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Abstract

With the progressof genomeprojects, a vast amountof
nucleotidesequencelatais now available,which makesit
possibleto studythe species-specifigeneexpressionsys-
temsinvolving transcriptiorandtranslatiorfor awiderange
of organisms. Biological experimentsindicate that func-
tional RNAs have characteristidRNA structuralmotifs rep-
resentedy specificcombinationof basepairingsandcon-
sened nucleotidesn the loop regions. The searchingfor
thosewell-orderedRNA structuresand their homologues
in genomicsequencess very helpful for the understand-
ing of RNA-basedgeneregulation. In this study we con-
siderthefollowing problem:Givenan RNA sequencevith
a known secondarystructure,efficiently determinecandi-
datesggmentsin a givengenomicsequencéehatcanpoten-
tially form RNA secondarystructuressimilar to the given
RNA secondarystructure. We searchall potential stem-
loopssimilar to onesof the givenRNA secondangstructure
first, thenbasedon locatedstem-loopswe proposean ef-
ficient bottom-upalgorithmto detectpotentialhomologous
structuralRNAs in the completegenome.

Keywor ds: RNA stem-loop/stemiRNA treerepresentation,
patternrecognition homologousstructuralsearch.

1 Introduction

Thediscovery of microRNAs (miRNASs) suggestshatthere
is alarge classof smallnon-codingRNAs (ncRNAS). Such
ncRNAs areinvolved in the specificrecognitionof cellu-
lar nucleicacidtargetsthroughcomplementarpasepairing
to control cell growth anddifferentiation[1(. Accumulat-
ing evidenceindicatesthat ncRNAs canplay critical roles
in a wide rangeof cellular processessuchas chromoso-
mal silencing,transcriptionakegulation,and developmen-
tal control. Dueto theimportanceof ncRNAs, Knowledge
discovery of themin genomicsequencelatabaseby com-
putationalapproachess highly desirabldg3].

Over the last decade computationakearchapproaches
for distinct RNA structuralmotifs, suchas Palingol, Pat-
searchfRNAscan-SEandtRNAscan[2, 5, 9], have madea
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greatprogress However, Palingol and Patsearctusea mo-
tif descriptoror anindirectquantitatve scoringsystemijt is
difficult andnot sufficient to characterizexactly the struc-
tural features.On the otherhand,tRNAscan-SEs limited
to the predictionof tRNA genes.Bafnaetal. [1] presented
FastRfor searchingnon-codingRNA, which is fasterthan
RSEARCH][7] but in someapplicationsthe ratio of false
negative of filters may high. Zhanget al. [8] proposeda
novel algorithm,HomoStRscanto searchfor homologous
structuralRNAs by scanninga genomicsequence. Ho-
moStRscamliffersfrom othercurrentlyusedapproaches
consideringeachbaseandbasepair in the queryRNA and
applying gap penaltyand stackingpair bonus. In general,
this approachs suitablefor detectingany RNA genewith
anestablishedecondangtructurein genomesequences.

In this paper we describean efficient and sensitve
bottom-upapproachor searchinghomologsin a givenge-
nomic sequencelt intentionallyfunctionsasa filer to im-
prove HomoStRscar8] to be moretime efficient. For a
tRNA searchingn the Helicobacter Pylori 26695 genome
(~1.67M bases),the bottom-uptool locatedaroundtwo
thousanccandidatesggmentsfor tRNAs, andtook approxi-
mately30sto run underan Intel/Linux PCwith 2.8GHz,1
Gbmemory Moreover, all truetRNAs of thegenomdisted
in the NCBI databasarein thosecandidatesegments.

2 Tree Representation of RNA Sec-
ondary Structure

Let R, representhe setof basepairsof anRNA secondary
structurfor anRNA primarysequenceln generalanRNA
secondangtructurecontainsbasepairsandunpairedbases.
For k > 0, a stem (stack)of RNA secondarystructureis
composedf contiguousbasepairs(s, j), (:+1,7—1),...,
(i+k,j—k), wherebasei — 1 doesnot pairwith basej +1
andbasei + k + 1 dosenot pair with basej — k — 1. The
numberof basepairsin a stemis calledstem size, denoted
by S. Forp < ¢, aloop-segment of RNA secondarystruc-
ture consistf all contiguousunpairedbasew, p + 1, ...,
q—1, g, wherep — 1 andq + 1 arenotunpairecbasesin a



loop-s@ment,the numberof unpairecbasess calledloop-
segment size, denotecby D. Basicallythe mostfundamen-
tal and interestingfeaturein an RNA secondarystructure
is the stem-loopmotif [4, 11]. In this study the stem-loop,
denotedy S;, is composeaf astemsurmountedby aloop-
segment. Notice thatthis definitionis morerestrictve than
the generaldefinition of stem-loop.The surmountedoop-
segmentin the stem-loopis alsoreferredto ashairpin loop.
The numberof un-pairedbasesn a hairpinloop is called
hairpin seize, denotedoy H.

In [14], Zhangpresented tree representatiomf RNA
secondanstructure.In this treerepresentatiorall internal
nodesarebasepairsandleaf nodesareunpairedbasesThe
definitionsof child, sibling, andleaf follow naturally The
orderof basepair (3, j)'s childrenis the orderthey appear
in theRNA primarystructure We modify thetreerepresen-
tation in [14] to form a treerepresentingRNA secondary
structureR,. In our treerepresentatioreachinternalnode
is astem,andeachleafis astem-loop However, the parent-
child relationshipis similar to the onein [14]. An example
of ourtreerepresentatiors shavn in Figurel.
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(a) RNA Secondary Structure (b) Tree Representation

Figurel: RNA secondangtructureandthetree.

In an RNA secondarystructure,we utilize stemsize S
asa parameteto measurea stem,while the distancebe-
tweentwo consecutie stemsis measurecy the parame-
ter, loop-sgmentsize D. Let R; be our tree represent-
ing a given RNA secondarystructureR;. The nodesof
R; arenumberedrom 1 to |R;| accordingto the standard
postorder (left-to-right) method. For aninternalnoden|
with d[4] degree,let Dyjjojmin» Diijjojmaz: = * *» Dlil{d[ijmin
Dyi[djijmaz € the correspondingnin and/ormax values
of the distancesbetweentwo consecutie nodes. Thatis,
Diijjojmin @Nd Dj0jmae arethe min and/ormaxvaluesof
thedistancebetweem[i] andits first child node. Dy;jj1jmin
andDyji11mae aretheminand/omaxvaluesof thedistance
betweertheflrst andsecondchild nodesof n[i], andsoon.

Dyijdjijmin @Nnd Dijj[d[i}jmaz arethe min and/ormax val-
uesof the distancebetweenn[i] andits lastchild node. In
R, D [][ Jmin @Nd D[jj[0)mae arestoredin thefirst child of
n[i], Dijjijmin @NADpiji11min arestoredin theseconcehild
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of n[i], andsoforth. Dyjjafijmin @Nd Dygafijjmaes Will b€
containedn n[i]. Moreover, if n[i] is theflrst child of its
parent,the min and/ormax valuesof the distancebetween
n[é] andits parentwill alsobe storedin n[i], or if then[q]
hasleft sibling(s),themin and/ormaxvaluesof thedistance
betweenn[i] andits first left sibling will alsobe storedin
n[i]. Themin and/ormaxstemsizesof thestemrepresented
by n[z] will bestoredin n[z].

3. Algorithms

Basedon our treerepresentatiomf RNA secondarystruc-
ture, we introducean efficient and sensitve bottom-upap-
proachfor determiningwhethersomeseggmentsin a given
DNA sequenceanpotentiallyform RNA secondanstruc-
turessimilarto thegivenRNA secondangtructure.

In termsof structuralparametergi.e., stemsizesand
loop-s@mentsizes)of the given RNA secondanystructure
R, we cansetup the correspondingnin and/ormax val-
uesof stemandloop-s@mentsizes.Thedefaultmin and/or
maxvaluesof eachsizearehalf of thesize,andoneandhalf
of thesize,respectiely. Foracertainapplicationthoseval-
uescanbe easilymodifiedby users.The mainstagesf the
bottom-upapproacltareasfollows. (1) Searchor eachpo-
tential stem-loop,Syj1y, - - ., Sy, - - -, satisfyingthe corre-
spondingmin and/ormaxvaluesof loop-sgment(i.e. hair-
pin loop) and stemsizes,in the given genomicsequence
R. (2) Basedon our treerepresentationf RNA secondary
structureandcorrespondingnin and/ormaxvaluesof stem
sizesandloop-sgmentsizesof the given RNA secondary
structureR, we designanew efficientbottom-upapproach
to computemore and more complicatedsubstructuresin-
til they form RNA secondarstructuressimilar to the given
one R,. (3) If applicable,we utilize additionalRNA bio-
logical features suchasthe terminaltag CC A with the 3’
endof tRNA, to furtherimprovethefalsepositiveratio(i.e.,
to reducethe numberof candidates)Finally, we outputall
candidatesegments.

3.1 Stem-Loop Searching Algorithm

Supposedhatin anRNA secondangtructure the basepair
ing is limited to the Watson-Crickbasepairs,andthe Wob-
ble basepair. We now proposea searchingalgorithm, SL-
SEARCH, for finding a single potential stem-loopin an
givengenomicsequenceR of lengthn by looking for base
pairs. The SL-SEARCHSstartsat two specifiedpositions:
andj (1 <17 < j < n), insequence, thenextends: to left
andj torightfor locatingcontiguousasepairscharacteby
characteuntil no furthercomplemenbasematching.Dur-
ing the complementbasematching,we computethe stem
size S. Obviously, the hairpinloop sizeH = j — i — 1.
SinceSL-SEARCHIooks for basepairscharacteby char
acter the time compleity canbe boundby O(S). Notice



that the algorithm SL-SEARCH s centralto locate RNA
motifs in genomesThereis aninterestingway to improve
SL-SEARCHusingsufiix treedatastructure$6, 13]andthe
constant-timdowestcommonancesto(LCA) querytech-
nique[6, 12]. After beingimproved,the SL-SEARCHcan
achive thedesirabldime compleity: constant-time.

For searchingall of potential stem-loopsin the given
genomicsequenceR of lengthn, we iteratively call SL-
SEARCH to scanthe entire R. In other words, j =
1,2,---,n andi = j — H — 1. Notice that whenscan-
ning R, we may locate“invalid” potential stem-loops. If
the stemof onestem-loopis totally overlappedoy the stem
of anotherstem-loopwe call sucha stem-loopinvalid. In-
valid potentialstem-loopsanbeeasilydeleted.

Lemmal Let H,,;, and H,,.. bethe min and max values
of hairpin size H, respectively. The total number of poten-
tial stem-loopsin a given genomic sequence of length n can
be bounded by O(n), assuming H:, and H,,, are con-
stants.

3.2 TheBottom-Up Approach

Basedessentiallyon locatedstem-loopsandour treerepre-
sentatiorof RNA secondanstructure the bottom-upcom-
puting startsat leaf nodesrepresentingtem-loopauntil the
root. The key ideasof the bottom-upalgorithm, MOTIF-
SEARCH, areasfollows. (1) For internalnoden[:] with
d[i] degree(i.e., d[i] substructuressuchasstem-loopssee
Figure 1), we first integrate the first substructureand the
secondsubstructuresuchthatthe distanceD betweerthem
satisfying Dijj1jmin < D < Diij[1}mas- t0 fOrm aninte-
gratedsubstructurethenintegratethe integratedsubstruc-
ture andthe third substructurdgo form one more comple

substructureandsoon until thed[i]-th propersubstructure.

All of suchsubstructuregontainingd[i] consecutie sub-
structureswill be savedin anarray In the array eachel-

ementhasthe startandendpositions,SP and EP, of the
integratedsubstructure. (2) After finding suchintegrated
substructuresontainingd[i] consecutie substructuresye

now call SL-SEARCHto extendeachintegratedsubstruc-
ture to containthe stemrepresentedy n[:], suchthat the
distanceandstemsize .S satisfyingthe correspondingnin

and/ormax values. Thosepotentialsubstructuresontain-
ing extendedstemsaresavedin arrayLy; . In thearray each
elementhasthe startandendpositions,SP and E P, of the
more complicatedsubstructure.(3) Repeatstepsl and 2

until therootin thetree.

Theorem 1 Given an RNA secondary structure R, and a
genomic sequence R of length n, let N be the number of
nodes in the tree representing R, Spmaz be the max value
of stemsize, D, bethe max distance between two poten-
tial consecutive substructures, and 7,4, be the max num-
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ber of potential substructures starting at some position
(i-th base) in R, the time and space complexities of MOTI F-
SEARCH can be bound by O(n N7z Dmaz + N Smaz)
and O(nNV), respectively.

4 Resaultsand Discussion

We reportedherethe applicationsf our algorithmsandthe
correspondingoftware “mSearch”in locatingtRNAs and
5S rRNAs in several bacterialgenomedatabases.In or-
derto distinguishthe differenceof structuralfeatureof the
gueryRNA encodedn eitherthepositive strandedequence
(PSS)or reversecomplementarysequencéRCS), we use
thesametargetsequenceata,andtwo structuraland/orpa-
rametermprofilesof thegivenRNA secondangtructureR;.
Applications for Searching tRNAs: The given -tRNA
5322- 4247in HelicobactelPylori 26695is encodedn the
5' + 3’ sequenceBasecdessentiallyonthegiventRNA sec-
ondarystructureand the commonfeaturesof tRNA, such
as the variable loop containing3 — 21 bases,we design
two parameteiprofiles (i.e., the min and/ormax valuesof
distances}o searchtRNAs similar to the given RNA sec-
ondarystructureR; in the sametarget sequencelata. One
of theparameteprofilesis for searchingtRNAs (seeTable
1), andtheotheroneis for searchingrtRNAs (SeeTable2).
Theparameteprofilescanbe modifiedby users.

Acceptorstemsize S S>6
AC basepairsin Acceptorstem <3
Hairpinsize H in stem-loops 3<H<LI12
Stemsize.S in stem-loops 3<85<5
AC basepairsin stem-loops <1
D, betweerAcceptorTyC stems | 0 < Dy, <2
Dy, betweenTyC-Anticodonstems| 0 < Dy, <21
D4 betweenAnticodon-Dstems 0< Dy, <6
D, betweerD-Acceptorstems 0< Dg,p <4

Tablel: -tRNA ParameteProfile

Acceptorstemsize S S>6
GU basepairsin Acceptorstem <3
Hairpinsize H in stem-loops 3<H<LI12
Stemsize.S in stem-loops 3<85<5
GU basepairsin stem-loops <1
D,pq betweerAcceptorD stems 0< Dgpg < 4
D, betweerD-Anticodonstems 0< Dy, <6
D,; betweenmAnticodon-TyC stems| 0 < D, < 21
Dy,p, betweeriTyC-Acceptorstems | 0 < Dygp <2

Table2: +tRNA ParameteProfile



For the completegenomeof Mycoplasma Genitalium
(MG), 36 tRNAs were annotatedin the NCBI database
of BacteriaCompleteGenomes.Among them, 16 tRNAs
(+tRNAs) were encodedin the PSS, while 20 tRNAs (-
tRNAs) were encodedin the RCS. Basedessentiallyon
the two default parameteprofiles(se€lrablesl and2), our
“mSearch”located 992 candidateseggmentsfor tRNA in
MG genome. In anotherexperiment,using the sametwo
default parametemprofiles, we found 1640 candidateseg-
mentsfor tRNAs in the completegenomeof Helicobacter
pylori 26695 (HP). For HP genome 36 tRNAs wereanno-
tatedin the NCBI databasef BacteriaCompleteGenomes.
Among them, 15 tRNAs (+tRNAs) were encodedin the
PSS,while 21 tRNAs (-tRNAs) wereencodedn the RCS.
In the two applications,we found all of tRNAs listed in
NCBI database§.e. Thefalsenegativeis zero).

Applications for Searching 5SrRNAs: Thegiven- 5S
rRNA in BacillusSubtilisgenomes encodedn the5’ + 3’
sequence.Similarly, we useonetamget sequencalataand
designtwo default parameteprofilesto searcthomologous
5SrRNAs in genomes.Dueto lack of spacewe will not
statethe parameteprofilesfor searchinggSrRNAs in de-
tail.

Sincethereexistsarelatively smallnumberof 5SrRNA
genesin bacteriagenomes,we only choosesome sub-
sequence®f genomeswhich containrelatively more 5S
rRNAs, to evaluatethe performanceof our algorithms.For
the subsequencébasesl,900,000- 2,300,000)of Saphy-
lococcus aureus subsp.aureus MW2 (MW2) genome three
-5SrRNAs wereannotatedn the NCBI bacteriadatabase.
Based on the default -5S rRNA parameterprofile, the
“mSearch’located1986candidatesegmentsor -5SrRNAs
in the subsequencef MW2. In anotherexperiment,the
programlocated1349 candidatesegmentsfor +5S rRNAs
in the subsequencébases3,900,000- 4,300,000)of Es-
cherichia Coli K12 (EK12) usingthedefault +5SrRNA pa-
rameterprofile. For the subsequencef EK12, four +5S
rRNAs were annotatedn the NCBI bacteriadatabase.In
thetwo applicationswe foundall true5SrRNAs of thetwo
subsequencdssted in the NCBI databasegi.e. The false
negative is zero). Dueto the existing of non-canonicabase
pairs,the ratio of falsepositive is not goodenough.In on-
goingwork, we planto addsomeconstraingo reducethe
numberof candidates.

5 Conclusion

We have presentedn efficient bottom-upapproachwhich
takesasinput an RNA sequencevith a known secondary
structureand a target genomicsequencefor detectingpo-
tentialhomologousstructuralRNAs in a sequenceln gen-
eral,our approactcanbe usedto searchfor ary RNA say-
mentswith a known structure. The computationakxperi-
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mentson several completegenomesand subsequences-
dicatethatthe approactcanefficiently filter outtheregions
thatmay not form suchstructuralhomologs,andlocateall
true tRNAs and 5S rRNAs annotatedn NCBI databases.
We expectto improve the ratio of falsepositive with addi-
tional structuraffeatures.
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