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Abstract

PCR, the polymensechain reaction,is a fundamental
tool of molecularbiology. QuantitativePCRis the gold-
standad methodolgy for determinatiorof DNA copynum-
bers, quantitating transcription, and numeous other ap-
plications. A major barrier to large-scaleapplication of
PCR for quantitativegenomicanalysesis the current re-
quirementfor manualvalidation of individual PCR reac-
tionsto ensue geneation of a singleproduct. Thistypically
requires visual inspectioneither of gel electiophoresesor
tempeature dissociation(“melting”) curvesof individual
PCRreactions—aime-consumingnd costlyprocess.

Here wedescribea robustcomputationabkolutionto this
fundamentaproblem. Usinga training setof 10,080reac-
tions comprisingmultiple quantitativePCRreactionsfrom
ead of 1,728 uniqgue humangenomicamplicons,we de-
velopeda supportvectormadine classi er capableof dis-
criminating single-poductPCRreactionswith betterthan
99%accuracy Thisapproad hasbroad utility, and elimi-
natesa major bottlene& to widespeadapplicationof PCR
for high-thughputgenomicapplications.

1. Intr oduction

PCR(18) is perhapshe mostwidely appliedtechnique
in molecularbiology andfunctionalgenomicswith appli-
cationsrangingfrom genediscovery to microarrayprobe
synthesis(8; 16). A major dif culty in applying PCRto
large scalegenomicanalysess the currentlack of toolsfor
automatedvalidation of PCRreactions. Here we describe
suchan automatednethodbasedon classi er analysisof
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standardpost-ampli cationPCR producttemperaturedlis-
sociationcurves(so-called‘'melting curves”).

All quantitatve applicationsof PCRrequiregeneration
of a single productduring the PCRreaction. This is also
true of manufcturing applicationssuch as productionof
cDNA microarrays. One approachto validating individ-
ual PCRreactiongeliesuponmeasuremertf the melting
curve of the ampliconfollowing completionof PCRther
mal cycling. Currently suchmelting curvesare examined
by humanoperatorswhomustdecidef thereactionwasac-
ceptable.Whenthe numberof reactionss large, this man-
ualscreeningrocesdecomesediousandtime consuming.
Furthermoremanualscreeningmay be error pronedueto
the super cial homogeneityof melting curvesandthe po-
tentialfor inter-obsener variability.

We aim to automatethe screeningof PCR reactions
basedon analysisof melting curves. We usea manually
labeleddatasetandfeaturesderived from ampliconmelt-
ing curvesto train a supportvectormaching(SVM) classi-

er to discriminatebetweeracceptablendaberranPCRs.
The featuresinclude a low-dimensionalrepresentatiorof
the melting curve andinformationaboutthe representation
error. We thenemploy theclassi er to identify theaberrant
PCRreactionsautomatically

Ourapproachthasthreesigni cant advantage®ver man-
ual screening.First, the classi er is vastly fasterandmore
scalablethan humanlabeling. Secondthe classi er pro-
ducesquantitatve probability estimatesof melting curve
abberang. Theseprobabilitiesallow the stringeng of |-
teringto be setat the outset. Controlling the stringeng of

Itering is importantfor interpretatiorof downstreamanal-
ysis, whereit may be very importantto have a minimum
thresholdof certaintythatanalyzeddatarepresentsccept-



ablereactions.Finally, classi erscanberetrainedaccord-
ing to new labelingrequirementsandthuscanrapidly sup-
port differentanalysisscenarios.

Figure 1 illustratesour method. Our machinelearning
approachrelieson two componentsFirst, we usefeatures
derived from the melting curves asinput to the classi er.
Thesefeaturesare computedby modelling eachmelting
curve usinga family of functionsthatcancloselyapproxi-
matemelting curvesfrom acceptablé®CRs,andthencom-
putingstatisticsaaboutthe dataaswell astheerrorof theap-
proximation. We developeda setof 36 featuresdescribing
the model,andthe quality of the model's approximatiorto
thedata thatarepresentedo theclassi er. Secondwe use
a supportvectormachineclassi er (20; 2) for discrimina-
tion. The SVM implicitly de nes a hyperplanein a vector
spacethatis usedto classifythe datapoints. This hyper
planeis usedto computea numericalscorefor eachmelting
cune basednanonlineamappingof the 36 featuresThis
numericalscoreis thenprocessetb yield anestimateof the
probability of meltingcurve aberrance.

Using this machinelearningapproachwe demonstrate
outstandingaccurag in distinguishing acceptablefrom
aberrantmelting curves, achieszing a recever operating
characteristiROC) scoreof 0.998. We show that high
accurag can be achieved with a relatively small training
set,andfurthermorethat SVM outputscanbecalibratedor
a priori speci cationof the decisionthresholdin termsof
probabilities. This work is signi cant becauset removesa
bottleneckin large scaleanalysisof genomicDNA by PCR.

Below we describe(i) the melting curve collectionpro-
cessy(ii) ameltingcurve modeltogethemwith featuresused
to classify melting curves; (iii) experimentalvalidation of
ourapproachand(iv) the overall results.

2. Data Generation

We usedreal-timequantitatve PCR (QPCR)(7) datato
developour classi er. Quantitatve real-timePCRis anex-
tensionof PCRin whichasignalfrom a uorescentreporter
is monitoredthroughouthereaction.This uorescencesig-
nal is usedto track the progressof the reactionafter each
cycle of ampli cation. Fluorescencdatacanin turn bean-
alyzedto determineaccuratelytheinitial templateconcen-
tration. In the datasetve analyze the dye SYBR Greenl
(6) is usedasthe uorescentreporter SYBR Greenl's u-
orescenceéncreasesubstantiallyupon binding to double-
strandedNA. Reactionsverecycledand uorescencedata
acquiredusingastandardjPCRinstrumeniABI 7900,Ap-
plied BiosystemsFosterCity, CA).

Use of SYBR Greenl hasthe adwantagethat melting
cune analysiscanbe usedto validatethe RTPCRimmedi-
ately afterthermalcycling without further sampleprocess-
ing. A melting curve is measuredafter the last extension

phaseof thereactionby rst bringingthe reactionmixture
to arelatively low temperatureandthenslowly heatingthe
reactionmixtureto atemperaturatwhichthe DNA strands
are expectedto be denatured.The uorescencesignalde-
creasesluringthis processandusuallymostof thedecrease
occursover a narrav temperaturegange. This suddende-
creasas causedy rapiddenaturatiorof the PCRamplicon
in a cooperatie process(15). Typically, PCR amplicons
will denaturewith onerelatively sharptransition,although
somesequencefiave beenshavn to denaturewith more
comple pro les (10). Melting curvesshaving onetransi-
tion areusedfor dovnstreamanalysis,and melting curves
with unusualpro les arereseredfor furtherexamination.

Figure 2A shows a typical melting curve. The melting
cune is plottedasthe neggative of the rst deriative of the
SYBR Greenl uorescencesignalasa functionof temper
ature. As the temperaturéncreasesSYBR Greenl uo-
rescencelecreaseslightly dueto atemperaturelependent
effect thatis independentf DNA dissociation.Whenre-
gionsof theampliconmelt outfrom helix to coil, peaksare
obsenredin the melting curve dueto signi cant decreasén
SYBR Greenl uorescence Whentheampliconis entirely
dissociatedat high temperaturesthereis a small decrease
in SYBR Greenl uorescenceasthetemperaturés further
increased.

Melting curveswere generatedisinga standardoption
on the ABI 7900instrument. For eachgPCRreaction,we
have measurementsf the uorescencesignalat a discrete
setof temperaturesEachmeltingcurve consistof approxi-
mately95 suchmeasurementskenattemperaturesanging
from67 Cto93 C.

3. Algorithms

Although the classi er canbe trainedon the raw melt-
ing curves, discriminationbasedon the raw datawill not
generalizevnell for two reasonsFirst, usingraw dataintro-
ducessensitvity to thesamplingof thetemperaturexis. In
orderto usea classi er on datasetsvith differenttempera-
turesamplinganinterpolationschemevould be necessary
Secondnew datagatheredn a differenttemperatureange
would introducedif culties in applyingthe classi er, be-
causedatawould needto betruncatedor extrapolated.For
thesereasonsyve optedfor an approachin which features
wereextractedfrom theraw data.

Giventhatacceptablempliconmelting curvestypically
shav asingletransition,we chooseo modelmeltingcurves
as the superpositionof a Gaussianfunction and a linear
function. An exampleof a melting curve model t to data
is shavn in gure 2A. Although the melting curve transi-
tions have a slight asymmetrya Gaussiarfunctionis able
to t thetransitionwell. We choseto usea linearfunction
that terminatesat a chosentemperaturepecauseafter the
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Figure 1. Diagram of automated screening method. The melting curve is given as input to the model
optimiz er, which ts a model of the melting curve and outputs the model parameters. The melting
curve model parameter s and the melting curve are then given as input to the feature extractor , whic h
produces avector of features. Finally, the features are given as input to the classi er , whic h produces
as output the probability that the melting curve is aberrant.
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Figure 2. Examples of data and feature vectors. (A) Melting curve example (plotted in dots) and
model t (solid line). The melting curve is the negative derivative (-dF/dT) of the SYBR Green |
uorescence signal as a function of temperature , and characteriz es thermall y induced dissociation

of the amplicon. (B) Heat map of feature vectors derived from aberrant and acceptab le melting
curves. Low numerical values are plotted as dark pixels, and high numerical values are plotted
as light pixels. Each column corresponds to a melting curve, and the 36 rows contain the feature
data for each melting curve. The task of the classier is to distinguish acceptable from aberrant
curves on the basis of these features. (C) Acceptab le melting curves. These curves have a dominant
peak and a relativel y linear component before the main peak on the temperature axis. The diff erent
peak locations correspond to diff erent amplicon melting temperatures. (D) Aberrant melting curves.
Curves are classied as aberrant if they have a large secondar y peak (bottom three examples) or
some other unusual morphology (top example).



ampliconmeltsout, the uorescencedecreasés nagligible.
The melting curve modelwe useis motivatedby examina-
tion of the melting curve data,ratherthanthe physical pro-
cessesinderlyingtheinteractionof the uorescentdyeand
the dissociatingDNA duplexes. Becauseve do not model
the underlyingprocessespur melting curve will have sys-
tematicbiasesn the errorbetweerthe modelandthe data.
However, becaus®ur goalwasto reliably identify aberrant
melting curves, our focuswas on developinga modelthat
couldbeusedto extractinformative features.

The melting curve approximationM (t; m; b;tg;a; ; )
is afunctionof thetemperaturé andparametersf thelin-
earandGaussiarcomponent®f themodel,

M(t;m;bito;a; ; ) = L(t;m;bito) + G(t;a;; )
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Thelinearcomponent (t; m; b;tg) is determinedy three
parametersyhich aretheslopem, line interceptb, andlin-
earcomponenstoppingtemperaturég. Thelinearcompo-
nentis the productof a line sggmentanda sigmoidalacti-
vation function. Using the productof thesetwo functions
allows the line segmentto terminatecontinuously This
family of line segmentswas chosento presere the conti-
nuity of the derivative of the model,sothata nonlinearop-
timization procedurecouldbe used.The Gaussiarfunction
G(t;a; ; ) is determinedby threeparametergonsisting
of themean , standardleviation , andamplitudea.

Thus,themeltingcurve modelhassix parametersThese
parametersare chosenfor each melting curve by mini-
mizing the meansquarederror betweenthe melting curve
modelandthe measurednelting curve usinga Leventurg-
Marquardt(11) optimizationprocedure.

Basedon the modelandthe data,a total of 36 features
arecomputedor eachmelting curve andusedasinputsto
the SVM. Thefeaturesareasfollows.

1. Thesix parametersf the meltingcurve model.

2. A measureof error relative to the Euclideannorm of
thedata,

relativeerror = kdata _modek.
- kdatak
3. A twelve bin histogramrecordingthe distribution of
melting curve values.

4. A twelve bin histogramrecordingthe distribution of
errorvalueswith respecto the model.

5. The absoluteerror betweenthe secondmost intense
peak found in the melting curve and the optimized
model.

6. Theratio of the amplitudeof the secondhighestpeak
foundandthe amplitudeof the mostprominentpeak.

7. Theabsolutesrrorof thelinearportionof thecurve.
8. Theabsoluteerrorafterthe Gaussiarpeak.

9. Thesumof theerrorin thesggmentwith themaximum
error sum,wheret, andty, aretemperaturest which
the uorescenceof the mixturewasmeasured:

MXn
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The heterogeneouratureof thesefeaturesre ects the
morphologicalariety of the meltingcurves. Becausehere
areavariety of waysin which anacceptablenelting curve
candepartfrom the superpositiorof a line segmentanda
Gaussiarpeak,a singleerror statisticdoesnot provide suf-

cient informationfor theclassi erto reliablyidentify aber
rantcurves. For instance mary acceptablenelting curves
have at leastonesecondanpeak(see gure 2A), but other
curveswereclassi edasaberranif thesecondarpeakwas
too high in comparisonwith the dominantpeak. For the
subtaskof distinguishingaberrantcurves from acceptable
cuneson thebasisof the seconcpeak features ve andsix
areinformative. Othermeltingcurveshave heary shoulders
thatarenot distinct peaks(seebottomcurvwe in gure 2C).
Theseheary shoulderdeadto a high error but are never-
thelessacceptableFeaturenineis informative in separating
thesecurvesfrom the curvesin which high erroris dueto
a prominentsecondarypeak. The otherfeatureswere de-
velopedto assistheclassi erin correctlyidentifying other
maiginal cases.None of the datausedto develop features
wasusedto evaluatethe nal classi er performance.

Oncefeaturesarecomputedor eachcurvein thedataset,
we train an SVM classi er to predictthe label assignedo
eachmelting curve on the basisof the computedfeatures.
SVMs provide state-of-the-artlassi cation performance,
and have beenusedextensvely in a wide variety of ma-
chinelearningtasks,suchashandwritingrecognition face
detectionandtext cateyorization(2). They have alsobeen
appliedto a numberof problemsin computationabiology,
suchaspeptideidenti cation in massspectrometrylata,re-
motehomologydetection,andmicroarraygeneexpression
analysiq(13).

An SVM usesa hyperplaneo assignexamplesto oneof
two classesandthusis similar to a perceptron.The per
ceptrontrainingalgorithmchooses hyperplanen thevec-
tor spacede ned by the input featuresthat separatepos-
itive from negative examplesin atraining set. In contrast,



theSVM incorporateshreeimprovementovertheclassical
perceptroralgorithm. First, motivatedby statisticallearn-

ing theory (20), the SVM training algorithm chooseshe

hyperplanewith the maximumdistancefrom the positive

andnggative examplesnearthedecisionboundary Second,
the hyperplaneis expressedas a weightedcombinationof

the training data, and thus the compleity of the decision
function is decoupledfrom the compleity of the feature
space Finally, theSVM incorporatesigeneralizedneasure
of similarity called a kernel function, which allows input

featurego benonlinearlymappednto ahigherdimensional
vectorspace.An appropriatechoiceof kernelfunctioncan

improve theseparatiorof positive andnegative examplesas

comparedo the native inputfeaturespace.

4. Methods

We useda sampleof 10,080manuallylabeledmelting
cunesin our study representingl,728 primer pairs that
were eachrun at leastthreetimes. The averageamplicon
sizewas 241 bp, typical for quantitatve PCRapplications.
Thesemelting curveswerecollectedin studiesof DNAsel
hypersensitie regionsin thehumangenomg3; 17; 5). The
amplicondrom whichthemeltingcurveswerederivedspan
atotal of half a megabaseof humangenomicsequencéo-
catedon chromosomd. 1. Ampliconsencompassed wide
variety of genomiccontexts, including CpGislands,repeat
elementsgenesandintergenicregions.

Thesecurveswereinitially labeledby laboratorytech-
nicians,who examinedone of the replicatesfor an ampli-
conandassignedhe catgyory of the examinedreplicateto
all melting curves of the amplicon. Thesemelting curves
werelabelledasacceptabléf they had one dominantnar
row peak.SeeFigure2Cand2D for examplesof acceptable
andaberranimelting curves. In this datasetapproximately

ve percentof thereactionsvereaberrant Eachindividual
curve wasthenchecled prior to ary SVM trainingfor cor-
rect catgorizationby TPM. Upon examination,47 curves
wererelabeledasacceptabl@nd152 curveswererelabeled
asaberrant.

We usedthe publicly available python packagePyML
(pyml.sourcefoge.net)to choosehe maximum-magin hy-
perplaneseparatinghe positive examplesrom the negative
examplesandcomputecross-alidatedROC 1% scores Pa-
rametersvereselectediia crossvalidationon atrainingset
asdescribedelow.

We usedROC analysig(12) to evaluatethe performance
of ourclassi ers. An ROC curveis generatedby plottingthe
true positive fractionasafunctionof thefalsepositive frac-
tion asthedecisionthresholds sweptthroughthe rangeof
theclassi er outputs.The ROC curve providesinformation
abouttherankingof examplesnducedby the SVM. For the
applicationdescribedn thispaperweareparticularlyinter

estedin the fraction of aberranexamplesthatappeararly
in therankingof examplesfrom aberranto acceptableWe
thususedthe ROC 1% score which is the normalizedarea
underthe ROC curwe including only the rst 1% of false
positives. The ROC 1% scorefor a perfectclassi er would
be 1, andfor this dataset,theexpectedROC 1% scorefor a
totally randomclassi erwouldbe5 10 8.

ROC analysisis usefulbecauset providesinformation
aboutthetotal rankingproducedoy aclassi er for avariety
of thresholdsHowever, in orderto useaclassi erasacom-
ponentin a larger analysistask, it is necessaryo choose
a speci ¢ thresholdfor the classi er outputs,so that data
is separatednto acceptableandaberrantgroups. In order
to separatehe choiceof thresholdfrom the outputdistri-
bution of the speci ¢ SVM underconsiderationthe SVM
outputsarefurtherprocessedo yield probabilitiesof aber
rang. Although SVMs producea numericalscorewhich
hasno inherentprobabilisticinterpretationempiricalprob-
abilitiescanbe producedvith theuseof anappropriatesig-
moid function. The parametersf the sigmoidfunctionare
estimatedfrom hold-outtraining data(14). This sigmoid
function takes asinput the classi er output, and produces
an outputthat can be interpretedas a probability of aber
rangy.

5. Results

Our experimentsshav that our approachcan identify
aberrantmelting curnveswith high accurag. We reportan
averageROC scoreof 0.997anda ROC 1% scoreof 0.92
baseddnthreerepititionsof a ve fold crossvalidationpro-
cedure. A model selectionstudy shavs that our method
doesnot strongly dependon the exact kernel function or
kernelparametersBy trainingaclassi er ondifferentsized
subset®f the data,we alsoshav thatwe canachiese good
accurayg with 1000training examplesand optimal perfor
mancewith about3000trainingexamples.We alsodemon-
stratethatwe canaccuratelyassesshe probability of melt-
ing curve abberanceagiven an SVM output. An analysis
of the genomicfeaturesassociatedvith aberrantmelting
cunessuggestshata prominantcauseof aberrancés over
lap of theampliconwith a SINE repeat.

5.1.Model Selection

In orderto avoid over- tting thedata,we partitionedthe
datarandomlyinto two halves. Eachhalf had the same
proportionof positive and negative examplesasthe entire
dataset.We usedone half to develop featuresand choose
SVM parametersWe thenuseda crossvalidationapproach
to evaluatethe performancef the methodon the otherhalf
of thedata.
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Figure 3. Heat map showing the results of a
grid search using a polynomial kernel. Each
pix el displa ys the mean of three diff erent ROC
1% scores produced by ve-f old cross vali-
dation for particular values of the polynomial
degree and C parameter. The maximum ROC
1% score of 0.93 was achieved with a poly-
nomial kernel of degree 7 and a C value of
10.

We usedcross-alidatedROC 1% scoredo evaluatefea-
turesandSVM parameterskirst, we furtherpartitionedthe
model selectiondatainto ve randomsets,eachwith the
sameproportionof positive and negative examplesasthe
entire dataset. Next, we usedan SVM to classify the ex-
amplesin eachsetaftertrainingthe SVM onthe otherfour
datasubsets.We repeatedhis entire processhreetimes,
andusedthe averageROC 1% scoreasa gure of merit.

Oneof themostimportantSVM parameterss thekernel
functionusedto comparedataexamples.Thereareseveral
kindsof similarity measureappropriatdor realvaluedvec-
tor data. The mostcommonlyusedare polynomialkernel
functionsand radial basisfunctions(2). The polynomial
kernelfunction hasone signi cant parameterthe polyno-
mial dggree. Theradial basisfunctionalsohasonesigni -
cantparameterwhich controlsthe width of theradialbasis
function. In addition,the SVM learningalgorithmhasa pa-
rameterC that controlsthe costof misclassifyingtraining
examples.In orderto selecta kernel,we performeda grid
searctfor boththeradialbasisfunctionandpolynomialker
nels. Our grid searchprocedureavaluatedthe 5-fold cross
validation ROC 1% scoreasthe parametersC anddegree
werevariedfor the polynomialkernel,andasthe parame-
ters C andradial basisfunction width were varied for the
radialbasisfunctionkernel.

We found that the performanceof radial basisfunction

and polynomial kernelswas similar, but that polynomial
kernelshad slightly better performance. Figure 3 shows
that similar performancevas obtainedover a rangeof pa-
rameterdor differentpolynomialdegreesandvaluesof C.
Althoughtheclassi er performancevasnumericallybetter
for someparametewnaluesthan others,the overall perfor
mancewasnt stronglydependenbn the parameteralues.
For the nal results,we useda polynomial kernel of de-
gree7 andsetC to 10. For theseparametersye achieve
a ROC 1% scoreof 0.93 on the training data and 0.92
on the testingdata. In orderto comparethe SVM perfor
manceagainstanotherclassi cationmethod,we employed
thesamemodelselectionproceson thetrainingdatausing
a K-nearestneighborclassi er (4), for identical valuesof
polynomialdegreeandradial basiswidth while varyingthe
numberof neighborsusedby the K-nearesteighborclas-
si er from oneto ten. TheK-nearesneighborclassi er did
worsethanthe SVM, with a ROC 1% scoreof 0.89on both
thetrainingandtestingdata.

5.2.Learning Curve

An important issue for practical application of this
methodis the determinationof the numberof PCR reac-
tions necessaryo train a successfutlassi er. To estimate
the numberof datapoints necessaryo train a successful
classi er, we performedcross-alidationanalysison differ-
entsizedsubset®of the hold-outdata.For training setsizes
ranging from several hundredto several thousandexam-
ples,we chosel00 non-disjointsubsetf the appropriate
sizeandperformeds-fold crossvalidationon eachsubset,
recordingthe ROC 1% scoreasa measuref accuray.

Figure 4 shaws the learning curve, demonstratinghat
cross-alidatedROC 1% scoresof 0.9 are achiezed with
3000 training examples. The slight upward trend of the
curwve asthetraining setsizeis increasedsuggestshat fur-
theraccurag might be obtainedby increasingthe training
setsize,but thatlarge amountsof additionaldataarelik ely
to berequiredto achieve signi cant improvement.

5.3.Probabilities

Classi cationof datainto aberranandacceptablgroups
requiresapplicationof athresholdo the SVM outputs.The
distribution of SVM outputswill vary from classi er to
classi er, and dependson the training dataset. In order
to decouplethethresholdingvaluefrom the exactclassi er
outputdistribution, we calibratethe SVM outputsto em-
pirical probabilities. After this calibration,thresholdscan
be expressedn termsof probabilitiesanddecideda priori
basedntheusersrequirements.

We usedthe methoddescribedby (14) to calibratethe
SVM outputsto empirical probabilities. Briey, we use
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Figure 4. Learning curve showing cross-
validated ROC performance as training data
sizeis varied. The solid line with circles plots
the mean of the ROC 1% scores, and the trian-
gles showthe mean one standar d deviation.
For each training set size, the cross-v alidated
ROC 1% score averaged over 100 trials is plot-
ted.This plot shows that learning saturates at
about 3000 points.

a sigmoidalfunction (x) = 1=(1 + &~ *B) to mapthe
SVM outputsto theintenal (0,1). Theparameters andB
are chosenby Levenbeg-Marquardtoptimizationto max-
imize a log-likelihood function of the data. To assesshe
agreemenbetweerpur calibratedSVM outputsandempir
ical probabilities,we performed ve-fold crossvalidation,
wheretwo-thirds of the training datawas usedto train the
SVM andonethird wasusedto estimatevaluesof A andB .
We thensortedthe databasecdbn theassignegrobabilities,

and partitionedthe datainto disjoint and orderedsubsets.

For eachsubset,the meanassignedorobability was plot-

ted againstthe fraction of positivesin that subset. Figure
5 shaws the resultsof this comparisorof the probabilities
from ve different ve-fold cross-alidationruns. Our ex-

perimentsshav thatthe estimateof aberrancerobability
yieldedby the sigmoidfunctiontrackwell with the empiri-

calaberrancgrobability An accurag of 99%wasobtained
for all cross-alidationrunshy settingthe assignedroba-
bility thresholdo 0.2.

5.4. Amplicon Analysis

In orderto betterunderstandhe cause®f aberranmelt-
ing curves,we analyzedhedistribution of variousgenomic
featureswithin ampliconsthat were associatedvith aber
rantandacceptablenelting curves,respectiely. Thisanal-
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Figure 5. Empirical probabilities and thresh-
old accuracy. (A) Comparison of empiri-
cal probabilities and sigmoided SVM outputs.
The ve sets of circles represent ve indi-
vidual ve-f old cross validation runs. Each
circle represents the mean value of the SVM
decision function for a set of points plotted
against the fraction of examples in that set
that were labeled aberrant. This plot shows
the agreement between the calibrated output
of the SVM and the empirical probability of
aberrancyy.

ysisshavedthataberranteactionsaremorelik ely to occur
whenthe ampliconsoverlapwith SINE (shortinterspersed
elementyepeats.

Our datasetis derived from ampliconsthat spannedip-
proximately 0.5 megabasesof humangenomicDNA on
chromosomell. Among the 1,728distinctamplicons,71
uniformly aberrantampliconshave all replicatesagged as
aberranandl1528uniformalyacceptableampliconshaveall
replicatesagged asacceptable The remainingamplicons
have anintermediatenumberof acceptableeplicates.We
usedthe1528+ 71 consistentlyagged exampledor further
analysis.

The GC contentand the dinucleotidefrequenciesare
essentiallythe samein the uniformly acceptableand uni-
formly aberranamplicons. Theabberanampliconshavean
averageGC contenibof 45 percentandtheacceptablampli-
conshave anaverageGC contentof 44 percent.TheseGC
contentsaresimilar to the region on chromosome.1 from
whichtheampliconswverederived,whichhasanoverall GC
contentof 44 percent.

Next, we usedthe UCSCHumanGenomeBrowser (9)
to retrieve annotationgor the genomicregionsfrom which



theampliconswerederived. Theregion of chromosomd 1
coveredby the ampliconscontains14 genes,six CpG is-
lands,and 982 repeatsagged by the RepeatMasér pro-
gram (19). The 14 genescontain 96 exons and 82 in-
trons. The percentagesf acceptableand aberrantampli-
consfalling within introns, exons, and CpG islandswere
similar. LINE repeatsalsohadsimilar distributions. How-
ever, aberrantampliconswere enrichedfor overlap with
SINE repeats.Of the uniformly acceptablemplicons,74
percentwere entirely disjoint from SINE repeatsand ap-

proximately20 percentpartially overlappedSINE repeats.

In contrastpnly 50 percenbf theuniformly aberranampli-
consweredisjointfrom SINE repeatsandabout46 percent
partially overlappedSINE repeats This situationwassimi-
lar for simplerepeatgsuchas(TG), or (CA),). 95percent
of uniformly acceptablempliconsweredisjointfrom these
simple repeatswhereasonly 85 percentof the uniformly
aberranampliconsweredisjoint from the simplerepeats.
The associatiorof aberrantampliconswith repeatele-
mentsis not surprisingfor two reasonsFirst, becausene
of the primersmustbind to part of a SINE repeat,it will
have mary otherstrongbinding sitesin the genomegiven
the large numberof SINE repeatcopies(1). Theseother
binding sitescould lead to multiple ampliconsbeing pro-
ducedwheremultiple Alus areproximal. Theseconds that
Alu sequencesyhich area prominentsubsetof the SINE
repeatshave high GC contentat the 5-primeend. Ampli-
consthat straddlethe 5-prime end of an Alu could be ex-
pectedto shav a multi-modalmelting curve if the anking
sequencavas AT-rich dueto the differencein GC content
betweerthe Alu sequenceandadjoiningregion.

6. Discussion

We developed a method that can accurately distin-
guishaberranPCRmeltingcurvesfrom acceptablenelting
curves. A critical advantageof this method,in additionto
its speedis thattheoutputscanbecalibratedsothedecision
thresholdcanbe speci ed without examinationof the clas-
si er' s outputdistribution. Due to the sparsenessnforced
by the SVM optimization,our trainedSVMs userelatively
few of the training examples: usually around100 of the
training dataareusedto specifythe separatindiyperplane.
Thus, the procedureproducedow compleity modelsthat
canbe expectedto generalizewell. Our classi er reliably
separateaberranmelting curvesfrom melting curveswith
onedominantpeak.

SomePCRmeltingcurnesareexpectedo generatenul-
tiple peaks.For instancemultiplex PCR,in which multiple
ampliconsareampli ed, would generatetleastonetransi-
tion for eachamplicon. Anotherexampleis PCRgenotyp-
ing, whereaheterozygotattheampli ed locuswould gen-
eratetwo peaks,onefor eachampli ed allele. The model

could be extendedfor thesetypesof RTPCR databy t-
ting multiple peaksthiswould requirea slightly morecom-
plex nonlinearoptimizationprocedureandwould introduce
morefeaturedor analysishy theclassi er.

Rejectionof a melting curve asaberrandoesnot imply
thatthe PCRampliconwasnot successfullyampli ed. An
ampliconthat consistsof an AT rich segmentfollowed by
a GC rich sgmentcould be expectedto generatea multi-
modal melting curve, suchas encounteredor amplicons
straddlingAlu repeatelements. Alternatively, ampli ca-
tion of anundesiredamplicondueto nonspeci cprimerhy-
bridization or primerdimer formation could also generate
multi-modalsignalsin the melting curve evenwhenthetar-
getampliconis successfullyampli ed. However, whenus-
ing RTPCRdatato estimatenitial templateconcentrations,
the presencef primerdimersor undesirecampliconswill
leadto inaccurag. Thus,this approachs appropriatefor
agging questionablalatathatis likely to causeerrorsin
downstreamanalysis.

Our methodtrainsa classi er to reproducehumanjudg-
ments(which is the presentgold standard). As such, the
classi er may be subjectto the samebiasesasthe techni-
cianswho initially labelledthe data. However, we have
shown that if humanscan reliably distinguishacceptable
from aberrantcurves, then so canour classi er. Further
more, if humansmake systematicerrorsleadingto incor
rect classi cation of melting curves basedon a particular
morphology then our classi er can easily be adjustedby
retraining.

In summarythis article present@a methodfor automated
detectionof aberrantPCR databasedon melting curves.
Our methodis fast,accurateandcanbe easilyadjustedo
accountfor new acceptabilitycriteria, andis at asreliable
as the judgmentsof the laboratorytechnicianswho label
thetrainingdata. The requiremenfor manualscreeningf
setsof replicategepresenta signi cant bottleneckin high
throughputexperiments. Our methodrelieves this bottle-
neckin developingandimplementinghigh-throughpuge-
nomicassaysasingPCR.
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