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Abstract

We considerthe problemof substringsearching
in large databases.Typical applicationsof this
problemaregeneticdata,webdata,andeventse-
guences.Sincethe size of suchdatabasegrows
exponentially it becomesmpracticalto usein-
memoryalgorithmsfor thesgoroblems.In this pa-
per, we proposeio mapthe substringf the data
into anintegerspacewith the help of waveletco-
efficients.Later, weindex thesecoeficientsusing
MBRs (Minimum BoundingRectangles)We de-
fine adistancdunctionwhichis alowerboundto
the actualedit distancebetweenstrings. We ex-
perimentwith both nearesiheighborqueriesand
rangequeries. The resultsshowv that our tech-
nigue prunessignificantamountof the database
(typically 50-95%), thus reducingboth the disk
I/O costandthe CPU costsignificantly

1 Intr oduction

Stringdatanaturallyarisesn mary realworld applications
like geneticdata,web dataand eventsequencesThereis

a frequentneedto find similarities betweensuchdatase-
guences.For example,the similarity of two DNA strings
from different organismsmay correspondo somefunc-

tional or physical relationshipbetweentheseorganisms.
Suchsimilaritiesmaybe usedto predictdiseasespr to de-
sign new drugs. Significantbreakthroughdave already
beenachiezed in genomeresearchusing the analysisof

similar geneticstrings.ldentificationof thegeneticcodeof

thedeadlyE.coli bacteriapr geneticcluesfor fibrodyspla-
siaossificangrogressia(FOP),adiseas¢hataffectsmus-
cle andskeletongrowth, andthevital proteinsfor thebone
growth, oridentificationof thegeneghathastenthehealing
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of somevenousulcersareonly a few of the achiezements
obtainedrecently

Anotherapplicationof substringsearchings the iden-
tification of similar patternsin large text databasesvhile
allowing someamountof typographicalerrors. This ap-
plication includessearchinga word in a dictionary or a
phrasdn alargecollectionof text. Spellcheclersandweb
searcheraresomespecificexamplesof suchapplications.

Videodatacanbeviewedasaneventsequencé some
prespecifiecsetof eventsare detectedand storedasa se-
guence. Theseevents can be voices, faces, objects, or
text. Video databasesupporta wide variety of appli-
cationsincluding securitycamerasjnterviens, documen-
taries, movies, and TV news. Searchingsimilar event
subsequencesan be usedto find relatedvideo segments.
Somecompaniedike CNN, ABC, CNET, and AltaVista
arealreadyencodingandindexing video data. For exam-
ple, ABC usesasearctenginewhichenableoneto search
somespecifictext thatappeareth ABC news. A numberof
universitiesare alsorecordinglecturesandseminarswith
theaim of providing onlineacces@ndsearchcapabilities.

String data applicationsgenerally involve very large
databasegsenBank7], a databasef nucleotideandpro-
tein stringsbuilt by NationalCenterfor Biotechnologyin-
formation(NCBI), is an exampleof sucha databaseFig-
urel plotsthegrowth of thesizeof this databasérom year
1982to 2000. Thestatisticsshaw thatthe sizeof GenBank
hasdoubledevery 15 months[8]. Similarly, the sizeof a
video databasean also increasedramatically: CNN has
morethan 150 hoursof news feedevery day, andplansto
encodemorethan100,000hoursof archivedmaterial.
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Figurel: Thegrowth of theNCBI databasé recentyears.



Most of the string searchalgorithmsproposedso far
arein-memoryalgorithms[5, 6, 11, 17, 20, 21, 22]. That
is, thesetechniqueshave to scanthe whole databasdor
eachquery Therefore thesetechniquessuffer from disk
I/Os when the databasds too large. In-memory algo-
rithmscanbecomémpracticalfor stringdatabasebecause
the databasesize grows fasterthanthe available memory
capacity and extensive memory requirementsnake the
searchtechniquesmpractical. The size of theindex struc-
ture for theindex basedechniqueg2, 4, 15, 18] areeven
largerthanthe size of the databaseandtheir performance
deteriorate$or longquerypatternsThereforegfficientex-
ternalmemoryalgorithmsareneededor moststringcom-
parisonapplicationof thefuture.

A strings; canbetransformednto anotherstringss by
usingthreeedit opemations namelyinsert delete andre-
place on individual characterf the string s;. Figure2
presents transformatiorof the string ACTTAGCto AAT-
GATAG usingeditoperationsThetransformatiorgivenin
Figure?2 consistof 1 replace insert,and1 deleteopera-
tions. Thedifferencebetweerntwo stringss; ands, is gen-
erally definedastheminimumnumberof editoperationgo
transforms; to s,, callededit distance(E D). Letm and
n bethelengthsof stringss; ands,, thentheeditdistance,
ED(sy,s2), andthe correspondingdit operationsanbe
determinedn O(mn) time andspaceusingdynamicpro-
gramming[11]. The spacecompleity canbe reducedto
O(min{m,n}) if only theeditdistances needed;.e. the
correspondingedit operationsarenot required). Someap-
plicationsassigndifferentweightsto differentedit opera-
tionsor differentcharactepairs[12], leadingto aweighted
edit distance The time and spacecompleity of finding
theweightededitdistancas alsoO(mn) by usingdynamic
programming.

ACT--TAGC
R I | D

AATGATAG -

Figure2: Transformatiorof thestringACTTAGCto AAT-

GATAG usingeditoperations.

An alignmentof stringss; ands, is obtainedby match-
ing eachcharacterof s; to a characteiin s, in increasing
order All the unmatchedcharactersn both stringsare
matchedwith space.An alignmentof stringsACTTAGC
andAATGATAG is givenin Figure2. Thedasheqi.e.,-)
in this figure correspondo spaces.Eachcharacteipair is
assigned scorebasedon their similarity, and theseval-
uesarestoredin ascoe matrix. Thevalueof analignment
is definedasthe sumof the scoresof all of their charac-
ter pairs. Global alignment(or similarity) of s; andss is
definedas the the maximumvaluedalignmentof s; and
s2. Findingthe similarity of two stringsis thedual of find-
ing thedistancebetweerthem. Local alignment[20] of s;
ands, is definedasthe highestvaluedalignmentof all the
substringof s; ands». Both globalandlocal alignments
canbedeterminedn O(mn) time usingdynamicprogram-
ming.

In this paper we considerthe problemof rangequeries

and nearesineighborqueries. The typical databaseshat
we work with include very long strings. For example,
thestringcorrespondingo chromosome-22f humanshas
about35 million basepairs. (A basepairis oneof A,C,G,
or T charactercorrespondingo the four differentkinds
of nucleicacids.) A k-nearesheighborreturnsthe k clos-
estsubstringdrom the databas¢o a givenquery A range
guery on the other hand, returnsthe substringsthat lie
within a givendistanceof theinputquery

We proposea wavelet-basednethodto map the sub-
strings of the databasento a multidimensionalinteger
space.The numberof dimensiongs determinedy the al-
phabetsize and the numberof wavelet coeficients. We
definea notion of distancein this integer spacethatis a
lower boundto the actual edit distance. A sliding win-
dow is usedto translatea setof contiguoussubstringsnto
anMBR (Minimum BoundingRectangle).Repeatinghis
overall thestringsgenerateanarrayof MBRscorrespond-
ing to oneresolution(window size)for the database We
usea hierarchicakchemen which windows of successie
coarsegrainareused.This generatesnapproximatiorto
the databasat differentgranularitiesandresultsin a grid
of MBRs. The resultingindex structureis quite compact
and can be storedin memory Typical size of this index
structurerangedetweeril-2%of the databassize.Range
gueriesandnearest-neighbaueriesarefirst performedis-
ing this in-memoryindex structureusingthe lower-bound
distance.Theresultingsetof candidatepagesarethenac-
cessedrom the disk to remove falsehits (usingthe actual
editdistance).

Accordingto experimentakesults our methodruns5 to
45 timesfasterthanexisting techniquedor nearesheigh-
bor queriesof 10 to 200, nearestneighborsand 2 to 12
timesfasterthanexisting techniquedor rangequeries.

Therestof the paperis asfollows. Section2 discusses
therelatedwork. Section3 discusseshe substringsearch-
ing problemanddefinesourindex structureandalgorithms.
Section4 discusseshe experimentakesults. We endwith
abrief discussionn Section5.

2 RelatedWork

Thedynamicprogrammingsolutionto the problemof find-
ing the substringsof a given string s of lengthn, which
arewithin a distanceof r = € x |q| to a querystringq of
lengthm, runsin O(mn) time andspace.This technique
is a variationof the dynamicprogrammingalgorithmthat
finds the edit distancebetweentwo stringsby generating
a distancematrix of sizem x n. For long dataandquery
strings, this techniquebecomesnfeasiblein termsof both
time andspace.Myers[17] improvedthe time andspace
compleity to O(rn) by maintainingonly therequiredpart
of the distancematrix. However, for large error ratesr is
O(m), andhencethe compleity is still O(mn).

Wu andManber[22] proposeda techniquethat usesr
binary masksM,, M, ..., M, of lengthm. They scan
throughthe datastring s andupdatethesemasksfor each
characterin s. After the j** characteris processedthe
valueof Mj[i] becomedl if thelasti charactersf s are



within k edit operationgo thefirst i charactersf ¢. If w
is the sizeof aword, the algorithmrunsin O(n™=F) time.
The spacerequiremenbf this techniqueis O(r”*). The
algorithmrunsefficiently for small valuesof m (closeto
O(nr)), but the performanceslegradesfor large m. Fur
thermore the spacerequiremenmay becomemuchlarger
thanthedatastringfor largem andr.

In anothemaper Myers[18] proposed techniquethat
preprocessethe datastring s andcreatesanindex of size
O(n). This techniqueassumesa lower bound! on the
length of the querystring (I = log(n) here). All possi-
ble stringsof lengthl aremappedo integersusingaperfect
hashindgunction. Later, theleftmostpointsof all theoccur
rencesof thesestringsin s arestoredin separatdists. For
agivenqueryq andqueryradiusr, thetechniquegenerates
the setof stringswhich arewithin edit distanceof r to ¢,
calledcondensed-neighborhood The stringsin the con-
densed-neighborhoo@researchedh theindex to find the
answergo thequery If thequerylengthis largerthani, the
techniquesplits the querystring into subqueriessearches
eachsubqueryseparatelyand combinegthe results. Since
thistechniquandexesall possiblestringsof someprespec-
ified length,we call it a dictionary basedtechnique The
authorprovesthatif the databasés createdasa resultof
equi-probableBernoulli trials, then the techniquerunsin
sublineartime. Therearetwo dravbackswith this tech-
nique. First, althoughthe spacecomplexity is O(n), the
index sizecanbe 7-9 timeslargerthanthe datasize. This
may causea dropin performancef theindex doesnot fits
in memory Secondtheworstcaserunningtime comple-
ity of thistechniquds very high.

Baeza-YatesandNavarroproposedn NFA-basedsolu-
tionin [5]. They proposeanNFA of (r+1) x (m+1) states,
whichaccepts astheinputstring. TheNFA is constructed
usingthe query string. The NFA goesinto an accepting
statewheneer a substringwithin edit distanceof r is pro-
cessedTheauthorsproposeo useonly therequiredstates
of theNFA atary time. The expectedrunningtime of this
techniques O(mn ), wherew is thesizeof aword. The
experimentalresultspresentedn the papershav that for
shortqueriesandsmall alphabetsthis techniqueperforms
well. The performancef this techniquedeterioratesvhen
s isverylong (i.e. it doesnotfit in memory).

Altschul, Gish,Miller, Myers,andLipmanproposedhe
BLAST technique[3] to find local similarities. BLAST,
the mostpopularstring matchingtool for biologists,runs
in two phases.In the first phaseall the substringsof the
gueryof someprespecifiedength(typically betweer8 and
11) aresearchedn the databaséor anexactmatch.In the
secondphase,all the matchesobtainedin the first phase
areextendedn bothdirectionsuntil the similarity between
the two substringalls belov somethreshold. This tech-
niguekeepsa pointerto the startinglocationsof all possi-
ble substringof the prespecifiedengthin the databasé¢o
speeduphefirst phase.Therefore the spacerequirement
of BLAST is morethanthe size of the databaseFurther
more,BLAST doesnotfind asimilarsubstringo thewhole
querystring,only similaritiesbetweerthequerysubstrings
andthedatabassubstrings.

Muthukrishnanand Sahinalp[16] proposedan index
structurefor approximatenearesteighborsearch. This
techniquausesanindex structurebasednsuffix arraysand
a partitioningof the pattern. The resultingindex structure
is four timesthe sizeof thedatabase.

Giladi, Walker, Wang,andVolkmuth[10] consideredch
heuristics-basedolutionwhich runsin O(logn) expected
time. Thistechniquesplitsthedatastringsinto overlapping
windows of lengthl for someprespecifiedverlapamount
of A. For eachsuchwindow, they countthenumberof rep-
etitionsof all the possiblek-tuples andstorethis valuein a
o* dimensionalector whereo is thealphabesize. Later;
thesevectorsare indexed usinga hierarchicalbinary tree.
Theauthorgproposeo approximatehesimilarity between
the querystring anda substringby usingthe D, distance
betweerthesevectors.Experimentatesultsshowv thatthis
techniqueruns25 to 50 timesfasterthanBLAST. The au-
thorsalsonotethatthis techniquecanbe usedasa prepro-
cessingstepto speedup ary string searchprogram.There
aretwo drawbackswith this method:it allows falsedrops,
andtheindex sizeincreasegxponentiallywith k.

A specialcaseof the substringmatchingproblemis ex-
actmatding(i.e. r = 0). Onecansolvethisproblemusing
suffix treeq11] in whichall thesuffixesof adatabasetring
arestoredin atree.However, thesizeof the suffix treemay
bemorethantentimeslargerthanthe databasesize. Man-
ber and Myers [15] proposea datastructurecalled sufix
arraysto reducethe spacaequiremenfor theindex struc-
ture. However, thespaceequiremenis still morethanfour
times the databasesize. Ferraginaand Manzini [9] pro-
posedatechniqudo compresshesuffix arraysdecreasing
thequeryperformanceslightly.

3 ProposedSolution

String matchingproblemcanbe classifiedin two groups.
Theseare whole matding and substringmatding. The
simpler case,whole matding, considersthe problem of
finding the edit distanceE D(q, s) betweena datastring
s andaquerystringg. Substringmatding considersll the
substringss[i : j] of s which arecloseto the querystring,
wheres[i : j] is the substringof s between(andincluding)
the i* and j** characters.In this paper we confineour
attentionto substringmatches.

GivenastringdatabaseS = {s1, s2, ..., 84} consisting
of verylong strings,we considertwo typesof queries:

¢ Range search seeksall the substringsf S which are
within anedit distanceof r to a givenquerystringg,
wherer is the queryrange.We definee = ﬁ asthe
error rate

e k-neaest neighbor seach seeksthe k£ closestsub-
stringsof S to g.

Thereareseveralchallengen solvingthesubstringmatch-
ing problem. 1) Finding the edit distanceis very costlyin
termsof bothtime andspace 2) Thestringsin thedatabase
maybeverylong. For example thelengthof chromosome-
22, oneof the shortesthromosome humangenomdi-
brary, is approximately35 million basepairs. For a query



stringof lengthtenthousandsandanerrorrateof e = 0.01,
therearebillions of possiblesubstrings Thereforeit is in-
feasibleto checkall the substrings.3) The databasesize
for mostapplicationgyrows exponentially Thereforea so-
lution methodbasedn sequentiallyscanninghe database
will suffer from extensie disk I/Os. Our approachbased
on distanceapproximationsand the ensuringhierarchical
index structureadresseall theaboreissues.

Therestof this sectionis asfollows. Section3.1 de-
finesalower bounddistancefor substringsearching.Sec-
tion 3.2 improvesthis lower boundby using the idea of
wavelet transformation. Section3.3 presentsthe MRS-
index structurebasedon the aforementionedlistancefor-
mulations.Sections3.4 and 3.5 presenthe algorithmsfor
rangequeriesandnearesheighborgueries.

3.1 A newdistancefunction

We definea transformation f(s) thatmapsa string s to a
pointin amultidimensionalntegerspaceasfollows:

Definition 1 Let s be a string from the alphabetX =
{a1,as,...,a,}. Letn; bethe numberof occurrencesof
the charactera; in s for1 < i < 0. We definethe fre-
queny vector, f(s), of s as:

f(s) = [n1,na, ..., ns].

For example, if s=TACTTAG is a geneticstring (i.e.
from alphabett = {4,C,G,T}), thenf(s) = [2,1,1,3]
(We use alphabeticorder in the constructionof f(s).).
Threeimportantnotesfollow from this definition. 1) The
transformedstring f(s) hase dimensionsndependenof
the lengthof s. 2) The sumof the entriesof f(s) is inde-
pendenbf the contentf s. 3) All theentriesof f(s) are
nonnegative.

Lemmal Let s be a string from the alphabet¥ =
{a1,as,...,a,}. Let f(s) = [v1,v2,...,v,] bethe fre-
quencyvectorof s, thenXZ_;v; = |s|.

As aresultof Lemmal, the transformatiorof a strings
of lengthn lie onthes — 1 dimensionaplanethatpasses
throughthe point[n, 0,0, ..., 0] andis perpendiculato the
normal vector 1,1, ...,1]. The relationshipbetweenthe
edit operationsand the frequeng vectorsis capturedin
Theoreml.

Theorem1 Let s be a string from the alphabetY =

{ay,as,...,a,}. Let f(s) = [v1,v2,...,v,] bethe fre-

guencyvectorof s. An edit opemtion on s hasoneof the

following effectson f(s), for 1 < 4,j < o, andi # j:
1w :=v+1

2. ’Ui::UZ'—].

3. v = vi+1andvj =v;—1

Proof:

Casel correspondso insertinga; in somelocationof s.

Case2 correspondto deletinga; from s.

Case3 correspondso replacinga; with a; in s. O
Theoreml shavsthata singleeditoperationonastring

resultsin a limited changein the correspondingnteger

space. Keepingthis factin mind, we defineneighboring

pointsasfollows:

Definition 2 Let » and v be integer pointsin ¢ dimen-
sional space thenw and v are called neighborsif one of
themcanbeobtainedfromtheotherusinga singleeditop-
eration.

Next we definea new distancefunction, frequencydis-
tance(F' D,), for the frequeng vectors,which is a lower
bound on the edit distanceof the correspondingstrings.
Theideais basedn Theoreml.

Definition 3 Let w and v be integer pointsin ¢ dimen-
sionalspace Thefrequengy distance F' D, (u,v), between
u andv is definedastheminimumnumberof stepsn order
to gofromu to v (or equivalentlyfromv to w) by movingto
aneighborpointat ead step.

Theorem?2 provesthatthe frequeng distancebetween
the frequeng vectorsof two stringsis a lower boundon
their editdistance.

Theorem2 Lets; ands, betwostringsfromthealphabet
Y ={a,as,...,a,}, then

FD1(f(s1), f(s2)) < ED(s1, 82).

Corollary 1 Letgq ands betwo stringsfrom the alphabet
Y ={ai1,az,...,as}, then

if r < FD1(f(q), f(s)) thenr < ED(q, s).

Given a query string ¢ and a query ranger, one can
prune a string s without computing ED(q,s) if r <
FD;(f(q), f(s)). Anotherimportantattribute of the fre-
gueng distancefunctionis thatit is a metric.

Figure 3 presentsan efficient algorithm to compute
FD;(u,v) for o dimensionainteger pointsu andv. The
algorithmcomputegwo values,namelyposDistanceand
negDistance PosDistancalefinesthe numberof decre-
mentoperationsthat mustbe appliedto «, and similarly
negDistancedefinesthe numberof incrementoperations
thatmustbeappliedto u. Sinceeacheditoperatiorchanges
thevaluesof posDistanc@ndnegDistanceby at mostone,
thelargerof thetwo valuesequalsF' D1 (u, v).

3.2

The frequeng distancecan be improved by storinglocal
frequenciesof the charactersn the string aswell asthe
globalfrequenciesFor this, we definethewavelettransfor
mationof a string. Assumen is apower of 2 for simplicity
in thefollowing development.

Impr oving the lower bound distance



[* w andv arec dimensionalntegerpoints.*/
Algorithm F Dy (u, v)

e posDistance := negDistance :=
o fori:=1too

— if u; > v; thenposDistance +=u; — v;

— elsenegDistance +=v; — u;

e if posDistance > mnegDistance then return
posDistance elsereturnnegDistance

Figure3: Computatiorof F D,

Definition 4 Lets = ¢yc¢q...c,, bea string fromthealpha-
betY = {a1, s, ..., a, }, thenkt"-level wavelettransfor
mation ¢ (s), 0 < k < logan, of s is definedas:

= 7, b b 7_' b = 7' 7"
Vi(s) = [Vk,1, V8,2, -, U, 5 ], WheR Vg = [Ag i, Bp,i]

A, = f(c,) k=0
k.d Ap_12i+ Ar_12i+1 0 <k <logon,
and
o {0 k=0
R4 Ag1,2i — Ag—12i41 0 < k <logan

As an example of the above definition, it
is possible to shawv that ¢s(TCACTTAG) =
[2,2,1,3],[0,2,—1,—1]]. The above formulation is
similar to the Haar wavelet except for a scaling factor
Someimportantpropertieof thewavelettransformatiorof
astrings areasfollows. 1) The A coeficientsof 1) defines
the string. 2) Global frequeng vector f(s) asdeveloped
in Section3.1is simply A;,4,n,0 3) Each Ay ; coeficient
correspondso the frequeng vectorof a substringof s of
length2k. Formally, Ax; = f(s[2¥i : 2k + 1) — 1]).
4) Each By, ; coeficient correspondsto the difference
of the frequeng vectorsof two consecutie substrings
of s of length 2¢=1.  Formally, By; = f(s[2*i
2k + 2k=1 — 1)) — f(s[2ki + 2k ¢ 2k 4 2k — 1)),
Hence,Biog,n,o = f(s[0: § —1]) = f(s[§ : n —1]).

[Aon2 Bon2!  [Agn1 Bona ]

NS

[Arni2-1 Bana |

[Ag0 Bool [Ag1 Boal

NS

[A10 Byl

[Alog n,0 B\og n,0 ]
Figure4: Waveletdecompositiorof a string

Thehierarchicabtructureof thewavelettransformation
of astringis givenin Figure4. We nameA;qg,»,0 asthe
firstwaveletcoeficient andB;,,,0 asthesecondvavelet

coeficient If the A and B coeficientsof ¢, areknown,
thenthe A coeficientsof ¢;_; canbe computed.The B
coeficientsof 1;,4,,—1 arecalledthird andfourth wavelet
coeficients. In general,if the first wavelet coeficientand
all the B coeficient of ¢; for 0 < i < logan areknown,
thenall the A coeficientscanbedetermined.

In Section3.1, we transformedhe stringsto their first
waveletcoeficients. As thenumberof waveletcoeficients
increasesthe accurag of the lower bound function in-
creaseatthecostof alargerindex size. Thisis shavn next.
We will focus our developmenton the first two wavelet
coeficients; however, the idea canbe generalizedo ary
numberof coeficients. Hereon,we will use(s) instead

0f 9104415/ () fOr simplicity.

Theorem3 Let s be a string from the alphabetY =
{a1,09,...,a,}. Lety(s) = [A, B] bethefirst and the
secondwaveletcoeficientsof s. Let A = [a4, .., a,] and
B = [by,...,b;]. An edit opemation on s hasone of the
following effectson A and B for 1 < ¢, j < o, andi # j:

lLai:=a;+1,aj:=a;—1,b;:=b;+1,b; :==b; — 1.
2.a;:=a;+1,a;:=a;—1,b; :=b; —1,b; :=b; + 1.
3.a;:=a; +£1,b; :=b; £ 1.

4. a;:=a;£1,b;:=b;+1,b; :=b; — 2.
5.a;:=a;£1,b;:=b;—1,b; :=b; + 2.

Proof:
This canbe provenby splitting the stringinto 2 equalparts
andinspectingheeffectof theeditoperation®nthesesub-
strings. O
Thewavelettransformy)(s) canbeconsideredsapoint
in a2¢ dimensionaintegerspace Theorensliststhelegal
stepsthatcanbe usedto move from«(s;) to ¢(s;), where
s; ands; arestrings. The transformatiorof s; to s, us-
ing the editoperationsorrespondso a legal pathbetween
their wavelettransformationsTherefore the edit distance
betweens; and s, is at leastthe numberof stepsin the
shortestegal pathfrom ¢ (s;) to ¢(s;). Lemma2 defines
alowerbound,F Dy (1(s;),%(s;)), to thenumberof steps
in the shortestegal pathin 20 dimensionainteger space
basednthelegal operationgyivenin Theorems3.

Lemma?2 Let s; and sy be strings from the alphabet
Y= {041,042,...,040-}. Letzb(sl) = [Al,Bl] andd)(82) =

[A2, B3] bethefirst and secondwaveletcoeficientsof s;

and s9. Let Al = [al’l,...,al,g], B, = [bl,l,...,bl,g],

Ay = [a2,1, ...,ag’a], anng = [bz,l, ---;b2,a]- Let

pos= Y (ai—ai)+ Y, (bi—b),
i,a1,;>0a2, i,b1,i>ba

neg= Y (azi—arg)+ D (bai—bi)-
i,a1,;<az; i,b1,:<ba;

Letmin betheminimumof pos andneg, then

|[pos—neg| i, . [pos—neg|
5, if min < 5
Ipos—neg]

=, €lse

FDy(¢(si), ¥(s5)) = {

0s—ne min—
|p > gl +



w=F

w=?

Proof:

Let max bethe maximumof pos andneg. Steps4 and5
of Theorem3 resultsin thelargestchangeo the difference
¥(si)—v(s;) (+3,-1or-3,+1). Thereforethesestepsnust
be usedwheneer [pos — neg| > 0. If min < ""’5;7"‘3“",
thenthesestepscanbe usedat mostmin times. After that,
only Step3 (+2, 0) canbeusedto incrementor decrement
the remainingvalueby 2 at eachstep. Therefore at least
%3"”" more stepsare needed. This makes the total

i ; maz—3min __ |pos—neg|
distancenin + P = B,
A similar reasoningcanbe usedfor the secondpart. If
min > M, thensteps4 and5 canbe usedat most

M times. Thismakespos = neg, soStepl andStep
2 (+2,-2 or -2, +2) canbe usedfor therest. Therefore at

Ieast""’s;”eg‘ + 5 stepsareneededo move
fromy(s;) toy(s;). O
Lemma?2 constructsa lower boundto the edit distance
usingthe first andsecondwavelet coeficientsat the same
time. However, F D1 (f(s1), f(s2)) is not necessarilyess
than F D ((s1),%(s2)). We define the maximumfre-
guencydistance(FD) betweens; ands, as

min— [pes=nea]

FD(Sl, 82) =
maz{FD1(f(s1), f(s2)), FD2(v(s1),%(s2))}

3.3 The MRS index structure

Let S = {s1,s2,...,54} be a databaseonsistingof po-
tentially long stringsfrom alphabe® = {a4, as, ..., oy }..
Let w; = 2% bethelengthof the shortestpossiblequery
string. Ourindex structurestoresa grid of treesT; ;, where
i rangesfrom a to a + I — 1, andj rangesfrom 1 to d.
The parametel representshe numberof resolutionlev-
els availablein the index structure. TreeT; ; is the index
structurefor the jt* string correspondingo window size
2%, Figure5 shavs alayoutof thisindex structure.

s Sy Sq

Ta,l Ta,2 Ta,d
0o 0| (0D -0 00 1] [Rowr,

Ta+1,1 Ta+1,2 Ta+1,d
0o 0| (oD -0 00 -0

Tha Tp,2 Thd
0o.-0]| 0o .0 [S[==]
Column G

Figure5: Layoutof the MRS-inde structure

In orderto obtainT; ;, we slide awindow of length2¢
on string s;, startingfrom the leftmost point of s;. For
eachpossibleplacemenif the window, we computethe

wavelet transformationof the correspondingsubstringof
s;, andstorethe first two wavelet coeficients. Note that
eachsubstringcorrespondgo a point in the 20 dimen-
sionalintegerspace.W begin with theinitial substringand
find the minimumbox, calledMinimumBoundingRectan-
gle (MBR), thatcoversthewaveletcoeficientsof this sub-
string. This box is later extendedto cover the transforma-
tions of thefirst ¢ substringswherec is the box capacity
(Wewill laterdiscusgheimpactof thevalueof ¢ ontheef-
ficiengy of theindex structure.)After thefirst ¢ substrings
aretransformeda nen MBR is createdo coverthenext ¢
substrings.This processcontinuesuntil all substringsare
transformedNotethat,we only storethe lower andhigher
end points of the MBRs alongwith the startinglocations
of thefirst substringcontainedn that MBR. Sincethein-
dex structurestoredrequenciesatdifferentresolutionsye
call thisindex structurethe Multi ResolutiorString (MRS)
Index Structue.

Theit* row of the MRS index structureis represented
by R;, whereR; = {T;., ...T;q} correspondso the set
of all treesat resolution2t. Similarly, the j** column of
theMRSindex structureis representety C;, whereC; =
{T,,j, .--Tayi1—1,;} correspondso the setof all treesfor
the j** stringin thedatabase.

Let ¢ be a query string of length2¢, wherea < i
a + 1 — 1. Givenan MBR B, we define FD(q, B)
minscgF D(q, s). We obserethefollowing:

<

1. if r < FD(q,B) thenr < FD(q,s) forall s € B.

2. As the box capacityc increasesthe box volumein-
creasesAs aresult,thequery-boxdistance?’D(q, B)
decreasesndthe performancef theindex structure
deteriorates.

3. Forafixedvalueof ¢, F D(q, B) decreaseasthewin-
dow size(w) decreasesThis canbe explainedasfol-
lows. Recallthatthe sumof the entriesof the fre-
gueny vectorsof substringsof lengthw is constant
(i.e. w). Furthermorefrequeny vectorscontaina
fixed numberof dimensions(i.e. o), and eachdi-
mensionhasa nonngatie value. Hence,thereare
C(w + o — 1,w) possiblefrequeng vectorsfor sub-
stringsof lengthw. Consequentlywith decreasing
w, the setof frequeng vectorsin the MBR consti-
tutesa higherpercentagef the setof all possiblefre-
qgueng vectors.As aresult,the probability that f (¢)
is containedn theMBR increasesand F'D(q, B) de-
creasesWe verified this for our datasetdy comput-
ing the averagevolumeof an MBR for differentwin-
dow sizes. This is plottedin Figure6. Accordingto
this figure, the averagebox volume increasesxpo-
nentiallyasw decreases.

4. Thewaveletcoeficientsof thesubstringobtainedoy
slidingthewindow by asinglecharacteareveryclose
to eachother Therefore,the set of wavelet coefi-
cientsin anMBR aregenerallyhighly clustered.
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Figure 6: The averagevolume of MBRs for variousbox
capacitiesandwindow sizes.

3.4 RangeQueries

Our searchtechniquepartitionsa given querystring of ar

bitrary lengthinto a numberof subqueriest variousreso-
lutions availablein ourindex structure.Later, it performs
a partial range queryfor eachof thesesubquerie®n the
correspondingow of theindex structure.Thisis calleda
partial rangequery becausét only computesdistanceof

the wavelettransformof the querysubstringto the MBRs,

not the distanceof the querystring to the substringscon-
tainedin the MBRs.

Givenary queryq of lengthk2% andarangee, thereis
a uniquepartitioning', ¢ = q1g2...q¢, with |¢;| = 2¢ and
a<ec <o < <cg1 < .oeg <a+l-—1. This
partitioning techniquechooseshe longestpossiblesuffix
of ¢, suchthatits lengthis equalto oneof the resolutions
availablein theindex, asthelastquerysubstring.Later, it
recursvely partitionstherestof the stringsto find the other
guerysubstrings.

We first performa searchusingg; on row R, of the
index structure.As aresultof this searchwe obtaina set
of MBRsthatlie within a distanceof r = € x |g| from ¢;.
Usingthedistancego theseMBRs, we refinethe value of
r for eachMBR andmalke a secondjueryusinggs onrow
R., andthenew valueof r. This procesgontinuedor the
remainingrows R, ... R., .

TherelationshipbetweeranMBR andthe substringof
thestringthatformsthis MBR is capturedn thefollowing
lemma.

Lemma3 Lets bea stringand B bean MBRthat covers
thewaveletransformsfall thesubstringoflengthw in s.

Letq bea querystring of lengthw. Letd betheminimum
editdistancebetweery andall substringsof s, then

FD(g,B) <d.

Figure 7 presentgshe completesearchalgorithm. Step
1 partitionsthe query ¢ into separatepiecescorrespond-
ing to a subsetof the rows R.,, Rc,, ..., R., of the

1|f thelengthof thequerystringis notamultiple of theminimumwin-
dow size,thenthe longestprefix of the querywhoselengthis a multiple
of theminimumwindow sizecanbeused.

AlgorithmRANGE_SEARCH (q,r)

1. Partitionthe queryq into ¢t partsasgqi, gs, ..., ¢; such
that\q,-| =2%anda<c¢ <c2 <...<¢ <c¢ip1 <
...... < ¢ <b. LetT,, ; containM; boxes.

2. Forj :=1tod /* processachsequencé/
3. Fork := 1to M; /* proceseachMBR */

(a) distancelk] :=r
(b) Fori:=1tot

i. Performrangequeryon MBRs correspondt

ing to g¢; using radius distance[k]. Let

Res., ; betheresultingsetof MBRswhose

distancedo g; arelessthandistance[k].

ii. distancelk] :=
MATBeRes., ; {distancelk] — FD(g;, B)}

4. Readdisk pagescorrespondingo Res., ;

5. Performpostprocessintp eliminatefalseretrievals.

Figure7: Rangesearchalgorithm.

index structure. In Step 2, every databasesequences
searchedndependentlyThenfor every sequencewe pro-
cessits MBRs independently(Step3). The distancevec-
tor for a given MBR s initialized to r (Step3a). Suc-
cessve rows of the index structurefor the sequenceare
then usedto refine this distancevector (Step3b). When
all rows have beensearchedthe disk pagescorresponding
to the last resultsetare read (Step4). Finally, postpro-
cessings carriedout to eliminatefalseretrievals (Step5).
Notethatary of thedistancecomputatiortechniquesvail-
able[2, 3,4,5,6, 11, 15,17, 18, 20, 21, 22] canbeusedin
thepostprocessingtep.

As aconsequencef Theorem2 andLemma3 we have
thefollowing theorem.

Theorem4 The MRSindex structue doesnot incur any
falsedrops.

We note the following aboutthe searchalgorithm. 1)
For eachMBR, the refinementof radiusis carriedout in-
dependentlyandproceedd$rom top to bottom.2) For each
substring,no disk readsare doneuntil the terminationof
thefor loop in Step3b. Furthermorethetargetpagesare
readin thesameorderastheirlocationondisk. As aresult,
theaveragecostof a pageaccesss muchlessthanthecost
of arandompageaccess.

3.5 Nearestneighbor queries

A k-neaestneighbor(k-NN)queryseekghek closessub-
stringsfrom the databaséo a querystrings. We perform
a k-NN queryin two phasesln thefirst phasethe k clos-
estMBRs in the index structureare determinedoy anin-
memorysearchon theindex structure.Oncethe k closest
MBRs are determinedthe algorithmreadsthe substrings
containedin theseMBRs, andfinds the k** smallestedit



Algorithmk — NN_SEARCH (q, k)
1. Phasel

e B := Thesetof k closestMBRsto thequeryg.
e r := k' smallesedit distanceo stringsin 3.

2. Phas&

¢ RANGE_SEARCH (q,7m1)
e Returnthe k closeststringsin theanswerset.

Figure8: k-nearesheighboralgorithm

distanceof thesesubstringdo the querystring. We repre-
sentthis distanceby r;. Notethat, generallya small per

centageof the databasés processedt this stage. In the
secondphase,we performa rangequeryusingr; asthe
queryradius. Figure8 presentshe completek-NN search
algorithm.

It is guaranteethatthek nearesheighborsreretrieved
in thesecondbhase This canbe explainedasfollows. The
editdistanceof thequeryto theactualk*” nearesheighbor
(sayr) is atmostr;. Let B beanMBR thatcontainsthe
waveletcoeficientsof atleastoneof the substringsn the
actualanswersetof the k-NN query then FD(q, B) < r.
Hence,FD(q, B) < ry, andall the MBRs that contain
answerstringsareretrievedin the secondphase.

Onecanretrieve ary numberof MBRsin thefirst phase
aslong asthey containmorethan k substrings. For ex-
ample, the substringsin the closestMBR is sufficient to
prove correctnes®f the algorithmif the box capacityis
at leastk. The postprocessingnd disk readcost of the
firstphasedecreases fewerMBRsareretrievedin thefirst
phase.However, asthe numberof MBRs retrieved in the
first phasedecreaseghe radiusof the rangequeryin the
secondpohasancreasesHence it causesnorepagegeads
andpostprocessingn thesecondohase.

Korn, Sidiropoulos, Faloutsos, Siggel, and Protopa-
pas[14] proposea similar k-NN search.The authorspro-
posea techniquen which k closestpointsareobtainedin
thefirst phasausinganapproximatedistancefunction. The
actualdistanceto thesepointsis computed,and a range
guerywith the greatestctualdistanceds performedin the
secondphase. Seidland Kriegel [19] proposean optimal
iterative k-nearesneighborsearchtechnique.They iterate
overboththefeatureandtheobjectspaceso ensurghatno
unnecessargbjectsareaccessedOur algorithmis closer
in spirit to the formeralgorithmexceptthat, we work with
MBRs insteadof datapointsin thefirst phase.

4 Experimental results

We usedfour homo sapienschromosomestringsin our
experimentstaken from [1]. Theseare chromosome?
(chr02), chromosomé.8 (chrl8), chromosome1 (chrl2),
and chromosome?2 (chr22). Thesechromosomestrings
arecomposedf thealphabe® = {A4,C,G,T,N}. The
letter “N” standsfor not known We treatthe letter N as
a differentletter, resultingin an alphabetsize of 5. The

lengthsof thesestringsandthe numberof occurrencesf
eachletter are presentedn Figure 9. The chrl8 dataset
contains4M charactersandall the otherdatasetsontain
morethan31M characters.The numbersof A, C, G, and
T charactersn thethechr22dataseareaboutequal while
theotherdatasetsontainmoreA/T thanC/G. Thepercent-
ageof theunknawvn charactergor thechr22datasets 3%,
while it is lessthan0.007% for the otherdatasets.

We implementedsingle wavelet coeficient and two
waveletcoeficientversionsof the MRS-inde structurefor
window sizesw = {128,256,512,1024}. We compared
theperformancef ourtechniqueo theNFA basednethod
proposedy Baeza-¥atesandNavarro[5]. Thisis arecent
techniquefor rangequeries. This techniquesequentially
readsa datastring andfeedsit to an NFA constructedis-
ing the querystring andthe queryradius. The NFA goes
into the acceptingstatewhen&er an answersubstringis
processedOur measuref costis basedon the numberof
disk pagesaccessedandthenumberof stringcomparisons
madelater usingthe accessedlisk pages.Sincethe num-
ber of string comparison:eededor a givendisk pageis
constantover all techniquesthe total costis proportional
to thenumberof disk pagesead.We assumehatthe page
sizeis 1K in our experiments.

The restof this sectionis asfollows. Section4.1 dis-
cusseghe effect of box capacityon the performanceof
gueries.Sectiord.2 discusseshe effect of window sizeon
the performancef queries.Sectionst.3and4.4 discusses
ourresultsfor NN andrangequeries.

4.1 Effect of box capacity

The first experimentcomparesthe performanceof the
MRS-inde for differentbox capacitiesin thisexperiment,
we perform 100 arbitrary length nearesheighborqueries
for box capacities 00, 500, 1000, 2000, 3000,and 4000
for k = 10 onthechrl8dataset.Thelengthof the queries
variesbetweerb12and10000.Figure10 plotsthe costof

the MRS-inde techniqueandthe NFA techniquefor 10-

NN queries. The costof the MRS-inde increasessthe
boxcapacityincreasesThiseffectof increasingpoxcapac-
ity onthe performancavasobsenedearlierin Section3.3

(Obsenation2). Thecostof the MRS-index is muchlower

thanthe NFA techniquefor all thesebox capacities.The
MRS-inde runsup to 120timesfasterthanthe NFA tech-
niguewhenthe box capacityis 500,andup to 4 whenthe
box capacityis 4000. Althoughusing2-waveletcoeficient
slightly improvesthe performancéor the samebox capac-
ity, the size of the index structureis doubled. If we use
the sameamountof memory the singlecoeficient version
performsbetter

4.2 Effect of window size

The secondexperimentreportsthe impactof the window
size(i.e. resolution)on the performancef the MRS-inde&
structure.In this experiment,we useonly onerow of the
index structure.We ran 100arbitrarylengthk-NN queries
for window sizes128, 256,512, 1024for £ = 10 on the
chrl8dataset.The queriesarerandomlyselectedrom the



| Dataset] Al C] G| T] N | Total |
chrl8| 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: Frequenyg of symbolsin the datasets.
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Figure 10: The cost of our methodwith one and two
wavelet coeficients and the NFA techniquefor different
box capacitiedor 10-NN querieson thechr18dataset.

chrl8datasetFiguresll plotsthe costof the MRS-inde

structureandtheNFA technique TheMRS-inde structure
outperformsthe NFA techniquefor all the window sizes.
Furthermorethe performanceof the MRS index structure
itself improvesasthewindow sizeincreasesThe effect of

increasingwindow sizeon the performancevas obsered
earlierin Section3.3 (Obsenation3).

4000

3500

Figure 11: The cost of our methodwith one and two
wavelet coeficients and the NFA techniquefor different
window lengthsfor 10-NN queriesonthe chrl8dataset.

4.3 Nearestneighbor queries

Thethird experimentconsiderst-NN queriesonthechr21
datasefor 9 differentvaluesof k£ from 10to 500whenthe
box capacityis 1000. In this experiment,we ran 100ran-
dom NN queriesof arbitrary lengthsin the range512 to
10000for eachvalueof k. Thequeriesaregeneratedrom
the samedataset Figure12 presentghe costof the MRS-
index structureandthe NFA technique.The experimental
resultsfor the otherdatasetare similar The MRS-inde&
structureoutperformsthe NFA techniquefor all valuesof
k. Althoughthe performanceof the MRS-index structure

dropsfor large valuesof &, it still performsbetterthanthe

NFA technique. We achiered speedupsaup to 45 for 10

nearesheighbors.The speedugor 200 nearesneighbors
is 3. As thenumberof nearesheighborsncreasesheper

formanceof the MRS-inde structureapproacheto thatof

the NFA technique.This is becausen increasinglylarge

numberof MBRs areaccesseih Phasel of the k-nearest
neighboralgorithm.

x 10"

35

Cost

Figure 12: The cost of our methodwith one and two
wavelet coeficients and the NFA techniquefor different
numberof nearesheighborsonthechr2ldataset.

4.4 Rangequeries

We consideredangequeriesin the fourth experimentset
for e = 0.01,0.025,0.05, 0.075,and 0.1 on the chr22
datasetWe performedLOOarbitrarylengthqueriesfor each
errorrate. The box capacityis fixedto 1000in this experi-

ment. Figure13 presentshe costof the MRS-inde struc-
ture andthe NFA technique.In this experimentthe query
stringsareselectedromthechrl8datasetThe MRS-inde&

structureperformedup to 12 times fasterthan the NFA

technique. The performanceof the MRS-index structure
improvedwhenthequeriesareselectedrom differentdata
strings. This is because¢he DNA stringshave a high self
similarity. Therefore,if the query string is chosenfrom

thedatastringitself, thelikelihoodof having morenumber
of matcheswithin a specifiedrangeincreasesThe perfor

manceof the MRS index structuredeterioratessthe error
rateincreasesThis is becausé¢he sizeof the candidateset
increasesstheerrorrateincreases.

5 Discussion

In this paperwe consideredhe problemof searchingim-
ilar stringsin a databaseonsistingof very long strings.
The distancebetweenthe stringsis definedas the mini-

mumnumberof editoperationginsert,delete andreplace)
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Figure 13: The cost of our methodwith one and two
wavelet coeficients and the NFA techniquefor range
gueriesof differentrangesonthechrl8datasetThequery
stringsarechoserfrom thechr22dataset.

to transformonestringto the othet

We transformedhe stringsto aninteger spaceby map-
pingthemto theirfrequeng vectors.Later, we generalized
this ideato mapthe stringsto their local frequenciedor
differentresolutiondy usingawavelettransform.We pre-
sentedan efficient algorithmto find a lower boundon the
distancebetweerthewaveletcoeficientsof the strings.

We adaptedthe MR-index [13] to clusterthe wavelet
coeficientsof the string. We calledthisindex structurethe
MRS-inde structure.Thisindex structureslidesawindow
onthedatastringfor differentresolutionsFor eachresolu-
tion, theindex structureclusterghewaveletcoeficientsof
afixednumber(box capacity)of consecutie substringsn
anMBR. The MRS-ind structures dynamic,andallows
arbitrarylengthqueries.

We presentedalgorithmsfor both range queriesand
nearesheighborqueries.Therangequeryalgorithmsplits
the queryinto subquerie®f availableresolutionsandper
forms successie rangereductionfor eachsubquerywith-
out usingthe datastrings. The k-nearesteighboralgo-
rithm runsin two phasesin thefirst phasethe distanceof
the queryto the MBRs are computedandthe distanceto
the k** closestsubsequencia the k closestMBRs s used
astheradiusfor a rangequeryin the secondphase. This
techniquecanbe usedasa preprocessingp speedup ary
stringsearchtechniquencludingBLAST by pruninglarge
amountof thedatastrings.

According to our experimentalresultswith four dif-
ferent human chromosomespur methodruns up to 45
timesfasterthantheNFA techniqudor 10nearesheighbor
gueries.The MRS-inde structureworks efficiently for up
to 200 nearesneighbors.Similarly, the MRS-inde struc-
ture runs efficiently for rangequeriesif the error rate is
lessthan0.1. The MRS-inde structureperformsup to 12
times betterthan othertechniquedor rangequerieswith
errorrate0.01.

In the future, we would like to model other distance
measuresn which differentcharacteipairshave different
costs,or wherethe gapsareaffine. Findinghighlocal sim-
ilarities within the substring®f the querystringto thedata
stringsis alsoan interestingproblem. Comparisorof the
quality of our resultswith existing software packagess
alsoplannedfor future.
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