


based on hand and wrist radiographs. The samples used in the studies were mostly compre-

hensive or bordered the age of 18, and the data origin was in most of cases from United

States and West Europe. Few studies explored ethnic differences.

Conclusions

There is a clear focus of the research on bone age assessment methods based on radio-

graphs whilst other types of medical imaging without radiation exposure (e.g. magnetic reso-

nance imaging) are not much explored in the literature. Also, socioeconomic and other

aspects that could influence in bone age were not addressed in the literature. Finally, studies

that make use of more than one region of interest for bone age assessment are scarce.

Introduction

Motivation

Bonedevelopmentis theprocessthatdriveschangesin bones'size,shapeanddegreeof miner-
alization.Thishappensin primary andsecondaryossificationcenters,namelydiaphysisand
epiphysis,respectively,wherecartilagegraduallyturns into bonetissue.Thisprocesspersists
aslongascartilageremainsin thegrowthplate(or epiphysealplate).At theendof thebone
developmentprocesstheepiphysealplateisossified,indicatingthat thediaphysisandepiphy-
sisarefused[1].

Other important conceptsthat relateto suchtopicareskeletalmaturity,boneageandchro-
nologicalage.Skeletalmaturity refersto thestageof developmentin whichtheboneiscur-
rently in [1]. Boneageisacloselyrelatedconceptto skeletalmaturity,andrelatesto the
estimationof anagebasedon anindividual'sskeletalmaturity [2], whereasthechronological
ageiscalculatedbasedsolelyon anindividual'sdateof birth.

Theimportanceof assessinganindividual'sskeletalmaturity or boneageandits compari-
sonwith their chronologicalagearisesfrom two mainangles:First,from amedicalangle,the
assessmentof boneageisusefulfor thediagnosisandtreatmentof pediatricendocrinology,
orthodonticsandpediatricorthopedicdisorders,in addition to alsobeingconsideredin esti-
mationsof anindividual'sfinal height[3]. Second,from alegalstandpoint,boneageassess-
mentis important in orderto identify whetheranindividual isaminor in asituationwhere
verifieddocumentsarelacking.

This latteraspectisextremelyimportant giventhegrowthin numberof asylumseekersin
Europe,whereunaccompaniedindividualsundertheageof 18aregrantedspecialrightsby
theUnited Nations(UN) Conventionon theRightsof theChild [4], whichrelateto reception
arrangements,accessto healthcare,educationetc[5].

A report from theUnited NationsRefugeeAgency(UNHCR) statedthat individualsunder
theageof 18contributedto 52%of therefugeespopulationin 2017;andalsoin 2017around
173,800refugeeschildrenwereunaccompaniedor separatedfrom their parents,in whatthe
UN considersaªconservativeestimateº[6]. Givensuchcircumstances,theassessmentof bone
ageandskeletalmaturity constituteanimportant researchtopicnowadays.

Current scenario of bone age assessment

Currently,thetwo mostcommonlyusedproceduresfor boneageassessmentaretheGreulich-
Pyle(GP)andTanner-Whitehouse(TW) methods[1]. Botharebasedon handradiographs
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viatheanalysisof theepiphyses'anddiaphyses'appearance.TheGPmethod[7] isanatlasthat
containsreferenceimagesfrom handradiographscollectedfrom 1931to 1942,from upper-
middleclassCaucasianchildrenin Ohio,United States[1]. Theattribution of boneageisdone
bycomparinganindividual'shandradiographwith thereferenceimagesin theatlas[3]. The
TW method[8] evaluatesmaturity scoresfor theradius,ulna,carpalsand13handshort
bones.Someof thesebonesareevaluatedandcategorizedinto stagesrangingfrom A to I, then
atotal scoreiscalculated,which is laterconvertedinto thebone'sage.TheTW methodwas
developedwith datacollectedfrom 1950to 1960,from childrenof averagesocioeconomic
classin theUnited Kingdom.Thismethodwasfurther updatedin 2001basedon newconsis-
tentpatternsof development(seculartrends)[3].

Besidestheir popularity,bothGPandTW methodsarecriticizedfor manyreasons.In a
practicalsense,sincetheyaremanuallydonebyradiologists,thewholeprocesscanbetime-
consuming,which isaggravatedby theincreaseddemandfor thisactivitydueto theincrease
of individualsseekingrefuge.Further,theycanbeproneto inter- andintra-ratervariability,
whichraisesethicalandlegalissues,especiallywhenconsideringthat theseassessmentsare
donein relationto anindividual beingaminor or not [9].

In light of thisscenario,awayto tackletheseproblemsis to makeuseof automatedmeth-
ods,andatechnologythat isvaluablein thismatterisMachineLearning.Thistechnologyis
alreadyemployedin manyareasof medicalresearch,rangingfrom genomicsto diagnosisand
prognosisof manydisorders,aimingto find patternsin dataandto provideusefulestimatesto
improvedecisionmakingin thehealtharea[10]. MachineLearningcomprisesagroupof tech-
nologiesthatoperatesin thefollowingway:firstly, thetechniquelearnsfrom asetof examples
on howto performatask,creatingamodelwhichencapsulatestheknowledgeto performthe
task.Then,whennewdatais imputed,themodelisableto correctlyperformthelearnedtask
within anacceptableaccuracy[11].

Systematic review of the literature on bone age assessment

Giventhemotivationsandscenarioabovementioned,thispapercontributesto theliterature
on ageassessmentasit describesasystematicliteraturereview(SLR)thatpresentsthestateof
theart on theuseof MachineLearningtechniquesin thecontextof boneageandskeletal
maturity assessment,athemenot previouslyaddressedbySLRs.Herebyansweringthe
researchquestion:ªHow MachineLearningtechniquesarebeingemployedin studiescon-
cerningyouthageassessment(10to 30years)?º.

Thispaperisorganizedasfollows:theMethodsectiondetailstheapproachusedto conduct
thereview,whichfollowedtherecommendationsof thePreferredReportingItemsfor System-
aticReviewsandMeta-Analyses(PRISMA)Statement[12]; theResultssectionaggregatesand
synthetizesthedatafrom thestudiesincludedin thereview;theDiscussionsectionargues
abouttheresultsandprovidesconsiderationsrelatedto threatsto validity;andfinally theCon-
clusionsectionpresentsthefinal statementsandcommentson futurework.

Materials and methods

A systematicliteraturereview(SLR)isanapproachin whichasignificantandrepresentative
sampleof theliteratureregardingacertaintopic is identified,evaluatedandinterpreted.This
isdonebyexecutingacomprehensivesearchfollowingapre-definedmethodthatspecifiesthe
researchquestionstheSLRaimsto answer,thecriteriausedto includeandexcludestudies,
howto assesstheir qualityandhowto extractandmakethesynthesisof thedata[13±14].The
commonmotivationsfor executinganSLRare:to summarizenextto all theevidenceabouta
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topicof interest;to find researchgaps;to provideagroundingfor newresearch;andto investi-
gatehowtheresearchthat iscurrentlybeingdonesupportsacertainhypothesis[13].

TheSLRpresentedhereinwasconductedby four participantswith differentexpertise
(health,machinelearningandhealthinformatics).Throughoutthetext,referencesto the
authorswill useanotation,in whichA1 refersto thefirst author;A2 refersto thesecond
author,andsoforth.

ThemainquestionthisSLRaimsto answeris:ªHow machinelearningtechniquesare
beingemployedin studiesconcerningyouthageassessment(10to 30years)?º.Thismain
questionis further decomposedinto thefollowing fiveresearchquestions.

· RQ1:Which machinelearningtechniquesarebeingusedin theageassessmentstudies?

· RQ2:Whatdatacharacteristics(database'sorigin, datacollectionmechanism,andages)are
beingconsideredin theageassessmentstudies?

· RQ3:What typeof medicalimagingarebeingusedin thestudies?

· RQ4:Whataretheregionsof interestbeingexploredfor theageassessmentstudies(hand,
wrist,knee,etc)andwhatwerethemethodsusedto assessthem?

· RQ5:Whataretheperformancesof theproposedmethods?

For theRQ5,besidestheSLRstepsto summarizetheinformation regardingtheperfor-
mancesof thestudies,ameta-analysiswasalsoconducted.A meta-analysisis theapplication
of statisticaloperationsin orderto synthetizetheresultsof individual studies,sotheycanbe
understoodin thecontextof all selectedstudies[15].

TheprotocolthatguidedthisSLRcanbefoundat:http://tiny.cc/4wuw8y.

Search strategy

Thesearchstrategyusedto find primary studiesemployedasearchstringbuilt baseduponthe
PICOframework,in whichthemainquestionis re-written in termsof four elements:Popula-
tion, Intervention,ComparisonandOutcome[14]. Theªcomparisonºcomponentwasnot
usedbecausethegoalof SLRdetailedhereinwasto characterizeexistingevidence.Thecompo-
nentsusedfor theautomatedsearchesaredefinedbelow.

· Population:Studiesinvolvingageassessmentin youth.

· Intervention:Useof medicalimaging.

· Outcome:Machinelearningmodelsfor ageassessment.

Theresultingsearchstringusedto conducttheautomatedsearchesisshownin Table1.
Thesearcheswereperformedin Pubmed,ScopusandWebof Sciencedatabases(with thenec-
essaryadaptations).

Study selection

Twosetsof searcheswereexecutedin thisSLR.Thefirst wascarriedout on March21st 2018,
andthesecondon February6th 2019,aimingto searchfor additionalevidencesincethefirst
searchwasconducted.Theprocedurefor eachsearchisdetailednext.

After theremovalof duplicates,thefirst searchscreened148studies,assessingtitlesand
abstracts,guidedby theinclusionandexclusioncriteria(seeTable2).Fourparticipantstook
part in thisprocedure,with A1 evaluatingall of thepapersandA2,A4 andA6 onethird each.
TheCohen'sKappawascalculatedasameasureof consensusbetweenA1 andtheother
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authors,resultingin strongagreementswith all of them(0.73with A4,0.76with A2 and0.70
with A6).A totalof 65studieswereselectedto befully readandassessedfor eligibility.

Oneround of backwardsnowballingwasperformedon the65selectedstudies'references,
searchingfor additionalevidence,andfollowingananalogousprocessto thepreviousassess-
ment.After screening2124items,2additionalstudieswereselected.Thisstepwasperformed
byA1,andtheremainingparticipantswereconsultedwhennecessary,basedon their
expertise.

In total,67studieswereselectedfor eligibility assessment.Thesewerefully readandre-
assessedasperthecriteriashownin Table2.A qualityassessmentwasalsoperformedto mini-
mizethechanceof selectingstudieswith biasevidence.Thequalityquestionnairewasadapted
from Kitchenham'sguidelines[13] for performingSLRs,andisdetailedin theSLRprotocol.If
apaperfell belowthethresholdof 8 points(out of 13)it wouldberemovedfrom SLRdueto
qualityreasons.Thethresholdwasdefinedin meetingwith all of theparticipants.A consider-
ableamountof paperswasremovedfrom theSLRin thisphase,becauseduring theselection
basedon title andabstractsmanyabstractsdid not containall theinformation necessaryto
judgetheinclusionandexclusioncriteria,sotheywereincludedto bere-assessedwhenfully

Table 2. Inclusion and exclusion criteria for assessing the retrieved papers.

Inclusion Criteria Exclusion Criteria:

· Beaprimary studyin English;AND
· Havebeenpublishedin thelast10years;AND
· Addresstheresearchon ageassessment usingmedical
imaging;AND
· Beastudyconcerningthebuilding of modelsfor the
purposeof ageassessment usingat leastonemachine
learningtechnique;AND
· Beastudyin whichtheageassessment is analyzed
throughgrowthzonesin joints;AND
· Beastudyregardingageassessment in living individuals.

· Beasecondaryor tertiarystudy;OR
· Havebeenpublishedbefore2007;OR
· Bewritten on anotherlanguageotherthanEnglish;
OR
· Do not addressresearchon ageassessment using
medicalimaging;OR
· Do not addressthebuilding of modelsfor the
purposeof ageassessment; OR
· Beastudyconcerning heightprediction,or a
specificsyndrome/diseasethataffectsnormalgrowth;
OR
· Beastudyin whichtheageassessmentisnot
analyzedthroughgrowthzonesin joints;OR
· Beastudyin whichthestudypopulationis out of
therangeof 10to 30yearsold by3 yearsor less;OR
· Beastudyin whichthestudypopulationis post-
mortemmaterial.

https://doi.org/10.1371/journal.pone.0220242.t002

Table 1. Search String used in the Pubmed database.

Search Dates 21/03/2018 and 06/02/2019

(((ªageassessmentº ORªageappraisalº ORªagediagnosticsºORªageestimateºORªageestimationºORªage
determinationº ORªagepredictionºORªagetestingº)AND (ªboneagemeasurementº ORªboneageassessmentº
ORªbonematurityº ORªbonedevelopmentº ORªboneagetestingºORªboneagetestsºORªskeletalmaturityº
ªskeletal maturationºORªboneexaminationºORªskeletaldevelopmentº ORªdevelopmental assessmentºOR
ªboneageºORªskeletal ageºORªgrowthzoneº))AND (ªMagneticResonanceimagingºORªMRIº ORªx rayºOR
ªx-rayº ORªxrayºORªRadiographyº ORªcomputedtomographyº ORªCTº ORªultrasoundºOR
ªultrasonographyºORªmedicalimagingº)AND (ªmachinelearningºORªunsupervisedMachineLearningºOR
ªsupervisedMachineLearningºORºClassificationº ORºRegressionºORºKernelº ORºSupport vectormachinesº
ORºGaussianprocessºORºNeural networksºORºLogicallearningºORºrelational learningº ORºInductivelogicº
ORºStatistical relationalºORºprobabilistic graphicalmodelºORºMaximumlikelihoodºORºMaximum entropyº
ORºMaximum aposterioriºORºMixturemodelºORºLatentvariablemodelºORºBayesian networkºORºlinear
modelºORºPerceptron algorithmº ORºFactorizationº ORºFactoranalysisºORºPrincipal component analysisº
ORºCanonicalcorrelationº ORºLatentDirichlet allocationº ORºRulelearningºORºInstance-basedºORºMarkovº
ORºStochasticgameºORºLearning latentrepresentationº ORºDeepbeliefnetworkºORºBio-inspired approachº
ORºArtificial lifeº ORºEvolvablehardwareºORºGeneticalgorithmº ORºGenetic programmingº ORºEvolutionary
roboticº ORºGenerativeanddevelopmentalapproachesº))

https://doi.org/10.1371/journal.pone.0220242.t001
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read.Theresponsiblefor fully readingthepaperswasA1,but A2,A4 andA6 werealsocon-
sultedwhennecessary.A totalof 22studieswereselectedby thefirst search.

On thesecondsearch,29studieswerescreenedanalogouslyto thefirst search,resultingin
19studiesto befully readandassessedfor eligibility.Thesamequalityassessmentquestion-
nairewasappliedto thestudiesafterwards.A1 performedtheselectionprocessof thesecond
searchandA2,A4 andA6 wereconsultedwhenpertinent.In total,4 studieswereselectedon
thesecondsearch.

All of theselectedstudieswerealsoassessedfor therisk of cumulativeevidencebias.This
meansthatstudiesfrom thesamegroupor sameageassessmentsystemwerechecked.Valida-
tion studiesof asystemthatwasalreadyincludedin thesetof selectedstudieswereconsidered
duplicatesandnot includedin thefinal set,but will befurther referencedwhennecessary.The
final setof selectedstudiesconsistedof 26papers.

Data collection

Table3 liststhedataextractedfrom thestudies.Besidesthese,otherbasicinformation wasalso
extracted(i.e.authors,journal/source,yearandtypeof publication).

Data analysis

Fromthedatacollected,summarytableswerebuilt to summarizetheresultsfor theSLRand
to answertheresearchquestions.Themeta-analysisof BAA performanceswasdonethrough
theaverageof theperformancesweightedby thesamplesizes.Thesoftwareusedto perform
thedataanalyseswasExcel.

Results

ThePRISMAflow chartthatdescribestheprocessof selectionof thearticlesthatwere
includedin thisSLRisshownin Fig1.

Thestudyselectionresultedin theassessmentof eligibility of atotalof 86studies(67from
thefirst searchand19from thesecond),from which26wereincludedin thefinal set(22from
thefirst searchand4 from thesecond).Themostcommonreasonsfor ineligibility were:the
casewheretheageassessmentmethodwasnot performedon growthzonesin joints (e.g.den-
tal assessment),totaling30studies;caseswhereno ML techniquewasemployed,totaling7
studies;caseswherethestudypopulationwasmostlyout of therangeof 10to 30yearsold;and

Table 3. Data extracted from the selected studies.

Variables Definition

Aim Thegoalof thebuilt modelor theproposedstudy.

Agerangeof thesubjects Theagerangewhichthemodelfor ageassessment is concernedwith.

Origin of thesubjects Characteristicsrelatedto thecountry/ethnicity of thesubjectswhichthemodelis
built upon.

Typeof Image Radiography,MagneticResonanceImaging(MRI), Ultrasound etc.

Regionsof Interestfor the
images

Bodypart whichthemodelanalysesfor theageassessment purposes.

ModelBuildingTechnique TheML modelbuilding techniqueusedto build anageassessment method.

Methodusedfor age
assessment

Methodfor ageassessmentthat themodelwasbuilt upon,if any(i.e.TW, GP).

Datasetsize Thesamplesizeutilizedby thestudy.

Performance Performanceachievedby thebestproposedmodelfor boneageassessment.

https://doi.org/10.1371/journal.pone.0220242.t003
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Fig 1. PRISMA flow chart.

https://doi.org/10.1371/journal.pone.0220242.g001
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caseswhereno ageassessmentmodelwasproposed.Thecompletelist of reasonsfor exclusions
with its respectivenumbersisshownon Fig1.

In thelist of includedpapers,two studieswerefound to befrom thesameresearchgroup
[16±17],andusedthesamedataerelatedtechniques.After beingassessedfor cumulativebias,
it wasdecidedthatonly themostrecent[16] wouldbekept.

Thecompletelist of includedstudiesispresentedin S1Table,assupportinginformation
(seeS2Tablefor thefilled PRISMAchecklist).

Overview of the included Studies

Table4 showsthesummarizeddataarrangedby thedocumentedaimsof theincludedstudies.
Elevenstudiesaimedto proposeanewapproachfor anautomaticBoneAgeAssessment
(BAA). Notethat ªautomaticBAA systemºmeansafully automatedapproachwithout human
intervention.Thesesystemsuseamedicalimageasinput andautomaticallydetecttherelevant
regionof interest(ROI), followedby theboneassessmentagethroughanalgorithm.

Studiesthataimedto proposeaªnon-automaticBAA systemºhavesomedegreeof automa-
tion by theuseof MachineLearningtechniques,but arestill dependentof somekind of
humaninput. Humaninterventionsin thesesystemsareusuallyrelatedto themanualdescrip-
tion of theinformation containedin themedicalimageto beinputtedin thesystem.Theman-
ual locationof regionsof interest(e.g.epiphysesandmetaphyses)andtheassessmentof the
imagebyradiologistsasto specificstagesof ossificationor tissueanalysesareexamplesof
interventionsperformedbyhumansin thesesystems.Theªnon-automaticBAA systemsºwere
presentin 7 studiesin theSLR.

Threestudies,besidesproposinganewBAA approach,comparedits resultsto thetradi-
tional TW method,obtainingbetterresultsin termsof performanceor time spent.Thestudy
byFanetal.[37] proposedmodelsto estimateagefrom theossificationstagesof theknee
usingMRI andRadiographimages,yieldingbetterresultsfor theMRI images.

In addition to these,therewereotherstudiesthatdid not proposeeitherautomaticor non-
automaticBAA,asfollows:thestudybySoegihartoetal.[38] comparetheskeletalmaturation

Table 4. Aims of the studies included in the SLR.

Aim Number of

Studies

Featured

Studies

Proposedanautomatic BAA system. 10 [16,18±26]

Proposesanon-automaticBAA system. 7 [27±33]

Proposesanon-automaticBAA system.Also,testhowreliableis theTW method
in thewesternAustralianpopulation.

1 [34]

Proposesanon-automaticBAA systemandcomparesto TW3 1 [35]

Proposedanautomatic BAA systemandcomparedwith themanualBAA 1 [36]

Comparison betweenageassessmentwith MRI andRadiograph 1 [37]

PredictstheSkeletalMaturity Index(by Fisherman) from thechronologicage
andcomparestheresultsof theAmericansampleandIndonesiansample

1 [38]

Proposesasimplifiedversionof theTW3 method 1 [39]

Examinessex-specificdifferencesin thematurationtime of thebonesin the
handandwrist in two cohortsof childrensubjectsto investigateseculartrends.

1 [40]

Investigatedtheeffectof theAfrican-Americanancestry,lineargrowth,body
composition, andpubertalmaturationon theskeletalmaturationin acohortof
non-obesechildrenandadolescents.

1 [41]

Investigatesthepersistenceof theepiphysealscarof thedistalradiusandits
relationship with chronologicalageandsex.

1 [42]

https://doi.org/10.1371/journal.pone.0220242.t004
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indexandthecervicalvertebraematurationin two cohorts,onecomposedof Indonesiansub-
jectsandotherbyCaucasiansubjects.Forbothmethods,theIndonesianchildrenattained
maturationstagesfrom 0.5to 1yearlaterin comparisonwith theCaucasiansubjects.This
studyalsoproposedamodelto predicttheskeletalmaturity indexfrom chronologicalagethat
achievedgoodaccuracyresultsin bothcohorts.ThestudybyHsiehetal.[39] aimedto build
on theTW methodin aneffort to simplify theRUS(Radius,Ulnaandshortbones)system
assessment,in awaythatonly 9out of theoriginal13bonesareassessed,reducingthetime
andeffort neededfor theBAA.An important studybyDurenetal.[40] investigatesthe
changesin bonematurationin two cohorts,onewith subjectsborn between1930and1964
andotherwith birth yearsbetween1965to 2001.Theresultsshowedthat in themostrecent
cohort,theskeletalmaturity wasmoreadvancedthanin theearliercohort for boysbetween
agesof 0 to 8 yearsand10to 18years,andgirlsbetweentheagesof 4 to 17years.McCormack
etal.[41] conductedalongitudinalstudywith durationof 7 years,thatperformedannual
assessmentsin childrenandadolescentsfrom theAfrican Americanandnon-AfricanAmeri-
canancestryto investigatetheeffectof ancestry,height,BMI andpubertalmaturationon the
skeletalmaturation.Theresultsyieldedthat thesubjectswith African Americanancestryhad
moreadvancedskeletalmaturation,evenwhenaccountingfor age,bodycompositionand
pubertalmaturation.Lastly,theDaviesetal.study[42] examinethepresenceof theepiphyseal
scarsin subjectsafterthebonegrowthended.An epiphysealscarisathin layerof cartilagethat
remainsbetweenthediaphysisandepiphysisaftertheyarecompletelyfused.It isknown that
theyremainfor sometime afterthefusion,andthestudyin questioninvestigatesthebounds
in whichthisoccurs,concludingthatsubjectsof theageof 50still hadvisibleepiphysealscars.

Employed machine learning methods

Thissectionaimsto answertheresearchquestionRQ1ªWhich machinelearningtechniques
arebeingusedin theageassessmentstudies?º.

Asshownin Table5,themostfrequentlyusedtechniquesin thepapersincludedin SLR
wereRegression-basedmethods(13studies),followedbyArtificial NeuralNetworks(8 stud-
ies)andSupportVectorMachines(5 studies).Other lessfrequenttechniquesfeaturedin the
studiesare:BayesianNetworks(2 studies),DecisionTress(1 study)andK-NearestNeighbors
(1 study).Theseresultswill befurther detailednext,wherewealsoprovideabrief explanation
of eachof thetechniques.Notethatsomestudiesusedmorethanonetechnique.

Table 5. Summarized data about the ML techniques featured in the studies.

Machine Learning Techniques Number of

Studies

Regression-based
methods

Linearregression[28±29,29],Rule-basedregression[28], General
LinearModel [42], Mixed EffectsModel [40±41],Logisticregression
[40], Multiple Regression[38], MultivariatelinearStepwiseregression
[33], Polynomial Regression[34], LinearDiscriminant analysis[31],
TransitionAnalysis[30], Regression[18,32,37]

13

Artificial Neural
Networks

Artificial NeuralNetworks[28,35±36],FuzzyNeuralNetworks[19], 4

Convolutional Neural
Networks

ConvolutionalNeuralNetworks[22±25] 4

SupportVector
Machines

SupportVectorMachines[16,21,26,28] 4

BayesianNetworks BayesianNetworks[27], Gaussianprocess[28] 2

DecisionTrees RandomForest[20] 1

K-NearestNeighbors K-NearestNeighbors[26] 1

https://doi.org/10.1371/journal.pone.0220242.t005
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TheRegression-based methodsaim in finding theeffectof asetof independentvariables
in adependentvariableof interest.This isdoneby identifyinganon-deterministicfunction
(proneto randomerrors)thatmodelstheinfluenceof theindependentvariablestowardsthe
meanof thedependentvariable[43]. Despitebeingsimple,Regressionmethodsrequireapre-
determinedmodelfor datafitting.

Thesewerethetechniquesemployedthemostin theincludedstudies,beingtypically
appliedin thestudiesproposingnon-automaticBAA systems,that is,systemsthatwill require
somesortof humanintervention(commonlytheassessmentof epiphysesor otheraspectof
themedicalimage).Suchstudiesaimedfor adegreeof automation,but alsoinvestigatedthe
influenceof multiple Regionsof Interest(ROI) in theBAA.Theonly exceptionwasthestudy
byThodbergetal.[18], whichdescribestheBoneXpert,anautomaticBAA system,which
locatestheROI in handradiographsautomatically,but computestheBoneAgeitselfusinga
seriesof regressions.

An Artificial Neural Network isatechniquethatperformsmultifactorialanalyses.It con-
sistsof amulti-layerstructurethatcontainsnodesconnectedbyweightededgesthatestablish
aninput layer,oneor morehiddenlayersandanoutput layer.With known input andoutput
values,thenetworkis trainedbyadjustingtheweightsin anincrementalwayuntil thenet-
work'soutputapproachestheknownoutput [44]. This techniqueisapowerfulpredictorthat
pairswellwith imageinterpretation,but contraryto theregressioncase,this isablack
boxtechniquein whichtheresultsarenot ableto beinterpretedin anintuitive way[45].

A specializationof theArtificial NeuralNetworkstechnique,whichwasfrequentlyusedin
thisSLRstudies,is theConvolutional Neural Network. This techniqueenabledmajor
advancesin computervisionproblems,whereacomputerneedsto understandaninput image
to reconstructits properties(i.e.colordistributions,shapes,illumination etc)andperforma
tasksuchaslocalization,segmentationor detectionof certainimageelements[46]. Onemajor
differencefrom thetraditionalArtificial NeuralNetworkslaysin its architecture,whichis
commonlycomposedbyaninput layerthat receivesanimageasinput, severalconvolutional
andpoolinglayers,followedbyseveralfully connectedhiddenlayers,andfinally theoutput
layer[47]. Theconvolutionallayersperformanimage'sfeatureextraction,andareorganized
into featuremaps;thepoolinglayersreducethefeaturemapsto apoint of spatialinvariance
(not affectedbydistortionsandtranslationsof theinput image);andthefully connectedlayers
areresponsiblefor theinterpretationof theabstractfeaturerepresentationslearnedby thepre-
viouslayers[47]. In whatconcernsthetraining of suchtypeof network,it isanalogousto the
traditionalArtificial NeuralNetwork;however,it requiresgreatercomputationalpowerand
largeramountsof data.

Sixout of the8 studiesthat featuredArtificial NeuralNetworksandConvolutionalNeural
Networksaimedto proposeautomaticBAA systems,whichtakeasinput amedicalimageand
return theboneage.

TheSupport Vector Machines techniquewasconceivedto solveclassificationproblems
andit isoneof themostrecentlyproposedML techniques.Theclassificationprocesshappens
in thefollowingway:givenasetof labeleddata(datapointswith knownclasses),thealgorithm
mapsthedatapointsinto afeaturespace(thatdoesnot includetheoutcomevariable),thenit
finds in this featurespacethelocationthatseparatestheclassesin thewith themaximummar-
gin of separation[48]. This techniquedoesnot requireapre-definedmodelandworksin sce-
narioswherethereisahighnumberof variablesin comparisonto thenumberof datapoints;
however,it still requiressomealgorithmconsiderationsto bemadebeforehand(i.e.thechoice
of akernelfunction) [49].

In thestudiesincludedin thisSLR,thesupportvectormachineswereemployedmostlypro-
posingautomaticBAA systems,in threeout of thefour cases.
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TheBayesian Network techniqueestimatestheposteriorprobabilityof adatapoint being
of acertainclass,givenasetof features.Thelearningprocesshappensin two phases:first it
learnsthestructureof thenetwork,whichisadirectacyclicgraphcomposedof nodes(repre-
sentingthefeatures)andedges(representingtheprobabilisticdependencies),thenit learnsthe
conditionalprobabilitydistribution of eachnode[50]. Theadvantagesof BayesianNetworks
arethat theyareableto encodetheknowledgeof domainexpertsin thegraphstructureand
theycanwork with smalleramountsof data,in comparisonto otherML techniques[51]. A
greatdisadvantageis thatBayesianNetworksmaybecomeimpracticalin problemswith a
largenumberof variables.

BothstudiesthatemployedthisML techniqueproposednon-automaticBAA systems;one
of thesestudies(Cunhaet.al [28]) comparedvarioustechniques,andtheBayesianNetwork
wasnot thebestperformingone.

Decision Trees aim in building atreestructureto representknowledgethatcanbeeasily
translatedinto if-then rules.It followsarecursivelearningprocessthatbeginswith eachfea-
turebeingtestedon howwell it alonecanclassifythedatapointsinto acertainclass.Thebest
oneissetastheroot nodeandthedescendantnodesaresetasthepossiblevalues(or ratios)of
theselectedfeature.Then,thedatapointsaresortedaccordingto this rule.Thisprocessrepeats
until thereareno possiblesplits[11]. Theadvantagesof theDecisiontreesarethat theyare
easyto interpret,to understandtheinteractionsbetweenfeatures,andtheydo not dependon
apre-definedmodel[52]. Thedisadvantagesarethat theycanbeunstableandproneto overfit-
ting [53].

TheDecisionTreestechniquewasemployedin only onestudybyUrschleretal.[20], but
in its ensembleform: RandomForest,whichaimsto addresstheabovementioneddisadvan-
tagesof decisiontrees.Thatstudyproposedasanon-automaticBAA system.

TheK-Nearest Neighbors (KNN) algorithmmapsadatapoint of unknownclassto afea-
turespace.Thenit assignsit to theclasspertainingits k nearestneighbors.In thiscase,the
conceptof nearisusuallyrelatedto theEuclideandistance,but othermeasurescanapply[54].
This techniqueisverysimpleandeasyto implement,but it alsoconsidersall thefeaturesas
equalin termsof importance,whatcanbeaproblemif superfluousfeaturesareinsertedin the
featurespace[55].

TheK-NearestNeighborstechniquewasemployedin thestudybyHarmsenetal.[26],
whichproposedanon-automaticBAA system.ThisstudycomparedtheKNN to SVM,and
KNN presentedworseperformance.

Sample data characteristics

ThissectionpresentstheresultsregardingtheresearchquestionRQ2ªWhat datacharacteris-
tics(database'sorigin, datacollectionmechanism,andages)arebeingconsideredin theage
assessmentstudies?º

Table6 showsthesummaryregardingthedata'sorigin in thesamplesof theincludedstud-
ies,groupedbyregion.Mostof thestudiesutilizedsubjectsfrom diversecountriesof west
Europe(8 studies),followedbyNorth America(7 studies),Asia(6 studies)andfinally Austra-
lia (2 studies).Two studiesmadeuseof samplesfrom two regions,oneusedto build amodel,
andtheotherto validatethesamemodel.Also,oneof thestudiesreportedno dataorigin, but
mentionedtheethnicityof thesampleto beCaucasian.

Regardingthestudies'datacollection,20out of 26madeuseof privatedatabasesof medical
images,or queriesin hospitaldatabases,but sixstudiesmadeuseof publicdatabasesfor their
experiments.Thesewere:
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· Digital HandAtlasof theUniversityof SouthernCalifornia(USC),whichcontains1097
radiographleft handimagesof subjectsrangingfrom 0+ to 18yearsof age,of bothmaleand
femalegendersandof differentethnicities,denotedas:African American,Asian,Caucasian
andHispanic.

· RadiologicalSocietyof North America(RSNA)PediatricBoneAgeChallenge2017Data-
base,whichwasaninitiative thatbrought37teamsto developalgorithmsfor BAA.This
databasewasdevelopedbyStanfordUniversityandconsistedof 12611handradiographs
from maleandfemalesubjects,rangingfrom 0+ to 19yearsof age.Thisdatabasewasonly
publiclyavailableduring theChallenge2017period.

· Imageretrievalin MedicalApplications(IRMA), whichisaradiologicdatabasebrought
togetherby theAachenUniversityof Technologyin Germany,whereoneof its goalsis to
enableresearchin diverseautomatedclassificationproblemsinvolvingradiographs.It com-
prisesimagesfrom manybodyregions.

Notethat fewstudiesreportedthewaysusedto verify theorigin or ethnicityof thesubjects
in thesample;severalreportedthat this information wasnot available,whichmaybethecase
whenusingprivatedatasets.Thisproblemis lesssignificantin thecaseof theAsianstudies,
whichemployeddataon subjectsfrom ChinaandTaiwan,sincetheHan ethnicity isvery
prominent in thesecountriesreachingmorethan90%of thetotalpopulationandbeingthe
largestethnicalgroupin theworld [56±57].Otherfactorssuchassocioeconomicaspectswere
alsonot exploredin thestudies.

Regardingthesubjects'agerangesfor thesamplesusedin studiesdetailedin thisSLR,these
weredividedinto 4 categories:

· ComprehensiveSample:samplecontainsdataon subjectsyoungerthan18up to olderthan
18

· Borderingtheageof 18:Themaximumageof thesampleisexactly18years'old

Table 6. Summarized data regarding the origin of the subjects in the featured studies.

Region Data’s Origin Featured Studies Number

of

Studies

Europe Italy [31±32] 2 8

Austria [20] 1

Denmark [18] 1

Ireland [29] 1

IRMA Database [26] 1

Portugal [28] 1

Scotland [42] 1

North America United Statesof America [22,40±41] 3 7

Digital HandAtlasof theUSC [16,21] 2

RSNAPediatricBoneAgeChallenge2017Database [23±24] 2

Asia China [33,35±37] 4 6

Taiwan [19,39] 2

Australia Australia [30,34] 2 2

Mixed RSNAPediatricBoneAgeChallenge2017DatabaseandChina [25] 1 2

Unite Statesof AmericaandIndonesia [38] 1

Non-Specified Caucasian [27] 1 1

https://doi.org/10.1371/journal.pone.0220242.t006
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· YoungerSubjects:theentiresamplecontainsdataon subjectsyoungerthan18

· OlderSubjects:theentiresamplecontainsdataon subjectsolderthan18

Table7 showsthatmostof thestudies,17out of 26,areemployinga`comprehensive'or a
`bordering18yearsold' sample,whatmaysuggestthatBAA is focusedin assessingthisspecific
age.In fact,all of theNorth American(7 studies)andhalfof theEuropeanstudies(4 studies)
focusedtheir researchon thesetypesof sample.Eightstudieswereconcernedwith ageassess-
mentof youngersubjects.Thereisonly onecaseof thecategoryOlderSubjects,which is the
studybyDaviesetal.[42], whichaimsto investigatethepersistenceof epiphysealscarsafter
thefusionof thediaphysisandepiphysis.Thisstudywarnsaboutmethodsthatconsiderthe
completeobliterationof theepiphysealscars,sincetherearecasesin whichtheyremainnot
entirelyfuseduntil thefifth decadeof life.

Age assessment methods

Table8summarizesthedataregardingtheBAA methods,whichis thefocusof RQ3:ªWhat
typeof medicalimagingarebeingusedin thestudies?º.Evidenceshowsthat to datetheresearch
beingconductedin BAA favorstheuseof Radiographsoverothertypesof medicalimaging,
with 22out of 27studiesutilizing thismethod.Twootherstudiesusedradiographsin conjunc-
tion with MRI. ThestudybyHillewig etal.[27] madeuseof radiographsfor theregionsof hand
andwrist,andMRI for theclavicle.Fanetal.[37] utilizedthesetwo methodsin thekneeregion,
but comparingtheperformanceof both for theBAA,whichyieldedbetterresultsfor theMRI.
Thestudiesthatonly featuredMRI asthemethodof choice[20,35] investigatedthehandand
wrist regionsandfeaturesrelatedto theappearanceof osseousstructuresin termsof signal
intensityprovidedby theMRI. Theonly casewhereacomputertomography(CT) assessedthe
BoneAgein theregionof theclaviclewasthestudybyFranklinandFlavel[30].

Regions of interest

Thissectionpresentsthesummarizeddatausedto answerRQ4:ªWhat aretheregionsof inter-
estbeingexploredfor theageassessmentstudies(hand,wrist,knee,etc)andwhatwerethe
methodsusedto assessthem?º.

Asshownin Table9,theresearchisverymuchfocusedon thehandregionfor estimating
BoneAge,accountingto 22out of the27studiesin thisSLR;however,notethatonly in seven
casesthehandalonewasemployedin themodels.Next,thewrist wasthesecondmostlyinves-
tigatedregion,presentin 17out the27studies;however,in thesamewayasthewrist, it was
employedexclusivelyin only two studies.In mostof cases,dataon bothhandandwrist are
used,whatcanbeexplainedby theeasinessof gettingboth regionsin thesameimage.Other
lessfrequentROIspresentin theBAA studiesaretheknee(2 studies)andclavicle(2 studies).
It is important to noticethat in thecaseof theteethandcervical,evenif theyareROI, thisSLR
focusedin theBAA analyzedthroughgrowthzonesin joints,sotheywereclassifiedasªOther
variablesº.

Table 7. Summarized data regarding the age ranges of the subjects in the features studies.

Sample’s Characteristics Featured Studies Number of Studies

ComprehensiveSample [20,23±24,27±30,34,36±37,40] 11

YoungerSubjects [18±19,31±33,35,38±39] 8

Borderingtheageof 18 [16,21±22,25±26,41] 6

OlderSubjects [42] 1

https://doi.org/10.1371/journal.pone.0220242.t007

Bone age assessment with machine learning and model building techniques

PLOS ONE | https://doi.org/10.1371/journal.pone.0220242 July 25, 2019 13 / 22

https://doi.org/10.1371/journal.pone.0220242.t007
https://doi.org/10.1371/journal.pone.0220242


Otheraspectthatcanbeevidencedis thatonly 12out of the26studiesexploredonly one
ROI.Furthermore,only fivestudiesemployedadditionalvariablesnot relatedto theassess-
mentof growthzones:dentalassessment,cervicalassessment,weight,height,DNA Methyla-
tion, Tannerscale,fatmass,leanmassandBMI.

With regardto BAA techniques,theresearchdeviatedfrom theclassicBAA of growth
zonesÐtheTW andGPmethods,whichwereonly presentin fivestudieseach.Furthermore,
computervisiontechniques,whichdo not dependon anypre-existentguide,still haveasubtle
presencein theBAA research,accountingfor 8 out of 26studies.This isenabledby the
advancesin computingpowerandtheexistenceof alargeamountof digital labeleddata[45].

Other techniquesfor BAA thatwereemployedin specificROIsaresummarizedin the
Table10.FollowingthesametrendasTW andGP,theseareeitherbasedon maturity scores
or atlases.

Performance of the techniques in the included studies

Theinformation regardingtheperformanceof thetechniquesemployedin thestudiesthatpro-
posedsystemsfor BAA wasextractedandit issummarizedin thissection.Resultsshowthata

Table 8. Methods used for BAA.

Type of Image Number Featured Studies

Radiograph 21 [16,18±19,21±26,28±29,31±34,36,38,39±42]

MRI 2 [20,35]

MRI, Radiograph 2 [27,37]

CT 1 [30]

https://doi.org/10.1371/journal.pone.0220242.t008

Table 9. Summarized data regarding ROI, types of medical image, additional variables and techniques for BAA in the studies of the SLR.

Regions of Interest Type of Image Other Variables Techniques for BAA Featured Studies

Hand, Wrist MRI None ComputerVision [20]

Radiograph None ComputerVision [22,24±25]

Radiograph None GP,TW, ComputerVision [18]

Radiograph None TW [34,36,39]

Radiograph None FelsMethod[58] [40]

Radiograph Cervical Assessment SkeletonMaturation IndexbyFishman[59] [38]

Radiograph DentalAssessment GP,TW [31]

Radiograph DNA Methylation,DentalAssessment GP,TW, DNA Methylation [33]

Radiograph BMI, Height,Tannerscale,FatMass,LeanMass GP [41]

MRI Weight,Height TW [35]

Hand Radiograph None ComputerVision [16,23,26]

Radiograph None GilsanzandRatib[60] [21]

Radiograph None Own Method [19]

Radiograph None TW [28]

Wrist Radiograph None Cameriereetal.[61] [32]

Own method [42]

Knee Radiograph None O'Connoretal.[62] [29]

RadiographandMRI None Krameretal. [63] [37]

Clavicle CT None Schmelingetal.[64] [30]

Hand, Wrist, Clavicle RadiographandMRI None Schmelingetal.[64], Kreitneretal. [65], GP [27]

https://doi.org/10.1371/journal.pone.0220242.t009
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widevarietyof differentmetricswereusedto measureatechnique'sperformancewhatmakes
comparisonsbetweenstudiesdifficult. Themostcommonlyusedmetricwasthemeanaverage
error (MAE), whichis theaverageof all theabsoluteerrors,usedbysevenstudies.Table11
showsthestudiesthatusedthismetric,andtheir performanceinformation.Thereportedperfor-
manceswereaggregatedbymeansof theaverageof theperformancesweightedbythesample
sizesto performthemeta-analysis,soto understandthegeneralperformanceof BAA systems.

Theresultof theweightedaveragewas9.96MAE (months),whichcouldindicatethatBAA
systemscouldreliablypredicttheboneageof asubjectfrom zeroto 19yearsold,but this
resultsshouldberegardedwith cautionsincethisstatisticwasbasedon only 7 out of the20
studiesthatproposedBAA systems.ThestudiesthatemployedtheMAE metrichadrelatively
similarageranges,but still variedin two of thestudieswhichdid not considerinfant andchil-
drensubjects.Also,not all of thestudieshadauniform samplein termsof agedistribution. In
theRSNAchallengedatabase,althoughthesamplewaslargeenough,only 0.1%of thesample
wascomposedof subjectsof 18yearsold andolder,whichisaveryimportant boneageto be
predictedfor legalreasons.

Table 10. Techniques for BAA by ROI.

ROI Techniques for BAA

Hand,

Wrist

Fels Method: Thismethod wasproposedasalesssubjectivewayto assessskeletalage.It considers
ossification, radiopaquedensities,bonyprojection,shapechangesandfusion.It comprises98
indicatorsof bonematurity, where85arecategoricalandare13continuous(epiphysealand
metaphysealfusionratios)[58].

Skeleton Maturation Indicators by Fishman: It assessestheskeletalmaturity basedon thefollowing
indicators: width of theepiphysiscomparedto thediaphysis(third andfifth fingers),gappingof
epiphysis(third andfifth fingers),fusionof epiphysisanddiaphysis(third, fifth fingersandradius)
andossification of adductorsesamoidof thethumb [59].

Hand Gilsanz and Ratib: Thismethod consistsof adigital handatlaswith referenceimagesof 29classes
from theagesof 0 to 18with anadditional classto representsubjectsolderthan18.[60]

Wrist Cameriere et al.: This is aquantitativemethodthatproposesamathematical formulabasedon the
ratio of thecarpalareaandthetotal areaof carpalbonesandepiphysesof theradiusandulna[61].

Knee O’Connor et al.: A methodthatproposesfivestagesof epiphysealfusionfor thefemur,tibia and
fibulabones.It usesthefrontal andlateralradiograph imageof theknee[62].

Krammer et al.: A methodthatproposesfivestagesof epiphysealfusion(from 1 to 5 of whichstages
2 and3 have3 substageseach)of thedistalfemur [63].

Clavicle Schmeling et al.: Thismethoddefines5 stagesof ossificationof themedialclavicularepiphysis[64].

Kreitner et al.: Thismethodis similar to theoneproposedbySchmelingetal.(63),but insteadof 5
stagesthereare4,andthefourth stageis comparable to acombination of thestages4 and5 from the
Schmeling classification [65].

https://doi.org/10.1371/journal.pone.0220242.t010

Table 11. Performance of the comparable studies in terms of the mean absolute error (MAE) in months.

Proposed Method Dataset

size

Age

Range

Performance in MAE

(months)

Commentary

Renetal.(2018)[25] 12480 0±18 5.2 2017RSNAPediatricBoneAgechallengeentry,but themethodis testedin a
differentsampleof agerange0±18.

Kashifetal.(2016)[21] 1101 0±18 7.26

Iglovikovetal.(2018)[24] 11600 0±19 7.52 2017RSNAPediatricBoneAgechallengeentry

Zhaoetal.(2018)[23] 12611 0±19 7.66 2017RSNAPediatricBoneAgechallengeentry

Harmsenetal.(2013)[26] 1097 0±19 9.96

Urschleretal.(2015)[20] 102 13±20 10.2

Cunhaetal.(2014)[28] 887 7±19 10.16

https://doi.org/10.1371/journal.pone.0220242.t011

Bone age assessment with machine learning and model building techniques

PLOS ONE | https://doi.org/10.1371/journal.pone.0220242 July 25, 2019 15 / 22

https://doi.org/10.1371/journal.pone.0220242.t010
https://doi.org/10.1371/journal.pone.0220242.t011
https://doi.org/10.1371/journal.pone.0220242


TheremainingstudiesthatproposedBAA systems,besidesusingawidevarietyof different
performancemetrics,alsoweremoreheterogeneousin termsof ageranges,makingthecom-
parisonbetweenthemnot viable.Theresultsfor theperformancesof theemployedtechniques
by thestudiesareshownin Table12.

Discussion

Discussion of the current evidence

ThisSLR'smain findingscanbesummarizedasfollows:(i) Moststudiesaimedto proposean
automaticBAA system;(ii) TheBAA researchhasfocusedon handandwrist radiographs;(iii)
Moststudiesmadeuseof samplesfrom eithertheUnited theStatesor from WestEurope;(iv)
Studiesthatconsideredethnicaldifferenceswerescarceandsocioeconomicaspectswereinex-
istent;(v) Theestimationson BoneAgewereusingsampleswheresubjects'agerangedfrom
belowto above18yearsof age,or bordering18yearsof age;(vi) Theaverageperformance
weightedbysamplesizeof thecomparedstudiesresultedin aMAE of 9.96months,but there
isstill highheterogeneityin thestudieswhatmakesthecomparingthemachallenge.

Theevidencegatheredin thisSLRsuggestsacleartrend towardsautomatingtheageidenti-
ficationwithin thecontextof BAA research.Moststudiesaimedatproposingautomaticsys-
temsthatwouldnot requirehumanintervention;however,aconsiderableamountof other
studiesproposedsystemsthatdo not automateageidentificationbut reducethedependability
uponhumaninput. Webelievethateithersolutioncanbemotivatedby thefollowing issues:i)
to reducethesubjectivityof thetraditionalBAA methods,whichdependuponradiologists'
judgmentandexperience,and,asaconsequence,canleadto inter-raterandintra-rater

Table 12. Performance of the non-comparable studies.

Proposed Method Dataset

size

Age

Range

Performance Commentary

Shietal.(2017)[33] 124 6±15 0.47(male)and0.33(female)MAE
(years)

Haaketal.(2013)[16] 1097 0±18 0.73RMS TheRMSmetric is theroot meansquarederror is thesquareroot of the
meansquareerror

Thodbergetal.(2009)
[18]

1559 2±17 0.42(GP),0.80(TW) MSE TheMSEis themeansquarederror andmeasurestheaveragesquared
differencesbetweentheestimatedandobservedvalues.

Lin etal.(2012)[19] 600 0±14 0.26MSE Predictsaboneageclusterinsteadof boneage.

Leeetal.(2017)[22] 8325 5±18 61.40%(male)and57.32%(female)
accuracy

Maggioetal.(2016)
[34]

360 0±24 1.31(male)and2.37(female)SEE
(years)

SEEis thestandarderror of estimateandmeasuresthevariation from the
regressionline.

DeLucaetal.(2016)
[32]

332 1±16 0.38medianof theabsolutevaluesof
residuals

O'Connoretal.(2014)
[29]

221 9±19 -2.0to +2.9(male)and-2.3to +2.4
(female)rangeresiduals

Pinchietal.(2016)[31] 274 6±17 80.4%(male)and83.3%(female)
accuracy

TheTW methodperformedbetterthantheproposedmethodfor male
subjects(negativeresults).

Tangetal.(2018)[35] 79 12±17 0.13(male)and0.08(female)mean
disparity(years)

Themeandisparityis ametric thatcomparesthemeanchronologicalageof
all subjectsto themeanestimatedagefor all subjects.

Hsiehetal.(2011)[39] 534 2±15 96.2%(male)and95%(female)
relativeaccuracy

Measurestherelativeaccuracy betweentheproposedmethodandtheTW
method.

Franklin,D.; Flavel,A.
(2015)[30]

388 10±35 NA Createstagesof ossificationfor theclavicleandcomparesto theboneage.

Hillewig etal.(2013)
[27]

220 16±26 NA Calculatestheprobability of beingof boneageyoungeror olderthan18
insteadof theactualboneage.

https://doi.org/10.1371/journal.pone.0220242.t012
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variability[66±67];ii) thetraditionalBAA methodsareatime consumingactivity,which
demandis increasing[66]; andiii) moreautomaticsolutionscouldreduceassessmentcostsas
theywouldrequireradiologiststo spendlesstime in suchthisactivity[9].

Notethat in relationto usinganautomatedsolutionto chronologicalageidentification,the
useof ML technologiesappearsto beasignificantenablerof automaticBAA solutions;this is
observedin particularwhenusingConvolutionalNeuralNetworksfor computervisiontasks,
whichcontrastwith theuseof regression-basedmethodstechniquesbysystemsthatstill
requiresomehumanintervention.Asaremark,theGPatlas,which isbeingusednowadaysas
aBAA,wasnot createdto determinechronologicalage,but to comparetheskeletaldevelop-
mentof childrenandadolescentsto their chronologicalage[5]; neverthelesssomestudiesstill
usedthismethodasthebasefor their investigationson ageassessment.

Further,thisSLRalsoshowedthat theresearchon BAA systemshasfocuseduponmethods
thatemployhandandwrist radiographs.However,suchchoiceof medicalimagingon healthy
childrenandadolescentsÐtheuseof radiographs,henceradiation,without therapeuticpur-
posescouldraiseethicalissues[5]. Whencomparingradiographswith otherformsof medical
imaging,suchasMagneticResonanceImaging(MRI), thereis theargumentthat thelatteris
moreexpensive;however,on theotherhand,theMRI technologyoffersbettercontrastresolu-
tion, which in turn offersamoreaccurateanalysisof thegrowthplate,especiallyconsidering
3.0-TMRI [68]. Thesmallpresenceof theMRI technologyon theresearchon BAA couldbe
consideredagapin theresearch.

With regardto thepredominantusein thisSLRstudiesof handandwrist asthefocused
ROI,onecanarguethat this isasmallareathatcontainsalargeconcentrationof epiphyseal
plates,thusmakingit easierto gatherimagesfrom this regionwithout mucheffort.Also,very
fewstudiesinvestigatedtheBAA with morethanoneROI whenevertheywerenot usinghand
andwrist,suggestingagapin thecurrentresearch.

ThisSLRalsoevidencedthat two regionsseemto showpredominantinterestin such
researchÐtheUnited StatesandWestEurope;suchattentionresultedin thecreationof data-
basesof medicalimaging(USC,IRMA andRSNA),andthePediatricBoneAgeChallenge
2017,whichcanbeviewedasaneffort to havestandardizationasbasisof comparisonof differ-
entstudieson this topic.

In whatconcernsasample'sorigin, moststudiesdid not reporton mechanismsusedto
documentit. In addition,theethnicityaspectwasnot muchexploredin thestudiesandthe
socioeconomicelementwasnot investigated,whatcanbeviewedasagapin thecurrent
researchon BAA.Only two studies(Soegihartoetal.[38] andMcCormacketal.[41])
approachedtheeffectsof ethnicityin skeletalmaturation.Besidesthecontradictoryevidence
in theliteratureaboutits influence[5], in thisSLRbothstudiesreportedon differencesin skel-
etalmaturationon IndonesiansandAfrican Americans,in comparisonto Caucasians,in the
waythat thefirst maturelaterandthesecondmaturesearlier.In contrastto that,thestudyby
Thodbergetal.[18], whichproposedaBAA systemthat iscurrentlyin commercialuseÐthe
BoneXpert,investigatedtheBAA issueusingsamplesof Japanese[69], Dutch [70] andAmeri-
cansubjectsof four ethnicities(African American,Asian,CaucasianandHispanic)[71].

Furthermore,regardingthesubjects'agein thesamplesusedby thisSLR'sincludedstudies,
mostagerangeseitherincludedor borderedtheageof 18years.Theinterestfor thisparticular
ageis justifiedby thelegalsystemsin manycountries,whereyoungerthan18individualsare
classifiedasminors.

In regardsto themeta-analysisof performances,it wasevidencedahighheterogeneityin
termsof age-ranges,datasetsizesandperformancemetricsthatmakethecomparisonbetween
studiesachallenge.Thesevencomparablestudieshadquitesimilarage-rangesandresultedin
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aweightedaverageof 9.96MAE (months),but cautionshouldbemadeastheagedistribution
wasnot uniform in all of thestudies.

Limitations

With regardto thisSLR'slimitations,theyincludewhetherasuitablelargerepresentativesam-
pleof relevantincludedstudieswereselected,andalsothenon-medicalexpertiseof A1.The
first issuewasmitigatedviausingamoreinclusiveselectionstrategy,i.e.,wheneverapaper's
abstractdid not presentall theinformation neededfor its inclusionor exclusion,it wouldbe
includedin thefirst phaseto befully readlater.Asfor thesecondissue,A1'slackof medical
expertiseof A1 wasmitigatedbyconsultingA3 whenevernecessary.

Future perspectives

Theresultsof thisSLRpresentedtrendsandgapsin thecurrentresearchon ageassessment
thatshouldbeaddressed,suchasothercommonfactorsthatcouldinfluencedelayor accelera-
tion of skeletalmaturity andthefurther investigationof otherROIsfor BAA.

Conclusion

ThispaperdetailedanSLRon thetopicof ageassessmentin growthzonesresearchwith the
useof ML techniques,whichresultedin theselectionof afinal setof 27studies.Thesestudies
weresummarizedin termsof ML techniquesapplied,sampledata,ageassessmentmethods
andregionsof interest.

Our findingsindicatethefocusof theresearchon investigatingthehandandwrist ROIs
with radiographs,with mostof thesamplesfrom theUnited Statesor WestEurope.It hasalso
pointedout gapsin theresearch,suchasfewstudieson differentethnicities,no studiesconsid-
eringsocioeconomicdifferences,andfewstudiesconsideringmoreROIsotherthanhandand
wrist.
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