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Abstract. Single NucleotidePolymorphism(SNP) Genotypingis animportant
moleculargeneticgechniquan the early stageof producingresultsthatwill be
usefulin the medical eld. One of the proposedmethodsfor performing SNP
Genotypingrequiresamplifying regionsof DNA surroundinga large numberof
SNPIoci. In orderto automatea portionof this methodandmalke theuseof SNP
Genotypingmorewidespreadit is importantto selecta setof primersfor the ex-
periment.Selectingtheseprimerscanbe formulatedasthe Multiple Degeneiate
Primer Design(MDPD) problem.An iterative beam-searchlgorithm,Multiple,
Iterative Primer Selectoi(MIPS), is presentedor MDPD. Theoreticabndexper
imentalanalyseshaw thatthis algorithmperformswell comparedo the limits
of degeneratgrimerdesignandthe numberof spuriousampli cationsshouldbe
small.FurthermoreMIPS outperformsanexisting algorithmwhichwasdesigned
for arelateddegeneratgrimerselectionproblem.

An implementatiorof the MIPS algorithmis availablefor researchpurpose$rom
thewebsitehttp://www.cse.wustl.edu/ zhang/softvare/mips.

1 Intr oduction

Single NucleotidePolymorphismgSNPs)are individual basedifferencesn DNA se-
guencedetweenindividuals.It is estimatedhatthereareroughly threemillion SNPs
in thehumangenomg12]. AssociationstudieshetweenSNPsandvariousdiseasesas
well asdifferencesn how individualsrespondo commontherapiespromiseto revo-
lutionize medicalsciencein the comingyears[2]. Recentwork suggestsheremay be
only afew hundredthousandblocks” of SNPsthatrecombineto provide mostof the
variability seenin humanpopulationg5]. However, it is still adauntingtaskto identify
the speci ¢ geneticvariationsoccurringin speci ¢ individualsin orderto determine
their associationsvith importantphenotypesCurrently therearemary proposedech-
niquesfor determiningthe SNPcompositionof a givengenomeHowever, in orderfor
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theseassayingechniquedo be effective in large-scalegeneticstudiesof hundredsor
thousandsf SNPs they mustbe scalableautomatedrobust,andinexpensve[9].

Onetechniquénvolvesthe useof multiplex PCR(MP-PCR)to amplify theregions
aroundthe SNP. Multiplex PCRis a variationof PCRwheremultiple DNA fragments
arereplicatedsimultaneouslyMP-PCR ik e all PCRvariations makesuseof oligonu-
cleotideprimersto de ne theboundarie®f ampli cation. For eachregion of DNA that
is to beampli ed, two primers,generallyreferredto astheforwardandreverseprimers,
areneededin MP-PCRit is necessario selectaforwardandreverseprimerfor eachof
theregionsto bereplicatedandfor thelarge-scalempli cation requiredn SNPGeno-
typing, therecanbe hundredspr perhapghousandspf thoseregions. The processof
selectingsucha large setof primersby currentmethodsjncludingtrial-and-error9],
canbetime-consumingnddif cult.

Therearetwo similar problemsin primer selection the Primer SelectionProblem
and the DegeneratePrimer Design Problem.The Primer SelectionProblem[15] in-
volvesminimizing the numberof primersneededo amplify regionsof DNA in a set
of sequencedt hasbeenshavn thatthisis anNP-hardproblem([6] in reductionsrom
otherhardproblemsjncludingSET-COVER andGRAPH-COLORING[3]. Therehave
beena numberof proposecdheuristicsto solve this problem,including a branch-and-
boundsearchalgorithm[14]. Also, algorithmshave beenproposedwhich incorporate
biologicaldataaboutthe primersinto thesearcH13,4].

In anMP-PCRexperimentwherethe numberof primersis notoptimized,thenum-
berof primersneededs equalto twice thenumberof sequencem theinputset.In gen-
eral,the algorithmsmentionedabove reducethe numberof primersneededo 25-50%
of this value,which canstill beratherhigh for the large-scaleampli cation neededor
SNPGenotyping.This leadsto theuseof degeneratgrimers.Degeneraterimers[10]
are primersthat make use of degeneratenucleotidesFor example,considerthis de-
generatgrimer, ACMCM, whereM is a deggenerataucleotidewhich representgither
of the basesA or C. This degeneraterimeris actually representatie of the setof 4
primers ACACA, ACACC,ACCCA,ACCCC . Thenumberof primersthata degener
ateprimerrepresentss referredto asits degenemlcy. Degeneratgrimersareaseasyto
produceasregular primers,andthereforesase the molecularbiologisttime duringthe
primer designphaseof the experiment.The useof degeneratgrimersintroducestwo
new problemsFirst, the effective concentratiorof the desiredprimersis decreasety
the presenc®f undesiredprimers.Secondthe presencef undesirecprimerscanlead
to erroneousimpli cation. Thereforejt isimportantto useprimersof relatively low de-
generay to realizetheinherentbene tsof degeneraterimerdesignwhile minimizing
the effectsof thesetwo problems.

TheDegeneraté’rimerDesignProblem(DPD) s the secondelatedproblem,how-
ever it makes useof degenerateprimers.DPD is the decisionproblemof determin-
ing whetheror not thereexists a singledegeneratgrimerbelov somegiventhreshold
which canamplify regionsof DNA for somenumberof asetof inputsequences here
aretwo variationsof DPD. MAXIMUM COVERAGE DPD (MC-DPD) is therelated
maximizationproblemwherethegoalisto nd themaximumnumberof sequencethat
canbeampli ed by adegenerat@rimerwhosedegenerayg falls belov somethreshold.
MINIMUM DEGENERACY DPD (MD-DPD) is the secondvariationof DPD whose
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goalisto nd the degeneratgrimerof minimum degenerag thatampli es all of the
input sequencesBoth MC-DPD andMD-DPD have beenshavn to be NP-Hardprob-
lems[11].

In thispaperwe describeaheMultiple DegeneratérimerDesignProblem(MDPD),
presen@nalgorithmto solve this problemanddescribenow the resultscanbe usedto
selecta large setof primersthat can be usedin MP-PCRfor SNP Genotyping.The
detailsof the protocolfor applyingdegeneratgrimersfor genotypingusingSNPscan
be found in [9]. The basicproblemusesa given collectionof DNA sequencefrom
genomicregionsknown to containSNPs.The regionsarechosersuchthatprimersse-
lectedfrom them,oneon eachside,arenot closerto the SNPthana x edamountand
no fartheraway thana speci ed distance We proceedasfollows: We rst presentwo
variantsof MDPD problems We thendescribethe Multiple, Iterative Primer Selector
(MIPS)algorithmandshav how MIPS performsrelative to anothersolutionin the do-
main,andthe theoreticalimits of the problem.We alsodiscusghe issueof erroneous
ampli cation. We speci cally study the relationshipamongthe probability of unex-
pectedpriming events,the lengthof degeneratgrimersandtheir degenerag. Finally,
we shaw theresultsof MIPS on differentdatasets.

2 Problem Description

Someof the notationfrom [11] is usedto describethe MDPD problem.To maintain
consistenyg, lower-casesymbols(i.e. ) represenhumericalvalues,countingvari-

ables,or individual charactersn a sequenceUppercasesymbols(i.e. ) denote
primers,sequencesr subsequencesinally, calligraphysymbols(i.e. ) represent
setsof sequencesr primers.

Let which is the nite x ed alphabetof DNA. A degener
ate primer is a string  with several possiblecharactersat eachposition,i.e.,
, Where . isthelengthof primer . The degenercy of
is . Considerthe degenerateorimer = A A,C AC C .The
length of is 4 and . For the sale of clarity, we usethe IUPAC sym-

bols for degeneratenucleotidedo representlegeneratgrimers.Therefore, canbe
representeds AMMC whereM is the degeneratenucleotidewhich represents A,C .
Degeneratgprimerscan be constructeddy primer addition. For any two primers,
and ,theirsum, equaly ) ) ( ).
Forary sequence inaninputset ,we saythatadegenerat@rimer covers
if thereis asubstring of length in wherefor eachcharacter in
Therearetwo variantsof theMULTIPLE DEGENERATE PRIMERDESIGNprob—
lem: PRIMER-THRESHOLDMDPD (PT-MDPD) andTOTAL-THRESHOLD MDPD
(TT-MDPD). For both,we aregiven sequences, , anda maxi-
mumdegenerag bound . For PT-MDPD, thegoalisto nd asetof degeneratgrimers,
, of minimumsizethatcoverseverysequencén where for eachdegeneratgrimer,
, . For TT-MDPD, thegoalisto nd asetof degenerategrimers,
of minimumsizethatcoversevery sequencén  where
Both PT-MDPD and TT-MDPD are NP-hard[6]. The NP- hardnesx;)f PT-MDPD
canbe shovn basedon the obsenationthat the Primer SelectionProblem(PSP)[15]
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is a specialcaseof PT-MDPD, wherethe degenerayg thresholdis setto one.The NP-
hardnes®f TT-MDPD canbe shovn by a reductionfrom the WeightedSetCovering
problem.

3 MIPS: Multiple, Iterati ve Primer Selector

To overcomethedif culty causedy theNP-hardnessf MDPD problemswe propose
aniterative beamsearchalgorithmto make atradeof betweeroptimality andtractabil-
ity. In orderto solve PT-MDPD andTT-MDPD, MIPS canrunin eitherof two modes,
MIPS-PTandMIPS-TT, respectiely. This sectionfocuseson MIPS-TT. However, we
will highlighthow MIPS-PToperateglifferently.

MIPS progressiely constructsa setof primersthat coversall the input sequences.
De ne a -primerto be a degeneratgrimerthatcovers input sequenceslhe basic
algorithm rst generates setof candidate2-primers,eachhaving somedegenerag
value,theniteratively extendsall candidate -primersinto -primersby general-
izing themto cover an additionalsequenceGeneralizatiorstopswhenno primer can
be extendedwithout exceedingthe degenerayg threshold . At this point, all remain-
ing primerscover sequencesso we retainthe primer of minimum degeneray,
removetheinputsequencel coversfrom considerationandrepeathealgorithmuntil
all sequencearecovered.

To guidethe searchMIPS usesthe degenerag of a primerasa scoringfunction.
The setof primersthatarestoredfor extensionareknown asabeam BeamSearcH1]
differsfrom greedyor best- rst searchin thatmultiple nodesdegenerat@rimersin this
case aresaved for extensioninsteadof just one. This modelof progressiely adding
to a beamof degenerateprimersand updatingthe scoringfunction is similar to the
CONSENSUSmotif- nding model[8].

It is importantto notethatthe degenerag of agiven -primerincrease®r remains
thesameywith theadditionof additionalsequencéagmentsThis obserationpermits
usto employ astratgy whichignoresdegeneratgrimerswith highdegenerag, in order
to speedup the algorithm. Therefore the searchis restrictedonly to the primerswith
thelowestdegeneray. In this algorithm,the numberof thecandidatgprimersto restrict
the searchto at eachlevel canbe speci ed. This constant, , describeghe numberof

-primersto save for eachlevel. Increasing canpossiblyimprove the quality of the
solution, but lengthensthe running time of the algorithm. In the resultssection,we
examinetheeffect of this parameter , on MIPS.

The pairwisecomparisorof two fragmentss the dominatingoperationanda rate-
limiting stepof the algorithm.A majority of thesecomparisonsrebetweentwo frag-
mentsthatsharefew, if any, nucleotidesTo avoid comparisondetweerdissimilarfrag-
ments,the exhaustve pairwisecomparisoris replacedwith a similarity lookup.All of
the primercandidatesreaddedo a FASTA-style lookuptable.In generalfor DNA, a
FASTA tablefragmentlengthof 6 is recommende{7]. Usingthetable,eachfragment
is comparednly to theotherfragmentshatarereturned.

The constructve searchcontinuesuntil one of two casesoccurs.In the rst case,
all sequencearecoveredby asingle -primer, where is the numberof sequencem
theinputset.Thealgorithmthenterminatesvith thatprimerastheresult.In thesecond
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Sequences
Covered
1

Fig. 1. For thesegraphs the depthof a noderepresentshe numberof sequencefom theinput
setcoveredandthe numberin a noderepresentshe numberof degeneratgrimersthatwill be
usedto cover thosesequence€achnodecanbe expandednto two child nodes.The left child
representsoveringanadditionalsequencesinganexisting degeneratgrimerandtheright child
representsoveringanadditionalsequencesinganev degenerat@rimer. Graph(a) shavs afull
searchGraph(b) shavs thepruningthattakesplacein MIPS-TT duringthebacktrackingphrase.
Considerthe two bold nodes Both of thesecover the samenumberof sequencewith the same
numberof primers MIPS-TTwill thereforeonly expandthenodewhosetotal scoreis better This
avoidsthe exponentialexpansionseenin (a)

caseno -primercanbeextendedo a -primerwithoutexceedinghedegeneray
thresholdandthereexistsatleastonesequencencovered At thispoint, sequences
have beencovered.The algorithmchooseshebestdegeneratd )-primer, , from
theset of primerssortedby degenerag value.Theproblemthenreducego asmaller
instancewheretheinputsetis the original setof sequenceminusthosecoveredby

In MIPS-PT, the degenerayg thresholdfor this subproblenis equivalentto the original
threshold, . In MIPS-TT, the degenerag thresholdis reducedby the degenerag of

. Thealgorithmthenrestartson thereducedproblem.

For MIPS-PT, iteratively applying this procedurewill eventually return a set of
primersto cover the setof input sequenced-dowever, this is not the casefor MIPS-
TT. After  is discoveredandits sequenceareremovedfrom considerationthe new
thresholdmaybetoolow to covertherestof thesequencedn thiscase MIPS-TTbadk-
tracksto the previouslevel, , andselectghe next bestprimer  for removal.
Again, MIPS restartson the sequencethat  hasnot coveredandwith a degenerag
limit thatis theoriginal minusthedegenerag of . Figurel shaws, schematically
theexecutionof MIPS-TT.

A pseudo-coddescriptionof MIPS is givenin Algorithms1-3.

4 Analysis

We now examinethetheoreticaboundsof MIPS anddegeneratgrimerdesignin gen-
eral,andinvestigateheissueof erroneousaampli cation. In thefollowing, let bethe
numberof sequencem theinputset, theaveragdengthof eachsequence,thebeam
size,and thelengthof the primers.
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Algorithm 1 MIPS( )
1: Initialize Global variables (2-D matrices):BEST - candidatefragments,COVERED - se-
quencesovered;ALLOWABLE - remainingdegeneray,
2: for =1tothenumberof degeneratgrimersthatwill beuseddo
Let =themaximumnumberof sequencethatthe( -1) primerscovered
while do

if this searchcoverssS, print solutionandexit
elsec=c-1

Nogahkw

Algorithm 2 MIPS_SEARCH( )

1: Input: Sequencset , degenerag bound , primernumber , sequencesovered .
2: Output: total numberof sequencesovered

3: Initialize priority queue of size ;

4: Performpairwisecomparisons.

5: for all sequence do
6
7
8
9

for all substring do
Let = and isa -lengthsubstringof
for all fragment do

10: Insert into queue

11: Let =

12: while queue is notemptydo

13: Let =thebestelemenbf

14: if degenerag( ) degenerag( then

16: degenerag( )
17: covers( )

20: return( )

Algorithm 3 ONE_PASS( )

1: Input: Priority queue , setof sequences, degenerag bound .
2: Output: Priority queue

3: for all primer do

4:  for all sequence do

5: if covers( ) then

6: for all substring do
7

8

9:

Insert into queue
return
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4.1 Algorithm complexity

Space From the input set, eachprimer is storedindividually which requiresspace

. In theimplementationthereare 4 matricesthatare neededor back-
trackingandstoringdegeneratgrimersthat could eventuallybecomepart of the nal
solution.Thisaddsanadditional of storageThereforethetotalamountof space
is

Time Thetime complity is analyzedn abottom-upfashion.Theprocedureof com-
paringthe fragmentsin the beamto the remainingsequencemalkes primer
additionssincethereare total fragmentsand fragmentsin the beam.Each
primer additionrequirescomparingevery charactefin eachof the two primer. There-
fore, this portionrequires time.

The processof generatingnen beamsof -primers,for increasing , is called
MIPS_SEARCH.MIPS_SEARCH usesthe above procedureto build new beamsand
could, in the worst case,build  beams.Therefore,the overall time compleity is

. The numberof timesMIPS_SEARCHis executeddependsn the amount
of back-trackingThis is directly relatedto the numberof primersin the nal solution.
In the bestcase,if the solutiononly requiresl primer, therewill be only onecall to
MIPS_SEARCH.In theworst case,f the solutionrequires primers(oneprimer for
eachinputsequencetherewill be callsto MIPS_SEARCH.Let bethenumberof
primersin the nal solution.Thebestapproximatiorto thenumberof MIPS_.SEARCH
callsis . This bringsthe overall time compleity to . Currently we
areworking on a methodto reducethe time compleity of comparingthe degenerate
primersin the beamto the remainingsequences orderto speedup the entire algo-
rithm.

4.2 Limits of degenerateprimer design

Multiplex primerdesigndemandshatmary inputsequencesharesitescomplementary
to somecommon(possiblydegenerateprimer. The sequenceto be co-ampli ed are
not in generalhomologousso their complementarityto a commonprimer is largely
a matterof chance We thereforeexploredthe chance-imposetimits of multiplexing,
thatis, how mary unrelateddNA sequencearelikely to be coveredby a singlePCR
primerof agivendegenerag?

Let beacollectionof DNA sequencesf commonlength . Call a primer

an -primer for  if it haslength and degenerag at most and covers
atleast sequencesf . A naturalway to quantify the limits of multiplexing is to
computethe probabilitythatan -primerexistsfor . However, this probability
is dif cult to computegvenassuminghat consistf i.i.d. randomDNA with equal
basefrequenciesWe insteadcomputethe expectednumberof -primersfor
If this expectationis muchlessthanone,Markov'sinequalityimpliesthat is unlikely
to containary suchprimer.

We countnot the total numberof -primersfor  but only the numberof
maximalprimers.A primer of degenerag atmost is saidto be maximalif increas-
ing 'sdegenerag atary positionwould causeits total degeneray to exceed . The
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expectednumberof maximal -primersfor is in generallessthanthe total
numberof -primers,but a primer of thistypeexistsfor iff amaximalprimer
exists. Hence,the former expectationis more usefulthanthe latter for boundingthe
probabilitythatat leastone -primerexists.

Occurrenceprobability for one xed primer Let bea primerof length , such

thatthe th positionof permits  differentbasesLet beacollectionof i.i.d.

randomDNA sequencesf commonlength  with equalbasefrequenciesandlet

beasingle -merata x edpositionin somesequence . Saythat matdes if
would hybridizeto . We havethat

matches —

Theprobabilitythat covers ,i.e.thatit matchesatleastone -merof , dependsn
acomplicatedvayon 'soverlapstructureputif  is nottooshortand
(bothof which aretypically true),thenusingPoissorapproximatior{16],

occursin

Let betheprobabilitythat matchessomevherein a singlesequencef length
and let be 'scoverageof |, i.e.the numberof sequencesf in which
matchesat someposition.Becausahe sequencesf areindependentthe probability
that matchesn atleast sequencegivenby thebinomialtail probability

where isthesumof independenBernoullirandomvariablesgachwith prob-
ability of success.

Computing the expectation Let bethe setof all maximalprimersof length

anddegenerag atmost . To countthe expectechumber of -primersfor
, obsenethat

Enumeratingll to computehis expectatiorwould becomputationallyex-

pensve, but thisenumerationis notneededor i.i.d. sequencewith equalbasefrequen-
cies.Giventheseassumptionsabout 's sequenceshe probabilitythat matchesa

given -merdoesnotchangeaf werearrangéts positions(e.g.” " versus' M
or changethe precisenucleotidesnatchede.g.” " versus' "). Let bea
multisetof valuesdrawn from thatliststhe degeneracies (in ary order)

of a primerfrom . Thenevery primer describedby thesame  hasthe same
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probabilityof coveringatleast sequencem .Hencethedesiredexpectations given
by
describedy

wherethesumrangesverall feasible  for and denoteghenumberof
degeneratgrimersdescribeddy . The probabilityis computedasdescribedabove,
sowe needonly describehow to compute

Let beamultisetwith 1's, 2's, 3's,and 4's.If we x which positions
in  permitl, 2,3, and4 nucleotidesespectiely, thenthereare ways
of assigningucleotidesetsto thesepositions Hence,

Enumeratingall feasible  for is straightforvard, so the expectationcanbe
computed.

4.3 Mispriming

It is possiblethat a pair of primershindsto an undesiredocation and resultsin an
erroneousmpli cation. Misprimingis theoccurrencef this eventwheretheunwanted
PCRproductis indistinguishableby size,from the targetedproducts.

Supposewe designa setof degeneraterimerswith length , suchthat the total
degenemlcy of the setis . We wish to estimatethe expectednumberof mispriming
eventswhenourprimersetis appliedto agenomeof length . For simplicity, weassume
thatthegenomes ani.i.d. randomDNA sequencevith equalbaserequenciesandthat
a pair of -merscausea misprimingeventiff they bind to the genomewithin  bases
of eachother, in the appropriateorientationsto permit ampli cation of the sequence
betweerthem.

Let index the positionsof the genomeon its forward strand.Let the 0-1 random
variable indicatetheeventthatan -merfrom our primersetis complementaryo the
forward strandat position , andlet — bethe eventthatan -meris complementaryo
thereverse-complemerstrandat . Forary , we havethat

We saythata misprimingeventoccursat if

Denotethis eventby theO-1indicator . Thetotalnumberof misprimingevents s
simply , for .

Note that the two matchingeventsare independentn ani.i.d. randomDNA se-
guencewhenthe two primersdo not overlap.To simplify our calculationswe ignore



10 R. Souweniretal.

the effect of overlappingprimerboundariesUsing Poissomapproximatiorto estimate
theprobability of the matchingeventon theforwardstrand we have that

Finally, setting , we derive the expectedmisprimingrateas

Using for thehumangenomeand baseswe nd thatadesign
using50 degeneratgprimersof length20 and averagedegenerag 10000yields about
0.31 expectedmispriming eventsin the genome.The mispriming rate scaleslinearly
with thegenomesizeandroughly quadraticallywith

5 Results

MIPS hasbeenappliedto bothhumanDNA sequenceandrandomlygeneratedatasets.
We useda datasetontainingregionsof humanDNA sequencesurroundingd5 known
SNPs.Thesequencesariedin lengthfrom afew hundrednhucleotidego well overone
thousandThe locationof a SNPon a sequencevasmarkedin orderto provide a ref-
erencefor the forward andreverseprimers.To ensureeffective PCR productanalysis,
eachprimercouldnotbelocatedwithin 10 base®f the SNPandtheentirePCRproduct
lengthcouldnotexceed400bases.

First,we shov how MIPS performedelative to thetheoreticalimits previouslydis-
cussedThen,we shav how variousparameterssuchasthe beamsizeanddegenerag
threshold affect the performanceincluding the numberof primersandrunningtime.
We thenshav someresultsof MIPS on the humandatasetFinally, we compareMIPS
to analgorithmdesignedo solve a similar DPD problemconsideredn [11].

5.1 Comparisonto theoretical limits

The theoreticalestimatesof section4.2 canbe usedto evaluatewhethera particular
primerdesignalgorithm performswell on the MC-DPD problem,thatis, whetherit
nds degeneratg@rimerswith coveragecloseto the maximumpredictedfor a givenset
of input sequencedlNe evaluatedthe MIPS algorithm's performanceon MC-DPD by
comparingthe primersit foundin randomDNA with thoseexpectedo exist in theory
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degenerag [|Avg CoverageMax Predictedl
1000 6.30 7
10000 10.55 12
100000 19.30 26

Table1. Actualandpredicteccoverageof 20-merprimersfoundon setsof 190randomsequences
of length 211. Avg Coverage:averagecoverageof primer found over 20 randomtrials. Max
Predictedlargestcoverage suchthat

For theseexperiments we generatedest setsof i.i.d. randomDNA sequencesvith
equalbasefrequencieswith , and , sothatthe numberandaverage
lengthof thetestsequencesughly matchedhoseof thehumanDNA testsequences.

We usedMIPS to nd asingle primer of length with maximumcoverage
in eachtestset,subjectto varyingdegenerag bounds . Table1l compareshe average
coverageof primersfoundby MIPSin 20trialsto thelargestcoverage suchthat
for testsetsof the speci edsizeis . Primerswith coverageexceedingthis valueof

arenotexpectedo occurin thetestsetswhile primerswith slightly smallercoverage
may or maynotoccurfrequently

MIPS provedadeptat nding primerscloseto the maximumpredictedcoveragefor
relatively smalldegeneracie$ ). We thereforehave considerableon dence
in its ability to nd high-coverageprimersif they arepresentThegapbetweerthebest
primersfound by MIPS andthosepredictedto occurin theorygrows with thedegener
acgy bound,but we cannotsaywith certaintywhetherthis factrepresents limitation of
thealgorithmor of thetheoreticakstimatessinceprimerswith expectatiorgreatetthan
onemaywith signi cant probabilitystill fail to occur Moreover, the high degeneracies
whereMIPS might performpoorly are of lesspracticalinterest,sincesingle primers
with suchhigh degeneracieareexperimentallymoredif cult to work with.

Overall, MIPS appeardo be operatingcloseto the theoreticallimit for MC-DPD
problemsof small degenerag. Although our analysisdoesnot directly addresshe
MDPD problemsary largegapbetweerthe mostef cient designandthe designgpro-
ducedby MIPS is unlikely to arisefrom failureto nd single high-coserageprimers
whenthey exist.

5.2 Performance

Figure 2 shaws the effect of beamsize on the solutionquality, or numberof primers.
Figure 2a shaws that increasingthe beamsize linearly increaseghe runningtime of

thealgorithm.These gures shav thetrade-of betweerthe quality of the solutionand
the runningtime of the algorithm. For this particulardatasettherewas a decreasef

two degeneraterimersin the nal solutionwhenthe beamsizewasincreasedrom 10

to 100. Moreover, only a slightly bettersolutionwas discoreredwhenthe beamsize
wasincreasedo 250. For the averagedesktopcomputey beamsizeslargerthana few

hundredresultin impracticalrunningtimes.For theinput setwe used which contained
95 humanDNA sequencegjsinga beamsizeof 100 produceda stronganswerwhile

keepingthe runningtime reasonableln general the beamsize shouldbe closeto the

numberof sequencem theinput set.
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Fig. 2. Thesegraphsshaws the effect of beamsize on the (a) runningtime of the algorithmand
(b) numberof length20 primersdiscorered.Thealgorithmwasrun on a datasebf 95 sequences
which areregionssurroundingknowvn SNPs.

PT-MDPD TT-MDPD
Degenercy|# Primers|| Degeneacyl# Primers
53 44
44 37
36 30
29 23

Table 2. Resultson a datasebf 95 humanSNPregionsusing primersof length 20 with default
settings.

In anunpublishedaboratoryexperiment,a setof degeneratgrimersof length20
was manually constructedvhere eachprimer was a mixture of 8 speci ¢ basesand
12 fully degeneratenucleotidege.g. AGTCGGRNNNNNNNNNNNN For this exper
iment, the total degeneray would be . MIPS wasdesignedo automatehis pro-
cedureand, possibly reducethe total degenerag and/ornumberof primersused.In
practicethe desiredaccurag in the experimentdetermineghe actualparametewval-
uesusedfor MIPS. Table2 shaws the resultsa large-scaleMP-PCRexperimentusing
primersof length 20. For 95 sequencesl 90 primerswould be neededn the general
case MIPS-PTdecreasethetotal numberof primersto 15%of this unoptimizedvalue
for a degenerag limit of 262,144 .Table 2 includesthe similar resultsfor PT-MDPD
andTT-MDPD.

5.3 Comparisonto HYDEN

The HYDEN algorithm[11] is a heuristicdesignedor nding approximatesolutions
to the DPD problems.Recallthat DPD is a setof problemswherethe generalgoal is

to nd asingledegeneratgrimerthat eithercoversthe mostsequencewhile having

a degeneray valuelessthana speci ed thresholdor coversall of the sequencewith

minimumdegenerayg. The DPD problemis the mostcloselyrelatedoneto our MDPD

problem,andHYDEN is theonly publishedalgorithmfor DPD thatwe areawareof.
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Fig. 3. BothHYDEN andMIPS weretestedon 20 randomly-generatedatasetsn orderto solve
thePT-MDPD problem.Thetestswereconductedvith differentdegenerag thresholdga) 10,000
and(b) 100,000.Thegraphshavs the numberof degeneratgrimersselected.

HYDEN cansolvethe PT-MDPD problemindirectly by iteratively solvingthe MC-
DPD problemon smallerandsmallersets After selectinga pair of degeneratgrimers
undera given boundthat coversa certainsubsetof the sequenced aninput set,the
algorithmrunsagainontheremainingsequences:or thereasonslescribedelow, iter-
atively solvingMC-DPD s notthe mosteffective way to solve the PT-MDPD problem.
However, this wasthe mostreasonableomparisorthatwaspossiblegiventheimple-
mentationavailableto usat thetime of testing.The graphsin Figure3 shons the num-
ber of primersthat eachalgorithmfound from a randomlygeneratedetof sequences
of varyinglengthswith varyingdegenerayg thresholdsThey areuniformly-distributed
i.i.d. sequencesf equallength.Eachprogramsearchedor degeneratgrimersof length
15withoutallowing any mismatchest ary positions.

In general HYDEN always producedmore primersthan MIPS in attemptingto
solve PT-MDPD. For aprimerdegenerag valueof 100,000andover 100sequenceshe
differencewasaslarge as60% more primers.Theseresultscanbe partially explained
by the differing designrequirementof the DPD and MDPD problems.Even when
appliediteratively, the goal of the DPD problemsis to have a resultwhich could be
divided into distinct PCR experiments.The goal of the MDPD problemsis to have
a setof primersfor one large-scalePCR experiment.Speci cally, to solve the DPD
problem,the HYDEN algorithm must ensurethat for ary given degenerateforward
primer thatis discovered,exactly one degenerateeverseprimer is usedto cover the
sequencesoveredby theforwardprimer. Thereforeagivendegeneratdéorwardprimer
is restrictedo whichsequencei is reportedo coverbasednthepresencef asuitable
degeneratereverseprimer, and vice-versa.Moreover, the HYDEN algorithm hasan
additionalrestrictionin which ary givendegeneraterimeris limited to eithercovering
asetof forwardor reverseprimers,but notboth.
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Conclusions

We have discusse@ problemthatarisesin large-scalehigh-throughpumultiplex PCR

ex

perimentsfor SNP Genotyping.We developedan iterative beam-searcheuristic,

MIPS, for this problemwhich canbe usedto selecta setof degeneratgrimersfor a
givensetof sequencesl his algorithmcomparegavorablyto an existing algorithmfor
similarproblemsFinally, usingboththeoreticaktalculationsandexperimentabnalysis,
we have shavn that MIPS is neithertime nor memoryintensve andcould concevably
be usedas a desktoptool for SNP Genotyping.The overall effectivenessof this al-
gorithm will ultimately be determinedby the applicationof the resultingprimersin
biologicalexperimentswhichis our next focusfor this research.
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