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Abstract

Morphological classification of living things has challenged science for several centuries and

has led to a wide range of objective morphometric approaches in data gathering and analy-

sis. In this paper we explore those methods using apple cultivars, a model biological system

in which discrete groups are pre-defined but in which there is a high level of overall morpho-

logical similarity. The effectiveness of morphometric techniques in discovering the groups is

evaluated using statistical learning tools. No one technique proved optimal in classification

on every occasion, linear morphometric techniques slightly out-performing geometric

(72.6% accuracy on test set versus 66.7%). The combined use of these techniques with

post-hoc knowledge of their individual successes with particular cultivars achieves a

notably higher classification accuracy (77.8%). From this we conclude that even with pre-

determined discrete categories, a range of approaches is needed where those categories

are intrinsically similar to each other, and we raise the question of whether in studies where

potentially continuous natural variation is being categorised the level of match between cate-

gories is routinely set too high.

Introduction
With morethan7,000applecultivarsdescribed[1](someauthorsestimate10,000cultivars
[2]), fruit of all shapes,sizes,colours,flavour,andtextureexist.Thisdiversitymakesidentifica-
tion achallengingtask.Fromhominid stoneimplementdesign[3] to theidentificationof fossil
sharksfrom their teeth[4], theextensivedevelopmentof morphometrictoolsin thepastfew
decades[5±7],hasresultedin manyexcitingdiscoveriesacrossscientificdisciplines.In areas
suchasforensicsandpalaeontology,morphometricsmaybetheonly tool availableto research-
ers[4,8].Forover2000yearsmorphologyhasremainedtheprimary tool for field classification
[9] althoughthetoolsusedto gatherdataandanalysethemhavechangedsubstantially.The
classificationof objectsin generalisanaturalreactionof humansto thecomplexityof the
world thatsurroundsthem.Humansexcelatpatternmatching[10], askill oftenexploitedfor
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securitysystems[11,12]andessentialto classification.Arguably,this tendencycanresultin
pareidolia,themisclassificationof featuresto fit apreconceivedmodelof limited scope[13].
Nevertheless,advancedpatternmatchingremainsacrucialtool for navigatingdayto daylife
[14]. Manyof theusesof patternrecognition(e.g.numberplatereading[15] in carparks)rely
heavilyon statisticalclassificationtechniques,andhavemanypotentialbiologicalapplications
[16±21].Hereweexplorenon-destructivesamplingfor classificationof applecultivars,the
identity of whichtraditionally relieson asmallnumberof acknowledgedappleexperts,usually
working with largecollectionsof namedandcuratedappletrees,whohavegainedyearsof
practicalexperienceof thoseapplescultivarsyetthecorrectclassificationof anapplehas
immediateeconomicimpact.Governmentfiguresshowthewholesalepriceof `Gala'versus
`Braeburn',for instance,candiffer by20%or moreperkilo [22].

Continuousdevelopmentin collection,recording,andanalysismethodshasgivenmor-
phologyaverysophisticatedtoolkit for taxonomists.Manyrecenttaxonomicpublications
haveexploitedmorphologyundertheumbrellaof integrativetaxonomy[23] whichrelieson
theuseof multiple datasourcesfor inference[23]. Thetechniquesmostcommonlycombined
with morphometricsaremolecular[24], but canalsoincludecytometry[23,25],chromosome
counts[25] or thechemicalcompositionof secretedcompounds[26], all of whichinvolve
destructivesampling.Themostimportant aspectof integrativetaxonomyis theuseof the
appropriatedatasourcesfor theorganismsin question.Combinationof morphometricsand
molecularmarkerscanproveverysuccessfulin thedelimitationof closelyrelatedtaxa,both
within botanical[27] andzoological[28±30]research.Thissuccessis taxonandtechnique
dependent,asillustratedby theabsenceof morphometricresolvingpowerin theworksby
Mamosetal.[31] andLecocqetal.[26]. Diagnosticcharactersareoftendifficult to determine
andquantify,andtheselectionprocessischallenging.Someexamplesof thisdifficulty include
selectingtheappropriatelife stage[32]Ðcontrastinglarvalstagesto adultson ����� speciesÐ
or morphologicalcharacterÐcontrastingoverallshapeto specificlandmarksin ����	�

populations[33]. Althoughthemajority of theseexamplesfocuson shapedescriptionand
quantification,colourmayalsobeavital sourceof morphometricdata[24,29].

Talentedhumanexpertscantakeyearsto masterapplecultivar identification.Bystudying
both internalandexternalmorphologicalcharacters,appleexpertsrelyon their in-depth
knowledgeof hundredsof cultivars,contextualawareness,andtheir understandingof biologi-
calvariationwithin thosecultivarsto classifyunknownsamples[34±36].Theyalsocommonly
analysetheir observationsin aflexiblemanner,focusingon someaspectsof themorphology
moreheavilyin somecasesthanin others.To illustratethis,wepresentthehypotheticalcase
of anexpertidentifyinganapplethat isuniformly darkred.In thatcasetheexpertwouldnot
considercultivarswhicharealmostexclusivelygreenor yellowin colour,suchas`Granny
Smith'and`GoldenDelicious',evenif theshapeandsizeof thesamplefruit matchesthosecul-
tivars;theexpertwouldsimplyignorethesimilaritiesin shapeandfocuson shapecharacters
for applesthatcanbedarkredin colour.

Thefundamentalchallengein identificationof anindividual applebyanexpertismuch
greaterthanthat,for instance,of identificationof manybird specieswhichcanbedonerou-
tinely atgreatdistanceusingbinoculars,dueto thepresenceof consistentlandmarksof shape,
size,colour,etc.Fine-grainedrecognitionalgorithmsaresuccessfulin identifyingdifferent
speciesof birds in avarietyof environmentsandfrom avarietyof anglesbecausetheobject
beingidentifiedis fundamentallyconsistentin size,shape,andcolour[37]. Similarly,thecon-
sistencyof size,shape,andcolour in flowersof thesametaxonleadsto routinebenchmarking
of fine-grainedalgorithmsagainstfloral datasets[37,38].Thishascausedthesecharactersto be
usedextensivelyin plantclassification.Eventheverywell-studiedBritish flora hasonly
recentlygainedanidentificationguidethatdoesnot dependon featuresflowersprovide[39],

Pick and mix morphometrics
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despitethefactthatexperiencedfield botanistshavelongbeenableto identify plantsin avege-
tativestatethroughknowledgeandintuition. In thecaseof applesthereisaneedto identify
individual fruit separatedfrom theparenttree.Theidentificationisat thelevelof cultivarand
not species,andthereforetheexpectedlevelof differenceissmall.Assuchit becomescrucial
to standardisetheimagingapproachof theapples,suchthatvariationdetectedis thatof the
fruit andnot of its surroundingsandtheangleatwhichit isviewed.

Applevarietyidentificationprovidesanidealmodelto testthelimits of morphologicalclas-
sificationin biologybecauseapplecultivarsareusuallyclonesandthereforethevariation
found is likely to beenvironmentalin cause,andnot genetic.Byanalysingclonalcultivars,we
canbeconfidentthat thereisasinglecorrectanswerto anyidentification.Boththechallenge
andnoveltyof thiswork is to discoverwhetherapplecultivarscanbeidentifiedaccuratelyand
reliablybasedon visualcuesalone,in theabsenceof tasteandsmell.Thechallengeclosestto
our work is thecollectionof studiesbyCorneyandcolleagues[40±42]on automaticclassifica-
tion toolsfor ����� leaves.Theabsenceof sufficientlandmarksfor applecultivarsinspiredusto
studythemfrom first principles,returning to basicmorphometrictoolsandconceptsin order
to designaclassificationprotocol.

Hereweaim to discoverwhetherthecurrentlyavailablearsenalof morphometric
approachesiscapableof groupingindividual applesinto their correctcultivar.Wedemon-
stratethat throughtheuseof combinedapproachesasuccessrateof 78%canbeachievedin
thisparticularlychallengingbiologicalidentificationproblem.

Materials and methods
Fruit of twenty-sevenapplecultivarswerecollectedat theNationalFruit Collectionin Brog-
dale,Kentduring the2013and2014growingseasons.Thesewerecollectedwhenconsidered
readyto harvestby theprofessionalpickers,whoroutinelyuseappearanceandflavourasindi-
catorsof ripeness.Thelist of cultivarssampledispresentedin S1Table.Maximumlengthand
maximumdiameterweremeasuredfor eachfruit usingVerniercallipers(Mitutoyo Corpora-
tion, Japan).Weight,afterremovalof pedicel,wasmeasuredusingprecisionscalescalibrated
to 0.01g(DenverInstrumentS-402,NewYork). All measurementsweremadewithin 24hours
of harvest.

Eachapplewasplacedagainstablue(RGB:0,0,255)backgroundon aKaiserPhototechnik
R1photographicstandandwasphotographedusingaNikon D5100camerawith aNikon
AF-S40mmMicro NIKKOR f/2.8DX G lens.Thebluebackgroundwasselectedbecauseit
would interactto thesmallestdegreewith appleskincolour,which ispredominantlyacombi-
nationof redandgreenpixels.Thecamerawaspositioned0.50m abovethebaseof thestand,
asettingthatwasnot alteredduring thedatacollectionandallowedcaptureof theentireout-
line of eventhelargestapplesin thesample,at thesametime retainingsufficientresolutionfor
detaileddigitisation.Eachfruit wasphotographedatotalof sixtimes(Fig1):oneimagefor the
calyxend,onefor thepedicelendandfour side-images(fruit rotatedby90Êclockwisefor
everyimage),resultingin atotalof 3,240images(original imagedimensions4928x3264pix-
els).Of thefour side-imagesperfruit only thefirst two (theoriginalandthe90Êrotation from
theoriginal) wereuniquein termsof shape,theothertwo beingtheir mirror images.

On eachimage,landmarkswererecordedmanuallyusingthetpsDig2software[43]. Land-
markselectionreliedon theability to consistentlyobtainthesamelandmarkson all thefruit.
Byobservingcollectionsof imagesfrom eachcultivar,six landmarkswereselectedfor thedigi-
tisation:two on thecrownapices,two on theshoulderapices,oneon thecalyxandoneon the
pedicelattachmentpoint (illustratedin Fig2).

Pick and mix morphometrics
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To establishthedegreeof digitisationerror,all 3,240imagesweredigitisedtwice,with a
two-weekgap,to ensurethat theseconddigitisationwasnot affectedbymusclememory.
Analysisof digitisationswasconductedusingMorphoJ[44]. Digitisationerror wascalculated
usingProcrustesANOVAsandfound to benegligibleacrossall samples.TheProcrustesANO-
VAs for thetwo separatedigitisationshadasmallerandsignificantlydifferentmeansquare
error estimatefor digitisationthanfor individuals,suggestingthatdigitisationerror wasnegli-
gible.Theresultwassimilar for thecomparisonof thetwo setsof side-viewimages(original
and90Êversus180Êand270Ê)confirming that thedigitisationerror wasnegligible.

Thefirst imageof eachfruit couldhavebeenusedexclusivelyto describeits shape.This,
however,would ignorethevariationthat the90Êrotation couldprovide.To beableto include
thevariationfrom thetwo viewsaswellasto standardisebetweenfruit, thelandmarkpositions
from thetwo viewsafteraProcrustessuperimpositionwereaveraged.Thisprocesswas
repeatedfor the180Êand270Êviewsandthetwo datasetswerethencomparedto establish
possibledigitisationerror,whichwasalsofound to benegligible.After theProcrustessuperim-
position,thecentroidsizefor eachfruit wasrecorded.TheProcrustescoordinateswerethen
usedto performaPrincipalComponentsAnalysis(PCA),thescoresfrom whichwere
recordedfor eachfruit.

ColourmeasurementswereobtainedbyestimatingtheoverallRed,GreenandBlue(RGB)
intensitiesperpixel for eachimageusingImageJ[45]. To reducethedimensionalityof the
RGBcolourmeasurementsandremovethevariationcausedby theauto-whitebalance,aPCA
wasperformedandthefirst principalcomponentwasretainedastheoverallcolourmeasure-
ment.Thecalyximagesfor eachfruit wereusedto measurecalyxareaandthecalyxªeyeº(an
openingin thecalyx).ThiswasperformedusingthetpsDig2[43] bymanuallyoutlining the
relevantedges.

Fromthesemeasurements,two datasetswerecompiled,alinearmorphometricsdataset
including:maximumlength;maximumdiameter;weight;first principalcomponentof colour;

Fig 1. Exampleof all six capturedimagesfor oneapple.a)calyx,b-e)side-views,eachat90Êto eachother,f) pedicel.

https://doi.org/10.1371/journal.pone.0205357.g001
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calyxarea,andcalyx(ªeyeº)aperturearea,andageometricmorphometricsdatasetincluding:
weight;first principalcomponentof colour;calyxarea;calyx(ªeyeº)aperturearea;Principal
Componentscoresof ProcrustesCoordinates,andcentroidsize.Thedatasetswerethensepa-
ratedinto training andtestingsetswith a75±25%(15fruit percultivar in training,5 in testing)

Fig 2. Selectedlandmarksfor the geometric morphometricsdataset.Sixlandmarkswereselectedperimage:two on
thecrownapices,oneon thecalyx,oneon thepedicelattachmentpoint andtwo on theshoulderapices.

https://doi.org/10.1371/journal.pone.0205357.g002
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[46] allocationrespectivelyusingidenticalpartitionsfor comparability.Thetraining setswere
thenusedon 12classifiers(Table1).Usingthesamepartition for bothdatasetsensuredthat
theaccuracyestimatefor thetestsetof thebestperforminglinearmorphometricsclassification
wasdirectlycomparableto theaccuracyestimatefor thetestsetof thebestperforminggeomet-
ric morphometricsclassification.

Training usedthreerepeatsof 10-foldcross-validation.Eachclassifierwasthentestedusing
thetestsetandtheclassificationconfusionmatrix,aswellastheaccuracy,kappavalue,positive
predictiverate,negativepredictiverate,specificity,andsensitivityvalueswererecorded.Paired
t-testson accuracyandkappavalueswereperformedto comparebetweenclassifiers.Thefinal
modelfor eachclassificationtechniquewasselectedin termsof highestaccuracyandkappa
values.Classificationaccuracyandkappavaluesusingonly colourarepresentedin S9Table.
All classificationanalysiswasperformedusingthecaret(ClassificationandRegressionTrain-
ing) package[60] in R[61].

To emulatetheflexibility in characterweightingshownbyexperts,whofor instancemight
swapbetweenusingcolourandsizeasaprimary classifier,anensembleapproachwastaken.
Whendifferentdatasetswereusedto train multiple classifiers,thesuccessof eachclassifier
with eachcultivarcouldberecorded.Foranunknownfruit testedagainstall thetrainedclassi-
fiers,thereliability of eachpredictionwasassessedbasedon theaccuracyof eachclassifierfor
thepredictedcultivar.Thisprocessis illustratedin Fig3.Thisreplicatedpartof theexpertflex-
ibility bypermitting theuseof differentcharactersfor eachclassifier.

Asanalternativeapproachto themanualensembleprocedure,thelinearandgeometric
morphometricsdatasetswerecombinedto createaªkitchensinkº [62] dataset,to investigate
whethertheconcatenationof rawdataledto amoresuccessfulclassification.Theconcatenated
datasetwaspartitionedin thesamewayasthelinearandgeometricmorphometricsdatasets.

All theimagesusedin theabovestudyaredepositedin theReadingAppleImageLibrary,
accessiblethroughtheUniversityof ReadingHerbariumwebpages.Togetherwith thefully
maturedfruit presentedin thisstudy,theImagelibrary alsocontainsstandardisedimagesfor
fruit sampledfrom 12of thecultivarsatdifferenttime pointsfrom anthesis(weeklyfor the
first two monthsfrom anthesis,andfortnightly lateron).Foreachtime-point, tenfruit were
sampledandphotographedasdescribedhere.Additionally, longitudinalsectionsfrom calyx
to pedicelwereperformedandeachsidewasphotographed.Forsixcultivars,samplingwas
repeatedfor asecondyear.Thisresultedin 13360imagesfor 27cultivars.

Table1. Classifiersusedto analyselinear andgeometricmorphometric datasets.

Classifier Abbreviation

AdaptiveMixture Discriminant Analysis[47] AMD

BaggedClassification andRegressionTree[48] BCART

C5.0Classification Tree[49] C5.0

Classification andRegressionTree[50] CART

ConditionalInferenceRandomForest[51] CIRF

FeatureSelectionRandomForest[52] FSRF

K-nearest Neighbor[53] KNN

Na�veBayes[54] NB

NeuralNetwork [55] NN

PenalizedDiscriminant Analysis[56] PDA

RobustDiscriminant Analysis[57] RDA

RandomFerns[58] RF

SupportvectorMachine[59] SVM

https://doi.org/10.1371/journal.pone.0205357.t001
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Results
Prior to training andtestingof classifiers,theRGBcolourvalueswerereducedusingprincipal
componentanalysis(PCA).Asthefirst principalcomponentexplained94.3%of theoverall
colourvariation,it wasdeemedasufficientcolourproxy,andwastheonly component
retainedfor theremainderof theanalysis.Classifiercomparisonwasperformedusingaccu-
racyandkappavaluesoverthecollecteddatasets.Classifiersweretestedoverfour differentset-
tings:first againstthelinearmorphometricsdataset,secondagainstthegeometric

Fig 3. Flowchart of the manualensembleprocessdescribedin this work. After training thetwo classifiersandrecordingthecross-validation
accuracyvaluesfor eachcultivar, theunknownfruit isclassified.Thepredictedclassfor theunknownfruit for eachclassifieriscomparedto the
cross-validationaccuracyfor thisclassandthefinal predictionisselectedaccordingto whichscenarioapplies.

https://doi.org/10.1371/journal.pone.0205357.g003
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morphometricsone,third usingthemanualensembleapproach,andfinally againstthe
kitchen-sinkdataset.Asbenchmark,highestclassificationaccuracyusingcolouralonewas
usingaSupportVectorMachine(accuracy:27.4%,kappa:0.246)Theremainderof thissection
issplit to accommodatethesefour approaches.

Linear morphometrics
Of the12classifiersstudied,PenalisedDiscriminantAnalysis(PDA) hadthehighestmean
accuracyandkappavalues(accuracy:73.0%,kappa:0.722)for cross-validationof thetraining
setandfor this reasonit wasselectedasthemostappropriateclassificationtechnique.Follow-
ing this,thetestset,whichcomprised135fruit (5 from eachcultivar)wasanalysedusingthe
trainedPDA classifierresultingin apercentageaccuracyestimateoverall classes(overallaccu-
racypercentage)of 72.6%.Individual misclassificationsfor eachfruit in thetestsetarein S4,
S5andS6Tables.

Geometricmorphometrics
Of the11classifierstested,thebestperformingwastheFeatureSelectionRandomForest
(FSRF)asit hadthehighestmeanaccuracyandmeankappavalues(accuracy:66.5%,kappa:
0.654).Individual misclassificationsfor eachfruit in thetestsetarein S7andS8Tables.

Manual ensemble
Formanualensemble,thepredictionsfor thetestsetof thePDA on linearmorphometrics
werecombinedwith thepredictionsof theFSRFclassifierof thegeometricmorphometricsby
usingtheaccuracyestimatesof cross-validationfor eachclass(thedetailedmanualensemble
protocolisdescribedin Materialsandmethods).Theconfusionmatrix for thetestsetclassifi-
cation,which is theper-classperformanceof thetrainedclassifier,is illustratedin Fig4.
Throughtheuseof aheat-map,Fig4 contraststheactualclass(cultivar) to whicheachfruit in
thetestsetbelonged(Reference)againstwhatclassit waspredictedas(Prediction)by the
trainedclassifier.Correctclassificationsareon thediagonalof theheat-map,with darker
shadesof blueillustratinggreatersuccessrates.

Kitchen-sink
Of the11classifierstestedwith theªkitchensinkº dataset,thebestperformingwastheAdap-
tiveMixture DiscriminantAnalysis(AMD) with meanaccuracyof 70.5%andakappavalueof
0.692for cross-validation.

Thepredictionsof thetestsetsamplesfor eachclassifierbycultivararesummarisedin
Fig5,whichdemonstratesthateverycultivarcouldbecorrectlyclassifiedusingoneof thefour
techniques.If onetechniquefailedto classifyacultivar,anotheroftenturnedout to besuccess-
ful. Thesuccessof theclassificationtechniquesvariedbetweenthecultivars.Forexample,in
thecaseof `Adam'sPearmain'(Ada),all four approacheshadaveryhighsuccessrate,with
threeof themreaching100%accuracy,andthelowestonereaching80%.Findingsweresimilar
for `Cloden'(Clo),with two methodsreaching100%accuracyandtheremainingtwo 80%.
Lesssuccessfulwasthecaseof `Bovarde'(Bov),for whichtheFSRFclassifierrelyingon the
geometricmorphometricsdatasetfailedto correctlyidentify anyof thesamplesin thetestset.
Althoughnoneof theotherclassifierssucceededin correctlyidentifyingall five`Bovarde'sam-
plesin thetestset,theysuccessfullyidentifiedthree.

Pick and mix morphometrics
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Discussion
Theadvantageof studyingapplecultivarswhichareclonallypropagatedwasthatwecouldbe
certainof thecorrectclassificationfor eachindividual apple.Thiscontrastswith equivalent
studiesof variationin speciesbecausespeciesareconceptualconstructswhichmaychange
overtime [63,64].For instanceComptonandHedderson[65] required17morphometricvari-
ablesto separateasinglevariablespeciesinto four distinctones,andthosesupportedbycorre-
lation with geographicdistribution.Despitetheclonalidentity within applecultivarsandthe

Fig 4. Confusionmatrix from the Manual ensembleclassification usingthe testset.Thecoloursof theheatmapcorrespondto the
percentageof classificationin eachcategory.Theaccuracyobtainedfrom themanualensemblewas77.8%comparedwith 66.7%for
theFSRFand72.6%for thePDAon thesametestset.

https://doi.org/10.1371/journal.pone.0205357.g004
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varietyof morphometricmeasurementsusedin thisstudy,our classificationsstill resultedin
misidentificationsof manyindividual apples.Hereweconsidersomeof theunderlyingrea-
sonsfor these.

Welearnedtwo major lessonsduring theprocessof automatingclassification.

Fig 5. Summaryof prediction ratesof testsetby cultivar for the classifiersusingthe samecoloursasthe heatmap
in Fig 3.Classifierabbreviationsareexplainedin Materialsandmethods.

https://doi.org/10.1371/journal.pone.0205357.g005
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Lesson1:Thereis no freelunch
Theperformanceandchoiceof classifierdependson thenatureof theunderlyingdata.For
example,usinglinearmorphometrictechniquesthebestperformingclassifierwasaPDA
(accuracy72.6%);for geometricmorphometricsit wasaFSRF(accuracy66.7%).This finding
isconsistentwith theªNo freelunchº theorem.StatedformallybyWolpertandMacready
[66], thetheoremsuggeststhat theperformanceof all classifiersisequalwhenthetotality of
possibleproblemsisconsidered.Thismeansthat for everyclassifierthereexistsapossible
problemwherethatclassifieroutperformseveryotherclassifier.In our studytwo different
morphometricdatasetscreatedtwo differentclassificationproblems,eachanalysedmosteffec-
tivelybyadifferentclassifier.Thisstronginteractionbetweendatasetandclassifierisoneof
manyexamplesof theno-freelunchtheorem.Adding to thecomplexityis theimpactof culti-
varasavariableon theclassifieranddatasetinteraction.Asdemonstratedin Fig4,someculti-
varsweremoreaccuratelyidentifiedusingoneclassifierandothersbyanother.Thissuggests
that in addition to selectingtheappropriateclassifierfor thedataset,it is important to establish
for everycultivarhowaccuratelyeachcombinationperforms.To illustratethis,four apples
(`Arlet',`Bovarde',̀Jonathan',̀KaiserFranzJoseph')whichwereall partof thetestset,are
shownin Fig6.

All of `Arlet' (Arl) and`KaiserFranzJoseph'(Kai)samplesin thetestsetwereaccurately
classifiedusingFSRF.Somè Arlet' and`KaiserFranzJoseph'samplesweremisclassifiedusing
PDA (whichhad40%successratefor `Arlet' and60%for `KaiserFranzJoseph').̀Jonathan'
(Jon)and`Bovarde'(Bov)wereclassifiedmoreaccuratelyby thePDA thantheFSRF(100%
and60%respectivelywith thePDA asopposedto 20%and0%with FSRF).Why aresomecul-
tivarsmoreidentifiableusingoneclassifierthanwith another?For thecultivarsthatperformed
betterwith geometricmorphometrics,suchas`KaiserFranzJoseph',weproposethat thedis-
tinctive fruit geometryfailedto translateinto recordedparametersin linearmorphometrics.
For thecultivarsthatperformedbetterwith thelinearmorphometrics,suchas`Jonathan',we
proposethat theoverallgeometryof thefruit wasnot asdistinctiveasthelengthanddiameter
measurements.

Lesson2:Pick andmix
Improvedaccuracyresultsfrom theflexiblecombinationof linearandgeometricmorpho-
metricsclassifiers.Thesuccessfulprotocolusedasinspirationtheflexibility of information
thathumanidentificationexpertscanemploy,bycombiningdifferentdata-sources(in this
caselinearandgeometricmorphometrics).Theexplanationfor thesuperiorityof thismethod
(overboth linearandgeometricclassifications)liesin thedifferencesof accuracypercultivar
for eachclassification.Thesuccessfulprotocolgivesdifferentweightsto thepredictions
dependingon howaccurateeachclassifierhasbeenin thepastfor thatparticularprediction.
Forexample,if anunknownfruit waspredictedas`Jonathan'by theFSRFandas`McIntosh'
by thePDA thenthemanualensemblewouldclassifyit asa`McIntosh'sincetheFSRFisweak
atpredicting`Jonathan'(or `McIntosh'),whereasthePDA isstrongfor bothcultivars.Byusing
thismethodandeffectivelyrelyingon eachclassifierfor thecultivarstheyweregoodat,the
classificationperformanceimprovedto anoverall77.8%.Asatechnique,it wasparticularly
effectivewhentherewasamarkeddifferencein theclassificationaccuracyfor acultivar(e.g.
with `Jonathan').Whentheclassifiersperformedatsimilar levels(e.g.̀ Florina'with 40%with
PDA and60%with FSRF)thentheapproachchosenwassometimestheweakerone(`Florina'
in manualensemblehad40%accuracy).Thiswasaresultof thetraining accuracybeingused
to makeadecisionon theclassifierfor thetestdatain caseswheretraining datadid not sup-
port acleardecision.
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Althoughtheªkitchensinkº approachwasmoreaccurate(71.1%)thantheFSRF,it wasless
accuratethanthePDA or manualensemble.This indicatesthat thesimpleconcatenationof
bothdatasetsincreasednoise.Asidefrom performancetherewasafundamentaldifference
betweentheªkitchensinkº andthemanualensemble.Bothtechniquesusedall theinformation
availableby including linearandgeometricmorphometricsbut whereastheªkitchensinkº
mergedrawdata,themanualensembleexploitedthestrengthsof eachdataset.

Conclusions
Theprimary objectiveof thiswork wasto discoverwhetherapplecultivarscouldbeidentified
usingautomatedprocessesbyexploitingsomeof thestrategiesappleexpertsemployin combi-
nationwith currentmorphometricapproaches.Weconcludethatcomputerscaneffectively
simulatetheapproachusedbyappleexperts,prioritising somedataoverothers,in acultivar-
andsituation-specificway.

Fig 6. Four fruit examplesthat weremisclassified by oneof the two classifiers.In thetop two rowsArl andKai were
misclassified by thePDAbut weresuccessfully classifiedby theFSRF.In thebottomtwo rows,BovandJonwere
misclassified by theFSRFbut successfully classifiedby thePDA.

https://doi.org/10.1371/journal.pone.0205357.g006
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Themostimpactfulnoveltyof thiswork ismethodological;specifically,theuseof explicit
geometricandlinearmorphometricsin combinationwith statisticallearninghasgreatrele-
vanceto widerbiologicalresearchin identificationandclassification.It isnot clearwhysuch
anensemblemethodisnot routinelyusedfor biologicalidentificationasit combinesthe
strengthof severalapproaches.Ensemblelearningtechniquesstartedgainingpopularityin the
1990sfor statisticallearningspecificallybecausetheycancombineweaklearners(classifiers
with low accuracy)to createastronglearner(classifierwith highaccuracy)[54]. Modernplant
taxonomycouldembracethisapproachandtakeadvantageof currentcomputingpower.This
wouldpermit there-evaluationof data-sourceswhichon their ownmayonly leadto weak
learners,but in thoughtfulcombinationshavethepotentialto providenovelinsight into classi-
ficationof theorganismunderstudy.Crucially,theincorporationof multiple datasetstowards
asingleclassificationproblemisnot aboutsimplycombiningrawdatafrom multiple sources;
it isaboutthecarefulintegrationof suchdataandmultiple approachesto analysisto improve
insightandunderstanding.
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