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Abstract

With the progressof genomeprojects,a vast amountof
nucleotidesequencedatais now available,which makesit
possibleto studythe species-specificgeneexpressionsys-
temsinvolving transcriptionandtranslationfor awiderange
of organisms. Biological experimentsindicate that func-
tionalRNAs havecharacteristicRNA structuralmotifs rep-
resentedby specificcombinationsof basepairingsandcon-
served nucleotidesin the loop regions. The searchingfor
thosewell-orderedRNA structuresand their homologues
in genomicsequencesis very helpful for the understand-
ing of RNA-basedgeneregulation. In this study, we con-
siderthefollowing problem:GivenanRNA sequencewith
a known secondarystructure,efficiently determinecandi-
datesegmentsin a givengenomicsequencethatcanpoten-
tially form RNA secondarystructuressimilar to the given
RNA secondarystructure. We searchall potential stem-
loopssimilar to onesof thegivenRNA secondarystructure
first, thenbasedon locatedstem-loops,we proposean ef-
ficient bottom-upalgorithmto detectpotentialhomologous
structuralRNAs in thecompletegenome.

Keywords: RNA stem-loop/stem,RNA treerepresentation,
patternrecognition,homologousstructuralsearch.

1 Introduction

Thediscoveryof microRNAs (miRNAs) suggeststhatthere
is a largeclassof smallnon-codingRNAs (ncRNAs). Such
ncRNAs are involved in the specificrecognitionof cellu-
lar nucleicacidtargetsthroughcomplementarybasepairing
to control cell growth anddifferentiation[10]. Accumulat-
ing evidenceindicatesthat ncRNAs canplay critical roles
in a wide rangeof cellular processes,suchas chromoso-
mal silencing,transcriptionalregulation,anddevelopmen-
tal control. Dueto theimportanceof ncRNAs, Knowledge
discovery of themin genomicsequencedatabasesby com-
putationalapproachesis highly desirable[3].

Over the last decade,computationalsearchapproaches
for distinct RNA structuralmotifs, suchas Palingol, Pat-
search,tRNAscan-SE,andtRNAscan[2, 5, 9], havemadea

greatprogress.However, Palingol andPatsearchusea mo-
tif descriptoror anindirectquantitativescoringsystem,it is
difficult andnot sufficient to characterizeexactly thestruc-
tural features.On the otherhand,tRNAscan-SEis limited
to thepredictionof tRNA genes.Bafnaet al. [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,HomoStRscan,to searchfor homologous
structuralRNAs by scanninga genomicsequence. Ho-
moStRscandiffersfrom othercurrentlyusedapproachesin
consideringeachbaseandbasepair in thequeryRNA and
applyinggap penaltyandstackingpair bonus. In general,
this approachis suitablefor detectingany RNA genewith
anestablishedsecondarystructurein genomesequences.

In this paper, we describean efficient and sensitive
bottom-upapproachfor searchinghomologsin a givenge-
nomicsequence.It intentionallyfunctionsasa filer to im-
prove HomoStRscan[8] to be more time efficient. For a
tRNA searchingin the Helicobacter Pylori 26695 genome
( � 1.67M bases),the bottom-uptool locatedaroundtwo
thousandcandidatesegmentsfor tRNAs, andtook approxi-
mately30sto run underan Intel/Linux PCwith 2.8GHz,1
Gbmemory. Moreover, all truetRNAs of thegenomelisted
in theNCBI databasearein thosecandidatesegments.

2 Tree Representation of RNA Sec-
ondary Structure

Let
���

representthesetof basepairsof anRNA secondary
structurefor anRNA primarysequence.In general,anRNA
secondarystructurecontainsbasepairsandunpairedbases.
For ����� , a stem (stack)of RNA secondarystructureis
composedof contiguousbasepairs 	�

����� , 	�
�������������� , . . . ,
	�
�������������� , wherebase
 �!� doesnotpairwith base�"�#�
andbase
$�%�&�'� dosenot pair with base�(�)�*�%� . The
numberof basepairsin a stemis calledstem size, denoted
by + . For ,.-0/ , a loop-segment of RNA secondarystruc-
tureconsistsof all contiguousunpairedbases, , ,1�'� , . . . ,
/2�.� , / , where,*�.� and /��)� arenotunpairedbases.In a
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loop-segment,thenumberof unpairedbasesis calledloop-
segment size, denotedby 3 . Basicallythemostfundamen-
tal and interestingfeaturein an RNA secondarystructure
is thestem-loopmotif [4, 11]. In this study, thestem-loop,
denotedby +54 , is composedof astemsurmountedby aloop-
segment.Noticethat this definitionis morerestrictive than
thegeneraldefinitionof stem-loop.Thesurmountedloop-
segmentin thestem-loopis alsoreferredto ashairpin loop.
The numberof un-pairedbasesin a hairpin loop is called
hairpin seize, denotedby 6 .

In [14], Zhangpresenteda tree representationof RNA
secondarystructure.In this treerepresentation,all internal
nodesarebasepairsandleafnodesareunpairedbases.The
definitionsof child, sibling, andleaf follow naturally. The
orderof basepair 	�
7����� ’s childrenis the orderthey appear
in theRNA primarystructure.Wemodify thetreerepresen-
tation in [14] to form a tree representingRNA secondary
structure

���
. In our treerepresentation,eachinternalnode

is astem,andeachleaf is astem-loop.However, theparent-
child relationshipis similar to theonein [14]. An example
of our treerepresentationis shown in Figure1.
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Figure1: RNA secondarystructureandthetree.

In an RNA secondarystructure,we utilize stemsize +
as a parameterto measurea stem,while the distancebe-
tweentwo consecutive stemsis measuredby the parame-
ter, loop-segmentsize 3 . Let

�98
be our tree represent-

ing a given RNA secondarystructure
�:�

. The nodesof�;8
arenumberedfrom 1 to < �;8 < accordingto the standard

postorder (left-to-right) method. For an internalnode =?> 
A@
with BC> 
D@ degree,let 3FE GIHJE KLHNM2GPO , 3FE GIHJE KQHNMSRUT , VWVXV , 3FE GIHJE YZE GIH HNM2GPO ,
3FE GIHJE YZE GIH HNMSRUT be the correspondingmin and/ormax values
of the distancesbetweentwo consecutive nodes. That is,
3FE GIHJE KLHNM2GPO and 3FE GIHJE KLHNMSRUT arethemin and/ormaxvaluesof
thedistancebetween=?> 
D@ andits first child node. 3FE GIHJE [AHNM2GPO
and 3\E GPH]E [AHNM2RWT arethemin and/ormaxvaluesof thedistance
betweenthefirst andsecondchild nodesof =?> 
D@ , andsoon.
3FE GIHJE YZE GIH HNM2GPO and 3FE GIHJE YZE GIH HNM2RWT are the min and/ormax val-
uesof thedistancebetween=?> 
D@ andits lastchild node. In�;8

, 3\E GPH]E KQHNM^G]O and 3\E GPH]E KQHNM2RWT arestoredin thefirst child of
=?> 
D@ , 3FE GIHJE [AHNM2GPO and 3FE GIHJE [AH M2GPO arestoredin thesecondchild

of =?> 
D@ , andso forth. 3\E GPH]E Y�E GPH HNM2GPO and 3FE GIHJE YZE GIH HNM2RWT will be
containedin =?> 
D@ . Moreover, if =?> 
D@ is the first child of its
parent,themin and/ormaxvaluesof thedistancebetween
=?> 
A@ andits parentwill alsobe storedin =?> 
A@ , or if the =?> 
D@
hasleft sibling(s),themin and/ormaxvaluesof thedistance
between=?> 
D@ andits first left sibling will alsobe storedin
=?> 
A@ . Themin and/ormaxstemsizesof thestemrepresented
by =?> 
D@ will bestoredin =?> 
D@ .
3. Algorithms
Basedon our treerepresentationof RNA secondarystruc-
ture,we introduceanefficient andsensitive bottom-upap-
proachfor determiningwhethersomesegmentsin a given
DNA sequencecanpotentiallyform RNA secondarystruc-
turessimilar to thegivenRNA secondarystructure.

In terms of structuralparameters(i.e., stem sizesand
loop-segmentsizes)of thegiven RNA secondarystructure�:�

, we cansetup the correspondingmin and/ormax val-
uesof stemandloop-segmentsizes.Thedefaultmin and/or
maxvaluesof eachsizearehalf of thesize,andoneandhalf
of thesize,respectively. For acertainapplication,thoseval-
uescanbeeasilymodifiedby users.Themainstagesof the
bottom-upapproachareasfollows. (1) Searchfor eachpo-
tential stem-loop,+ 4 E [AH , . . . , + 4 E GIH , . . . , satisfyingthe corre-
spondingmin and/ormaxvaluesof loop-segment(i.e. hair-
pin loop) and stemsizes,in the given genomicsequence�

. (2) Basedon our treerepresentationof RNA secondary
structure,andcorrespondingmin and/ormaxvaluesof stem
sizesandloop-segmentsizesof the given RNA secondary
structure

�:�
, wedesignanew efficientbottom-upapproach

to computemoreandmorecomplicatedsubstructuresun-
til they form RNA secondarystructuressimilar to thegiven
one

�:�
. (3) If applicable,we utilize additionalRNA bio-

logical features,suchasthe terminaltag _`_`a with the bdc
endof tRNA, to furtherimprovethefalsepositiveratio(i.e.,
to reducethenumberof candidates).Finally, we outputall
candidatesegments.

3.1 Stem-Loop Searching Algorithm

Supposethatin anRNA secondarystructure,thebasepair-
ing is limited to theWatson-Crickbasepairs,andtheWob-
ble basepair. We now proposea searchingalgorithm,SL-
SEARCH, for finding a single potential stem-loopin an
givengenomicsequence

�
of length = by looking for base

pairs. The SL-SEARCHstartsat two specifiedpositions 

and� ( ��ef
g-h�ie)= ), in sequence

�
, thenextends
 to left

and� to right for locatingcontiguousbasepairscharacterby
characteruntil no furthercomplementbasematching.Dur-
ing the complementbasematching,we computethe stem
size + . Obviously, the hairpin loop size 6kjl���f
��0� .
SinceSL-SEARCHlooksfor basepairscharacterby char-
acter, the time complexity canbe boundby mn	A+?� . Notice
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that the algorithm SL-SEARCHis central to locateRNA
motifs in genomes.Thereis an interestingway to improve
SL-SEARCHusingsuffix treedatastructures[6, 13]andthe
constant-timelowestcommonancestor(LCA) querytech-
nique[6, 12]. After beingimproved,theSL-SEARCHcan
achieve thedesirabletime complexity: constant-time.

For searchingall of potential stem-loopsin the given
genomicsequence

�
of length = , we iteratively call SL-

SEARCH to scan the entire
�

. In other words, �oj
���qpr�WVXVWVW�7= and 
Fjs�F�t6o�u� . Notice that when scan-
ning

�
, we may locate“invalid” potentialstem-loops. If

thestemof onestem-loopis totally overlappedby thestem
of anotherstem-loop,we call sucha stem-loopinvalid. In-
valid potentialstem-loopscanbeeasilydeleted.

Lemma 1 Let 6 M2GPO and 6 MSRUT be the min and max values
of hairpin size 6 , respectively. The total number of poten-
tial stem-loops in a given genomic sequence of length = can
be bounded by mn	�=v� , assuming 6 M2GPO and 6 MSRUT are con-
stants.

3.2 The Bottom-Up Approach

Basedessentiallyon locatedstem-loopsandour treerepre-
sentationof RNA secondarystructure,thebottom-upcom-
putingstartsat leaf nodesrepresentingstem-loopsuntil the
root. The key ideasof the bottom-upalgorithm,MOTIF-
SEARCH,areas follows. (1) For internalnode =?> 
D@ with
Bw> 
D@ degree(i.e., Bw> 
D@ substructures,suchasstem-loops,see
Figure 1), we first integratethe first substructureand the
secondsubstructure,suchthatthedistance3 betweenthem
satisfying 3\E GPH]E [AHNM^G]O0ex3yes3FE GIHJE [AHNMSRUT , to form an inte-
gratedsubstructure,thenintegratethe integratedsubstruc-
ture andthe third substructureto form onemorecomplex
substructure,andsoonuntil the Bw> 
A@ -th propersubstructure.
All of suchsubstructurescontaining Bw> 
A@ consecutive sub-
structureswill be saved in an array. In the array, eachel-
ementhasthe startandendpositions,+"z and {(z , of the
integratedsubstructure.(2) After finding suchintegrated
substructurescontainingBC> 
D@ consecutive substructures,we
now call SL-SEARCHto extendeachintegratedsubstruc-
ture to containthe stemrepresentedby =?> 
A@ , suchthat the
distancesandstemsize + satisfyingthecorrespondingmin
and/ormax values. Thosepotentialsubstructurescontain-
ing extendedstemsaresavedin array |}E GIH . In thearray, each
elementhasthestartandendpositions,+"z and {(z , of the
more complicatedsubstructure.(3) Repeatsteps1 and2
until theroot in thetree.

Theorem 1 Given an RNA secondary structure
�:�

and a
genomic sequence

�
of length = , let ~ be the number of

nodes in the tree representing
���

, + MSRUT be the max value
of stem size, 3 M2RWT be the max distance between two poten-
tial consecutive substructures, and � MSRUT be the max num-

ber of potential substructures starting at some position 

( 
 -th base) in

�
, the time and space complexities of MOTIF-

SEARCH can be bound by mn	�=5~�� MSRUT 3 MSRUT �)=5~�+ MSRUT �
and mn	�=5~�� , respectively.

4 Results and Discussion

Wereportedheretheapplicationsof ouralgorithmsandthe
correspondingsoftware“mSearch”in locatingtRNAs and
5S rRNAs in several bacterialgenomedatabases.In or-
der to distinguishthedifferenceof structuralfeatureof the
queryRNA encodedin eitherthepositivestrandedsequence
(PSS)or reversecomplementarysequence(RCS),we use
thesametargetsequencedata,andtwo structuraland/orpa-
rameterprofilesof thegivenRNA secondarystructure

���
.

Applications for Searching tRNAs: The given -tRNA
5322- 4247in HelicobacterPylori 26695is encodedin the� cC��bdc sequence.BasedessentiallyonthegiventRNA sec-
ondarystructureand the commonfeaturesof tRNA, such
as the variable loop containing b\��p�� bases,we design
two parameterprofiles(i.e., the min and/ormax valuesof
distances)to searchtRNAs similar to the given RNA sec-
ondarystructure

���
in thesametargetsequencedata.One

of theparameterprofilesis for searching-tRNAs (seeTable
1), andtheotheroneis for searching+tRNAs (SeeTable2).
Theparameterprofilescanbemodifiedby users.

Acceptorstemsize + +��%�
a:_ basepairsin Acceptorstem e%b
Hairpinsize 6 in stem-loops b*e)6�e��Zp
Stemsize + in stem-loops b�e%+�e �
a:_ basepairsin stem-loops e��
3 R7� 8 betweenAcceptor-T � C stems ��ef3 R7� 8 e%p
3 8 R betweenT � C-Anticodonstems ��ef3 8 R e%pr�
3 RUY betweenAnticodon-Dstems ��ef3 RUY e%�
3 YqR
� betweenD-Acceptorstems �1ef3 Y�R7� e)�

Table1: -tRNA ParameterProfile

Acceptorstemsize + +��%��&�
basepairsin Acceptorstem e%b

Hairpinsize 6 in stem-loops b*e)6�e��Zp
Stemsize + in stem-loops b�e%+�e �
�&�

basepairsin stem-loops e��
3 R7�XY betweenAcceptor-D stems �1ef3 R7�XY e)�
3 YqR betweenD-Anticodonstems ��ef3 YqR e%�
3 R 8 betweenAnticodon-T� C stems ��ef3 R 8 e%pr�
3 8 R7� betweenT � C-Acceptorstems ��ef3 8 R7� e%p

Table2: +tRNA ParameterProfile
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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 parameterprofiles(seeTables1 and2), our
“mSearch” located992 candidatesegmentsfor tRNA in
MG genome. In anotherexperiment,using the sametwo
default parameterprofiles, we found 1640 candidateseg-
mentsfor tRNAs in the completegenomeof Helicobacter
pylori 26695 (HP). For HP genome,36 tRNAs wereanno-
tatedin theNCBI databaseof BacteriaCompleteGenomes.
Among them, 15 tRNAs (+tRNAs) were encodedin the
PSS,while 21 tRNAs (-tRNAs) wereencodedin theRCS.
In the two applications,we found all of tRNAs listed in
NCBI databases(i.e. Thefalsenegative is zero).

Applications for Searching 5S rRNAs: Thegiven- 5S
rRNA in BacillusSubtilisgenomeis encodedin the

� cw��bdc
sequence.Similarly, we useonetarget sequencedataand
designtwo defaultparameterprofilesto searchhomologous
5S rRNAs in genomes.Due to lack of space,we will not
statethe parameterprofilesfor searching5SrRNAs in de-
tail.

Sincethereexistsa relatively smallnumberof 5SrRNA
genesin bacteriagenomes,we only choosesome sub-
sequencesof genomes,which containrelatively more 5S
rRNAs, to evaluatetheperformanceof our algorithms.For
the subsequence(bases1,900,000- 2,300,000)of Staphy-
lococcus aureus subsp.aureus MW2 (MW2) genome,three
-5SrRNAs wereannotatedin theNCBI bacteriadatabase.
Based on the default -5S rRNA parameterprofile, the
“mSearch”located1986candidatesegmentsfor -5SrRNAs
in the subsequenceof MW2. In anotherexperiment,the
programlocated1349candidatesegmentsfor +5S rRNAs
in the subsequence(bases3,900,000- 4,300,000)of Es-
cherichia Coli K12 (EK12) usingthedefault+5SrRNA pa-
rameterprofile. For the subsequenceof EK12, four +5S
rRNAs wereannotatedin the NCBI bacteriadatabase.In
thetwo applications,wefoundall true5SrRNAs of thetwo
subsequenceslisted in the NCBI databases(i.e. The false
negative is zero).Dueto theexistingof non-canonicalbase
pairs,theratio of falsepositive is not goodenough.In on-
going work, we plan to addsomeconstrainsto reducethe
numberof candidates.

5 Conclusion

We have presentedanefficient bottom-upapproach,which
takesas input an RNA sequencewith a known secondary
structureanda target genomicsequence,for detectingpo-
tentialhomologousstructuralRNAs in a sequence.In gen-
eral,our approachcanbeusedto searchfor any RNA seg-
mentswith a known structure. The computationalexperi-

mentson several completegenomesandsubsequencesin-
dicatethattheapproachcanefficiently filter out theregions
thatmaynot form suchstructuralhomologs,andlocateall
true tRNAs and 5S rRNAs annotatedin NCBI databases.
We expectto improve theratio of falsepositive with addi-
tional structuralfeatures.
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