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Canyou make morphometrics work when
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approaches for apple identification
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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 technigues 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 morethan 7,000applecultivarsdescribed1](someauthorsestimatel0,000cultivars

[2]), fruit of all shapessizescolours flavour,andtextureexist.This diversitymakeddentifica-
tion achallengingask.From hominid stoneimplementdesign[3] to theidentification of fossil
sharksfrom their teeth[4], the extensivalevelopmenbf morphometrictoolsin the pastfew
decade$5+7], hasresultedn manyexcitingdiscoveriescrossscientificdisciplinesin areas
suchasforensicsandpalaeontologymorphometricamaybethe only tool availableo research-
ers[4,8]. For over2000yearanorphologyhasremainedthe primary tool for field classification
[9] althoughthetoolsusedto gatherdataand analyséhemhavechangedsubstantiallyThe
classificatiorof objectsn generals anaturalreactionof humansto the complexityof the
world that surroundsthem.Humansexcelat patternmatching[10], a skill oftenexploitedfor
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securitysystem$11,12]andessentialo classificationArguably thistendencycanresultin
pareidoliathe misclassificatiomf featurego fit a preconceiveadnodelof limited scopd13].
Neverthelessdvancegatternmatchingremainsacrucialtool for navigatingdayto daylife
[14]. Many of the usef patternrecognition(e.g.numberplatereading[15] in carparksyely
heavilyon statisticaklassificatiortechniquesand havemanypotentialbiologicalapplications
[16+21].Hereweexplorenon-destructivesamplingfor classificatiorof applecultivars the
identity of which traditionally relieson asmallnumberof acknowledge@ppleexpertsusually
working with largecollectionsof namedand curatedappletrees who havegainedyearsof
practicalexperiencef thoseapplescultivarsyetthe correctclassificatiorof anapplehas
immediateeconomidmpact.Governmentiiguresshowthe wholesalgrice of “"Galaversus
“Braeburn'for instancecandiffer by 20%or more perkilo [22].

Continuousdevelopmentn collection,recording,and analysisnethodshasgivenmor-
phologyaverysophisticatedoolkit for taxonomistsMany recenttaxonomicpublications
haveexploitedmorphologyunderthe umbrellaof integrativetaxonomy[23] whichrelieson
theuseof multiple datasourcedor inference[23]. Thetechniqguesnostcommonlycombined
with morphometricsaremolecular[24], but canalsoincludecytometry[23,25],chromosome
counts[25] or the chemicalcompositionof secreteacompoundg26], all of whichinvolve
destructivesampling. The mostimportant aspecbf integrativetaxonomyis the useof the
appropriatedatasourcegor the organismsn question.Combinationof morphometricsand
moleculamarkerscanproveverysuccessfuh thedelimitation of closelyrelatedtaxa,both
within botanical[27] and zoologica[28+30]researchThis success taxonandtechnique
dependentasillustratedby the absencef morphometricresolvingpowerin the worksby
Mamosetal.[31] andLecoccetal.[26]. Diagnosticcharactersireoftendifficult to determine
andquantify,andthe selectiomprocesss challengingSomeexample®f this difficulty include
selectinghe appropriatdife stagg32]Dcontrastinglarvalstageso adultson speciesb
or morphologicalcharacterbcontrastingverallshapeo specifidandmarksin
populationg33]. Althoughthe majority of theseexample$ocuson shapedescriptionand
quantification,colour mayalsobeavital sourceof morphometricdata[24,29].

Talentedhumanexpertscantakeyearso masterapplecultivaridentification. By studying
bothinternalandexternalmorphologicalcharactersappleexpertgely on their in-depth
knowledgeof hundredsof cultivars,contextualawarenesgndtheir understandingf biologi-
calvariationwithin thosecultivarsto classifyunknown sample$34+36].Theyalsocommonly
analyseheir observationsn aflexiblemanner,focusingon someaspect®fthe morphology
more heavilyin somecaseshanin others.To illustratethis, we presenthe hypotheticakase
of anexpertidentifying anapplethatis uniformly darkred. In thatcasehe expertwould not
considercultivarswhich arealmostexclusivehgreenor yellowin colour,suchas’Granny
Smith'and " GoldenDelicious',evenif the shapeandsizeof the samplefruit matcheshosecul-
tivars;the expertwould simplyignorethe similaritiesin shapeandfocuson shapecharacters
for appleghatcanbedarkredin colour.

Thefundamentakhallengen identification of anindividual appleby anexpertis much
greaterthanthat, for instancepf identification of manybird speciesvhich canbedonerou-
tinely atgreatdistanceusingbinoculars dueto the presencef consistentandmarksof shape,
size colour,etc.Fine-grainedecognitionalgorithmsaresuccessfuh identifying different
specie®f birdsin avarietyof environmentsandfrom avarietyof angledecaus¢he object
beingidentified is fundamentallyconsistenin size shapeandcolour[37]. Similarly,the con-
sistencyof size shapeandcolourin flowersof the sameaxonleadso routine benchmarking
of fine-grainedalgorithmsagainstloral dataset$37,38].This hascausedhesecharacterso be
usedextensivelyn plantclassificationEventhe verywell-studiedBritish flora hasonly
recentlygainedanidentification guidethat doesnot dependon featureglowersprovide[39],
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despitehefactthatexperiencedield botanistshavelong beenableto identify plantsin avege-
tativestatethroughknowledgeandintuition. In the caseof appleghereis aneedto identify
individual fruit separatedrom the parenttree.Theidentificationis atthelevelof cultivarand
not speciesandthereforethe expectedevelof differenceis small.As suchit becomegrucial

to standardisehe imagingapproachof the applessuchthat variationdetecteds that of the
fruit andnot of its surroundingsandthe angleat whichit is viewed.

Applevarietyidentification providesanidealmodelto testthe limits of morphologicaklas-
sificationin biologybecaus@applecultivarsareusuallyclonesandthereforethe variation
foundis likely to beenvironmentalin causeandnot genetic By analysingclonalcultivars,we
canbeconfidentthatthereis asinglecorrectanswetto anyidentification.Boththe challenge
andnoveltyof thiswork is to discovemwhetherapplecultivarscanbeidentified accuratelyand
reliablybasedn visualcuesalone,in the absencef tasteandsmell.The challengeslosesto
our work isthe collectionof studiesby Corneyand colleagueft0+42]on automaticclassifica-
tion toolsfor leavesThe absencef sufficientlandmarksfor applecultivarsinspiredusto
studythemfrom first principles,returning to basicmorphometrictoolsand conceptsn order
to designa classificatiorprotocol.

Hereweaim to discovemwhetherthe currently availablearsenabf morphometric
approachess capableof groupingindividual applesnto their correctcultivar. We demon-
stratethatthroughthe useof combinedapproachesasuccesgateof 78%canbeachievedn
this particularlychallengingpbiologicalidentification problem.

Materials and methods

Fruit of twenty-sevempplecultivarswerecollectedat the National Fruit Collectionin Brog-
dale Kentduring the 2013and 2014growingseasonslhesewerecollectedvhenconsidered
readyto harvesty the professionapickerswho routinely useappearancandflavourasindi-
catorsof ripenessThelist of cultivarssampleds presentedn S1Table.Maximum lengthand
maximumdiameterweremeasuredor eachfruit usingVernier callipers(Mitutoyo Corpora-
tion, Japan)Weight,afterremovalof pedicelwasmeasuredisingprecisionscalegalibrated
to 0.01g(DenverlnstrumentS-402New Y ork). All measurementaieremadewithin 24hours
of harvest.

Eachapplewasplacedagainstablue (RGB:0, 0, 255)backgroundon aKaiserPhototechnik
R1photographicstandandwasphotographedisinga Nikon D5100camerawith aNikon
AF-S40mmMicro NIKKOR f/2.8 DX G lens.Thebluebackgroundvasselectedecausé
wouldinteractto the smallestlegreeawith appleskin colour,whichis predominantlyacombi-
nation of red andgreenpixels.The cameravaspositioned0.50m abovethe baseof the stand,
asettingthat wasnot alteredduring the datacollectionand allowedcaptureof the entire out-
line of eventhelargesiapplesn the sampleatthe sameime retainingsufficientresolutionfor
detaileddigitisation.Eachfruit wasphotographedatotal of sixtimes(Fig 1): oneimagefor the
calyxend,onefor the pedicelendandfour side-imagesfruit rotatedby 90Eclockwisefor
everyimage) resultingin atotal of 3,240magegoriginalimagedimensions4928x3264ix-
els).Of thefour side-imagegperfruit only thefirst two (the original and the 90Erotation from
theoriginal) wereuniquein termsof shapethe othertwo beingtheir mirror images.

On eachimage Jandmarkswererecordedmanuallyusingthe tpsDig2softward43]. Land-
mark selectiorreliedon the ability to consistentlyobtainthe samdandmarkson all the fruit.
By observingeollectionsof imagedrom eachcultivar, sixlandmarkswereselectedor the digi-
tisation:two on the crown apicestwo on the shoulderapicespneon the calyxandoneon the
pedicelattachmenpoint (illustratedin Fig 2).
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Fig 1. Exampleof all six capturedimagesfor oneapple.a) calyx b-e)side-viewseachat 90Eo eachother,f) pedicel.

https://abi.org/10.1371durnal.por.0205357.g0L

To establistthe degreeof digitisationerror, all 3,240mageswveredigitisedtwice,with a
two-weekgapto ensurethat the secondligitisationwasnot affectedoy musclememory.
Analysisof digitisationswasconductedusingMorphoJ[44]. Digitisation error wascalculated
usingProcrusteANOVAs andfound to benegligibleacrossll samplesThe Procruste ANO-
VAs for thetwo separat@ligitisationshada smallerandsignificantlydifferentmeansquare
error estimatdor digitisationthanfor individuals,suggestinghat digitisationerror wasnegli-
gible.Theresultwassimilar for the comparisonof the two setsof side-viewimagegoriginal
and90Eversusl80Eand 270Eonfirming thatthe digitisationerror wasnegligible.

Thefirstimageof eachfruit couldhavebeenusedexclusivelyo describdts shapeThis,
howeverwouldignorethe variationthat the 90Frotation could provide.To beableto include
thevariationfrom the two viewsaswell asto standardisédetweerfruit, thelandmarkpositions
from the two viewsaftera ProcrustesuperimpositionwereaveragedThis processvas
repeatedor the 180Eand 270B/iewsandthe two datasetsverethen comparedo establish
possiblaigitisationerror, whichwasalsofound to benegligible After the Procrustesuperim-
position,the centroidsizefor eachfruit wasrecorded.The Procrustesoordinatesverethen
usedto performaPrincipal ComponentsAnalysis(PCA),the scoresrom whichwere
recordedfor eachfruit.

Colour measurementwereobtainedby estimatingthe overallRed,Greenand Blue(RGB)
intensitiesper pixelfor eachimageusinglmage J45]. To reducethe dimensionalityof the
RGBcolour measurementandremovethe variationcausedy the auto-whitebalancea PCA
wasperformedandthefirst principal componentwasretainedasthe overallcolour measure-
ment. Thecalyximagedor eachfruit wereusedto measurecalyxareaandthe calyx®eye®(an
openingin the calyx).This wasperformedusingthe tpsDig2[43] by manuallyoutlining the
relevantedges.

Fromthesemeasurementsywo datasetsverecompiled,alinearmorphometricsdataset
including: maximumIength;maximumdiameterweight;first principal componentof colour;
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Fig 2. Selectedandmarksfor the geometic morphometrics dataset.Sixlandmarkswereselectegherimagetwo on
the crownapicespneon the calyx,oneon the pedicelattachrment point andtwo on the shoulderapices.

https://abi.org/10.1371durnal.por.0205357.g02

calyxareaandcalyx(®eye®)apertureareaandageometricnorphometricsdatasetncluding:
weight;first principal componentof colour;calyxareacalyx(®eye®)aperturearea;Principal
Componentscoresf ProcrustesCoordinatesand centroidsize . Thedatasetsverethen sepa-
ratedinto training andtestingsetswith a 75£25%15fruit percultivarin training, 5in testing)
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Tablel. Classifiersusedto analysdinear and geometricmorphometric datasets.

Classifier Abbreviation
AdaptiveMixture Discriminart Analysig47] AMD
BaggedClassifiction and Regressiofree[48] BCART
C5.0Classificabn Tree[49] C5.0
Classificabn and Regressioiree[50] CART
ConditionalInferenceRandomForest51] CIRF
FeatureSelectiorRandomForesf52] FSRF
K-nearesNeighbor[53] KNN
Na veBayeg54] NB
NeuralNetwork [55] NN
Penalizediscriminart Analysig[56] PDA
RobustDiscriminant Analysis[57] RDA
RandomFerns[58] RF
SupportvectorMachine[59] SVM

https://abi.org/10.1371djurnal.por.0205357.t00

[46] allocationrespectivelysingidenticalpartitionsfor comparability. Thetraining setswvere
thenusedon 12classifiergTablel). Usingthe samepartition for both datasetensuredhat
theaccuracyestimateor thetestsetof the bestperforminglinearmorphometricsclassification
wasdirectly comparabldo the accuracyestimatefor the testsetof the bestperforminggeomet-
ric morphometricsclassification.

Training usedthreerepeatof 10-fold cross-validationEachclassifiemwasthentestedusing
thetestsetandthe classificatiorconfusionmatrix, aswell asthe accuracykappavalue positive
predictiverate,negativepredictiverate,specificity and sensitivityvaluesvererecorded Paired
t-testson accuracyandkappavaluesvereperformedto comparebetweerclassifiersThefinal
modelfor eachclassificatiortechniquewasselectedn termsof highestaccuracyandkappa
valuesClassificatioraccuracyandkappavaluesusingonly colourarepresentedn S9Table.
All classificatioranalysisvasperformedusingthe caret(Classificatiorand Regressiofirain-
ing) packagg60] in R[61].

To emulatetheflexibility in charactemweightingshownby expertswho for instancemight
swapbetweerusingcolourandsizeasaprimary classifieranensemblapproachwvastaken.
Whendifferentdatasetsvereusedto train multiple classifiersthe successf eachclassifier
with eachcultivar couldberecorded For anunknownfruit testedagainstll the trainedclassi-
fiers,thereliability of eachpredictionwasassessduasedn the accuracyof eachclassifielfor
the predictedcultivar. This processsillustratedin Fig 3. Thisreplicatedpart of the expertflex-
ibility by permitting the useof differentcharactergor eachclassifier.

Asanalternativeapproachto the manualensemblerocedurethelinearandgeometric
morphometricsdatasetsverecombinedto createa@kitchensink® [62] datasetto investigate
whetherthe concatenatiorof raw dataledto amore successfudlassificationThe concatenated
datasetvaspartitionedin the samewayasthelinearand geometricnorphometricsdatasets.

All theimagesusedin the abovestudyaredepositedn the ReadingApplelmageLibrary,
accessiblthroughthe Universityof ReadingHerbariumwebpagest ogethemwith the fully
maturedfruit presentedn this study,the Imagelibrary alsocontainsstandardisedmagesor
fruit sampledrom 12of the cultivarsat differenttime pointsfrom anthesigweeklyfor the
first two monthsfrom anthesisandfortnightly lateron). For eachtime-point, tenfruit were
sampledand photographedasdescribechere Additionally, longitudinal sectionsrom calyx
to pedicelwereperformedand eachsidewasphotographedFor six cultivars,samplingwas
repeatedor asecondyear.Thisresultedin 1336Gmagedor 27 cultivars.
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Fig 3. Flowchat of the manualensembleprocessdescribedin this work. After training the two classifierandrecordingthe cross-validtion
accuracyaluedor eachcultivar, theunknownfruit is classifiedThe predictedclasgor the unknownfruit for eachclassifielis comparedo the
cross-validtion accuracyor this classandthefinal predictionis selecte@ccordingto which scenaricapplies.

https://abi.org/10.137Aournal.pon®205357.g003

Results

Prior to training andtestingof classifiersthe RGBcolourvaluesverereducedusingprincipal
componentanalysigPCA). Asthefirst principal componentexplained4.3%of the overall
colourvariation,it wasdeemeda sufficientcolour proxy,andwasthe only component
retainedfor the remainderof the analysisClassifiecomparisornwasperformedusingaccu-
racyandkappavaluesoverthe collecteddatasetsClassifiersveretestedoverfour differentset-
tings:first againsthe linearmorphometricsdatasetsecondagainsthe geometric
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morphometricsone,third usingthe manualensemblapproachandfinally againsthe
kitchen-sinkdatasetAs benchmarkhighestclassificatioraccuracyusingcolour alonewas
usinga SupportVector Machine(accuracy27.4%kappa:0.246) heremainderof this section
is splitto accommodat¢hesefour approaches.

Linear morphometrics

Of the 12 classifierstudied,Penalisediscriminant Analysis(PDA) hadthe highestmean
accuracyandkappavaluegaccuracy73.0%kappa0.722)for cross-validatiorof thetraining
setandfor this reasont wasselectedsthe mostappropriateclassificatiortechnique Follow-
ing this, the testset,which comprised135fruit (5 from eachcultivar) wasanalysedisingthe
trained PDA classifieresultingin apercentagaccuracyestimateoverall classefoverallaccu-
racypercentagedf 72.6%Individual misclassificationfor eachfruit in thetestsetarein S4,
ShandS6Tables.

Geometricmorphometrics

Of the11classifiersestedthe bestperformingwasthe FeatureSelectiorRandomForest
(FSRFasit hadthe highestmeanaccuracyand meankappavaluegaccuracy66.5%kappa:
0.654)Individual misclassificationfor eachfruit in thetestsetarein S7andS8Tables.

Manual ensemble

For manualensemblethe predictionsfor the testsetof the PDA on linearmorphometrics
werecombinedwith the predictionsof the FSRFclassifieiof the geometriomorphometricsby
usingthe accuracyestimate®f cross-validatiorfor eachclasqthe detailedmanualensemble
protocolis describedn Materialsand methods).Theconfusionmatrix for the testsetclassifi-
cation,whichisthe per-clasperformanceof thetrainedclassifierjsillustratedin Fig 4.
Throughthe useof aheat-mapf-ig 4 contrastghe actualclasqcultivar) to which eachfruit in
thetestsetbelonged Referenceagainstvhatclasst waspredictedas(Prediction)by the
trainedclassifierCorrectclassificationsreon the diagonalof the heat-mapwith darker
shade®f blueillustrating greatersuccessates.

Kitchen-sink

Of the 11classifiersestedwith the@kitchen sink® datasetthe bestperformingwasthe Adap-
tive Mixture Discriminant Analysis(AMD) with meanaccuracyof 70.5%andakappavalueof
0.692for cross-validation.

The predictionsof thetestsetsamplegor eachclassifietby cultivararesummarisedn
Fig 5,which demonstrateshat everycultivar could becorrectlyclassifiedisingoneof the four
techniqueslf onetechniquefailedto classifya cultivar,anotheroftenturned out to besuccess-
ful. Thesuccessf the classificatiortechniques/ariedbetweerthe cultivars.For examplejn
the caseof "Adam'sPearmain(Ada), all four approachefadaveryhigh succesgate,with
threeof themreachingl00%accuracyandthe lowestonereachingd0% .Findingsweresimilar
for “"Cloden'(Clo), with two methodsreachingl00%accuracyandthe remainingtwo 80%.
Lesssuccessfulasthe caseof "Bovarde{Bov),for whichthe FSRFclassifierelyingon the
geometricmorphometricsdatasefailedto correctlyidentify any of the samplesn thetestset.
Althoughnoneof the otherclassifiersucceedeth correctlyidentifying all five ‘Bovardesam-
plesin thetestset theysuccessfullidentified three.
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Fig 4. Confusion matrix from the Manual ensembleclassifiation usingthe testset. The coloursof the heatmapcorrespondo the
percentag of classificatiorin eachcategoy. Theaccuracybtainedfrom the manualensemblevas77.8%comparedvith 66.7%for

the FSRFRand 72.6%or the PDA on the sametestset.
https://da.org/10.1371durnal.pon®205357.9g04

Discussion

Theadvantagef studyingapplecultivarswhich areclonallypropagatedvasthatwecouldbe
certainof the correctclassificatiorfor eachindividual apple.This contrastswith equivalent
studiesof variationin specie®ecausspecieareconceptuatonstructsvhichmaychange
overtime [63,64].ForinstanceComptonand Heddersor65] required17 morphometricvari-
abledo separat@asinglevariablespecieénto four distinctonesandthosesupportedoy corre-
lation with geographidlistribution. Despitethe clonalidentity within applecultivarsandthe
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Fig 5. Summaryof prediction ratesof testsetby cultivar for the classifieis usingthe samecoloursasthe heatmap
in Fig 3. Classifietabbreviationsareexplainedn Materialsandmethods.

https://i.org/10.1371durnal.por.0205357.906

varietyof morphometricmeasurementssedin this study,our classificationstill resultedin
misidentificationsof manyindividual applesHerewe considersomeof the underlyingrea-
sonsfor these.

We learnedtwo majorlessonsluring the proces®of automatingclassification.
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Lessonl: Thereis no freelunch

Theperformanceand choiceof classifiedependn the natureof the underlyingdata.For
examplepsinglinearmorphometrictechniquegshe bestperformingclassifiewasa PDA
(accuracyr2.6%)for geometrieomorphometricsit wasaFSRHaccuracyb6.7%)This finding
is consistentvith the@No freelunch® theorem.Statedormally by Wolpertand Macready
[66], thetheoremsuggestthat the performanceof all classifierss equalwhenthetotality of
possiblgproblemsis consideredThis meanghat for everyclassifiethereexistsapossible
problemwherethat classifieoutperformseveryotherclassifierln our studytwo different
morphometricdatasetsreatedwo differentclassificatiorproblems gachanalyseanosteffec-
tively by adifferentclassifierThis stronginteractionbetweerdatasetind classifielis one of
manyexample®f the no-freelunchtheorem.Adding to the complexityis theimpactof culti-
varasavariableon the classifieand datasetnteraction.Asdemonstratedn Fig4, someculti-
varsweremore accuratelydentified usingoneclassifiemndothersby another.This suggests
thatin additionto selectinghe appropriateclassifieffor the datasetit isimportantto establish
for everycultivar how accuratelyeachcombinationperforms.To illustratethis, four apples
(Arlet’,"Bovarde',Jonathan”KaiseiFranzJoseph'Wwhich wereall part of the testset,are
shownin Fig6.

All of "Arlet' (Arl) and KaiserFranzJoseph'(Kaisamplesn thetestsetwereaccurately
classifiedisingFSRFSome Arlet' and "KaiserFranzJosephsamplesveremisclassifiedising
PDA (whichhad40%succesgatefor "Arlet' and 60%for “KaiseiFranzJoseph').Jonathan'
(Jon)and Bovarde'(Bowvereclassifiednore accuratelypy the PDA thanthe FSRR100%
and60%respectivelyith the PDA asopposedo 20%and 0%with FSRF)Why aresomecul-
tivarsmoreidentifiableusingoneclassifiethanwith another#or the cultivarsthat performed
betterwith geometricmorphometrics suchas KaiserFranzJoseph'we proposethatthe dis-
tinctive fruit geometryfailedto translateinto recordedparametersn linearmorphometrics.
For the cultivarsthat performedbetterwith the linear morphometrics suchas'Jonathanye
proposethatthe overallgeometryof the fruit wasnot asdistinctiveasthe lengthanddiameter
measurements.

Lessor?: Pick and mix

Improvedaccuracyesultsfrom the flexiblecombinationof linearand geometricmorpho-
metricsclassifiersThesuccessfytrotocolusedasinspirationthe flexibility of information
thathumanidentificationexpertscanemploy,by combiningdifferentdata-sourceéin this
casdinearandgeometrionorphometrics).The explanatiorfor the superiorityof this method
(overbothlinearandgeometricclassificationsliesin the differencesf accuracyper cultivar
for eachclassificationThe successfyprotocol givesdifferentweightsto the predictions
dependingon how accurateeachclassifiethasbeenin the pastfor that particularprediction.
Forexamplejf anunknownfruit waspredictedas’Jonathanby the FSRFandas Mclintosh'
by the PDA thenthe manualensemblavould classifyit asa Mclntosh'sincethe FSRHs weak
atpredicting Jonathan(or "MclIntosh'),whereashe PDA is strongfor both cultivars. By using
this methodand effectivelyrelyingon eachclassifieffor the cultivarstheyweregoodat, the
classificatiorperformanceamprovedto anoverall77.8%As atechniquejt wasparticularly
effectivewhentherewasamarkeddifferencein the classificatioraccuracyfor acultivar (e.g.
with “Jonathan')Whenthe classifierperformedat similar levels(e.g. Florina'with 40%with
PDA and60%with FSRF}Yhenthe approachchosenvassometimeshe weakerone("Florina'
in manualensembldnad40%accuracy)This wasaresultof thetraining accuracypeingused
to makeadecisionon the classifieffor the testdatain casesvheretraining datadid not sup-
port acleardecision.
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Fig 6. Four fruit exampleghat weremisclassified by oneof the two classifiers.In thetop two rowsArl andKaiwere
misclassifid by the PDA but weresuccessfuliclassifiedy the FSRFIn the bottom two rows,Bovand Jonwere
misclassifid by the FSRPbut succedslly classifiecby the PDA.

https://doiorg/10.1371§urnal.pon®205357.g06

Althoughthekitchen sink® approachwasmore accuratg71.1%Yhanthe FSRFit wasless
accuratehanthe PDA or manualensembleThisindicatesthat the simpleconcatenatiorof
both datasetincreasedoise.Asidefrom performanceaherewasafundamentalifference
betweerthe2kitchen sink® andthe manualensembleBothtechniquesisedall theinformation
availableby including linearandgeometriomorphometricsbut whereaghe 2kitchen sink®
mergedraw data,the manualensemblexploitedthe strengthsof eachdataset.

Conclusions

Theprimary objectiveof this work wasto discovemwhetherapplecultivarscould beidentified
usingautomatedprocesseby exploitingsomeof the strategiesippleexpertsemployin combi-
nationwith currentmorphometricapproachesdiVe concludethat computerscaneffectively
simulatethe approachusedby appleexpertsprioritising somedataoverothers,in acultivar-
andsituation-specifiavay.
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Themostimpactfulnoveltyof this work is methodologicalspecificallythe useof explicit
geometricandlinear morphometricsin combinationwith statisticalearninghasgreatrele-
vanceto wider biologicalresearchn identificationandclassificationlt is not clearwhy such
anensemblenethodis not routinely usedfor biologicalidentificationasit combineghe
strengthof severaapproachesEnsembldearningtechniquestartedgainingpopularityin the
19904or statisticalearningspecificalljbecaus¢heycancombineweaklearnergclassifiers
with low accuracy}o createastronglearner(classifiemwith highaccuracy]54]. Modern plant
taxonomycould embracehis approachandtakeadvantag®f currentcomputingpower.This
would permit the re-evaluatiorof data-sourcewhich on their own mayonly leadto weak
learnersput in thoughtful combinationshavethe potentialto providenovelinsightinto classi-
fication of the organismunder study.Crucially,theincorporationof multiple datasetsowards
asingleclassificatiorproblemis not aboutsimply combiningraw datafrom multiple sources;
it is aboutthe carefulintegrationof suchdataand multiple approacheto analysigo improve
insightandunderstanding.
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