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Abstract

Canwe generatean RNA sequencehatwill fold up into a given structure?We proposesev-
eralapproacheshat canbe appliedto solving this problem: probabilisticmodelingusing se-
quencefrequenciesself-loopfold-avoidance sub-structurenegy negation,andgraph-based
approaches.

1 Intr oduction

As our collective knowledgeof geneticsand molecularbiology continuesto expand,exciting innovations
in geneticengineeringare quickly becomingpossible. The improvementof diseasaliagnosesthe design
of individualizeddrugs,a betterunderstandingf cellular pathways, andthe synthesisof life areonly a
few examplesof the advancesthatare currentlybeingmade. A thoroughunderstandingf the natureof
ribonucleicacid (RNA) moleculeshas,and continuesto be, a centralcomponenif mary suchresearch
thrusts. By applying our understandingf the propertiesof RNA molecularsequencesndtheir natural
configurationsRNA moleculescontinueto provide a significantsourceof inspirationfor advancesn the
biologicalsciences.

Thesymbiosiof biology andcomputetechnologythroughtheareaof bioinformaticsnow malesit feasible
for usto examinecomplex theoreticalindphysicalmodelsof RNA moleculesWith computationamodels
of RNA, we may begin to explore the comple relationshipbetweenRNA molecularsequenceandtheir

physicalstructuresin particular we maybeinterestedn thequestiorof how we might generatertificially

coherentRNA molecularsequences.The answerto this questionmay hold the promisefor even more
scientificadvancesn the future. As our contribution, we seekto rigorouslydefineandto provide insight
into oneparticularaspecof this question:givena specificsecondangtructuralconfigurationjs it possible
for usto designanappropriateRNA sequencéhatmatcheghegivenstructure?

This papersummarizesheresultsof our efforts andis organizednto eightmajorsections Thefirst section
is madeup of this introduction. The secondsectionprovidessomegeneralbackgroundnto the natureof

RNA moleculesandsecondartructure.Thethird sectionprovidesa solid foundationfor the problemthat
we attemptto addressgiting othersimilar work thatprecedesur own researchThefourth sectionexhaus-
tively describeghe algorithmic modelsthat we have chosento pursueandimplement. The fifth section
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offers a completestatisticalexaminationand evaluationof our modelsandtheir performance.The sixth
sectionaddressethe fundamentalimitations of our approachgdescribingthe effectsof the computational
assumptionsghat we made. The seventh sectionoutlinespossiblefuture researctthat might be pursued.
Finally, the eighthsectionprovidessomeconcludingthoughts.

2 RNA Sequencesind SecondaryStructure
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Figurel: Thecentraldogmaof molecularbiology.

Figure 1 above outlinesthe centraldogmaof molecularbiology. Informally, the centraldogmastatesthat
deoxyribonucleicacid (DNA) moleculeswhich containall of the informationthatis necessaryo make
proteins,undego a procesf transcriptionwherebygiven DNA moleculesareusedastemplatedor the
synthesisof RNA molecules.In a subsequenprocessRNA moleculesundego a procesof translation,
wherebygiven RNA moleculesareusedto build the aminoacid sequencethat make up proteins. In this
way, RNA senesasan intermediatestructurethroughwhich strandsof DNA are madeto correspondo
final proteinproducts.

Thepresencef RNA moleculess critical to thecentraldogmabecaus&NA canexplainagreatdealabout
existing organisms’evolutionary history and organization. RNA moleculesare thoughtto protectDNA

moleculeskeepingDNA moleculessafefrom thepotentiallydangerouseactionsnherentin thecytoplasm
of eukaryoticcells. It is alsobelieved that geneticinformation can be amplified simply by having mary

copiesof RNA producedrom asinglecopy of DNA. Furthermoreit is acceptedhattheregulationof gene
expressiorcanbeaffectedby having specific’controls” at eachelementof the pathway betweerDNA and
proteins.By introducingRNA into the procesof synthesizingproteinsfrom DNA, therearemorenatural
opportunitiego controlthe expressiorof particulargenesunderdifferentcircumstances.

Chemicallyspeaking RNA moleculesare polymer structuresof varying lengththat consistof a primary
sugarphosphatdackboneo which sequencesf basicnucleotideunits areattached Eachnucleotideunit

in anRNA moleculeis madeup of a basearibosesugar anda phosphateTherearefour essentiakinds

of nucleotideunits - adenine(A), uracil (U), cytosine(C), andguanine(G). Sincethesenucleotideunits

areconnectedo the backbongby forming phosphodiestdinkages)via named5’ oxygenand3’ oxygen
moleculesthe sequencesf nucleotideghatmake up a particularmoleculeof RNA arefrequentlydenoted
asacharactestringthatare’read” from a designate®d’ endof the moleculeto a corresponding’ end.

ParticularRNA moleculesareoften catgyorizedinto oneof the four basickinds of RNA thataregenerated
by organiccells. MessengeRNA (mMRNA) moleculesareduplicatecopiesof specificgeneghatactto carry
theinformationstoredby a DNA moleculein thenucleusof a cell to thecytoplasmof a cell. TransferRNA
(tRNA) moleculesaresmallRNA structureghathave very specificsub-structurethat allow themto bind
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oneaminoacid ontooneendof a giventRNA, andanmRNA moleculeontothe otherend,therebyacting
asan adaptorfor carrying specificaminoacidsto appropriatelocationsfor proteinbinding. Ribosomal
RNA (rRNA) moleculedefineoneof the complementargtructuralcomponentgor ribosomeswhich are
constructionmoleculesfrom which other moleculescan be built. Finally, small nuclearRNA (snRNA)
moleculesarethosemoleculeshatareinvolvedin processingtherkinds of RNA asthey travel between
thenucleusandcytoplasmof a givencell.

Physically RNA moleculesexist as single-strandeantitieswith variouslocal hairpin, bulge, and loop
sub-structureshat arethe resultof nucleotidecomplementatioftetweencertainpairsof nucleotidebases
(U-A andG-C). A "wobble”basepair (G-U) complementatiors alsopossibleundercertaincircumstances.
Figure2 below outlinessomeof the morecommonsub-structurethatarepossible.

{

=

Stem Hairpin loop  Pseudoknot

;o

Bulge loop Internal loop Branch loop

Figure2: Possiblesub-structuresn RNA secondangtructure.

ForagivenRNA molecule thecollectionof hairpin,bulge,andloop sub-structurethataretheresultof base
pair complementatiowlefinethe characteristicsecondary structure of thatparticularmolecule.Becausef

the natureof nucleotidebasepair complementationhairpins,bulges,andloopsdo not necessarilyoccur
uniformly throughouta particularRNA molecule. As such,RNA moleculesare saidto fold into given
secondangtructures.

In orderto appropriatelyexpressthe physicalnatureof RNA secondarystructure,we must be able to
formalize our expressionof arbitrary secondarystructuregeometry Throughoutthis paper we adoptthe
cornventionof representingecondanstructuresas sequentiaktringsthat consistof ’(’, *.’, )’ characters.
For simplicity, we assumehat ary secondarystructureswill be definedfrom the 5’ to the 3' of an RNA
molecule,unlessotherwisestated.

Geometry Description

( basepairswith anothetbasedownstream
. basels unpaired
) basepairswith anothetbaseupstream

It is veryimportantto notethatonly specificsequencesf nucleotidepermitanRNA moleculeto fold into
a specificsecondarystructure. Thatis, it is not possiblefor ary randomRNA sequencéo fold into any
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randomsecondarystructure. Instead both RNA sequenceand secondarystructuresnustcoincidesuch
thatbasepair complementatiomccursat the appropriatdocationsin a specifiedsecondarystructure,and
suchthat thereis sufficient enegy acrossall basepairingsin orderto allow given sequence$o sustain
particularshapes.

BecauseRNA moleculesare not restrictedto any particulargeometricorganization,RNA moleculesare
seento form more globally into three-dimensionasuperstructureshat are known astertiary structures.
Figures3 and4 below provide examplesof tRNA secondarandtertiary structure.

Amino acid g
attachment site

o~ Anticodon /

Figure3: An exampletRNA andits secondangtructure.
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Figure4: An exampletRNA andits tertiary structure.

3 DesigningRNA Sequenced$rom 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 sequences
input. This particularproblemis well-studied,anda plethoraof softwaretools andtheoreticalmodelsfor
RNA secondarnstructurepredictionarereadily available[6][11]. For example,a widely known andwell-
respectedoftwaretool for RNA secondangtructurepredictionis the ViennaRNA folding packagewhich
providestoolsfor the generationgcorversion,prediction,andvisualizationof RNA moleculeq5]. In this
light, it seemsstrangethat thereis comparatiely little researcton the inverseproblem: given an RNA
secondangtructureasinput, how mightwe go aboutdesigninga possibleRNA sequencéhatfoldsinto the
inputsecondangtructure?

In relationto thisinverseproblem,Flamm,Hofacker, MaurerStroh,StadlerandZehl[3] have examinedthe

issueof designinggeneralRNA sequencethat are stablein multiple secondarystructureconfigurations.
In their work, they view the generatiorof artificial RNA sequenceasa formal combinatorialproblemfor

which a setof heuristicscanbe developed. Their heuristicsare basedon the formulation of RNA struc-
turesascombinatorialsetsthat define”"RNA switches”that model particularRNA-relatedprocessesBy

maintainingthe stability of individual switchesthey claim thatit becomegpossibleto generat@ppropriate
conformationsof RNA secondarnystructureto nucleotidesequencesThus, throughthe useof heuristics
thatmanipulatethe switchformulationsin a mannerthatseekso maximizestability, they believe thatit is

possibleto designstableRNA sequencewith reasonablyoodaccurag.

Along similarlines, Friede[4] hasstudiedthe morespecificproblemof creatinga computationamodelfor
artificially designingsequencethat matchthe secondarnystructureof tRNA molecules.In his methodol-
ogy, heappliestechniqueshatattemptio minimizethevaluesof setsof chemicalthermodynamiequations
in anattemptto createRNA sequencethatmaximizetheamountof free enegy in a conformationof ade-
rivedtRNA sequencanda giventRNA secondarystructure.His work is of particularinterestbecausée
claimsthat mary of the propertieghatareassumedn his work on tRNA sequenca&esigncanbe readily
appliedto the designof RNA moleculesin general. Furthermore his work is inherentlyuniquebecause
it includes”wet lab” resultsin the form of actually synthesizingartificially generatedRNA molecules
throughin vitro transcriptiontechniques.
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In light of suchrecentwork, we felt thatour own examinationof the RNA sequencelesignproblemshould
bechoserto complemenexistingwork. Takingcuesfrom [3], wewantedto build a collectionof heuristics
thatcouldbe appliedgenerallyto asmary RNA secondanstructureconfigurationsaspossible.Similarly,

taking cuesfrom [4], we wantedto ensurethatour heuristicswerebasedon physicallyacceptablenodels
of RNA thattook into accountthe consideration®f chemicalprocessesthermodynamicsand physical
stability asmuchaspossible Becausef theimportanceof operationakfficiency, we alsobelievedthatthe
examinationof fasttechniquesvaswarranted.Thus,we rigorously definethe problemthat we setout to

solve asthe developmentandcomparisorof fastheuristicsfor designingRNA sequences.

4  Algorithms

In thefollowing sub-sectionsye describehe collectionof approacheandimplementationshatwe inves-
tigated.

4.1 Probabilistic Model Using Sequencé-requencies

Our first approachwas basedon using the frequenciesof nucleotidebaseoccurencesn existing RNA
sequencem orderto designRNA sequencewith anappropriategproportionof nucleotidebases By iden-
tifying particularsub-structures theinputsecondangtructure we hopedto be ableto construciplausible
RNA sequences.

RNA sequencewerepartitionedinto loop regions”.” andstemregions”(”.

Letbaseb € {A,U,C,G}. Letbasepairbp € {AU,UA,CG,GC?} . Let N beary base.
Letbaseb; € {A, U, C,G} bethebaseatposition:.

Letg; € { (, .,) } bethegeometrycharactepatternat positioni.

Let B; bearandomvariable.B; = b is theeventof generatindpaseb at position: of the sequence.

Let BP;; be arandomvariable. BP;; = bp is the eventof generatinga basepair bp at position: of the
sequencéwherewe assignthefirst baseof the pair to position: andassignthe secondbaseof the pair to
positiony).

Let countpattern,region DEthenumberof patternsfoundin thegivenregion, wherethepattern is astring
of baseg”A”, "U”, "C", "G"), andregion is a stringof geometrycharacterg”(”,”.”,”)").

All structuresvereparsedusinga stack,andsequenceweregeneratedn O(n) time.

The following sub-sub-sectiondescribehow we obtainedthe probabilitiesthat we usedfor assigningnu-
cleotidebasego specificpositionsin a particularsequence.

4.1.1 Random BaseProbabilities

Puoop(Bi =b) = | ()

1
Piem (BPz] = bp) = Z (2)

4.1.2 KnudsenBaseProbabilities

KnudsenandHein [7] obtainedsinglebaseprobabilitiesfrom alargerempiricaldataset. We incorporated
their probabilitiesin our experiments.
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Comparisorof KnudserversusSingleBaseFrequenyg (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

Thoughwe hadasmallertrainingdatasetsize(60) thantheKnudsersamplesize(305),ourbaserequencies
arecomparablewith the exceptionof anover representationf G's andslight underrepresentatioof U’s.

4.1.3 SingleBaseProbabilities

Someadditionalbaseprobabilitieswere obtainedin the samemannerasthe Knudsenpaper exceptthat
theseprobabilitiesweredravn from our own dataset.

county s 1

Ebj:A,U,C,G county, 1.1

Boop(Bi = b) = (3)

county

Zbk:A,U,C,G county,

(4)

Pstem(BI)ij = bp) =

4.1.4 BaseConditional (Double) Probabilities

In double probabilities,the currentbasewas generatedy looking at the previous baseand associated
geometrycharacter

COUNtp; 1 b; ,9i—19i

ij =A,U,C,G countbj ,9i—19i

-Ploop(Bi = blbi—lagi—lagi =’ 'I) (5)

countp; b, ,9i—19i

Ebk:A,U,C,G countp; _by,g:—1g;

Pstem(BPij = bp|bz’—1; 9i—1,9i = (I) (6)

4.2 BaseConditional (Simplified Triple) Probabilities

In simplified triple probabilities,the currentbasewasgeneratedy looking at the previous two geometry
characters.

COUNINNb,g;i_2gi_19:

ij =A,U,C,G CO’LLTLtNij 19i—29i—19i

-Ploop(Bz' = blgi—2;gi—1:gi =’ 'I) (7)

county,g;_og;_1g;

Pstem(BPij = bplgi—2agi—17 gi = (I) (8)

Ebk =A,UC,G countp, ,gi—29i—19i

4.3 BaseConditional (Triple) Probabilities

In triple probabilitiesthe currentbasewasgeneratedy looking at the previous two geometrycharacters
andassociatethasesandthe currentgeometrycharacter
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Countbi—2bi—1b1’ ,9i—29i—19i

Pioop(Bi = blgi—2,9i-1,9i =" ', bi_2,bi_1) = )

Ebj:A,U,C,G COUNEY; _5b;_1b;,9i—2gi—19i

Countbi—Qbi—lbi,gi—2gi—19i

Pytem(BP;j = bplgi—2,9i-1,9i = (,bi—2,bi1) = (10)

Zbk:A,U,C,G COUNEY,; _5b; _1bi,gi—29i—19:

4.4 Self-Loop Fold-Avoidance

SomeRNA structureshave long loop sequencedn randomlygeneratedequencesye obsenedthatsub-
sequencewithin aloopwill fold with anothersub-sequenceithin theloop.

We startwith any sequencgeneratedrom the previous sub-section.This heuristicessentiallyexamines
eachloopin theinput secondargtructure searchindgor thereversecomplementf eachtriplet in theloop.
If areversecomplementis found,the loop sequencassociatedvith the matchis modifiedandthe search
is repeatedrom thebeginning.

Supposghereare L loops,whereloop i is of lengthl;. This approacttakestime Q(L x [?). Its expected
runningtime is Pr(reverse-complemeris in i) ! « L % [2. Since mostloops are relatively short, this
approachrunsquickly in practice.

4.5 Sub-Structure Energy Negation

The goal of this approachis not only to drive an overall RNA moleculetoward negative enegy, but to
drive every sub-structureontainedvithin thatmoleculetowardnegative enegy in thefastestvay possible.
Althoughit is not the casethat sub-structuremustbe negative in orderto fold into a particularsecondary
structure ,negative enegy ensureghata given sub-structurecanfold into the assignedsequenceThis is
similarto thework of Seeman[B who parsedarge moleculesnto smallersub-structures orderto create
novel secondangtructures.

In this approachwe parsethe geometrystringinto sub-structureby finding the outermospair of balanced
bracletsandparsingour way inwards.For example:

(O WM

would have thefollowing sub-structures,

CCN-CCCCMM) (1)
(DI ()
R(((O)E(E(@MINXE)

Eachsub-structuren this exampleis denotedin boldfacebraclets. We candefinethe conceptof a sub-
structurelevel by noting whatbracletsarereadat a particularstageof the inward parsing.It is important
to notethatsub-structuresancontainothersub-structure¢l, 3) andmary independensub-structuresan
exist onthesameevel (2).

Oncethe parseof the geometricstring is obtained,the algorithm proceedgo usea probability heuristic
in orderto assigna preliminary sequenceo the secondarystructure. Then, this approachsearchegor
the deepessub-structurdevel by iteratively parsinginwards. Optimizationsare performedon eachsub-
structureindependentlyat eachlevel in orderto heuristicallydrive the preliminary sequenceoward the
desiredsecondanstructure.

For agivensequencewe definethefollowing optimizations:
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1. Defineaflankregionasthesetof unpairecbaseghatareimmediatelyadjacento astem.Then,flank
regions of eachsub-structureare checled so thatthey do not pair with partsof a stemin orderto
preventsliding.

2. Forloopslargerthansix basesye performaself-foldingloop check.We usethefactthatit hasbeen
empirically obsenedthat stemsof sizelargerthanthreehave a tendeng to fold. The goal of this
optimizationis to ensurethat thereis no stemlarger thanthreebaseswithin a loop sequence We
accomplistthis by executingthe self-foldingloop checkdescribedn section4.4.

3. For eachsub-structurehatis larger thanforty baseswe take loop regionsandslide them against
associatedtemregionsin orderto ensurethatsubsequencesf atleastlengththreedo not pair with
otherpartsof the sequencelf suchpairingsoccur basesaremutatedasin (2) in orderto disruptthe
pairing.

4. If theflank regionsareof lengthatleastfive, we performthe samecheckasin (2) in orderto ensure
thatthey do not pair with otherregionsof the sequence.

After the optimizationprocesss complete,we usethe ViennaPackage[5] in orderto ensurethat each
sub-structuramaintainsnegative enegy. If all sub-structuregre of negative enegy at a particularlevel,
we proceedoutward to the next deepestevel and repeatthe optimizationprocess.If the enegy of ary
sub-structurds positive, we changemore of the loop basego As andA-U to C-G pairsin the stemsof
that sub-structurelf we ever run into a situationwherewe cannotachieze negative enegy by ary of our
optimizationtechniquesthis approactsimply givesup onthe generatedequenceandreturnsits findings.

4.6 Graph-BasedApproaches

Given a structure we canexamineits sub-structureandtry to find sequencethatwill fold into the sub-
structure.We would like to combinethesesequenceso producea longersequencehatwill fold into the
original structure.

An alternatve perspectieis to considethefollowing. Supposeave aregivena simplestructureandseveral
sequencethatfold into thatstructure We would lik e developa morecomplicatedstructureby memgingthe
sequences.

For example,we cantry to extend

((CN))BEN((69) BN 0)

into

((O)) P () I ((eW)) (D)

by derving a setof rulesthat combineknown sequencethatfold into (i) to alongersequencéhatfolds
into (ii).

We canthink of this approactasbuilding up a chain.

In this approactwe madethefollowing simplifying assumptionstoop regionsonly contain’A’s, all stems
areof length3, every stemmustbegin andendwith eithera’C’ ora’G’, no pseudoknotsandno GU/UG
pairsareallowed.

We cancreatea directedgraphof possiblesequencesEachnoderepresents sequencéhat corresponds
to a stem. Eachedgerepresents&n orderedpair of stemsthatfold into (i). We canrepresenthe graph
using an adjaceng matrix. Eg. If GACAAAGUCAAAAACCCAAAGGG folds into (((...))).....(((...))),
then(GACAAAGUC,CCCAAAGGG)form adirectededge.
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5 Results

We collected120RNA sequenceffom anonlinesmall-RNA databas§l0], andthe NCBI [8]. Secondary
structuredor theseRNA sequencewereobtainedby forwardfolding (i.e. predictingthe secondanstruc-
ture of) thesesequencewith the ViennaRNA packagg5].

Fromour setof 120RNA sequence$0sequencewererandomlyselectedasatrainingsetfrom whichwe
obtainedestimatedor thefrequeng of individual nucleotidebases.

We testedthe probabilisticmodel,self-loopfold-avoidance andsub-structurenegy negationapproaches
in two experiments. We chose5 moderatdength strands(around200bp)for experimentl1, and5 short
strandglessthan80bp)for experiment2. We ran 50 trials per strand.We have includedmoreinformation
aboutthesestrandsn the Appendix,section9.1.

A scoringschemewvasdevisedin orderto provide a clearmetric of the precisionandaccuray affordedby
eachindividual approach.

We alsoperformeda smallcasestudyof our graph-basedpproach.

Experimentl: 50trials perstrand

Strand Length Source Structure

1 189  S.mytilis (R (A ((——— M)
------ (LI I - (...
...... U @@ 1) 1)), I
2 203 Pcaudatum (OG- (GGl D)o
---------- (((en(exe (( )) DR ES)BM)))E
§(( N((((((([A((((crmmmem)))))) BE9))))))) D))

3 201 P multimicron. (o CCCora DG D)D) e
------- (HE@(((em)e )))) ))IB)) ) I8
gggg))) LCCcceeeeceeeeeed .- ))))))))) ----- ))

4 205 P primaurelia  (((((Coo((Cor (DI ) oo
.......... I D)D)
)))g)))))) B (A (e IN))--.))))-

5 205 Ptetraurelia (G (o (D))o D)oo
.......... . ))))))...))).)))..))..........
BB (@ ((((((mrwm))))) BW))|

))))))))) ..........
Experiment2; 50trials perstrand
Strand Length Source Structure
1 64  D.radiodurans ((((....-..))))-(((((.---)))----A(C.(-(C..-))---) )
2 35 Ecoi .. ((CC G-
3 77 E. coli ((E((Cr— (H({((()) ) X (((ee)))B)B) B
4 78 X laevis (O o (5 ))) 1o )))) ) N ) VS
5 71 K. lactis (o (o) I ((((A((omee ))))))))....))))) ...........
5.1 Scoring

We computedscoresin the following manner We obtainedthe structureof the original sequenceand
the structureof eachgenerategequencevith the RNA folder from the ViennaRNA packagd5]. Using
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dynamicprogrammingwe alignedthe structureof thegeneratedequencevith the structureof theoriginal
sequenceMatcheswerescoredwith +1, gapswerescoredwith -1, andmismatchesverescoredwith 0.

Thisis areasonablscoringschemesincewe aretrying to measurestructuresimiliarity. It accountdor the
lengthof matchesn loop and stemregions. It givesa high scoreto similar structuresandlow scoresto
dissimilarstructuresFor example,if our original structurecontaineda hairpin (with 4 free bases)andour
generatedtructurecontaineda hairpin (with 5 free bases)both structuresstill form a hairpin,andwould
resultin ahigh similarity score.

Anotherpossiblescoringmetric might be to countthe numberof positionswherethe basepairswith its
intendedcomplementHowever, unlike our chosemmethod this schemeanayinadwertentlygive low scores
to similar structures.

5.2 Probabilistic Model Using BaseFrequencies

We obtainedhescorepercentagéor eachsequencéy dividing thealignmentscorewith thetotal sequence
length. As such,ascoringvalueof 1 indicatesa perfectmatch.

Fromthehistogramswe canseethatmodelingthebasdrequenceicreaseshepercentagef correctalign-
mentbetweenthe generatedtructureandthe original structure. The Knudsenprobability modelslightly
out-performedhe restsinceit producedsomeperfectscoringstrands. The conditionalprobability mod-
els performedslightly worsethenthe Knudsenand Single probability models,sincetheir averagescore
is slightly lower. This is expectedsinceconditionalprobability modelsneedproportionallymore datato
performequallywell to the singleandKnudsenprobability models.
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Experiment 1: Histograms of score percentage
60

Random Double
40+
20t
0
0.2 04 0.6 0.8 1

Knudsen Striple

Figure5: This shavs the distribution of correctscoresundereachprobability distribution from experiment
1.
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Our heuristicperformswell with shortsequencesEachprobability model createdsequenceghat would
fold into thecorrectstructure . The singleprobablility modelpredictedmorecorrectsequencethaneachof
theotherprobabilitymodels.

Experiment 2: Histograms of score percentages

60 Random 601 Double

601 Knudsen 60 Striple

60

40t

20}

Figure6: This shavs the distribution of correctscoresundereachprobability distribution from experiment
2.

We have includedhistogramsbasecbn strandby strandresultsin the Appendix,section9.2.
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5.3 Self-Loop Fold-Avoidance

In thefollowing two scatterplotseachpointp; = (z;,y;), representsheratio of no-self-loop-checlscore
versusself-loop-checlscore.eg. z; is the scorepercentag®f our sequencéeforeperforminga self-loop
check,andy; is the scorepercentagef our sequenceafter performinga self-loopcheck.

For eachexperimenttherewere5 strands 6 probabilisticmodels,and50 trials. Thereare 1500pointsin
eachof our plots.

In shorterstrandswe expectedthattherewould be moreshortloops,meaningthatgenerally the heuristic
would not make as mary changedo thesesequencesThis is verified by examining the scatterplot of
experimenttwo. We obsene morepointsalongtheline y = x, indicatingno changesn scoringvalues.

It is notimmediatelyobvious whetheror not this heuristicwill help to improve scoressincemostof the
scoresappearto be concentratealoseto the diagonal. Sometimesapplyingthe self-loopcheckimproves
thescoreandsometimest becomesvorse.

Experimentl: self-loop avoidance Experiment2: self-loop avoidance
1 ‘ ‘ ‘ 1 : ‘
0 K oKX
KR SR
% 08} %08 X
(4] (4]
< <
o o
g x g
0 06¢ 2 0.6
| |
© X ©
%] « %]
2 0.4t 204
0.2 : : : 0.2 : : :
0.2 0.4 0.6 0.8 1 0.2 0.4 0.6 0.8 1
self-loop avoidance self-loop avoidance

Figure7: Plot of correctscoreswith self-loopcheckvs. no self-loopcheck.

5.4 Graph-BasedApproach

Therearel6 uniguestemsequencefr onehairpin (underour simplifying assumption)This givesus16
16 = 256 possiblesequencethat potentiallyfold into structureour substructureontainingtwo hairpins.
We usedthe RNAfolder from the Viennapackage[bto fold the 256 sequencemto the structurelistedin
thefollowing table(structuredistedfrom 5’ to 3’):

Structure Correctlyfoldsinto structure
(@) () 59
AR ((6)) e ()] 90
O ((om)) (o)) 155
(o)) e ((e) 233

For our casestudy we tried to extendstructurel containingtwo hairpinsinto (((...))).....(((..))...(((..)))
(astructurecontainingthreehairpins).We will referto the hairpinsin orderfrom 5’ to 3'. (eg. hairpin1is
theleft-mosthairpinclosesto the5’ endof the strand.)

Attempt1: we createda graphfrom the 59 sequencethe folded into structurel. We exploredour graph
(finding all possiblepathsthroughour graph)andpredictedthat 285 sequencesvould fold into our target
structure.
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Supposehairpin 1 hassequence< x >, hairpin 2 hassequence< y > and hairpin 3 hassequence<
z >. Whenwe examinedthe incorrectsequencesind found that the sequence< ¢ >< y >< z >
(correspondingo hairpin 1, hairpin 2, and hairpin 3 respectiely,) did not occur In orderto accountfor
this, we createdrule one:donotgenerate< z >< y >< = > sequences.

In a similar examinationof the missingsequencesye foundthatit did not matterwhatthe seconchairpin
was(aslong asit hasdegree> 0 in our graph).As such,we devisedrule two: addadditionaledgego the
graph.We incorporateahis by creatingnodes(correspondingo a sequencéor a hairpin)for eachhairpin,
andaddinganedgeto thenodescorrespondingo the seconchairpinfrom eachof thenodescorresponding
to thefirst hairpin.

Attempt2: we createcagraphfrom our 59 sequenceandtwo additionalrules. Thenwe exploredthegraph
to predictsequencethatfold into ourtargetstructure.

The following table showv the resultsof our two attempts.We comparedour predictedresultsto the 748
sequencethatactuallyfoldedinto thetamgetstructure.

Numberof sequencegenerated Correct Incorrect Missing

Attempt 1 285 255 30 493
Attempt2 531 524 7 224
total 748

'Correct’ - numberof generatedequencethat correctlyfoldedinto tamget;’Incorrect’ - numberof gener
atedsequencethatdid not fold into target; and’Missing’ - numberof sequencefrom the setof 256 we
did not generateput wasfoundto fold into target. The total wasobtainedby folding all 4096sequences
andcountingthe numberof structureghatmatchedur target.

We alsotried to extend structure4 to (((....))).....(((.---))----(((-..))) with the two rulesand obtainedthe
following results:

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

Thus,we cameto realizethatthisapproachmightbegeneralizedo accuratelyfind varyingtRNA structures.
Sincehairpinswith freebase®f lengths3, 4, and5 have specialpropertiesye foundthatwe mightbeable

to apply bruteforce techniquesn orderto develop similar graphstructuresfor otherinputs. Using these
structureswe could concevably createlong chainsof hairpins. For example,thereare 27 structureghat

containtwo hairpinsub-structuresyhereeachhairpinhas3, 4, or 5 free basesandwhereeachhasa fixed

numberof basedetweerthetwo hairpins.It would befeasibleto createandstoreagraphfor eachof these
structureslt would beinterestingto seeif this approacttanbe generalizedo othersimplestructures.

6 Limitations

Ourapproachedistinctly rely onheuristicghatattempto drivetheoverallenegy of anRNA strandtoward
someminimum valuewhile simultaneoushbiasingthe RNA strandtoward a desiredsecondanstructure.
Sinceour approachesarebasedentirely on heuristics their largestlimitation is thatthereis no guarantee
thatourapproachewiill find afinal sequencevith minimal enegy. As such thereis alsono guarante¢hat
resultingRNA sequencewiill exactlyfold into the desiredsecondanstructureghatarepassedsinput to
our models. Neverthelesspur algorithmicmodelsare, at the very least,likely to generatesequencethat
fold into a secondangtructurewith featureghataresimilar to thatof the desiredstructure.

We have alsodiscoveredthat our heuristicshave a greatertendeng to malfunctionon longer secondary
structuregeometriesin particular thereareissueswith sliding in stemsub-structuresandpairingwithin
loop sub-structurethatareespeciallyevidentin the applicationof our algorithmstowardlongerstrandsof
RNA. It is to be expectedthatthe designedsequencefor longerstrandsof RNA will be moreinaccurate
thanthedesignedsequencefr shorterRNA molecularsequences.
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Finally, our approacheslo not strictly handleall arbitrarysecondanstructuresbecausehey areincapable
of handlingpseudoknosub-structuresThis is acommonlymadesimplificationin RNA folding problems
becauseno suitablemodelsexist for minimizing the enegy of secondarystructureghat containpseudo-
knots. It is for this reasonthat pseudoknotarefrequentlyconsideredo be part of tertiary, asopposedo
secondarystructurein modelsof RNA molecules.

7 Future Work

Similarto probabilisticsearchtechniqguesuchassimulatedannealinggeneticalgorithmsareoftenusedto

obtainsolid approximation®f optimal solutionsfor computationallyexpensve problems.Classicgenetic
algorithmsaccomplistthis by startingout with a”population” of initial solutions,evaluatingeachsolution
in the populationagainsta "fithess” function, andassigningprobability valuesfor eachsolutionbasedon

thedetermineditnessof eachpotentialsolution. Solutionsthataredeemedo befit, or moredesirablehave

agreatemrobabilityto carry someaspect®f themselestoward the developmentof new, andconcevably
better solutionsin futureiterationsof a geneticalgorithm. In this way, new solutionsareiteratively gener

atedby the applicationof so-calledgeneticoperatorswhich permitthe recombinatiorand permutatiorof

anexisting populationof solutions.Givensuchpotential,we believe thatwe might be ableto improve the
performancef our heuristicmodelsby usinggeneticalgorithmsalongsideour devisedapproaches.

In orderto applyageneticalgorithmto our approachesye would needto be ableto parseandidentify the
individual sub-structurethatarepresentn agivenRNA secondargtructure Oncethesesub-structureare
identified,we would be ableto apply our own algorithmicmodelsto generateplausiblesequencefor each
sub-structureln orderto testthe plausibility of a conformationbetweenour designedRNA sequenceand
a particularsecondarngub-structureywe might be ableto make useof currentlyexisting folding algorithms
thattake RNA sequenceandpredictsecondanstructure.ln a subsequerdgtep,multiple concatenationsf
designedsub-sequencesould permitusto createaninitial populationof sequencethatshouldfold into
the overall desiredsecondarystructure. Furthermoreby applyingwell-known geneticoperatorssuchas
cross@er and mutation,we would be ableto affect the evolution of a populationof designedsequences
over multiple iterations. In the end,thosedesignedsequencesvith the highestfitness,or the moststable
enegy configurationsyould make up thefinal resultingoutputsfor our augmente@pproach.

It might alsobeinterestingto seehow animplementatiorof a heuristicfor "expandingRNA” might affect
the performanceof our existing approachesThe procesf "expandingRNA” beginswith a single RNA
sequencé¢hatcompletelypairswith itself, therebypermittingour approactto startwith an RNA sequence
thatis guaranteedo have minimum enegy. In subsequensteps,our approachwould proceedto locate
the unpairedbasesdn the desiredsecondarystructuregeometry mutatingthe initially pairedbasesn our
initial RNA sequencén orderto "expand”the strandinto the appropriatesecondanstructure.A final step
in this heuristicwould permitthe insertionor deletionof basedn orderto generatea final, cohereniRNA
sequence.

We believe that the expansionof an RNA sequencén this fashionhasthe potentialfor quickly creating
RNA moleculeswith minimal enegy states. Sincethe initial sequencerescribedoy the heuristicis al-

readyat a minimal enegy state,this heuristicwould presumablyalso createa moleculewith similarly
minimal enegy state;the only notablesourceof enegy statemodificationwould comefrom the insertion
or deletionof baseswhich might globally perturbthe enegy configurationof a designedRNA molecule.
As such,it shouldbecomerelatively clearthatthe largestdifficulty to overcomein theimplementatiorof

this heuristicwould bedeterminingthe appropriatecriteriafor insertingor deletingnucleotidedrom thefi-

nal secondargtructurewithout greatlydisruptingglobalenepy state or inducingstructuralsliding, which
couldpotentiallydestrg the stability of a predictedconformation.

8 Conclusion

Although the problemof designingRNA sequence$rom secondarystructuresis not particularly well-
studied we have clearlydemonstratethatfeasiblesolutionsexist. We have presentec selectionof several
differentheuristics,including probabilisticmodeling,self-loopfold avoidance sub-structurenegy nega-
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tion, andgraph-basedpproacheszachof thesetechniquesnightbeusedin orderto tractablydesignRNA
sequencefor input secondarystructuregeometries.From an evaluationof thesetechniquespur initial
evidencesuggestshat predictionmodelsthat are built aroundbasicprobabilistictechniquesnay make a

goodstartingpointfor exploration,althoughmorecomple« modelsarenecessarin orderto obtainthe best
predictionsthatarepossible.

Our exploratory approachto designingheuristicshasfurther yielded somevery interestinginsightsinto
formally modelingtherelationshipbetweerRNA molecularsequenceandtheir secondanstructures\We
believe thatwith furtherresearcrandexperimentationevenbettersolutionsmay be possiblein thefuture.
In this light, we hopethatour own resultsmay provide someinspirationfor futurework in this area.
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9 Appendix

9.1 Strand Information

Experimentl
Strand Source Accession Gl RNA type
1 Stylonychiamytils U10570 726453 RNA sublunit of telomerase
2 Parameciuntaudatum U45437 1245049 telomerasdRNA
3 Parameciummultimicronucleatum U45436 1245050 telomeraséRNA
4 Parameciunprimaurelia U45434 1245051 telomerasdRNA
5 Parameciuntetraurelia U45433 1245053 telomerasdRNA
Experiment2
Strand Source Accession Gl RNA type
1 Deinococcusadiodurans AE002087 6460405 tRNA-Gly-4
2 Escherichiaoli V00336 42763  23S-rRMA
3 Escherichiaoli V00336 42763 tRNA-Asp
4 Xenopudaevis L15434 295540 scRMA
5 Kluyveromycedactis U31465 968979 tRNA-lle

9.2 Histograms of individual strands

Experiment 1: Histogram of score percentage (strand 1 — 189 bases)

15 15
Strand1 random Strand1 double

10 10
BL 541L
4 0.6 0.8 1

[}
0.4 0.6 0.8 1

15 15
Strand1 knudsen Strand1 striple

10

5

[}
0.4 05 0.6 0.7 0.8 0.9

Strand1 triple

Figure8: Experimentl: This shows the distribution of correctscoresfor strand1 undereachprobability
distribution.
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Figure9: Experimentl: This shows the distribution of correctscoresfor strand2 undereachprobability

distribution.
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Figure10: Experimentl: This shows the distribution of correctscoredor strand3 undereachprobability

distribution.

Experiment 1: Histogram of score percentage (strand 2 — 203 bases)
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Experiment 1: Histogram of score percentage (strand 3 — 201 bases)
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Figure11: Experimentl: This shows the distribution of correctscoresor strand4 undereachprobability

distribution.

Figure12: Experimentl: This shows the distribution of correctscoredor strand5 undereachprobability

distribution.

Experiment 1: Histogram of score percentage (strand 4 — 205 bases)
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Experiment 1: Histogram of score percentage (strand 5 - 205 bases)
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Experiment 2: Histogram of score percentage (strand 1 — 64 bases)
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Figure13: Experiment2: This shows the distribution of correctscoresor strandl undereachprobability
distribution.

Experiment 2: Histogram of score percentage (strand 2 — 35 bases)
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Figure14: Experiment2: This shows the distribution of correctscoredor strand2 undereachprobability
distribution.
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Experiment 2: Histogram of score percentage (strand 3 — 77 bases)
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Figure15: Experiment2: This shows the distribution of correctscoresor strand3 undereachprobability
distribution.

Experiment 2: Histogram of score percentage (strand 4 — 78 bases)
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Figure16: Experiment2: This shaws the distribution of correctscoredor strand4 undereachprobability
distribution.
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Figure17: Experiment2: This shows the distribution of correctscoredor strand5 undereachprobability

distribution.

Figure 18: Experimentl: This shavs the distribution of correctscoresfor eachstrandundersubstructure

enegy negation.
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Experiment 2: Histogram of score percentage (strand 5 — 71 bases)
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Experiment 1: Histogram of score percentage (Sub-structure energy negation)
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Experiment 2: Histogram of score percentage (Sub-structure energy negation)
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Figure19: Experiment2: This shavs the distribution of correctscoresfor eachstrandundersubstructure
enegy negation.
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