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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

Bonedevelopments the procesghatdriveschangesn bones'size shapeanddegreeof miner-
alization.Thishappensn primary and secondaryssificationcentersnamelydiaphysisand
epiphysisrespectivelywherecartilagegraduallyturnsinto bonetissue This procespersists
aslong ascartilageremainsin the growth plate(or epiphyseaplate).At the endof thebone
developmenprocesshe epiphyseaplateis ossifiedjndicatingthat the diaphysisand epiphy-
sisarefused[1].

Otherimportant conceptghatrelateto suchtopic areskeletamaturity, boneageandchro-
nologicalage Skeletamaturity refersto the stageof developmentn which theboneis cur-
rentlyin [1]. Boneageis acloselyrelatedconcepto skeletamaturity, andrelatego the
estimationof anagebasen anindividual'sskeletamaturity [2], whereaghe chronological
ageis calculatedasedsolelyon anindividual'sdateof birth.

Theimportanceof assessingnindividual'sskeletamaturity or boneageandits compari-
sonwith their chronologicalgearisesrom two main anglesFirst,from amedicalangle the
assessmemtf boneageis usefulfor the diagnosisandtreatmentof pediatricendocrinology,
orthodonticsand pediatricorthopedicdisordersjn additionto alsobeingconsideredn esti-
mationsof anindividual'sfinal height[3]. Secondfrom alegalstandpointboneageassess-
mentisimportantin orderto identify whetheranindividual isaminor in asituationwhere
verifieddocumentsarelacking.

Thislatteraspects extremelyimportant giventhe growthin numberof asylumseekerin
Europe whereunaccompaniedhdividualsunderthe ageof 18aregrantedspecialightsby
the United Nations(UN) Conventionon the Rightsof the Child [4], whichrelateto reception
arrangementsacces$o healthcare educationetc[5].

A reportfrom the United NationsRefuge&gency(UNHCR) statedthatindividualsunder
the ageof 18 contributedto 52%0f the refugeepopulationin 2017andalsoin 2017around
173,800efugeeshildrenwereunaccompaniear separatedrom their parentsjn whatthe
UN considersa2conservativeestimated6]. Givensuchcircumstancegsheassessmermf bone
ageandskeletamaturity constituteanimportant researchiopic nowadays.

Current scenario of bone age assessment

Currently,thetwo mostcommonlyusedproceduregor boneageassessmeratrethe Greulich-
Pyle(GP)and Tanner-Whitehous€TW) methodg1]. Botharebasedn handradiographs
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viathe analysiof the epiphysesand diaphysesappearancel he GPmethod[7] is anatlasthat
containsreferencemagedrom handradiograph<ollectedrom 1931to 1942 from upper-
middle classCaucasiarchildrenin Ohio, United Stateg1]. Theattribution of boneageis done
by comparinganindividual'shandradiographwith thereferencemagesn theatlag[3]. The
TW method[8] evaluatesnaturity scoregor theradius,ulna,carpalsand 13handshort
bonesSomeof thesebonesareevaluatedind categorizednto stagesangingfrom A to |, then
atotal scoreis calculatedwhichis laterconvertednto the bone'sage The TW methodwas
developedvith datacollectedrom 1950to 1960 from children of averageocioeconomic
clasdn the United Kingdom. This methodwasfurther updatedin 2001basedn newconsis-
tent patternsof developmen{seculatrends)[3].

Besidesheir popularity,both GPand TW methodsarecriticizedfor manyreasonsln a
practicalsensesincetheyaremanuallydoneby radiologiststhewholeprocessanbetime-
consumingwhichis aggravatedy theincreaseadlemandfor this activity dueto theincrease
of individualsseekingefuge Further,theycanbeproneto inter- andintra-rater variability,
whichraisesthicalandlegalissuesespeciallyvhenconsideringthattheseassessmentse
donein relationto anindividual beingaminor or not [9].

In light of this scenarioawayto tackletheseproblemsis to makeuseof automatedneth-
ods,andatechnologythatis valuabldn this matteris MachineLearning.Thistechnologyis
alreadyemployedn manyareaof medicalresearchrangingfrom genomicgo diagnosisand
prognosisof manydisordersaimingto find patternsin dataandto provideusefulestimateso
improvedecisionmakingin the healtharea[10]. MachineLearningcomprisesagroupof tech-
nologieghat operatesn thefollowing way-firstly, thetechniquelearnsfrom asetof examples
on howto performatask,creatingamodelwhich encapsulatethe knowledgeto performthe
task.Then,whennewdatais imputed,the modelis ableto correctlyperformthelearnedtask
within anacceptablaccuracy11].

Systematic review of the literature on bone age assessment

Giventhe motivationsand scenaricabovementionedhis papercontributesto theliterature
on ageassessmemtsit describes systematiditeraturereview(SLR)that presentghe stateof
theart on the useof MachineLearningtechniquesn the contextof boneageand skeletal
maturity assessmerdthemenot previouslyaddressety SLRsHerebyansweringhe
researclguestion®How MachinelLearningtechniquesrebeingemployedn studiescon-
cerningyouthageassessmeifl0to 30years)?°.

This paperis organizedasfollows:the Method sectiondetailsthe approachusedto conduct
thereview which followedthe recommendation®sf the PreferredReportingltemsfor System-
atic Reviewsand Meta-Analyse$PRISMA)Statemenf12]; the Resultsectionaggregateand
synthetizeshe datafrom the studiesincludedin thereview;the Discussiorsectionargues
abouttheresultsand providesconsiderationselatedto threatsto validity; andfinally the Con-
clusionsectionpresentghefinal statement&ind commentson future work.

Materials and methods

A systematiditeraturereview(SLR)is anapproachin which asignificantandrepresentative
sampleof the literatureregardinga certaintopic is identified, evaluatedndinterpreted.This
is doneby executinga comprehensiveearctollowing a pre-definedmethodthat specifieshe
researclgjuestionghe SLRaimsto answerthe criteriausedto includeandexcludestudies,
howto assestheir qualityandhowto extractand makethe synthesiof thedata[13+14].The
commonmotivationsfor executingan SLRare:to summarizenextto all the evidenceabouta
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topic of interestito find researctgapsto provideagroundingfor newresearchandto investi-
gatehowtheresearchihatis currently beingdonesupportsa certainhypothesig13].

The SLRpresentechereinwasconductedoy four participantswith differentexpertise
(health,machinelearningand healthinformatics). Throughoutthetext, referenceso the
authorswill useanotation,in which Al refersto thefirst author;A2 refersto the second
author,andsoforth.

Themain questionthis SLRaimsto answelis:2How machinelearningtechniquesare
beingemployedn studiesconcerningyouth ageassessmeil0to 30years)?°This main
questionis further decomposethto the following five researctyuestions.

- RQ1:Which machinelearningtechniquesarebeingusedin the ageassessmeistudies?

- RQ2:What datacharacteristic¢édatabase'srigin, datacollectionmechanismandagespre
beingconsideredn theageassessmeistudies?

- RQ3:Whattypeof medicalimagingarebeingusedin the studies?

- RQ4:Whataretheregionsof interestbeingexploredfor the ageassessmeistudieghand,
wrist, knee etc)andwhatwerethe methodsusedto assesthem?

- RQ5:What arethe performance®f the proposednethods?

Forthe RQ5,besideshe SLRstepgo summarizetheinformation regardingthe perfor-
mancef the studiesameta-analysig/asalsoconducted A meta-analysigs the application
of statisticabperationsn orderto synthetizeheresultsof individual studiessotheycanbe
understoodn the contextof all selectedtudieq15].

Theprotocolthat guidedthis SLRcanbefound at: http://tiny.cc/4wuw8y.

Search strategy

Thesearctstrategyusedto find primary studiesemployedasearctstring built baseduponthe
PICOframework,in whichthe main questionis re-writtenin termsof four elementsPopula-
tion, Intervention,Comparisonand Outcome[14]. The2comparison®componentwasnot
usedbecaus¢he goalof SLRdetailedhereinwasto characterizexistingevidenceThecompo-
nentsusedfor the automatedsearchearedefinedbelow.

- Population:Studiesnvolving ageassessmeiin youth.
- Intervention:Useof medicalimaging.
- Outcome:Machinelearningmodelsfor ageassessment.

Theresultingsearchstring usedto conductthe automatedsearchess shownin Tablel.
Thesearchewereperformedin Pubmed ScopusandWebof Sciencalatabasegwvith thenec-
essanadaptations).

Study selection

Two setsof searchewsereexecutedn this SLR.Thefirst wascarriedout on March 21°'2018,
andthe secondon Februarys™ 2019 aimingto searcHor additionalevidencesincethefirst
searchwasconductedThe procedurefor eachsearchis detailednext.

After theremovalof duplicatesthefirst searctscreened 48studiesassessintitlesand
abstractsguidedby the inclusionandexclusioncriteria (seeTable2). Four participantstook
partin this procedurewith Al evaluatingall of the papersand A2, A4 and A6 onethird each.
The Cohen'sKappawascalculatecasameasureof consensubetweermi1 andthe other
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Table 1. Search String used in the Pubmed database.

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

(((*Fageassessnm® OR 2ageappraisé#l OR2agediagnosticsOR 2ageestimate®OR 2ageestimation®°OR 2age
determiration® OR2ageprediction® OR 2agetesting®)AND (®boneagemeasuremet® OR2boneageassessnm®
OR2bonematurity® OR2bonedevelopnent® OR#boneagetesting?OR 2boneagetests?OR 2skeletamaturity®
askelethmaturation®OR 2boneexamination®OR 2skeletablevelopmet? OR2developmatal assessmen®R
ahoneage®ORaskelethage®OR2growth zone®))AND (®MagneticResonancenaging?OR2MRI° OR23x ray® OR
ax-ray® OR2xray® OR2Radiograply® OR2computedtomograghy® OR2CT® ORaultrasound®OR
aultrasonogaphy®OR2medicalimaging®) AND (®(machinelearning®OR2unsupervied MachineLearning®OR
asupervied MachineLearning°?OR°Classificaon® OR°Regession®OR°Kerrel® OR°Suppat vectormachines®
OR°GaussianprocessOR°Neurd networks?OR°Logicalearning®OR°reldional learning® OR°Inductivelogic®
OR®CStatisical relational? OR°probalilistic graphicalmodel°OR°Maximumlikelihood® OR°Maximum entropy®
OR°Maximum aposteriori°OR°Mixture model°ORCLatentvariablemodel°OR°Bayeisn network® ORClinea
model®OR°Percepbn algorithnm? OR°Factorizéion® OR°FactoranalysisOR°Principd componet analysis®
OR°Canorical correlaton® OR°LatentDirichlet allocatior? OR°Rulelearning®OR°Instance-based®R°Markov®
OR°Stoclasticgame®OR°Leaning latentrepresentatin® OR°Deepbeliefnetwork® OR°Bio-inspred approach®
ORPArtificial life® OR°Evohablehardware®OR°Geneticalgorithn? OR°Geneit programming® OR°Evolutiorary
robotic® OR°Geneativeand developnentalapproachey)

https://dbi.org/10.1371djurnal.por.0220242.t00

authors resultingin strongagreementsvith all of them (0.73with A4,0.76with A2 and0.70
with AB6). A total of 65studieswereselectedo befully readandassesser eligibility.

Oneround of backwardsnowballingwasperformedon the 65selectedtudiesreferences,
searchindor additionalevidenceandfollowing an analogouprocesdo the previousassess-
ment. After screenind2124items,2 additionalstudieswereselectedT his stepwasperformed
by Al,andtheremainingparticipantswereconsultedvhennecessarnhasedn their
expertise.

In total, 67 studieswereselectedor eligibility assessmenthesewerefully readandre-
assessegsperthe criteriashownin Table2. A quality assessmentasalsoperformedto mini-
mizethe chanceof selectingstudieswith biasevidenceThe quality questionnairevasadapted
from Kitchenham'gyuidelineq13] for performing SLRsandis detailedin the SLRprotocol.|f
apaperfell belowthethresholdof 8 points (out of 13)it would beremovedfrom SLRdueto
qualityreasonsThethresholdwasdefinedin meetingwith all of the participants A consider-
ableamountof papersvasremovedfrom the SLRin this phasebecauseluring the selection
basedn title andabstractsnanyabstractslid not containall the information necessarto
judgetheinclusionandexclusiorcriteria, sotheywereincludedto bere-assesseghenfully

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

Inclusion Criteria Exclusion Criteria:

- Beaprimary studyin English;AND - Beasecondanpr tertiary study;OR

- Havebeenpublishedn thelast10yearsAND - Havebeenpublishedbefore2007;,0R

- Addresgheresearclon ageassessnmt usingmedical - Bewritten on anotherlanguagetherthan English;

imaging;AND OR

- Beastudyconcerningthe building of modelsfor the - Do not addressesearclon ageassessmemising

purposeof ageassessnm usingatleastonemachire medicalimaging;OR

learningtechnique AND - Do not addresghe building of modelsfor the

- Beastudyin whichthe ageassessméiis analyzed purposeof ageassessmérOR

throughgrowthzonesn joints; AND - Beastudyconcernirg heightprediction,or a

- Beastudyregardingageassessméin living individuals. | specificsyndrone/diseas¢hat affectsnormal growth;
OR

- Beastudyin whichthe ageassessmeis not
analyzedhroughgrowthzonesn joints; OR

- Beastudyin whichthe studypopulationis out of
therangeof 10to 30yearsold by 3 yearsor lessOR
- Beastudyin whichthe studypopulationis post-
mortemmaterial.

https://abi.org/10.1371djurnal.por.0220242.t0D
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read.Theresponsibldor fully readingthe papersvasAl, but A2, A4 and A6 werealsocon-
sultedwhennecessanA total of 22 studieswvereselectedy thefirst search.

On thesecondsearch29studiesverescreene@nalogouslyo thefirst searchresultingin
19studiego befully readandassessdur eligibility. The samequality assessmeimjuestion-
nairewasappliedto the studiesafterwardsAl performedthe selectiorproces®f the second
searcland A2, A4 and A6 wereconsultedvhenpertinent.In total, 4 studieswereselectean
thesecondsearch.

All of the selectedtudiesverealsoassesser therisk of cumulativeevidencebias.This
meanghat studiesfrom the samegroup or sameageassessmeislystemverecheckedValida-
tion studiesof asystenthatwasalreadyincludedin the setof selectedtudieswvereconsidered
duplicatesandnot includedin thefinal set,but will befurther referencedvhennecessarylhe
final setof selectedtudiesconsistedf 26 papers.

Data collection

Table3 liststhe dataextractedrom the studiesBesidesheseptherbasicnformation wasalso
extractedi.e.authorsjournal/sourceyearandtypeof publication).

Data analysis

Fromthe datacollectedsummarytableswverebuilt to summarizethe resultsfor the SLRand
to answettheresearchyuestionsThe meta-analysisf BAA performancesvasdonethrough
theaverag®f the performancesveightedby the samplesizesThe softwareusedto perform
thedataanalysesvasExcel.

Results

The PRISMAflow chartthat describeshe proces®f selectiorof the articlesthatwere
includedin this SLRis shownin Fig 1.

Thestudyselectiorresultedin the assessmentf eligibility of atotal of 86 studies(67from
thefirst searchand 19from the second)from which 26 wereincludedin thefinal set(22from
thefirst searcrand4 from the second) The mostcommonreasondor ineligibility were:the
casavherethe ageassessmembethodwasnot performedon growth zonesdn joints (e.g.den-
tal assessmentiptaling 30studiesrasesvhereno ML techniquewasemployediotaling 7
studiesrasesvherethe studypopulationwasmostlyout of therangeof 10to 30yearsold; and

Table 3. Data extracted from the selected studies.

Variables Definition
Aim Thegoalof the built modelor the proposedstudy.
Agerangeof the subjects Theagerangewhichthe modelfor ageassessnm is concernedwith.
Origin of the subjects Characterisicsrelatedto the country/ethicity of the subjectavhichthe modelis
built upon.
Typeof Image Radiograply, MagneticResonancémaging(MRI), Ultrasourd etc.
Regionof Interestfor the Bodypartwhichthe modelanalysefor the ageassessnm purposes
images
Model Building Technique TheML modelbuilding techniqueusedto build anageassessnmé method.
Methodusedfor age Methodfor ageassessmettihat the modelwasbuilt upon,if any(i.e. TW, GP).
assessnme
Datasesize The samplesizeutilized by the study.
Performarce Performarceachievedy the bestproposednodelfor boneageassessmen

https://abi.org/10.1371djurnal.por.0220242.t0B
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PRISMA 2009 Flow Diagram
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From: Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting /tems for Systematic Reviews and Meta-
Analyses: The PRISMA Statement. PLoS Med 6(7): e1000097. doi:10.1371/journal.pmed 1000097

Fig 1. PRISMA flow chart.

For more information, visit www.prisma-statement.org.

https://doiorg/10.1371§urnal.pong220242.g0D
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casesvhereno ageassessmemodelwasproposedThecompletdist of reasongor exclusions
with its respectivenumbersis shownon Fig 1.

In thelist of includedpapersiwo studieswverefound to befrom the sameresearctyroup
[16+17],andusedthe samedataerelatedtechniquesAfter beingassesseidr cumulativebias,
it wasdecidedthat only the mostrecent[16] would bekept.

Thecompletdist of includedstudieds presentedn S1Tableassupportinginformation
(seeS2Tablefor thefilled PRISMAcheckilist).

Overview of the included Studies

Table4 showsthe summarizeddataarrangedoy the documentecaimsof theincludedstudies.
Eleverstudiesaimedto proposeanewapproachfor anautomaticBoneAge Assessment
(BAA). Notethat2automaticBAA systemdneansafully automatedapproactwithout human
intervention. Thesesystemsisea medicalimageasinput and automaticallydetectthe relevant
regionof interest(ROI), followedby the boneassessmertgethroughan algorithm.

Studieghat aimedto proposea2non-automaticBAA systemthavesomedegreeof automa-
tion by the useof MachineLearningtechniquesbut arestill dependenbf somekind of
humaninput. Humaninterventionsin thesesystemsreusuallyrelatedto the manualdescrip-
tion of theinformation containedin the medicalimageto beinputtedin the systemTheman-
uallocationof regionsof interest(e.g.epiphysesind metaphysesandthe assessmeiatf the
imageby radiologistsasto specificstage®f ossificationor tissueanalyseareexample®f
interventionsperformedby humansin thesesystemsThe@non-automaticBAA systems®vere
presenin 7 studiesn the SLR.

ThreestudiespesideproposinganewBAA approachcomparedts resultsto the tradi-
tional TW method,obtainingbetterresultsin termsof performanceor time spent.The study
by Fanetal.[37] proposednodelsto estimateagefrom the ossificationstage®f theknee
usingMRI andRadiograptimagesyieldingbetterresultsfor the MRI images.

In additionto thesetherewereotherstudieshatdid not proposeeitherautomaticor non-
automaticBAA, asfollows:the studyby Soegihartetal. [38] comparethe skeletamaturation

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

Aim Number of Featured
Studies Studies

Proposedan automatt BAA system. 10 [16,18+26]
Proposesnon-aubmaticBAA system. 7 [27£33]
Proposes non-aubmaticBAA systemAlso,testhowreliableis the TW methad 1 [34]
in thewesternAustralianpopulation
Proposes non-aubmaticBAA systermand compareso TW3 1 [35]
Proposedainautomatc BAA systemand comparedwith the manualBAA 1 [36]
Compari®n betweerageassessmentith MRI and Radiograph 1 [37]
Predictsthe SkeletaMaturity Index (by Fishermai from the chrondogicage 1 [38]
andcompareghe resultsof the AmericansampleandIndonesiansample
Proposes simplified versionof the TW3 method 1 [39]
Examine sex-specifidifferenesin the maturationtime of the bonesin the 1 [40]
handandwrist in two cohortsof children subjectdo investigae seculatrends.
Investigaedthe effectof the African-Americanancestrylineargrowth,body 1 [41]
compositon, and pubertalmaturationon the skeletamaturationin acohortof
non-obesechildrenandadolescents.
Investigaesthe persistencef the epiphyseascarof the distalradiusandits 1 [42]

relationstip with chrondogicalageandsex.

https://abi.org/10.1371djurnal.por.0220242.t00
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indexandthe cervicalvertebraeanaturationin two cohorts,onecomposef Indonesiansub-
jectsandotherby CaucasiarsubjectsFor both methodsthe Indonesianchildrenattained
maturationstage$rom 0.5to 1 yearlaterin comparisorwith the CaucasiarsubjectsThis
studyalsoproposedamodelto predictthe skeletamaturity indexfrom chronologicabgethat
achievedyoodaccuracyesultsin both cohorts. The studyby Hsiehetal.[39] aimedto build
onthe TW methodin aneffortto simplify the RUS(RadiusUlnaandshortbones)system
assessmernit) awaythat only 9 out of the original 13bonesareassessededucingthetime
andeffort neededor the BAA. An important studyby Duren etal.[40] investigateshe
change$n bonematurationin two cohorts,onewith subjectdorn betweerl930and 1964
andotherwith birth yearshetweerl965to 2001.Theresultsshowedhatin the mostrecent
cohort,the skeletamaturity wasmoreadvancedhanin the earliercohortfor boysbetween
ageof0to 8yearsand10to 18yearsandgirls betweerthe agef 4 to 17yearsMcCormack
etal.[41] conductedalongitudinal studywith duration of 7 yearsthat performedannual
assessmenis childrenandadolescentfom the African Americanandnon-African Ameri-
canancestnyto investigatehe effectof ancestryheight,BMI and pubertalmaturationon the
skeletamaturation.Theresultsyieldedthat the subjectavith African Americanancestrjhad
more advancedkeletamaturation,evenwhenaccountingfor age body compositionand
pubertalmaturation.Lastly the Daviesetal. study[42] examinethe presencef theepiphyseal
scarsn subjectafterthe bonegrowthended An epiphyseascaris athin layerof cartilagethat
remainsbetweerthe diaphysisand epiphysisaftertheyarecompletelyfused It is known that
theyremainfor sometime afterthefusion,andthe studyin questioninvestigateshe bounds
in whichthis occurs concludingthat subjectof the ageof 50still hadvisibleepiphyseascars.

Employed machine learning methods

This sectionaimsto answetthe researchguestionRQ12Which machinelearningtechniques
arebeingusedin theageassessmestudies?°.

Asshownin Table5,the mostfrequentlyusedtechniquesn the paperdncludedin SLR
wereRegression-basedethods(13 studies)followedby Artificial NeuralNetworks(8 stud-
ies)and SupportVector Machineg5 studies) Otherlessrequenttechniquedeaturedn the
studiesare:BayesiamNetworks(2 studies) DecisionTresg(1 study)and K-NearesiNeighbors
(1 study).Theseresultswill befurther detailednext,wherewealsoprovideabrief explanation
of eachof thetechniquesNote that somestudiesusedmorethanonetechnique.

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

Machine Learning Techniques Number of
Studies
Regression-tw=ed Linearregressionf28+29,29], Rule-basedegressiori28], General 13
methods LinearModel [42], Mixed EffectsModel[40+41],Logisticregression

[40], Multiple Regressiof38], Multivariatelinear Stepwiseegression
[33], Polynomid Regressiof34], LinearDiscriminant analysig31],
TransitionAnalysig30], Regressiofil8,32,37]

Artificial Neural Artificial NeuralNetworks[28, 35+36]FuzzyNeuralNetworks[19], 4
Networks

Convolutioral Neural | Convoluional NeuralNetworks[22+25] 4
Networks

SupportVector SupportVectorMachineq16,21,26,28] 4
Machines

BayesiaiNetworks | BayesiamNetworks[27], Gaussiamproces$28]
DecisionTrees RandomForest20]
K-NearesiNeighbas | K-NearestNeighborg26]

https://abi.org/10.1371djurnal.por.0220242.t00
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TheRegression-based methodsaim in finding the effectof a setof independentvariables
in adependentariableof interest.Thisis donebyidentifying anon-deterministicfunction
(proneto randomerrors)that modelsthe influenceof the independentariablegowardsthe
meanof the dependent/ariable[43]. Despitebeingsimple,Regressiomethodsrequireapre-
determinedmodelfor datafitting.

Thesewerethe technigueemployedhe mostin theincludedstudiesbeingtypically
appliedin the studiesproposingnon-automaticBAA systemsthatis, systemshatwill require
somesortof humanintervention(commonlythe assessmeiaif epiphysesr otheraspecof
themedicalimage).Suchstudiesaimedfor adegreeof automation but alsoinvestigatedhe
influenceof multiple Regionof Interest(ROI) in the BAA. The only exceptionwasthe study
by Thodbergetal.[18], which describeshe BoneXpertanautomaticBAA systemwhich
locateghe ROl in handradiographsautomaticallyput computeghe BoneAgeitselfusinga
serief regressions.

An Artificial Neural Network is atechniquethat performsmultifactorialanalysedt con-
sistsof amulti-layer structurethat containsnodesconnectedy weightededgeghat establish
aninput layer,oneor more hiddenlayersandanoutputlayer.With known input and output
valuesthe networkis trained by adjustingthe weightsin anincrementalwayuntil the net-
work'soutput approachethe known output[44]. Thistechniqueis apowerfulpredictorthat
pairswellwith imageinterpretation,but contraryto theregressiortasethis is ablack
boxtechniquein whichtheresultsarenot ableto beinterpretedin anintuitive way[45].

A specializatiorof the Artificial NeuralNetworkstechniquewhichwasfrequentlyusedin
this SLRstudiesjs the Convolutional Neural Network. Thistechniqueenabledmajor
advancef computervision problemswherea computerneedgo understandaninput image
to reconstructits propertieg(i.e.color distributions,shapes]lumination etc)andperforma
tasksuchaslocalization segmentatioror detectionof certainimageelementg§46]. Onemajor
differencefrom thetraditional Artificial NeuralNetworkslaysin its architecturewhichis
commonlycomposedy aninput layerthatreceivesanimageasinput, severatonvolutional
andpoolinglayersfollowedby severafully connectechiddenlayersandfinally the output
layer[47]. Theconvolutionallayersperform animage'deatureextraction,andareorganized
into featuremapsithe poolinglayersreducethe featuremapsto a point of spatialinvariance
(not affectedby distortionsandtranslationsof the input image);andthe fully connectedayers
areresponsibldor theinterpretationof the abstracfeaturerepresentationfearnedby the pre-
viouslayerg47]. In whatconcernghetraining of suchtypeof network,it is analogougo the
traditional Artificial NeuralNetwork; howeverjt requiresgreatercomputationalpowerand
largeramountsof data.

Sixout of the 8 studieghat featuredArtificial NeuralNetworksand ConvolutionalNeural
Networksaimedto proposeautomaticBAA systemsywhich takeasinput amedicalimageand
return theboneage.

The Support Vector Machines techniguewasconceivedo solveclassificatiorproblems
andit is oneof the mostrecentlyproposed\L techniquesThe classificatiorprocesdiappens
in thefollowing way:givenasetof labeleddata(datapointswith known classes}healgorithm
mapsthe datapointsinto afeaturespacdthat doesnot includethe outcomevariable) thenit
findsin this featurespacehelocationthat separatethe classem the with the maximummar-
gin of separatiorj48]. Thistechniquedoesnot requireapre-definedmodelandworksin sce-
narioswherethereis ahigh numberof variablesn comparisornto the numberof datapoints;
howeverit still requiressomealgorithm considerationso bemadebeforehandi.e.the choice
of akernelfunction) [49].

In the studiesincludedin this SLR the supportvectormachinesvereemployedmostlypro-
posingautomaticBAA systemsin threeout of thefour cases.
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TheBayesian Network techniqueestimateshe posteriorprobability of adatapoint being
of acertainclassgivenasetof featuresThelearningproces$appensn two phasedfirst it
learnsthe structureof the network,whichis adirectacyclicgraphcomposedf nodes(repre-
sentingthe featurespndedgegrepresentinghe probabilisticdependenciesjhenit learnsthe
conditional probability distribution of eachnode[50]. Theadvantagesf BayesiamNetworks
arethattheyareableto encodehe knowledgeof domainexpertan the graphstructureand
theycanwork with smalleramountsof data,in comparisornto other ML techniqueg51]. A
greatdisadvantagés that BayesiamNetworksmaybecomampracticalin problemswith a
largenumberof variables.

Both studieghat employeahis ML techniqueproposedhon-automaticBAA systemspne
of thesestudieg(Cunhaet.al[28]) comparedvarioustechniquesandthe BayesiamNetwork
wasnot the bestperformingone.

Decision Trees aimin building atreestructureto represenknowledgehat canbeeasily
translatednto if-then rules.It followsarecursivdearningprocesshat beginswith eachfea-
ture beingtestedon howwellit alonecanclassifythe datapointsinto acertainclassThebest
oneis setastheroot nodeandthe descendanhodesaresetasthe possiblevalueqor ratios)of
theselectedeature Then,thedatapointsaresortedaccordingto this rule. This processepeats
until thereareno possiblesplits[11]. Theadvantagesf the Decisiontreesarethattheyare
eas\to interpret,to understandhe interactionsbetweerfeaturesandtheydo not dependon
apre-definedmodel[52]. Thedisadvantagearethattheycanbeunstableand proneto overfit-
ting [53].

TheDecisionTreestechniquewasemployedn only onestudyby Urschleretal.[20], but
in its ensembldorm: RandomForestwhich aimsto addresshe abovementionedisadvan-
tageof decisiontrees.That studyproposedasanon-automaticBAA system.

TheK-Nearest Neighbors (KNN) algorithmmapsadatapoint of unknown clasgo afea-
ture spaceThenit assigndt to the clasgertainingits k nearesheighborsin this casethe
concepof nearis usuallyrelatedto the Euclideardistanceput other measuresanapply[54].
Thistechniqueis verysimpleandeasyto implement,but it alsoconsidersll thefeaturesas
equalin termsof importance whatcanbeaproblemif superfluoudeaturesareinsertedin the
featurespacg55].

TheK-NearestNeighborgechniquewasemployedn the studyby Harmsenetal.[26],
which proposedanon-automaticBAA systemThis studycomparedhe KNN to SVM,and
KNN presentedvorseperformance.

Sample data characteristics

This sectionpresentgheresultsregardingthe researchguestionRQ22What datacharacteris-
tics (database'srigin, datacollectionmechanismandagesprebeingconsideredn theage
assessmemstudies?°

Table6 showshe summaryregardingthe data'sorigin in the sample®f theincludedstud-
ies,groupedby region.Most of the studiesutilized subjectdrom diversecountriesof west
Europe(8 studies)followedby North America(7 studies)Asia(6 studieslandfinally Austra-
lia (2 studies) Two studiesmadeuseof samplesrom two regions,oneusedto build amodel,
andtheotherto validatethe samemodel.Also,oneof the studiesreportedno dataorigin, but
mentionedthe ethnicity of the sampleto beCaucasian.

Regardinghe studiesdatacollection,20out of 26 madeuseof privatedatabasesf medical
imagespr queriesin hospitaldatabase$ut six studiesmadeuseof public databasefor their
experimentsThesewere:
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Table 6. Summarized data regarding the origin of the subjects in the featured studies.

Region Data’s Origin Featured Studies A 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 Stateof America [22,40+41] 37
Digital Hand Atlasof the USC [16,21] 2
RSNAPediatricBoneAgeChallenge2017Database [23+24] 2
Asia China [33,35+37] 416
Taiwan [19,39] 2
Australia Australia [30,34] 22
Mixed RSNAPediatricBoneAgeChallenge2017Databasand China [25] 1|2
Unite Stateof AmericaandIndonesia [38] 1
Non-Specified | Caucasian [27] 11

https://abi.org/10.1371durnal.por.0220242.t08

- Digital Hand Atlasof the University of SouthernCalifornia (USC),which contains1097
radiographleft handimagef subjectsangingfrom 0+to 18yearsf age pf both maleand
femalegendersaandof differentethnicities denotedas:African American,Asian,Caucasian
andHispanic.

- RadiologicaBocietyof North America(RSNA)PediatricBoneAgeChallenge2017Data-
basewhichwasaninitiative that brought37teamso developalgorithmsfor BAA. This
databasevasdevelopedy StanfordUniversityand consistedf 12611handradiographs
from maleandfemalesubjectsrangingfrom 0+ to 19yearsof age This databaseavasonly
publicly availableduring the Challenge201 7period.

- Imageretrievalin MedicalApplications(IRMA), whichis aradiologicdatabasérought
togetherby the AachenUniversityof Technologyin Germanywhereoneof its goalsisto
enableresearchn diverseautomatedtlassificatiorproblemsinvolving radiographslt com-
prisesmagesrom manybodyregions.

Notethat fewstudieseportedthe waysusedto verify the origin or ethnicity of the subjects
in the sampleseverateportedthat thisinformation wasnot availablewhichmaybethe case
whenusingprivatedatasetsThis problemis lesssignificantin the caseof the Asianstudies,
whichemployeddataon subject§rom Chinaand Taiwan,sincethe Han ethnicityis very
prominentin thesecountriesreachingmorethan 90%of thetotal populationandbeingthe
largestethnicalgroupin theworld [56+57].0therfactorssuchassocioeconomi@spectsvere
alsonot exploredin the studies.

Regardinghe subjectsagerangedor the samplesisedin studiesdetailedin this SLR these
weredividedinto 4 categories:

- Comprehensiv&amplesamplecontainsdataon subjectsoungerthan 18 up to olderthan
18

- Borderingthe ageof 18: Themaximumageof the samplds exactlyl8yearsold
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- YoungerSubjectsthe entire samplecontainsdataon subjectsyoungerthan 18
- Older Subjectsthe entire samplecontainsdataon subjectolderthan 18

Table7 showsthat mostof the studies,1 7 out of 26,areemployinga“comprehensiveir a
“borderingl8yearsold' samplewhatmaysuggesthat BAA is focusedn assessinthis specific
ageln fact,all of the North American(7 studies)andhalf of the Europearstudieq4 studies)
focusedheir researcton thesetypesof sample Eight studieswereconcernedwvith ageassess-
mentof youngersubjectsThereis only onecaseof the categoryOlder Subjectswhichisthe
studyby Daviesetal.[42], which aimsto investigatahe persistencef epiphyseascarsafter
thefusionof the diaphysisand epiphysisThis studywarnsaboutmethodsthat considerthe
completeobliterationof the epiphyseascarssincetherearecases whichtheyremainnot
entirelyfuseduntil thefifth decadeof life.

Age assessment methods

Table8 summarizeshe dataregardingthe BAA methodswhichis thefocusof RQ3:2What
typeof medicalimagingarebeingusedin the studies?Evidenceshowshatto datetheresearch
beingconductedn BAA favorsthe useof Radiograph®verothertypesof medicalimaging,
with 22 out of 27 studieautilizing this method. Two other studiesusedradiographsn conjunc-
tion with MRI. Thestudyby Hillewig etal.[27] madeuseof radiographdor theregionsof hand
andwrist,and MRI for the clavicle Fanetal.[37] utilized thesewo methodsin the kneeregion,
but comparingthe performanceof both for the BAA, whichyieldedbetterresultsfor the MRI.
Thestudieghat only featuredMIRI asthe methodof choice[20, 35]investigatedhe handand
wrist regionsandfeaturegelatedto the appearancef osseoustructuresn termsof signal
intensityprovidedby the MRI. Theonly casevhereacomputertomography(CT) assessettie
BoneAgein theregionof the claviclewasthe studyby Franklin and Flave[[30].

Regions of interest

This sectionpresentshe summarizediatausedto answeRQ4:2What aretheregionsof inter-
estbeingexploredfor the ageassessmemstudieshand,wrist, knee etc)andwhatwerethe
methodsusedto assesthem?°.

Asshownin Table9, theresearchis verymuchfocusedn the handregionfor estimating
BoneAge,accountingto 22 out of the 27 studiesin this SLRhowevernotethatonly in seven
caseshe handalonewasemployedn the models Next, the wrist wasthe secondmostlyinves-
tigatedregion,presentn 17 out the 27 studieshoweverjn the samewayasthewrist, it was
employedexclusivelyn only two studiesin mostof casesjataon both handandwrist are
usedwhatcanbeexplainedby the easinessf gettingboth regionsin the samemage Other
lesdrequentROIspresentn the BAA studiesarethe knee(2 studies)andclavicle(2 studies).
It isimportantto noticethatin the caseof theteethand cervical evenif theyareROI, this SLR
focusedn the BAA analyzedhroughgrowthzonesn joints, sotheywereclassifiecas®Other
variables®.

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

Sample’s Characteristics Featured Studies Number of Studies
ComprehasiveSample [20,23+2427+3034,36+3740] 11
YoungerSubjects [18+19,31+3335,38+39] 8
Borderingthe ageof 18 [16,21+2225+2641]

Older Subjects [42] 1

https://abi.org/10.1371djurnal.por.0220242.t0D
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Table 8. Methods used for BAA.

Type of Image Number Featured Studies
Radiogaph 21 [16,18+1921+2628+2931+3436,38,39+42]
MRI 2 [20,35]
MRI, Radiograph 2 [27,37]
cT 1 [30]

https://cbi.org/10.1371durnal.por.0220242.t08

Otheraspecthat canbeevidenceds thatonly 12 out of the 26 studiesexploredonly one
ROI. Furthermore only five studiesemployedadditionalvariableshot relatedto the assess-
mentof growth zonesdentalassessmentervicalassessmenteight,height, DNA Methyla-
tion, Tannerscalefat massjeanmassand BMI.

With regardto BAA techniquesthe researctdeviatedrom the classidBAA of growth
zonesbtheTW and GPmethodswhichwereonly presentn five studieseach Furthermore,
computervisiontechniquesywhich do not dependon anypre-existenguide,still havea subtle
presencén the BAA researchaccountingfor 8 out of 26 studiesThisis enabledoy the
advance@ computingpowerandthe existencef alargeamountof digital labeleddata[45].

Othertechniquedor BAA thatwereemployedn specificROIsaresummarizedn the
Tablel0.Followingthe sametrend asTW and GP,theseareeitherbasedn maturity scores
or atlases.

Performance of the techniques in the included studies

Theinformation regardingthe performanceof thetechniquesmployedn the studieshat pro-
posedsystemgor BAA wasextractecandit is summarizedn this section Resultshowthata

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 Cervicd Assessmén SkeletorMaturation Index by Fishman[59] [38]
Radiograph DentalAsseament GP, TW [31]
Radiograph DNA Methylation,DentalAssessmnt GP,TW, DNA Methylation [33]
Radiograph BMI, Height, TannerscaleFatMass L eanMass GP [41]
MRI Weight,Height TW [35]
Hand Radiograph None ComputerVision [16,23,26]
Radiograph None Gilsanzand Ratib[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]
Radiograprand MRI None Krameretal.[63] [37]
Clavicle CT None Schmelingetal.[64] [30]
Hand, Wrist, Clavicle | Radiograprand MRI None Schmelingetal.[64], Kreitneretal.[65], GP [27]
https://da.org/10.137 1§urnal.pon®220242.t009
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Table 10. Techniques for BAA by ROI

ROI Techniques for BAA

Hand, Fels Method: This methad wasproposedasalesssubjectie wayto assesskeletahgelt considers

Wrist ossificaibn, radiopaquelensitiesbony projection,shapechangesndfusion.It comprise98
indicatorsof bonematurity, where85arecategoricahnd are 13 continuous(epiphy®aland
metaplyseafusionratios)[58].

Skeleton Maturation Indicators by Fishman: It assessehe skeletamaturity basedn the following
indicators width of the epiphysissomparedo the diaphysigqthird andfifth fingers),gappingof
epiphysis(third andfifth fingers),fusionof epiphysisanddiaphysidthird, fifth fingersandradius)
andossificatio of adductorsesamoiaf the thumb [59].

Hand Gilsanz and Ratib: Thismethal consistof adigital handatlaswith referencemagesf 29classes
from the agef 0to 18with anadditiond clasdo represensubjectolderthan 18.[60]

Wrist Cameriere et al.: Thisis aquantitativemethodthat proposesa mathemaical formulabasedn the
ratio of the carpalareaandthetotal areaof carpalbonesand epiphysesf theradiusandulna[61].

Knee O’Connor et al.: A methodthat proposedive stage®f epiphysealusionfor the femur, tibia and
fibulaboneslt useghefrontal andlateralradiograp imageof the knee[62].

Krammer et al.: A methodthat proposesdive stage®f epiphysealusion (from 1 to 5 of which stages
2 and 3 have3 substage®ach)of the distalfemur[63].

Clavicle | Schmeling et al.: This methoddefines5 stage®f ossificationof the medialclavicularepiphysig64].

Kreitner et al.: Thismethodis similar to the oneproposedoy Schmelingetal. (63),but insteadof 5
stageshereare4, andthefourth stagds comparalte to acombinatbn of the stage€ and5 from the
Schmelimg classificatia [65].

https://abi.org/10.1371djurnal.por.0220242.t101

wide varietyof differentmetricswereusedto measureatechnique'sperformancevhatmakes
comparisondbetweerstudiedifficult. Themostcommonlyusedmetric wasthe meanaverage
error (MAE), whichistheaveragef all the absolutesrrors,usedby severstudies.Tablel1l
showghe studieghat usedthis metric,andtheir performancenformation. Thereportedperfor-
mancesvereaggregatetdy meansof the averagef the performancesveightedby the sample
sizedo performthe meta-analysisoto understandhe generaperformanceof BAA systems.

Theresultof theweightedaveragavas9.96MAE (months),which couldindicatethat BAA
systemgouldreliablypredictthe boneageof asubjectirom zeroto 19yearsold, but this
resultsshouldberegardedwith cautionsincethis statisticwasbasedn only 7 out of the 20
studieshatproposedBAA systemsThe studieshatemployedhe MAE metric hadrelatively
similaragerangesbut still variedin two of the studieswhich did not considerinfant and chil-
drensubjectsAlso,not all of the studieshada uniform samplen termsof agedistribution. In
the RSNAchallengalatabaseglthoughthe samplewaslargeenough only 0.1%of the sample
wascomposef subjectof 18yearsold andolder,whichis averyimportantboneageto be
predictedfor legalreasons.

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

Proposed Method Dataset Age

size Range

Renetal.(2018)[25] 12480 0+18
Kashifetal.(2016)[21] 1101 0+18
Iglovikovetal.(2018)[24] 11600 0+19
Zhaoetal.(2018)[23] 12611 0+19
Harmsenetal. (2013)[26] 1097 0£19
Urschleretal. (2015)[20] 102 13+20
Cunhaetal.(2014)[28] 887 719

https://da.org/10.1371¢urnal.pon®220242.t011

Performance in MAE Commentary
(months)

5.2 2017RSNAPediatricBoneAgechallengeentry, but the methodis testedn a
differentsampleof agerange0+18.

7.26

7.52 2017RSNAPediatricBoneAgechallengeentry
7.66 2017RSNAPediatricBoneAgechallengeentry
9.96

10.2

10.16
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Theremainingstudieshat proposedBAA systemshesidesisingawide varietyof different
performanceametrics,alsoweremore heterogeneouis termsof agerangesmakingthe com-
parisonbetweerthemnot viable.Theresultsfor the performance®f the employedechniques
by the studiesareshownin Tablel?2.

Discussion
Discussion of the current evidence

This SLR'smain findings canbesummarizedasfollows:(i) Most studiesaimedto proposean
automaticBAA system(ii) The BAA researcthasfocusedon handandwrist radiographs(iii)
Most studiesmadeuseof sampledgrom eitherthe United the State®r from WestEuropej(iv)
Studieghat consideredethnicaldifferencesverescarceand socioeconomi@spectsvereinex-
istent;(v) The estimationson BoneAgewereusingsamplesvheresubjectsagerangedfrom
belowto abovel8yearsof age or borderingl8yearsof age|vi) Theaveragg@erformance
weightedby samplesizeof the comparedstudiesresultedn aMAE of 9.96months,but there
is still high heterogeneityn the studieswhatmakegshe comparingthemachallenge.
Theevidencegatheredn this SLRsuggesta cleartrend towardsautomatingthe ageidenti-
fication within the contextof BAA researchMost studiesaimedat proposingautomaticsys-
temsthatwould not requirehumanintervention;howeveraconsiderablemountof other
studiesproposedsystemshat do not automateageidentification but reducethe dependability
uponhumaninput. We believethat eithersolution canbe motivatedby the following issuest)
to reducethe subjectivityof the traditional BAA methodswhich dependuponradiologists’
judgmentandexperienceand,asaconsequenceanleadto inter-raterandintra-rater

Table 12. Performance of the non-comparable studies.

Proposed Method
Shietal.(2017)[33]
Haaketal.(2013)[16]

Thodbergetal. (2009)
[18]

Lin etal.(2012)[19]
Leeetal.(2017)[22]

Maggioetal.(2016)
[34]

DelLucaetal.(2016)
[32]

O'Connoretal.(2014)
[29]

Pinchietal.(2016)[31]
Tangetal.(2018)[35]
Hsiehetal.(2011)[39]
Franklin,D.; Flavel A.

(2015)[30]

Hillewig etal. (2013)
[27]

https://da.org/10.1371durnal.pon®220242.t012

Dataset
size
124

1097
1559

600
8325

360

332

221

274

79

534

388

220

Age

Range

6+15

0+18

2+17

0+14
5+18

0+24

1+16

9+19

6+17

2+15

10+35

16+26

Performance Commentary

0.47(male)and0.33(femak) MAE
(years)

0.73RMS TheRMSmetricistheroot meansquareckrror is the squareoot of the

meansquareerror

The MSEisthe meansquarederror and measureshe averagequared
differencedetweerthe estimatecandobservedralues.

0.42(GP),0.80(TW) MSE

0.26MSE
61.40%male)and57.32%female)
accuracy
1.31(male)and2.37(female)SEE
(years)
0.38medianof the absolutevaluesof
residuals

-2.0to +2.9(male)and-2.3to +2.4
(female)rangeresiduals

Predictsaboneageclusterinsteadof boneage.

SEHsthe standarderror of estimateand measurethe variation from the
regressionine.

80.4%male)and 83.3%(female)
accuracy

0.13(male)and0.08(female)mean
disparity(years)
96.2%male)and 95%(female)
relativeaccurag

NA

NA

TheTW methodperformedbetterthanthe proposednethodfor male
subjectgnegativeresults).

Themeandisparityis ametric that compareghe meanchronologi@l ageof
all subjectgo the meanestimaedagefor all subjects.

Measuresherelativeaccurag betweerthe proposedmethodandthe TW
method.

Createstage®f ossificatiorfor the clavicleand comparego the boneage.

Calculateshe probability of beingof boneageyoungeror olderthan18
insteadof the actualboneage.
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variability[66+67];ii) thetraditional BAA methodsareatime consumingactivity, which
demandisincreasing66]; andiii) moreautomaticsolutionscouldreduceassessmermbstsas
theywouldrequireradiologistso spendesgime in suchthis activity[9].

Notethatin relationto usingan automatedsolutionto chronologicabgeidentification,the
useof ML technologieappeardo beasignificantenablerof automaticBAA solutionsithisis
observedn particularwhenusingConvolutionalNeuralNetworksfor computervisiontasks,
which contrastwith the useof regression-basetiethodstechniquesy systemshat still
requiresomehumanintervention.Asaremark,the GPatlaswhichis beingusednowadayss
aBAA, wasnot createdo determinechronologicalage put to comparethe skeletalevelop-
mentof childrenandadolescent® their chronologicabge[5]; neverthelessomestudiesstill
usedthis methodasthe baséor their investigation®n ageassessment.

Further,this SLRalsoshowedhat the researcton BAA system$iasfocusedupon methods
thatemployhandandwrist radiographsHowever suchchoiceof medicalimagingon healthy
childrenandadolescentsbtheiseof radiographshenceradiation,without therapeutigur-
posesouldraiseethicalissueg5]. Whencomparingradiographswith otherformsof medical
imaging,suchasMagneticResonancémaging(MRI), thereis the argumentthat thelatteris
more expensivehoweverpn the otherhand,the MRI technologyoffersbettercontrastresolu-
tion, whichin turn offersamoreaccuratenalysiof the growth plate especiallgonsidering
3.0-TMRI [68]. Thesmallpresencef the MRI technologyon theresearcton BAA couldbe
consideredagapin theresearch.

With regardto the predominantusein this SLRstudiesof handandwrist asthefocused
ROI, onecanarguethatthis is asmallareathat containsalargeconcentrationof epiphyseal
platesthusmakingit easietto gatherimagedrom this regionwithout much effort. Also,very
fewstudiesnvestigatedhe BAA with morethanoneROI whenevetheywerenot usinghand
andwrist, suggestinggapin the currentresearch.

This SLRalsoevidencedhat two regionsseento showpredominantinterestin such
researchbthdJnited Stateand WestEurope;suchattentionresultedn the creationof data-
base®f medicalimaging(USC,IRMA andRSNA),andthe PediatricBoneAgeChallenge
2017 which canbeviewedasan effortto havestandardizatiorasbasisof comparisorof differ-
entstudieson this topic.

In whatconcernsasample'rigin, moststudiesdid not reporton mechanismsisedto
documentit. In addition, the ethnicity aspectvasnot muchexploredin the studiesandthe
socioeconomi@lementwasnot investigatedywhatcanbeviewedasagapin the current
researcton BAA. Only two studiegSoegiharteetal.[38] andMcCormacketal. [41])
approachedhe effectof ethnicityin skeletamaturation.Besideshe contradictoryevidence
in the literatureaboutits influence[5], in this SLRboth studiesreportedon differencesn skel-
etalmaturationon Indonesiansand African Americansjn comparisornto Caucasiansh the
waythatthefirst maturelaterandthe secondmaturesearlier.ln contrastto that, the studyby
Thodbergetal.[18], which proposeda BAA systenthatis currentlyin commercialusebthe
BoneXpertjnvestigatedhe BAA issueusingsample®f Japanesgs9], Dutch [70] and Ameri-
cansubjectof four ethnicities(African American,Asian,CaucasiamndHispanic)[71].

Furthermore regardingthe subjectsagein the samplesisedby this SLR'sncludedstudies,
mostagerange<itherincludedor borderedthe ageof 18yearsTheinterestfor this particular
ageisjustified by thelegalsystemsn manycountrieswhereyoungerthan 18individualsare
classifiecasminors.

In regardgo the meta-analysisf performancest wasevidencedhigh heterogeneityn
termsof age-rangegatasesizesand performancemetricsthat makethe comparisorbetween
studiesachallengeThe severcomparablestudieshad quite similar age-rangeandresultedn
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aweightedaveragef 9.96MAE (months),but cautionshouldbe madeasthe agedistribution
wasnot uniform in all of the studies.

Limitations

With regardto this SLR'dimitations, theyincludewhethera suitablelargerepresentativeam-
pleof relevantincludedstudieswereselectedandalsothe non-medicalexpertiseof A1. The
firstissuewasmitigatedvia usingamoreinclusiveselectiorstrategyi.e.,wheneveapaper's
abstracdid not preseniall theinformation neededor its inclusionor exclusionjt would be
includedin thefirst phasedo befully readlater.Asfor the secondssue Al'slackof medical
expertiseof A1 wasmitigatedby consultingA3 whenevemnecessary.

Future perspectives

Theresultsof this SLRpresentedrendsandgapsn the currentresearcton ageassessment
that shouldbeaddressedsuchasother commonfactorsthat couldinfluencedelayor accelera-
tion of skeletamaturity andthe further investigationof other ROlIsfor BAA.

Conclusion

This paperdetailedan SLRon the topic of ageassessmein growth zonegesearctwith the
useof ML techniqueswhichresultedn the selectiorof afinal setof 27 studiesThesestudies
weresummarizedn termsof ML techniquespplied sampledata,ageassessmemiethods
andregionsof interest.

Our findingsindicatethe focusof the researcton investigatinghe handandwrist ROIs
with radiographswith mostof the samplegrom the United Stateor WestEurope.lt hasalso
pointedout gapsn theresearchsuchasfewstudieson differentethnicities ho studiesconsid-
ering socioeconomidifferencesandfewstudiesconsideringnore ROIsotherthanhandand
wrist.
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