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Abstract

PCR, the polymerasechain reaction, is a fundamental
tool of molecularbiology. QuantitativePCR is the gold-
standard methodologyfor determinationof DNA copynum-
bers, quantitating transcription, and numerous other ap-
plications. A major barrier to large-scaleapplication of
PCR for quantitativegenomicanalysesis the current re-
quirementfor manualvalidation of individual PCR reac-
tionsto ensuregenerationof a singleproduct.Thistypically
requiresvisual inspectioneither of gel electrophoresesor
temperature dissociation(“melting”) curvesof individual
PCRreactions—atime-consumingandcostlyprocess.

Herewedescribea robustcomputationalsolutionto this
fundamentalproblem.Usinga training setof 10,080reac-
tionscomprisingmultiplequantitativePCRreactionsfrom
each of 1,728 uniquehumangenomicamplicons,we de-
velopeda supportvectormachineclassi�er capableof dis-
criminatingsingle-productPCRreactionswith betterthan
99%accuracy. Thisapproach hasbroadutility, andelimi-
natesa major bottleneck to widespreadapplicationof PCR
for high-throughputgenomicapplications.

1. Intr oduction

PCR(18) is perhapsthemostwidely appliedtechnique
in molecularbiology andfunctionalgenomics,with appli-
cationsrangingfrom genediscovery to microarrayprobe
synthesis(8; 16). A major dif�culty in applying PCR to
largescalegenomicanalysesis thecurrentlack of toolsfor
automatedvalidationof PCRreactions.Herewe describe
suchan automatedmethodbasedon classi�er analysisof

standard,post-ampli�cationPCRproducttemperaturedis-
sociationcurves(so-called“melting curves”).

All quantitative applicationsof PCRrequiregeneration
of a singleproductduring the PCRreaction. This is also
true of manufacturingapplicationssuchas productionof
cDNA microarrays. One approachto validating individ-
ual PCRreactionsreliesuponmeasurementof themelting
curve of the ampliconfollowing completionof PCRther-
mal cycling. Currently, suchmelting curvesareexamined
byhumanoperators,whomustdecideif thereactionwasac-
ceptable.Whenthenumberof reactionsis large,this man-
ualscreeningprocessbecomestediousandtimeconsuming.
Furthermore,manualscreeningmay be error pronedueto
the super�cial homogeneityof melting curvesandthe po-
tentialfor inter-observervariability.

We aim to automatethe screeningof PCR reactions
basedon analysisof melting curves. We usea manually
labeleddatasetandfeaturesderived from ampliconmelt-
ing curvesto train a supportvectormachine(SVM) classi-
�er to discriminatebetweenacceptableandaberrantPCRs.
The featuresinclude a low-dimensionalrepresentationof
themeltingcurve andinformationabouttherepresentation
error. We thenemploy theclassi�er to identify theaberrant
PCRreactionsautomatically.

Ourapproachhasthreesigni�cant advantagesoverman-
ual screening.First, theclassi�er is vastly fasterandmore
scalablethan humanlabeling. Second,the classi�er pro-
ducesquantitative probability estimatesof melting curve
abberancy. Theseprobabilitiesallow the stringency of �l-
tering to besetat theoutset.Controlling thestringency of
�ltering is importantfor interpretationof downstreamanal-
ysis, whereit may be very importantto have a minimum
thresholdof certaintythatanalyzeddatarepresentsaccept-



ablereactions.Finally, classi�erscanbe retrainedaccord-
ing to new labelingrequirements,andthuscanrapidlysup-
portdifferentanalysisscenarios.

Figure1 illustratesour method. Our machinelearning
approachrelieson two components.First, we usefeatures
derived from the melting curves as input to the classi�er.
Thesefeaturesare computedby modelling eachmelting
curve usinga family of functionsthatcancloselyapproxi-
matemeltingcurvesfrom acceptablePCRs,andthencom-
putingstatisticsaboutthedataaswell astheerrorof theap-
proximation.We developeda setof 36 featuresdescribing
themodel,andthequality of themodel's approximationto
thedata,thatarepresentedto theclassi�er. Second,weuse
a supportvectormachineclassi�er (20; 2) for discrimina-
tion. TheSVM implicitly de�nes a hyperplanein a vector
spacethat is usedto classify the datapoints. This hyper-
planeis usedto computeanumericalscorefor eachmelting
curvebasedonanonlinearmappingof the36features.This
numericalscoreis thenprocessedto yield anestimateof the
probabilityof meltingcurveaberrance.

Using this machinelearningapproach,we demonstrate
outstandingaccuracy in distinguishing acceptablefrom
aberrantmelting curves, achieving a receiver operating
characteristic(ROC) scoreof 0.998. We show that high
accuracy can be achieved with a relatively small training
set,andfurthermorethatSVM outputscanbecalibratedfor
a priori speci�cationof the decisionthresholdin termsof
probabilities.This work is signi�cant becauseit removesa
bottleneckin largescaleanalysisof genomicDNA by PCR.

Below we describe(i) themeltingcurve collectionpro-
cess;(ii) a meltingcurve modeltogetherwith featuresused
to classifymelting curves; (iii) experimentalvalidationof
ourapproach;and(iv) theoverall results.

2. Data Generation

We usedreal-timequantitative PCR(qPCR)(7) datato
developour classi�er. Quantitative real-timePCRis anex-
tensionof PCRin whichasignalfrom a�uorescentreporter
is monitoredthroughoutthereaction.This�uorescencesig-
nal is usedto track the progressof the reactionafter each
cycleof ampli�cation. Fluorescencedatacanin turnbean-
alyzedto determineaccuratelythe initial templateconcen-
tration. In the datasetwe analyze,the dye SYBR GreenI
(6) is usedasthe�uorescentreporter. SYBR GreenI' s �u-
orescenceincreasessubstantiallyuponbinding to double-
strandedDNA. Reactionswerecycledand�uorescencedata
acquiredusingastandardqPCRinstrument(ABI 7900,Ap-
pliedBiosystems,FosterCity, CA).

Use of SYBR GreenI has the advantagethat melting
curve analysiscanbeusedto validatetheRTPCRimmedi-
atelyafter thermalcycling without furthersampleprocess-
ing. A melting curve is measuredafter the last extension

phaseof the reactionby �rst bringing thereactionmixture
to a relatively low temperature,andthenslowly heatingthe
reactionmixtureto atemperatureatwhichtheDNA strands
areexpectedto be denatured.The �uorescencesignalde-
creasesduringthisprocess,andusuallymostof thedecrease
occursover a narrow temperaturerange. This suddende-
creaseis causedby rapiddenaturationof thePCRamplicon
in a cooperative process(15). Typically, PCR amplicons
will denaturewith onerelatively sharptransition,although
somesequenceshave beenshown to denaturewith more
complex pro�les (10). Melting curvesshowing onetransi-
tion areusedfor downstreamanalysis,andmelting curves
with unusualpro�les arereservedfor furtherexamination.

Figure2A shows a typical melting curve. The melting
curve is plottedasthenegative of the �rst derivative of the
SYBR GreenI �uorescencesignalasa functionof temper-
ature. As the temperatureincreases,SYBR GreenI �uo-
rescencedecreasesslightly dueto a temperaturedependent
effect that is independentof DNA dissociation.Whenre-
gionsof theampliconmelt out from helix to coil, peaksare
observedin themeltingcurve dueto signi�cant decreasein
SYBRGreenI �uorescence.Whentheampliconis entirely
dissociatedat high temperatures,thereis a small decrease
in SYBR GreenI �uorescenceasthetemperatureis further
increased.

Melting curvesweregeneratedusinga standardoption
on the ABI 7900instrument.For eachqPCRreaction,we
have measurementsof the �uorescencesignalat a discrete
setof temperatures.Eachmeltingcurveconsistsof approxi-
mately95suchmeasurementstakenattemperaturesranging
from 67� C to 93� C.

3. Algorithms

Although the classi�er canbe trainedon the raw melt-
ing curves, discriminationbasedon the raw datawill not
generalizewell for two reasons.First,usingraw dataintro-
ducessensitivity to thesamplingof thetemperatureaxis. In
orderto usea classi�er on datasetswith differenttempera-
turesampling,aninterpolationschemewouldbenecessary.
Second,new datagatheredonadifferenttemperaturerange
would introducedif�culties in applying the classi�er, be-
causedatawould needto betruncatedor extrapolated.For
thesereasons,we optedfor an approachin which features
wereextractedfrom theraw data.

Giventhatacceptableampliconmeltingcurvestypically
show asingletransition,wechooseto modelmeltingcurves
as the superpositionof a Gaussianfunction and a linear
function. An exampleof a meltingcurve model�t to data
is shown in �gure 2A. Although the melting curve transi-
tions have a slight asymmetry, a Gaussianfunction is able
to �t the transitionwell. We choseto usea linear function
that terminatesat a chosentemperature,becauseafter the
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Figure 1. Diagram of automated screening method. The melting cur ve is given as input to the model
optimiz er, whic h �ts a model of the melting cur ve and outputs the model parameter s. The melting
cur ve model parameter s and the melting cur ve are then given as input to the feature extractor , whic h
produces a vector of features. Finall y, the features are given as input to the classi�er , whic h produces
as output the probability that the melting cur ve is aberrant.
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Figure 2. Examples of data and feature vector s. (A) Melting cur ve example (plotted in dots) and
model �t (solid line). The melting cur ve is the negative deriv ative (­dF/dT) of the SYBR Green I
�uorescence signal as a function of temperature , and characteriz es thermall y induced dissociation
of the amplicon. (B) Heat map of feature vector s derived from aberrant and acceptab le melting
cur ves. Low numerical values are plotted as dark pix els, and high numerical values are plotted
as light pix els. Each column corresponds to a melting cur ve, and the 36 rows contain the feature
data for each melting cur ve. The task of the classi�er is to distinguish acceptab le from aberrant
cur ves on the basis of these features. (C) Acceptab le melting cur ves. These cur ves 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 cur ves.
Curves are classi�ed as aberrant if they have a large secondar y peak (bottom three examples) or
some other unusual morphology (top example).
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ampliconmeltsout, the�uorescencedecreaseis negligible.
Themeltingcurve modelwe useis motivatedby examina-
tion of themeltingcurve data,ratherthanthephysicalpro-
cessesunderlyingtheinteractionof the�uorescentdyeand
thedissociatingDNA duplexes. Becausewe do not model
theunderlyingprocesses,our meltingcurve will have sys-
tematicbiasesin theerrorbetweenthemodelandthedata.
However, becauseourgoalwasto reliably identify aberrant
melting curves,our focuswason developinga modelthat
couldbeusedto extractinformative features.

Themeltingcurve approximationM (t; m; b;t0; a; �; � )
is a functionof thetemperaturet andparametersof thelin-
earandGaussiancomponentsof themodel,

M (t; m; b;t0; a; �; � ) = L(t; m; b;t0) + G(t; a; �; � )

= (mt + b)
e� ( t � t 0 )

1 + e� ( t � t 0 )

+ ae� ( t � � ) 2

2 � 2 :
(1)

The linearcomponentL (t; m; b;t0) is determinedby three
parameters,whicharetheslopem, line interceptb, andlin-
earcomponentstoppingtemperaturet0. Thelinearcompo-
nentis theproductof a line segmentanda sigmoidalacti-
vation function. Using the productof thesetwo functions
allows the line segment to terminatecontinuously. This
family of line segmentswaschosento preserve the conti-
nuity of thederivative of themodel,sothata nonlinearop-
timizationprocedurecouldbeused.TheGaussianfunction
G(t; a; �; � ) is determinedby threeparametersconsisting
of themean� , standarddeviation � , andamplitudea.

Thus,themeltingcurvemodelhassix parameters.These
parametersare chosenfor each melting curve by mini-
mizing the meansquarederror betweenthe melting curve
modelandthemeasuredmeltingcurve usinga Levenburg-
Marquardt(11) optimizationprocedure.

Basedon the modelandthe data,a total of 36 features
arecomputedfor eachmeltingcurve andusedasinputsto
theSVM. Thefeaturesareasfollows.

1. Thesix parametersof themeltingcurve model.

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

r elativ e err or =
kdata � modelk

kdatak
:

3. A twelve bin histogramrecordingthe distribution of
meltingcurve values.

4. A twelve bin histogramrecordingthe distribution of
errorvalueswith respectto themodel.

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

6. Theratio of theamplitudeof thesecondhighestpeak
foundandtheamplitudeof themostprominentpeak.

7. Theabsoluteerrorof thelinearportionof thecurve.

8. TheabsoluteerroraftertheGaussianpeak.

9. Thesumof theerrorin thesegmentwith themaximum
error sum,wheret l andth aretemperaturesat which
the�uorescenceof themixturewasmeasured:

max
t l <t h

t hX

t = t l

(data[t] � M [t; m; b;t0; a; �; � ]):

The heterogeneousnatureof thesefeaturesre�ects the
morphologicalvarietyof themeltingcurves.Becausethere
area varietyof waysin which anacceptablemeltingcurve
candepartfrom the superpositionof a line segmentanda
Gaussianpeak,a singleerrorstatisticdoesnot provide suf-
�cient informationfor theclassi�er to reliablyidentifyaber-
rant curves. For instance,many acceptablemeltingcurves
have at leastonesecondarypeak(see�gure 2A), but other
curveswereclassi�edasaberrantif thesecondarypeakwas
too high in comparisonwith the dominantpeak. For the
subtaskof distinguishingaberrantcurves from acceptable
curveson thebasisof thesecondpeak,features� veandsix
areinformative. Othermeltingcurveshaveheavy shoulders
thatarenot distinctpeaks(seebottomcurve in �gure 2C).
Theseheavy shoulderslead to a high error but arenever-
thelessacceptable.Featurenineis informative in separating
thesecurvesfrom the curvesin which high error is dueto
a prominentsecondarypeak. The other featureswerede-
velopedto assisttheclassi�er in correctlyidentifying other
marginal cases.Noneof the datausedto develop features
wasusedto evaluatethe�nal classi�er performance.

Oncefeaturesarecomputedfor eachcurvein thedataset,
we train an SVM classi�er to predictthe label assignedto
eachmelting curve on the basisof the computedfeatures.
SVMs provide state-of-the-artclassi�cation performance,
and have beenusedextensively in a wide variety of ma-
chinelearningtasks,suchashandwritingrecognition,face
detection,andtext categorization(2). They have alsobeen
appliedto a numberof problemsin computationalbiology,
suchaspeptideidenti�cation in massspectrometrydata,re-
motehomologydetection,andmicroarraygeneexpression
analysis(13).

An SVM usesahyperplaneto assignexamplesto oneof
two classes,andthus is similar to a perceptron.The per-
ceptrontrainingalgorithmchoosesahyperplanein thevec-
tor spacede�ned by the input featuresthat separatespos-
itive from negative examplesin a training set. In contrast,
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theSVM incorporatesthreeimprovementsovertheclassical
perceptronalgorithm. First, motivatedby statisticallearn-
ing theory (20), the SVM training algorithm choosesthe
hyperplanewith the maximumdistancefrom the positive
andnegativeexamplesnearthedecisionboundary. Second,
the hyperplaneis expressedasa weightedcombinationof
the training data,and thus the complexity of the decision
function is decoupledfrom the complexity of the feature
space.Finally, theSVM incorporatesageneralizedmeasure
of similarity called a kernel function, which allows input
featurestobenonlinearlymappedintoahigher-dimensional
vectorspace.An appropriatechoiceof kernelfunctioncan
improvetheseparationof positiveandnegativeexamplesas
comparedto thenative input featurespace.

4. Methods

We useda sampleof 10,080manuallylabeledmelting
curves in our study, representing1,728 primer pairs that
wereeachrun at leastthreetimes. The averageamplicon
sizewas241bp, typical for quantitative PCRapplications.
Thesemeltingcurveswerecollectedin studiesof DNAseI
hypersensitiveregionsin thehumangenome(3; 17; 5). The
ampliconsfrom whichthemeltingcurveswerederivedspan
a total of half a megabaseof humangenomicsequencelo-
catedon chromosome11. Ampliconsencompasseda wide
varietyof genomiccontexts, includingCpGislands,repeat
elements,genes,andintergenicregions.

Thesecurveswere initially labeledby laboratorytech-
nicians,who examinedoneof the replicatesfor an ampli-
conandassignedthecategory of theexaminedreplicateto
all melting curvesof the amplicon. Thesemelting curves
werelabelledasacceptableif they hadonedominantnar-
row peak.SeeFigure2Cand2D for examplesof acceptable
andaberrantmeltingcurves. In this dataset,approximately
� ve percentof thereactionswereaberrant.Eachindividual
curve wasthencheckedprior to any SVM trainingfor cor-
rect categorizationby TPM. Upon examination,47 curves
wererelabeledasacceptableand152curveswererelabeled
asaberrant.

We usedthe publicly available python packagePyML
(pyml.sourceforge.net)to choosethemaximum-margin hy-
perplaneseparatingthepositiveexamplesfrom thenegative
examplesandcomputecross-validatedROC1%scores.Pa-
rameterswereselectedvia crossvalidationona trainingset
asdescribedbelow.

We usedROC analysis(12) to evaluatetheperformance
of ourclassi�ers.An ROCcurveisgeneratedbyplottingthe
truepositive fractionasa functionof thefalsepositive frac-
tion asthedecisionthresholdis sweptthroughtherangeof
theclassi�er outputs.TheROCcurve providesinformation
abouttherankingof examplesinducedby theSVM. For the
applicationdescribedin thispaper, weareparticularlyinter-

estedin thefractionof aberrantexamplesthatappearearly
in therankingof examplesfrom aberrantto acceptable.We
thususedtheROC 1% score,which is thenormalizedarea
underthe ROC curve including only the �rst 1% of false
positives.TheROC 1% scorefor a perfectclassi�er would
be1, andfor thisdataset,theexpectedROC1%scorefor a
totally randomclassi�er wouldbe5 � 10� 3.

ROC analysisis usefulbecauseit providesinformation
aboutthetotal rankingproducedby aclassi�er for avariety
of thresholds.However, in orderto useaclassi�erasacom-
ponentin a larger analysistask, it is necessaryto choose
a speci�c thresholdfor the classi�er outputs,so that data
is separatedinto acceptableandaberrantgroups. In order
to separatethe choiceof thresholdfrom the outputdistri-
bution of the speci�c SVM underconsideration,the SVM
outputsarefurtherprocessedto yield probabilitiesof aber-
rancy. Although SVMs producea numericalscorewhich
hasno inherentprobabilisticinterpretation,empiricalprob-
abilitiescanbeproducedwith theuseof anappropriatesig-
moid function. Theparametersof thesigmoidfunctionare
estimatedfrom hold-out training data(14). This sigmoid
function takesas input the classi�er output,andproduces
an output that canbe interpretedasa probability of aber-
rancy.

5. Results

Our experimentsshow that our approachcan identify
aberrantmelting curveswith high accuracy. We reportan
averageROC scoreof 0.997anda ROC 1% scoreof 0.92
basedonthreerepititionsof a � ve fold crossvalidationpro-
cedure. A model selectionstudy shows that our method
doesnot strongly dependon the exact kernel function or
kernelparameters.By trainingaclassi�erondifferentsized
subsetsof thedata,we alsoshow thatwe canachieve good
accuracy with 1000training examplesandoptimal perfor-
mancewith about3000trainingexamples.Wealsodemon-
stratethatwe canaccuratelyassesstheprobabilityof melt-
ing curve abberancegiven an SVM output. An analysis
of the genomicfeaturesassociatedwith aberrantmelting
curvessuggeststhataprominantcauseof aberranceis over-
lapof theampliconwith aSINErepeat.

5.1.Model Selection

In orderto avoid over-�tting thedata,we partitionedthe
data randomly into two halves. Eachhalf had the same
proportionof positive andnegative examplesasthe entire
dataset.We usedonehalf to develop featuresandchoose
SVM parameters.Wethenusedacrossvalidationapproach
to evaluatetheperformanceof themethodon theotherhalf
of thedata.
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Figure 3. Heat map sho wing the results of a
grid search using a pol ynomial kernel. Each
pix el displa ys the mean of three diff erent ROC
1% scores produced by �ve­f old cross vali­
dation for par ticular values of the pol ynomial
degree and C parameter . The maxim um ROC
1% score of 0.93 was achieved with a pol y­
nomial kernel of degree 7 and a C value of
10.

Weusedcross-validatedROC1%scoresto evaluatefea-
turesandSVM parameters.First,we furtherpartitionedthe
model selectiondatainto � ve randomsets,eachwith the
sameproportionof positive andnegative examplesas the
entiredataset.Next, we usedan SVM to classify the ex-
amplesin eachsetaftertrainingtheSVM on theotherfour
datasubsets.We repeatedthis entireprocessthreetimes,
andusedtheaverageROC1%scoreasa �gure of merit.

Oneof themostimportantSVM parametersis thekernel
functionusedto comparedataexamples.Thereareseveral
kindsof similarity measuresappropriatefor realvaluedvec-
tor data. The mostcommonlyusedarepolynomialkernel
functionsand radial basisfunctions(2). The polynomial
kernel function hasonesigni�cant parameter, the polyno-
mial degree.Theradialbasisfunctionalsohasonesigni�-
cantparameter, which controlsthewidth of theradialbasis
function. In addition,theSVM learningalgorithmhasapa-
rameterC that controlsthe costof misclassifyingtraining
examples.In orderto selecta kernel,we performeda grid
searchfor boththeradialbasisfunctionandpolynomialker-
nels. Our grid searchprocedureevaluatedthe5-fold cross
validationROC 1% scoreasthe parametersC anddegree
werevariedfor the polynomialkernel,andasthe parame-
tersC andradial basisfunction width werevaried for the
radialbasisfunctionkernel.

We found that the performanceof radial basisfunction

and polynomial kernelswas similar, but that polynomial
kernelshad slightly betterperformance. Figure 3 shows
that similar performancewasobtainedover a rangeof pa-
rametersfor differentpolynomialdegreesandvaluesof C.
Althoughtheclassi�er performancewasnumericallybetter
for someparametervaluesthanothers,the overall perfor-
mancewasn't stronglydependenton theparametervalues.
For the �nal results,we useda polynomial kernel of de-
gree7 andsetC to 10. For theseparameters,we achieve
a ROC 1% scoreof 0.93 on the training data and 0.92
on the testingdata. In order to comparethe SVM perfor-
manceagainstanotherclassi�cationmethod,we employed
thesamemodelselectionprocesson thetrainingdatausing
a K-nearestneighborclassi�er (4), for identical valuesof
polynomialdegreeandradialbasiswidth while varyingthe
numberof neighborsusedby the K-nearestneighborclas-
si�er from oneto ten.TheK-nearestneighborclassi�er did
worsethantheSVM, with aROC1%scoreof 0.89onboth
thetrainingandtestingdata.

5.2.Learning Curve

An important issue for practical application of this
methodis the determinationof the numberof PCR reac-
tionsnecessaryto train a successfulclassi�er. To estimate
the numberof datapoints necessaryto train a successful
classi�er, we performedcross-validationanalysison differ-
entsizedsubsetsof thehold-outdata.For trainingsetsizes
ranging from several hundredto several thousandexam-
ples,we chose100 non-disjointsubsetsof the appropriate
sizeandperformed5-fold crossvalidationon eachsubset,
recordingtheROC1%scoreasameasureof accuracy.

Figure 4 shows the learningcurve, demonstratingthat
cross-validatedROC 1% scoresof 0.9 are achieved with
3000 training examples. The slight upward trend of the
curve asthetrainingsetsizeis increasedsuggeststhat fur-
theraccuracy might beobtainedby increasingthe training
setsize,but that largeamountsof additionaldataarelikely
to berequiredto achieve signi�cant improvement.

5.3.Probabilities

Classi�cationof dataintoaberrantandacceptablegroups
requiresapplicationof a thresholdto theSVM outputs.The
distribution of SVM outputswill vary from classi�er to
classi�er, and dependson the training dataset. In order
to decouplethethresholdingvaluefrom theexactclassi�er
output distribution, we calibratethe SVM outputsto em-
pirical probabilities. After this calibration,thresholdscan
beexpressedin termsof probabilitiesanddecideda priori
basedon theuser's requirements.

We usedthe methoddescribedby (14) to calibratethe
SVM outputsto empirical probabilities. Brie�y , we use
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a sigmoidalfunction � (x) = 1=(1 + eAx + B ) to map the
SVM outputsto theinterval (0,1).TheparametersA andB
arechosenby Levenberg-Marquardtoptimizationto max-
imize a log-likelihoodfunction of the data. To assessthe
agreementbetweenourcalibratedSVM outputsandempir-
ical probabilities,we performed� ve-fold crossvalidation,
wheretwo-thirdsof the training datawasusedto train the
SVM andonethird wasusedto estimatevaluesof A andB .
Wethensortedthedatabasedon theassignedprobabilities,
andpartitionedthe datainto disjoint andorderedsubsets.
For eachsubset,the meanassignedprobability was plot-
ted against the fraction of positives in that subset.Figure
5 shows the resultsof this comparisonof the probabilities
from � ve different� ve-fold cross-validationruns. Our ex-
perimentsshow that theestimatesof aberranceprobability
yieldedby thesigmoidfunctiontrackwell with theempiri-
calaberranceprobability. An accuracy of 99%wasobtained
for all cross-validationrunsby settingthe assignedproba-
bility thresholdto 0.2.

5.4.Amplicon Analysis

In orderto betterunderstandthecausesof aberrantmelt-
ing curves,weanalyzedthedistributionof variousgenomic
featureswithin ampliconsthat wereassociatedwith aber-
rantandacceptablemeltingcurves,respectively. This anal-
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Figure 5. Empirical probabilities and thresh­
old accurac y. (A) Comparison of empiri­
cal probabilities and sigmoided SVM outputs.
The �ve sets of cir cles represent �ve indi­
vidual �ve­f old cross validation runs. Each
cir cle 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 sho ws
the agreement between the calibrated output
of the SVM and the empirical probability of
aberranc y.

ysisshowedthataberrantreactionsaremorelikely to occur
whentheampliconsoverlapwith SINE (shortinterspersed
element)repeats.

Our datasetis derivedfrom ampliconsthatspannedap-
proximately 0.5 megabasesof humangenomicDNA on
chromosome11. Among the 1,728distinct amplicons,71
uniformly aberrantampliconshave all replicates�agged as
aberrantand1528uniformalyacceptableampliconshaveall
replicates�agged asacceptable.Theremainingamplicons
have an intermediatenumberof acceptablereplicates.We
usedthe1528+ 71consistently�aggedexamplesfor further
analysis.

The GC contentand the dinucleotidefrequenciesare
essentiallythe samein the uniformly acceptableand uni-
formly aberrantamplicons.Theabberantampliconshavean
averageGCcontentof 45percent,andtheacceptableampli-
conshave anaverageGC contentof 44 percent.TheseGC
contentsaresimilar to the region on chromosome11 from
whichtheampliconswerederived,whichhasanoverallGC
contentof 44percent.

Next, we usedthe UCSCHumanGenomeBrowser(9)
to retrieve annotationsfor thegenomicregionsfrom which
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theampliconswerederived.Theregion of chromosome11
coveredby the ampliconscontains14 genes,six CpG is-
lands,and 982 repeats�agged by the RepeatMasker pro-
gram (19). The 14 genescontain 96 exons and 82 in-
trons. The percentagesof acceptableandaberrantampli-
consfalling within introns, exons, and CpG islandswere
similar. LINE repeatsalsohadsimilar distributions. How-
ever, aberrantampliconswere enrichedfor overlap with
SINE repeats.Of the uniformly acceptableamplicons,74
percentwere entirely disjoint from SINE repeatsand ap-
proximately20 percentpartially overlappedSINE repeats.
In contrast,only 50percentof theuniformlyaberrantampli-
consweredisjoint from SINErepeats,andabout46percent
partiallyoverlappedSINErepeats.This situationwassimi-
lar for simplerepeats(suchas(TG)n or (CA)n ). 95percent
of uniformly acceptableampliconsweredisjoint from these
simple repeats,whereasonly 85 percentof the uniformly
aberrantampliconsweredisjoint from thesimplerepeats.

The associationof aberrantampliconswith repeatele-
mentsis not surprisingfor two reasons.First, becauseone
of the primersmustbind to part of a SINE repeat,it will
have many otherstrongbindingsitesin thegenome,given
the large numberof SINE repeatcopies(1). Theseother
binding sitescould lead to multiple ampliconsbeingpro-
ducedwheremultipleAlus areproximal.Thesecondis that
Alu sequences,which area prominentsubsetof the SINE
repeats,have high GC contentat the 5-primeend. Ampli-
consthat straddlethe 5-primeendof an Alu could be ex-
pectedto show a multi-modalmeltingcurve if the�anking
sequencewasAT-rich dueto the differencein GC content
betweentheAlu sequenceandadjoiningregion.

6. Discussion

We developed a method that can accuratelydistin-
guishaberrantPCRmeltingcurvesfrom acceptablemelting
curves. A critical advantageof this method,in additionto
its speed,is thattheoutputscanbecalibratedsothedecision
thresholdcanbespeci�edwithout examinationof theclas-
si�er' s outputdistribution. Due to thesparsenessenforced
by theSVM optimization,our trainedSVMs userelatively
few of the training examples: usually around100 of the
trainingdataareusedto specifytheseparatinghyperplane.
Thus,the procedureproduceslow complexity modelsthat
canbe expectedto generalizewell. Our classi�er reliably
separatesaberrantmeltingcurvesfrom meltingcurveswith
onedominantpeak.

SomePCRmeltingcurvesareexpectedto generatemul-
tiple peaks.For instance,multiplex PCR,in whichmultiple
ampliconsareampli�ed, wouldgenerateat leastonetransi-
tion for eachamplicon.Anotherexampleis PCRgenotyp-
ing, whereaheterozygoteat theampli�ed locuswouldgen-
eratetwo peaks,onefor eachampli�ed allele. The model

could be extendedfor thesetypesof RTPCR databy �t-
ting multiplepeaks;thiswouldrequireaslightly morecom-
plex nonlinearoptimizationprocedureandwould introduce
morefeaturesfor analysisby theclassi�er.

Rejectionof a meltingcurve asaberrantdoesnot imply
that thePCRampliconwasnot successfullyampli�ed. An
ampliconthat consistsof an AT rich segmentfollowed by
a GC rich segmentcould be expectedto generatea multi-
modal melting curve, suchas encounteredfor amplicons
straddlingAlu repeatelements. Alternatively, ampli�ca-
tion of anundesiredamplicondueto nonspeci�cprimerhy-
bridizationor primer-dimer formationcould alsogenerate
multi-modalsignalsin themeltingcurveevenwhenthetar-
getampliconis successfullyampli�ed. However, whenus-
ing RTPCRdatato estimateinitial templateconcentrations,
thepresenceof primer-dimersor undesiredampliconswill
leadto inaccuracy. Thus, this approachis appropriatefor
�agging questionabledatathat is 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 labelled the data. However, we have
shown that if humanscan reliably distinguishacceptable
from aberrantcurves, then so can our 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 summary, thisarticlepresentsamethodfor automated
detectionof aberrantPCR databasedon melting curves.
Our methodis fast,accurate,andcanbeeasilyadjustedto
accountfor new acceptabilitycriteria, andis at asreliable
as the judgmentsof the laboratorytechnicianswho label
thetrainingdata.Therequirementfor manualscreeningof
setsof replicatesrepresentsa signi�cant bottleneckin high
throughputexperiments. Our methodrelieves this bottle-
neckin developingandimplementinghigh-throughputge-
nomicassaysusingPCR.
Acknowledgments:TheauthorsthankPaulTittel for assistancewith data
transfer, MichaelDorschnerfor qPCRdatageneration,andJunNeri, Kris-
tenLee,Molly Weaver, andJeff Goldy, who initially labelledthemelting
curves.
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