-index structure.This index structureslidesawindow
onthedatastringfor differentresolutions.For eachresolu-
tion, theindex structureclustersthewaveletcoefficientsof
a fixednumber(box capacity)of consecutivesubstringsin
anMBR. TheMRS-index structureis dynamic,andallows
arbitrarylengthqueries.

We presentedalgorithms for both rangequeriesand
nearestneighborqueries.Therangequeryalgorithmsplits
thequeryinto subqueriesof availableresolutionsandper-
forms successive rangereductionfor eachsubquerywith-
out using the datastrings. The � -nearestneighboralgo-
rithm runsin two phases.In thefirst phase,thedistanceof
the queryto the MBRs arecomputed,andthe distanceto
the �D1�3 closestsubsequencein the � closestMBRs is used
asthe radiusfor a rangequeryin the secondphase.This
techniquecanbeusedasa preprocessingto speedup any
stringsearchtechniqueincludingBLAST by pruninglarge
amountsof thedatastrings.

According to our experimentalresultswith four dif-
ferent humanchromosomes,our methodruns up to 45
timesfasterthantheNFA techniquefor 10nearestneighbor
queries.TheMRS-index structureworksefficiently for up
to 200nearestneighbors.Similarly, theMRS-index struc-
ture runs efficiently for rangequeriesif the error rate is
lessthan0.1. TheMRS-index structureperformsup to 12
timesbetterthanother techniquesfor rangequerieswith
errorrate0.01.

In the future, we would like to model other distance
measuresin which differentcharacterpairshave different
costs,or wherethegapsareaffine. Findinghigh localsim-
ilaritieswithin thesubstringsof thequerystringto thedata
stringsis alsoan interestingproblem. Comparisonof the
quality of our resultswith existing software packagesis
alsoplannedfor future.
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