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Abstract

Canwe generatean RNA sequencethatwill fold up into a givenstructure?We proposesev-
eralapproachesthat canbeappliedto solving this problem:probabilisticmodelingusingse-
quencefrequencies,self-loopfold-avoidance,sub-structureenergy negation,andgraph-based
approaches.

1 Intr oduction

As our collective knowledgeof geneticsandmolecularbiology continuesto expand,exciting innovations
in geneticengineeringarequickly becomingpossible.The improvementof diseasediagnoses,thedesign
of individualizeddrugs,a betterunderstandingof cellular pathways,andthe synthesisof life areonly a
few examplesof the advancesthat arecurrentlybeingmade. A thoroughunderstandingof the natureof
ribonucleicacid (RNA) moleculeshas,andcontinuesto be, a centralcomponentof many suchresearch
thrusts. By applyingour understandingof the propertiesof RNA molecularsequencesandtheir natural
configurations,RNA moleculescontinueto provide a significantsourceof inspirationfor advancesin the
biologicalsciences.

Thesymbiosisof biologyandcomputertechnologythroughtheareaof bioinformaticsnow makesit feasible
for usto examinecomplex theoreticalandphysicalmodelsof RNA molecules.With computationalmodels
of RNA, we maybegin to explore the complex relationshipbetweenRNA molecularsequencesandtheir
physicalstructures.In particular, wemaybeinterestedin thequestionof how wemightgenerateartificially
coherentRNA molecularsequences.The answerto this questionmay hold the promisefor even more
scientificadvancesin the future. As our contribution, we seekto rigorouslydefineandto provide insight
into oneparticularaspectof thisquestion:givena specificsecondarystructuralconfiguration,is it possible
for usto designanappropriateRNA sequencethatmatchesthegivenstructure?

Thispapersummarizestheresultsof oureffortsandis organizedinto eightmajorsections.Thefirst section
is madeup of this introduction. Thesecondsectionprovidessomegeneralbackgroundinto the natureof
RNA moleculesandsecondarystructure.Thethird sectionprovidesasolid foundationfor theproblemthat
weattemptto address,citing othersimilarwork thatprecedesourown research.Thefourthsectionexhaus-
tively describesthe algorithmicmodelsthat we have chosento pursueandimplement. The fifth section
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offers a completestatisticalexaminationandevaluationof our modelsandtheir performance.The sixth
sectionaddressesthefundamentallimitationsof our approach,describingtheeffectsof thecomputational
assumptionsthat we made. The seventhsectionoutlinespossiblefuture researchthat might be pursued.
Finally, theeighthsectionprovidessomeconcludingthoughts.

2 RNA Sequencesand SecondaryStructure

Figure1: Thecentraldogmaof molecularbiology.

Figure1 above outlinesthecentraldogmaof molecularbiology. Informally, thecentraldogmastatesthat
deoxyribonucleicacid (DNA) molecules,which containall of the informationthat is necessaryto make
proteins,undergo a processof transcription,wherebygivenDNA moleculesareusedastemplatesfor the
synthesisof RNA molecules.In a subsequentprocess,RNA moleculesundergo a processof translation,
wherebygivenRNA moleculesareusedto build theaminoacidsequencesthatmake up proteins.In this
way, RNA servesasan intermediatestructurethroughwhich strandsof DNA aremadeto correspondto
final proteinproducts.

Thepresenceof RNA moleculesis critical to thecentraldogmabecauseRNA canexplainagreatdealabout
existing organisms’evolutionaryhistory andorganization. RNA moleculesare thoughtto protectDNA
molecules,keepingDNA moleculessafefrom thepotentiallydangerousreactionsinherentin thecytoplasm
of eukaryoticcells. It is alsobelieved that geneticinformationcanbe amplifiedsimply by having many
copiesof RNA producedfrom asinglecopy of DNA. Furthermore,it is acceptedthattheregulationof gene
expressioncanbeaffectedby having specific”controls” at eachelementof thepathwaybetweenDNA and
proteins.By introducingRNA into theprocessof synthesizingproteinsfrom DNA, therearemorenatural
opportunitiesto controltheexpressionof particulargenesunderdifferentcircumstances.

Chemicallyspeaking,RNA moleculesarepolymerstructuresof varying lengththat consistof a primary
sugar-phosphatebackboneto which sequencesof basicnucleotideunitsareattached.Eachnucleotideunit
in anRNA moleculeis madeup of a base,a ribosesugar, anda phosphate.Therearefour essentialkinds
of nucleotideunits - adenine(A), uracil (U), cytosine(C), andguanine(G). Sincethesenucleotideunits
areconnectedto thebackbone(by forming phosphodiesterlinkages)via named5’ oxygenand3’ oxygen
molecules,thesequencesof nucleotidesthatmakeupa particularmoleculeof RNA arefrequentlydenoted
asa characterstringthatare”read” from a designated5’ endof themoleculeto acorresponding3’ end.

ParticularRNA moleculesareoftencategorizedinto oneof thefour basickindsof RNA thataregenerated
by organiccells.MessengerRNA (mRNA) moleculesareduplicatecopiesof specificgenesthatactto carry
theinformationstoredby aDNA moleculein thenucleusof acell to thecytoplasmof acell. TransferRNA
(tRNA) moleculesaresmallRNA structuresthathave very specificsub-structuresthatallow themto bind
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oneaminoacidontooneendof a giventRNA, andanmRNA moleculeontotheotherend,therebyacting
asan adaptorfor carryingspecificaminoacidsto appropriatelocationsfor proteinbinding. Ribosomal
RNA (rRNA) moleculesdefineoneof thecomplementarystructuralcomponentsfor ribosomes,which are
constructionmoleculesfrom which othermoleculescanbe built. Finally, small nuclearRNA (snRNA)
moleculesarethosemoleculesthatareinvolvedin processingotherkindsof RNA asthey travel between
thenucleusandcytoplasmof a givencell.

Physically, RNA moleculesexist as single-strandedentitieswith variouslocal hairpin, bulge, and loop
sub-structuresthatarethe resultof nucleotidecomplementationbetweencertainpairsof nucleotidebases
(U-A andG-C).A ”wobble”basepair(G-U) complementationis alsopossibleundercertaincircumstances.
Figure2 below outlinessomeof themorecommonsub-structuresthatarepossible.

Figure2: Possiblesub-structuresin RNA secondarystructure.

ForagivenRNA molecule,thecollectionof hairpin,bulge,andloopsub-structuresthataretheresultof base
pair complementationdefinethecharacteristicsecondary structure of thatparticularmolecule.Becauseof
the natureof nucleotidebasepair complementation,hairpins,bulges,andloopsdo not necessarilyoccur
uniformly throughouta particularRNA molecule. As such,RNA moleculesare said to fold into given
secondarystructures.

In order to appropriatelyexpressthe physicalnatureof RNA secondarystructure,we must be able to
formalizeour expressionof arbitrarysecondarystructuregeometry. Throughoutthis paper, we adoptthe
conventionof representingsecondarystructuresassequentialstringsthatconsistof ’(’, ’.’, ’)’ characters.
For simplicity, we assumethat any secondarystructureswill be definedfrom the 5’ to the 3’ of an RNA
molecule,unlessotherwisestated.

Geometry Description
( basepairswith anotherbasedownstream
. baseis unpaired
) basepairswith anotherbaseupstream

It is very importantto notethatonly specificsequencesof nucleotidespermitanRNA moleculeto fold into
a specificsecondarystructure.That is, it is not possiblefor any randomRNA sequenceto fold into any
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randomsecondarystructure. Instead,both RNA sequencesandsecondarystructuresmustcoincidesuch
thatbasepair complementationoccursat theappropriatelocationsin a specifiedsecondarystructure,and
suchthat thereis sufficient energy acrossall basepairingsin order to allow given sequencesto sustain
particularshapes.

BecauseRNA moleculesarenot restrictedto any particulargeometricorganization,RNA moleculesare
seento form moreglobally into three-dimensionalsuper-structuresthat areknown as tertiary structures.
Figures3 and4 below provideexamplesof tRNA secondaryandtertiarystructure.

Figure3: An exampletRNA andits secondarystructure.
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Figure4: An exampletRNA andits tertiarystructure.

3 DesigningRNA Sequencesfr om SecondaryStructure

A traditionalandwell-known problemin the field of bioinformaticsis the questionof how we might go
aboutpredictingthe secondarystructureof an RNA molecule,given that we have an RNA sequenceas
input. This particularproblemis well-studied,anda plethoraof softwaretoolsandtheoreticalmodelsfor
RNA secondarystructurepredictionarereadilyavailable[6][11]. For example,a widely known andwell-
respectedsoftwaretool for RNA secondarystructurepredictionis theViennaRNA folding package,which
providestools for thegeneration,conversion,prediction,andvisualizationof RNA molecules[5]. In this
light, it seemsstrangethat thereis comparatively little researchon the inverseproblem: given an RNA
secondarystructureasinput,how mightwegoaboutdesigningapossibleRNA sequencethatfolds into the
inputsecondarystructure?

In relationto this inverseproblem,Flamm,Hofacker, Maurer-Stroh,StadlerandZehl [3] haveexaminedthe
issueof designinggeneralRNA sequencesthat arestablein multiple secondarystructureconfigurations.
In their work, they view thegenerationof artificial RNA sequencesasa formal combinatorialproblemfor
which a setof heuristicscanbe developed. Their heuristicsarebasedon the formulationof RNA struc-
turesascombinatorialsetsthat define”RNA switches”that modelparticularRNA-relatedprocesses.By
maintainingthestabilityof individualswitches,they claim thatit becomespossibleto generateappropriate
conformationsof RNA secondarystructureto nucleotidesequences.Thus,throughthe useof heuristics
thatmanipulatetheswitchformulationsin a mannerthatseeksto maximizestability, they believe that it is
possibleto designstableRNA sequenceswith reasonablygoodaccuracy.

Along similar lines,Friede[4] hasstudiedthemorespecificproblemof creatingacomputationalmodelfor
artificially designingsequencesthatmatchthesecondarystructuresof tRNA molecules.In his methodol-
ogy, heappliestechniquesthatattemptto minimizethevaluesof setsof chemicalthermodynamicequations
in anattemptto createRNA sequencesthatmaximizetheamountof freeenergy in a conformationof ade-
rivedtRNA sequenceanda giventRNA secondarystructure.His work is of particularinterestbecausehe
claimsthatmany of thepropertiesthatareassumedin his work on tRNA sequencedesigncanbe readily
appliedto the designof RNA moleculesin general.Furthermore,his work is inherentlyuniquebecause
it includes”wet lab” resultsin the form of actually synthesizingartificially generatedtRNA molecules
throughin vitro transcriptiontechniques.
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In light of suchrecentwork, wefelt thatourown examinationof theRNA sequencedesignproblemshould
bechosento complementexistingwork. Takingcuesfrom [3], wewantedto build acollectionof heuristics
thatcouldbeappliedgenerallyto asmany RNA secondarystructureconfigurationsaspossible.Similarly,
takingcuesfrom [4], we wantedto ensurethatour heuristicswerebasedon physicallyacceptablemodels
of RNA that took into accountthe considerationsof chemicalprocesses,thermodynamics,andphysical
stabilityasmuchaspossible.Becauseof theimportanceof operationalefficiency, wealsobelievedthatthe
examinationof fasttechniqueswaswarranted.Thus,we rigorouslydefinethe problemthatwe setout to
solveasthedevelopmentandcomparisonof fastheuristicsfor designingRNA sequences.

4 Algorithms

In thefollowing sub-sections,wedescribethecollectionof approachesandimplementationsthatwe inves-
tigated.

4.1 Probabilistic Model Using SequenceFrequencies

Our first approachwas basedon using the frequenciesof nucleotidebaseoccurencesin existing RNA
sequencesin orderto designRNA sequenceswith anappropriateproportionof nucleotidebases.By iden-
tifying particularsub-structuresin theinputsecondarystructure,wehopedto beableto constructplausible
RNA sequences.

RNA sequenceswerepartitionedinto loop regions”.” andstemregions”(”.

Let base
���������
	��
���
���

. Let basepair
����������	��
	����
�����
�����

. Let � beany base.

Let base
������������	��
��� ���

bethebaseat position ! .
Let " � ���

(, ., )
�

bethegeometrycharacterpatternat position ! .
Let # �

bea randomvariable. # �
=

�
is theeventof generatingbase

�
at position ! of thesequence.

Let #�$ �&%
be a randomvariable. #'$ �(%

=
���

is the event of generatinga basepair
���

at position ! of the
sequence(wherewe assignthefirst baseof thepair to position ! andassignthesecondbaseof thepair to
position) ).

Let *,+�-/.103254
67698;: <>= :
8�? �A@ < bethenumberof
�CB 0D0;E5F�. sfoundin thegiven FGE5"H!D+�. , wherethe

�CB 0D0;E5F�. is astring
of bases(”A”, ”U”, ”C”, ”G”), and FGE5">!�+�. is a stringof geometrycharacters(”(”, ”.”,”)”).

All structureswereparsedusingastack,andsequencesweregeneratedin I�JK.ML time.

Thefollowing sub-sub-sectionsdescribehow we obtainedtheprobabilitiesthatwe usedfor assigningnu-
cleotidebasesto specificpositionsin aparticularsequence.

4.1.1 RandomBaseProbabilities

$ON @ @ 2 J9# �OPQ� L PSRT (1)

$�U 698DV JW#'$ �(%�PX��� L P RT (2)

4.1.2 KnudsenBaseProbabilities

KnudsenandHein [7] obtainedsinglebaseprobabilitiesfrom a largerempiricaldataset.We incorporated
their probabilitiesin our experiments.
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Comparisonof KnudsenversusSingleBaseFrequency (percentage)

Stem Knudsen Single Loop Knudsen Single Overall Knudsen Single
AU/UA 35.6 33 A 36.4 35 A 26.8 25
GC/CG 53.4 67 C 15.1 17 C 21.4 24
UG/GU 9.8 - G 21.2 23 G 26.7 29.5
other 1.2 - U 27.3 25 U 25.1 21.5

Thoughwehadasmallertrainingdatasetsize(60)thantheKnudsensamplesize(305),ourbasefrequencies
arecomparable,with theexceptionof anover representationof G’sandslight underrepresentationof U’s.

4.1.3 SingleBaseProbabilities

Someadditionalbaseprobabilitieswereobtainedin the samemannerasthe Knudsenpaper, except that
theseprobabilitiesweredrawn from our own dataset.

$ N @ @ 2YJ9# � PZ� L P *,+�-C.10\[ = ]7^ ]_ [9` acb = de= fc= g *,+�-C.10\[ ` = ]7^ ] (3)

$hU 698;V JW#'$ �(%�PX��� L P *,+�-C.10 [ = ]7ij]_ [�klacb = de= fc= g *,+�-C.10 [�k = ] i ] (4)

4.1.4 BaseConditional (Double) Probabilities

In doubleprobabilities,the currentbasewas generatedby looking at the previous baseand associated
geometrycharacter.

$ N @ @ 2mJW# � PQ�on � �9p1q � " �9p1q � " � P�r1s r L P *l+�-/.10 [3t7uHv [3t = ? tKuHv ? t_ [W`\aMb = dm= fM= g *,+�-C.10\[ ` = ? t7uHv ? t (5)

$�U 698DV JW#'$ �(%�PX���hn ���9p1q�� " �KpcqG� " �MP r J r L P *,+�-C.10\[ t7uHv [ t = ? t7uHv ? t_ [�k�acb = de= fM= g *,+�-/.10 [3tKuHv;[ k�= ? tKuHv ? t (6)

4.2 BaseConditional (Simplified Triple) Probabilities

In simplified triple probabilities,thecurrentbasewasgeneratedby looking at theprevious two geometry
characters.

$ N @
@ 2YJW# � PX�on " �Kpxw � " �9p1q � " � P r s r L P *l+�-/.10;y�y [ = ? t7u{z ? tKuHv ? t_ [W`\acb = de= fc= g *l+�-/.10 y�y [ ` = ? t7u{z ? tKuHv ? t (7)

$hU 698;V JW#'$ �(%�PQ���hn " �9pCwo� " �Kpcq�� " �MP�r J r L P *,+�-/.10\[ = ? t7u{z ? t7uHv ? t_ [�k,acb = de= fM= g *,+�-/.10 [�k = ? t7u{z ? tKuHv ? t (8)

4.3 BaseConditional (Triple) Probabilities

In triple probabilities,the currentbasewasgeneratedby looking at theprevious two geometrycharacters
andassociatedbasesandthecurrentgeometrycharacter.
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$ N @
@ 2eJ9# � PX�on " �Kpxw � " �9p1q � " � P�r1s r3�
� �9pCw �
� �9p1q L P *,+�-C.10 [WtKu{z [3t7uHv [3t = ? t7u{z ? t7uHv ? t_ [W` acb = de= fM= g *l+�-/.10\[ t7u{z [ t7uHv [ ` = ? t7u{z ? tKuHv ? t (9)

$ U 698DV�J9#�$ �&% PZ����n " �9pCw � " �9p1q � " � P r J r �
� �9pCw �
� �9p1q L P *,+�-/.10 [3tKu{z [3t7uHv\[Wt = ? tKu{z ? t7uHv ? t_ [ k acb = de= fc= g *,+�-C.10\[ t7u{z [ tKuHv [�k = ? t7u{z ? t7uHv ? t (10)

4.4 Self-LoopFold-Avoidance

SomeRNA structureshave long loop sequences.In randomlygeneratedsequences,we observedthatsub-
sequenceswithin a loopwill fold with anothersub-sequencewithin theloop.

We startwith any sequencegeneratedfrom the previoussub-section.This heuristicessentiallyexamines
eachloop in theinputsecondarystructure,searchingfor thereversecomplementof eachtriplet in theloop.
If a reversecomplementis found,the loop sequenceassociatedwith thematchis modifiedandthesearch
is repeatedfrom thebeginning.

Supposethereare | loops,whereloop ! is of length } � . This approachtakestime ~�JW|���}
w� L . Its expected

running time is $�F>J reverse-complementis in !;L
p1q

��|���}
w�
. Sincemost loops are relatively short, this

approachrunsquickly in practice.

4.5 Sub-StructureEnergy Negation

The goal of this approachis not only to drive an overall RNA moleculetoward negative energy, but to
driveeverysub-structurecontainedwithin thatmoleculetowardnegativeenergy in thefastestwaypossible.
Althoughit is not thecasethatsub-structuresmustbenegative in orderto fold into a particularsecondary
structure,negative energy ensuresthat a givensub-structurecanfold into the assignedsequence.This is
similar to thework of Seeman[9], who parseslargemoleculesinto smallersub-structuresin orderto create
novel secondarystructures.

In thisapproach,weparsethegeometrystringinto sub-structuresby finding theoutermostpairof balanced
bracketsandparsingour way inwards.For example:

..((((.))).(((..(((..)))))))

wouldhave thefollowing sub-structures,

..(((.))).(((..(((..))))))) (1)

..((((.))).(((..(((..))))))) (2)

..((((.))).(((..(((..))))))) (3)

Eachsub-structurein this exampleis denotedin boldfacebrackets. We candefinethe conceptof a sub-
structurelevel by notingwhatbracketsarereadat a particularstageof the inwardparsing.It is important
to notethatsub-structurescancontainothersub-structures(1, 3) andmany independentsub-structurescan
exist on thesamelevel (2).

Oncethe parseof the geometricstring is obtained,the algorithmproceedsto usea probability heuristic
in order to assigna preliminary sequenceto the secondarystructure. Then, this approachsearchesfor
the deepestsub-structurelevel by iteratively parsinginwards. Optimizationsareperformedon eachsub-
structureindependentlyat eachlevel in order to heuristicallydrive the preliminarysequencetoward the
desiredsecondarystructure.

For agivensequence,we definethefollowing optimizations:
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1. Defineaflankregionasthesetof unpairedbasesthatareimmediatelyadjacentto astem.Then,flank
regionsof eachsub-structurearechecked so that they do not pair with partsof a stemin order to
preventsliding.

2. For loopslargerthansix bases,weperformaself-foldingloopcheck.We usethefactthatit hasbeen
empirically observed that stemsof sizelarger thanthreehave a tendency to fold. The goal of this
optimizationis to ensurethat thereis no stemlarger thanthreebaseswithin a loop sequence.We
accomplishthis by executingtheself-foldingloop checkdescribedin section4.4.

3. For eachsub-structurethat is larger thanforty bases,we take loop regionsandslide themagainst
associatedstemregionsin orderto ensurethatsubsequencesof at leastlengththreedo not pair with
otherpartsof thesequence.If suchpairingsoccur, basesaremutatedasin (2) in orderto disruptthe
pairing.

4. If theflank regionsareof lengthat leastfive,we performthesamecheckasin (2) in orderto ensure
thatthey do not pair with otherregionsof thesequence.

After the optimizationprocessis complete,we usethe ViennaPackage[5] in order to ensurethat each
sub-structuremaintainsnegative energy. If all sub-structuresareof negative energy at a particularlevel,
we proceedoutward to the next deepestlevel andrepeatthe optimizationprocess.If the energy of any
sub-structureis positive, we changemoreof the loop basesto As andA-U to C-G pairs in the stemsof
thatsub-structure.If we ever run into a situationwherewe cannotachieve negative energy by any of our
optimizationtechniques,this approachsimply givesup on thegeneratedsequenceandreturnsits findings.

4.6 Graph-BasedApproaches

Given a structure,we canexamineits sub-structureandtry to find sequencesthat will fold into the sub-
structure.We would like to combinethesesequencesto producea longersequencethatwill fold into the
original structure.

An alternativeperspectiveis to considerthefollowing. Supposewearegivenasimplestructureandseveral
sequencesthatfold into thatstructure.Wewould likedevelopamorecomplicatedstructureby mergingthe
sequences.

For example,we cantry to extend

(((...))).....(((...))) (i)

into

(((...))).....(((...))).....(((...))) (ii)

by deriving a setof rulesthat combineknown sequencesthat fold into (i) to a longersequencethat folds
into (ii).

We canthink of thisapproachasbuilding up a chain.

In this approachwe madethefollowing simplifying assumptions:loop regionsonly contain’A’s,all stems
areof length3, every stemmustbegin andendwith eithera ’C’ or a ’G’, no pseudoknots,andno GU/UG
pairsareallowed.

We cancreatea directedgraphof possiblesequences.Eachnoderepresentsa sequencethat corresponds
to a stem. Eachedgerepresentsan orderedpair of stemsthat fold into (i). We canrepresentthe graph
using an adjacency matrix. Eg. If GACAAAGUCAAAAACCCAAAGGG folds into (((...))).....(((...))),
then(GACAAAGUC,CCCAAAGGG)form adirectededge.
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5 Results

We collected120RNA sequencesfrom anonlinesmall-RNA database[10], andtheNCBI [8]. Secondary
structuresfor theseRNA sequenceswereobtainedby forwardfolding (i.e. predictingthesecondarystruc-
tureof) thesesequenceswith theViennaRNA package[5].

Fromoursetof 120RNA sequences,60sequenceswererandomlyselectedasatrainingsetfrom whichwe
obtainedestimatesfor thefrequency of individualnucleotidebases.

We testedtheprobabilisticmodel,self-loopfold-avoidance,andsub-structureenergy negationapproaches
in two experiments.We chose5 moderatelengthstrands(around200bp)for experiment1, and5 short
strands(lessthan80bp)for experiment2. We ran50 trials perstrand.We have includedmoreinformation
aboutthesestrandsin theAppendix,section9.1.

A scoringschemewasdevisedin orderto providea clearmetricof theprecisionandaccuracy affordedby
eachindividualapproach.

We alsoperformeda smallcasestudyof ourgraph-basedapproach.

Experiment1: 50 trials perstrand

Strand Length Source Structure

1 189 S.mytilis (((((((((((.........(((.....(((.((((....................)))).)))
......(((((((...((....))...))))))).)))))))))))))).((((.(.....
......((((...))))(((...(((((...)))))...)))...).)))).............

2 203 P. caudatum (.((((..((((((.....((((..(..(....)..)..))))..))))...............
..........((((...((..(....((....))......)..))....)))).))..)))))..
(((..((((.((((.(((((((................))))))).....))))))))..))
)...........

3 201 P. multimicron. ((((((((..(((....(((.((((......))))((((..........)))).))).....
.......(((..((.((((.(((((.....)))))....)))).))..))).....)))..)
)))))))..(((((((((((.(((((((((.............))))))))).....)))
)))))))).........

4 205 P. primaurelia (((((((....(((.....((((((.(((....))).))))))....)))............
..........((..(((.(((((((((.....))))))...))).)))..))...........
..)))))))..((((((((..((((((((((...............))))))....)))).
.))))))))..........

5 205 P. tetraurelia (((((((....(((.....((((...(((....)))...))))....)))............
..........((..(((.(((((((((.....))))))...))).)))..))..........
...)))))))..((((((((..((((((((((...............))))))....)))
)..))))))))..........

Experiment2: 50 trials perstrand

Strand Length Source Structure

1 64 D. radiodurans ((((........)))).((((((.....)))))).....(((.(..((.....))...).))).
2 35 E. coli .....((((.(....).))))..(((.....))).
3 77 E. coli (((.(((...............((...(((((.......)))))...)).((((.......)))).))).)))....
4 78 X. laevis .(((.(((..(((...(((((........(((((.......)))))........)))))..))).....))).)))..
5 71 K. lactis ..(((((...((.....)).......(((((.(((........))))))))....)))))...........

5.1 Scoring

We computedscoresin the following manner. We obtainedthe structureof the original sequenceand
the structureof eachgeneratedsequencewith the RNA folder from the ViennaRNA package[5]. Using
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dynamicprogramming,wealignedthestructureof thegeneratedsequencewith thestructureof theoriginal
sequence.Matcheswerescoredwith +1,gapswerescoredwith -1, andmismatcheswerescoredwith 0.

This is a reasonablescoringschemesincewe aretrying to measurestructuresimiliarity. It accountsfor the
lengthof matchesin loop andstemregions. It givesa high scoreto similar structuresandlow scoresto
dissimilarstructures.For example,if our original structurecontaineda hairpin(with 4 freebases),andour
generatedstructurecontaineda hairpin (with 5 freebases),bothstructuresstill form a hairpin,andwould
resultin ahigh similarity score.

Anotherpossiblescoringmetric might be to countthe numberof positionswherethe basepairswith its
intendedcomplement.However, unlikeourchosenmethod,this schememayinadvertentlygive low scores
to similar structures.

5.2 Probabilistic Model Using BaseFrequencies

Weobtainedthescorepercentagefor eachsequenceby dividing thealignmentscorewith thetotalsequence
length.As such,ascoringvalueof 1 indicatesa perfectmatch.

Fromthehistograms,wecanseethatmodelingthebasefrequencesincreasesthepercentageof correctalign-
mentbetweenthe generatedstructureandthe original structure.The Knudsenprobability modelslightly
out-performedthe restsinceit producedsomeperfectscoringstrands.The conditionalprobability mod-
els performedslightly worsethen the KnudsenandSingleprobability models,sincetheir averagescore
is slightly lower. This is expectedsinceconditionalprobability modelsneedproportionallymoredatato
performequallywell to thesingleandKnudsenprobabilitymodels.
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Experiment 1: Histograms of score percentage

Figure5: This shows thedistributionof correctscoresundereachprobabilitydistribution from experiment
1.

64



Our heuristicperformswell with shortsequences.Eachprobability modelcreatedsequencesthat would
fold into thecorrectstructure.Thesingleprobablilitymodelpredictedmorecorrectsequencesthaneachof
theotherprobabilitymodels.
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Experiment 2: Histograms of score percentages

Figure6: This shows thedistributionof correctscoresundereachprobabilitydistribution from experiment
2.

We have includedhistogramsbasedonstrandby strandresultsin theAppendix,section9.2.
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5.3 Self-LoopFold-Avoidance

In thefollowing two scatterplots,eachpoint
�/��P JK� �\� �{� L , representstheratio of no-self-loop-checkscore

versusself-loop-checkscore.eg. � � is thescorepercentageof our sequencebeforeperforminga self-loop
check,and

� �
is thescorepercentageof our sequenceafterperforminga self-loopcheck.

For eachexperimenttherewere5 strands,6 probabilisticmodels,and50 trials. Thereare1500pointsin
eachof ourplots.

In shorterstrands,we expectedthat therewould bemoreshortloops,meaningthatgenerally, theheuristic
would not make asmany changesto thesesequences.This is verified by examining the scatterplot of
experimenttwo. We observemorepointsalongtheline y = x, indicatingno changesin scoringvalues.

It is not immediatelyobvious whetheror not this heuristicwill help to improve scoressincemostof the
scoresappearto beconcentratedcloseto thediagonal.Sometimesapplyingtheself-loopcheckimproves
thescoreandsometimesit becomesworse.
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Figure7: Plot of correctscoreswith self-loopcheckvs. no self-loopcheck.

5.4 Graph-BasedApproach

Thereare R5� uniquestemsequencesfor onehairpin(underoursimplifying assumption).Thisgivesus R�� �R5� P���� � possiblesequencesthatpotentiallyfold into structureour substructurecontainingtwo hairpins.
We usedtheRNAfolder from theViennapackage[5] to fold the

�{� � sequencesinto thestructurelisted in
thefollowing table(structureslistedfrom 5’ to 3’):

Structure Correctlyfolds into structure
1 (((...))).....(((...))) 59
2 (((....))).....(((...))) 90
3 (((...))).....(((....))) 155
4 (((....))).....(((....))) 233

For our casestudy, we tried to extendstructure1 containingtwo hairpinsinto (((...))).....(((...))).....(((...)))
(a structurecontainingthreehairpins).We will referto thehairpinsin orderfrom 5’ to 3’. (eg. hairpin1 is
theleft-mosthairpinclosestto the5’ endof thestrand.)

Attempt1: we createda graphfrom the59 sequencesthe folded into structure1. We exploredour graph
(finding all possiblepathsthroughour graph)andpredictedthat285sequenceswould fold into our target
structure.
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Supposehairpin 1 hassequence�S��� , hairpin 2 hassequence� � � andhairpin 3 hassequence�� � . When we examinedthe incorrectsequencesand found that the sequence������� � �������
(correspondingto hairpin 1, hairpin 2, andhairpin 3 respectively,) did not occur. In orderto accountfor
this,we createdrule one:do not generate������� � ������� sequences.

In a similar examinationof themissingsequences,we foundthat it did not matterwhatthesecondhairpin
was(aslong asit hasdegree �Z� in our graph).As such,we devisedrule two: addadditionaledgesto the
graph.We incorporatedthis by creatingnodes(correspondingto asequencefor ahairpin)for eachhairpin,
andaddinganedgeto thenodescorrespondingto thesecondhairpinfrom eachof thenodescorresponding
to thefirst hairpin.

Attempt2: wecreatedagraphfrom our59sequencesandtwo additionalrules.Thenweexploredthegraph
to predictsequencesthatfold into our targetstructure.

The following tableshow the resultsof our two attempts.We comparedour predictedresultsto the 748
sequencesthatactuallyfoldedinto thetargetstructure.

Numberof sequencesgenerated Correct Incorrect Missing
Attempt1 285 255 30 493
Attempt2 531 524 7 224

total 748

’Correct’ - numberof generatedsequencesthatcorrectlyfoldedinto target; ’Incorrect’ - numberof gener-
atedsequencesthatdid not fold into target; and’Missing’ - numberof sequencesfrom the setof 256we
did not generate,but wasfound to fold into target. The total wasobtainedby folding all 4096sequences
andcountingthenumberof structuresthatmatchedour target.

We also tried to extendstructure4 to (((....))).....(((....))).....(((....))) with the two rulesandobtainedthe
following results:

Numberof sequencesgenerated Correct Incorrect Missing
Test2 3270 3270 0 204
total 3474

Thus,wecameto realizethatthisapproachmightbegeneralizedto accuratelyfind varyingtRNA structures.
Sincehairpinswith freebasesof lengths3, 4, and5 havespecialproperties,wefoundthatwemightbeable
to applybruteforce techniquesin orderto developsimilar graphstructuresfor otherinputs. Using these
structures,we couldconceivably createlong chainsof hairpins. For example,thereare27 structuresthat
containtwo hairpinsub-structures,whereeachhairpinhas3, 4, or 5 freebasesandwhereeachhasa fixed
numberof basesbetweenthetwo hairpins.It wouldbefeasibleto createandstoreagraphfor eachof these
structures.It wouldbeinterestingto seeif this approachcanbegeneralizedto othersimplestructures.

6 Limitations

Ourapproachesdistinctlyrely onheuristicsthatattemptto drivetheoverallenergyof anRNA strandtoward
someminimumvaluewhile simultaneouslybiasingtheRNA strandtowarda desiredsecondarystructure.
Sinceour approachesarebasedentirelyon heuristics,their largestlimitation is that thereis no guarantee
thatourapproacheswill find afinal sequencewith minimalenergy. As such,thereis alsono guaranteethat
resultingRNA sequenceswill exactly fold into thedesiredsecondarystructuresthatarepassedasinput to
our models.Nevertheless,our algorithmicmodelsare,at the very least,likely to generatesequencesthat
fold into a secondarystructurewith featuresthataresimilar to thatof thedesiredstructure.

We have alsodiscoveredthat our heuristicshave a greatertendency to malfunctionon longersecondary
structuregeometries.In particular, thereareissueswith sliding in stemsub-structures,andpairingwithin
loop sub-structuresthatareespeciallyevidentin theapplicationof our algorithmstowardlongerstrandsof
RNA. It is to beexpectedthat the designedsequencesfor longerstrandsof RNA will bemoreinaccurate
thanthedesignedsequencesfor shorterRNA molecularsequences.
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Finally, our approachesdo not strictly handleall arbitrarysecondarystructuresbecausethey areincapable
of handlingpseudoknotsub-structures.This is a commonlymadesimplificationin RNA folding problems
becauseno suitablemodelsexist for minimizing the energy of secondarystructuresthat containpseudo-
knots. It is for this reasonthatpseudoknotsarefrequentlyconsideredto bepartof tertiary, asopposedto
secondary, structurein modelsof RNA molecules.

7 Future Work

Similar to probabilisticsearchtechniquessuchassimulatedannealing,geneticalgorithmsareoftenusedto
obtainsolid approximationsof optimalsolutionsfor computationallyexpensive problems.Classicgenetic
algorithmsaccomplishthis by startingout with a ”population”of initial solutions,evaluatingeachsolution
in thepopulationagainsta ”fitness” function,andassigningprobability valuesfor eachsolutionbasedon
thedeterminedfitnessof eachpotentialsolution.Solutionsthataredeemedto befit, or moredesirable,have
a greaterprobabilityto carrysomeaspectsof themselvestowardthedevelopmentof new, andconceivably
better, solutionsin futureiterationsof a geneticalgorithm.In this way, new solutionsareiteratively gener-
atedby theapplicationof so-calledgeneticoperators,which permit therecombinationandpermutationof
anexisting populationof solutions.Givensuchpotential,we believe thatwe might beableto improve the
performanceof our heuristicmodelsby usinggeneticalgorithmsalongsideourdevisedapproaches.

In orderto applya geneticalgorithmto our approaches,we would needto beableto parseandidentify the
individualsub-structuresthatarepresentin agivenRNA secondarystructure.Oncethesesub-structuresare
identified,we would beableto applyour own algorithmicmodelsto generateplausiblesequencesfor each
sub-structure.In orderto testtheplausibility of a conformationbetweenour designedRNA sequenceand
a particularsecondarysub-structure,wemight beableto makeuseof currentlyexisting folding algorithms
thattake RNA sequencesandpredictsecondarystructure.In a subsequentstep,multiple concatenationsof
designedsub-sequenceswould permitus to createan initial populationof sequencesthatshouldfold into
the overall desiredsecondarystructure. Furthermore,by applyingwell-known geneticoperatorssuchas
crossover andmutation,we would be ableto affect the evolution of a populationof designedsequences
over multiple iterations. In the end,thosedesignedsequenceswith the highestfitness,or the moststable
energy configurations,wouldmakeup thefinal resultingoutputsfor our augmentedapproach.

It might alsobeinterestingto seehow animplementationof a heuristicfor ”expandingRNA” might affect
theperformanceof our existing approaches.Theprocessof ”expandingRNA” beginswith a singleRNA
sequencethatcompletelypairswith itself, therebypermittingour approachto startwith anRNA sequence
that is guaranteedto have minimum energy. In subsequentsteps,our approachwould proceedto locate
the unpairedbasesin the desiredsecondarystructuregeometry, mutatingthe initially pairedbasesin our
initial RNA sequencein orderto ”expand”thestrandinto theappropriatesecondarystructure.A final step
in this heuristicwould permit the insertionor deletionof basesin orderto generatea final, coherentRNA
sequence.

We believe that the expansionof an RNA sequencein this fashionhasthe potentialfor quickly creating
RNA moleculeswith minimal energy states.Sincethe initial sequenceprescribedby the heuristicis al-
readyat a minimal energy state,this heuristicwould presumablyalso createa moleculewith similarly
minimal energy state;theonly notablesourceof energy statemodificationwould comefrom the insertion
or deletionof bases,which might globally perturbtheenergy configurationof a designedRNA molecule.
As such,it shouldbecomerelatively clearthat the largestdifficulty to overcomein the implementationof
thisheuristicwouldbedeterminingtheappropriatecriteriafor insertingor deletingnucleotidesfrom thefi-
nal secondarystructurewithoutgreatlydisruptingglobalenergy state,or inducingstructuralsliding,which
couldpotentiallydestroy thestabilityof a predictedconformation.

8 Conclusion

Although the problemof designingRNA sequencesfrom secondarystructuresis not particularly well-
studied,wehaveclearlydemonstratedthatfeasiblesolutionsexist. Wehavepresentedaselectionof several
differentheuristics,includingprobabilisticmodeling,self-loopfold avoidance,sub-structureenergy nega-
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tion, andgraph-basedapproaches.Eachof thesetechniquesmightbeusedin orderto tractablydesignRNA
sequencesfor input secondarystructuregeometries.From an evaluationof thesetechniques,our initial
evidencesuggeststhatpredictionmodelsthat arebuilt aroundbasicprobabilistictechniquesmay make a
goodstartingpoint for exploration,althoughmorecomplex modelsarenecessaryin orderto obtainthebest
predictionsthatarepossible.

Our exploratoryapproachto designingheuristicshasfurther yieldedsomevery interestinginsightsinto
formally modelingtherelationshipbetweenRNA molecularsequencesandtheir secondarystructures.We
believe thatwith furtherresearchandexperimentation,evenbettersolutionsmaybepossiblein thefuture.
In this light, we hopethatour own resultsmayprovidesomeinspirationfor futurework in this area.
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9 Appendix

9.1 Strand Inf ormation

Experiment1

Strand Source Accession GI RNA type
1 Stylonychiamytils U10570 726453 RNA subunit of telomerase
2 Parameciumcaudatum U45437 1245049 telomeraseRNA
3 Parameciummultimicronucleatum U45436 1245050 telomeraseRNA
4 Parameciumprimaurelia U45434 1245051 telomeraseRNA
5 Parameciumtetraurelia U45433 1245053 telomeraseRNA

Experiment2

Strand Source Accession GI RNA type
1 Deinococcusradiodurans AE002087 6460405 tRNA-Gly-4
2 Escherichiacoli V00336 42763 23S-rRNA
3 Escherichiacoli V00336 42763 tRNA-Asp
4 Xenopuslaevis L15434 295540 scRNA
5 Kluyveromyceslactis U31465 968979 tRNA-Ile

9.2 Histogramsof individual strands
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Experiment 1: Histogram of score percentage (strand 1 − 189 bases) 

Figure8: Experiment1: This shows thedistribution of correctscoresfor strand1 undereachprobability
distribution.
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Experiment 1: Histogram of score percentage (strand 2 − 203 bases) 

Figure9: Experiment1: This shows thedistribution of correctscoresfor strand2 undereachprobability
distribution.
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Experiment 1: Histogram of score percentage (strand 3 − 201 bases) 

Figure10: Experiment1: This shows thedistribution of correctscoresfor strand3 undereachprobability
distribution.
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Experiment 1: Histogram of score percentage (strand 4 − 205 bases) 

Figure11: Experiment1: This shows thedistribution of correctscoresfor strand4 undereachprobability
distribution.
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Experiment 1: Histogram of score percentage (strand 5 − 205 bases) 

Figure12: Experiment1: This shows thedistribution of correctscoresfor strand5 undereachprobability
distribution.
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Experiment 2: Histogram of score percentage (strand 1 − 64 bases)

Figure13: Experiment2: This shows thedistribution of correctscoresfor strand1 undereachprobability
distribution.
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Figure14: Experiment2: This shows thedistribution of correctscoresfor strand2 undereachprobability
distribution.
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Experiment 2: Histogram of score percentage (strand 3 − 77 bases) 

Figure15: Experiment2: This shows thedistribution of correctscoresfor strand3 undereachprobability
distribution.
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Experiment 2: Histogram of score percentage (strand 4 − 78 bases) 

Figure16: Experiment2: This shows thedistribution of correctscoresfor strand4 undereachprobability
distribution.
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Experiment 2: Histogram of score percentage (strand 5 − 71 bases) 

Figure17: Experiment2: This shows thedistribution of correctscoresfor strand5 undereachprobability
distribution.
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Figure18: Experiment1: This shows thedistribution of correctscoresfor eachstrandundersubstructure
energy negation.
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Figure19: Experiment2: This shows thedistribution of correctscoresfor eachstrandundersubstructure
energy negation.
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