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JdzNB podn /£ a&aAU0UO0 o2y ®SOONIZNIIEE OLAS/NKF 2 Nvbl YRR A Td (itKKS H

fSENYAY3I NXGSY nodnnam FyR SLROKY naX..éaKAf.S.morwmsS oF GO
Adz2NBE pop [/t aaAU0 a2y SOMNIZNIIEE OLASNF 2/ Nl yWWOR SXFD (KK v
AATSY H YR AyAsalft fSINYyAy3d NYORZdA.DSRMI. .mMkME S (KS
AdzNB podc /1 aaAU00F a2y @ISO NIZNI IEY DIRINTDY WISy §FE RBT KKS an
f SENYAY3 NXGSY nodnnam FyR SLROKY naX..aKAf.S.morwS ofF G0
Adz2NBE podT /£ aaAU0 a2y SO MNIZNITIEE OLASNGF 2/ Nbl yWWOR SXFO (1CKKS v
AATSY H YR SLROKY nnX 6KAES GKS..AyAalf. .. ..ty Ay3a N
JdzNBE poy /flFaairl0laz2y | OO0dzN» O&8 LISNF2NXIFYyOS 2F (G(KS C
AT SY u YR AyAalf fSIENYAYy3I NIGSY ndnamI..avkif S GKS
AdzNB p o / f I WEANBDONIRYOS ODHENG K8 OSyadza 35S oAya /bb

AATSY u YR SLROKY nnx ¢6KAtS GKS..AyAsl.f...L.STNyAy3 N
JdzNBE podmn [/t aaAU0Fa2y | OOdz2NF 08 LISNF2NXIyOS 2F (KS

f SINYAY3I NXGSY noénam yR SLROKY naoX..gaKALS.mMrHpS ol GO
3dzNB podmm 610 Ly GKS G2L) £t SD 02 NYSNE OzeyStdeel Al2yS Y I G N
OAY fFLoStftAydId 660 Ly GKS (2L NARIKG O2NYySNE O2y ¥dz.

O

14



@8SENJ 38 oAy flLoStftAay3aod 600 Ly @K 0292Y3s 02y ¥FdzaA 2
OSyé&adza 38 aAy. L l.0.SE LAY 3D, MTT
CA3IdzNBE podmu ¢l odzZ F SR LINBOA&aA2Y &a02NBa 2F GKS o G LIS
I 3BAyad 91 OK LINBOA&AZ2Y a02NB F2NJ 6KSANI NBaLlSOa @S Of
fSDZ /bb YRBENISAEBKOoMyY I o0SttAyId 00mSILM GEKS @RYI N
froSttAya 600 Ay (GKS og§ad OSPiRNBY.LbhbSY2RFEDSAGK
CAIdzNB pomo /f+F3aaAU0Ia2yR EORUNESOEo ABANFL2DYNI YDRSE® GKS
K&LISNLI NI} YSGSNE® ¢KS LISNF2NXIYyOS RAGSNBYyOSa o0SisSS
G6KS RFEGF AYol fFyOS.. ad.N:.G.538. A4 . QKLYy.dSRD......My N
CAIdzNB pomn /f+F3aaAU0l o2y EONRUNEOEo A NFLDNI YDRSE® GKS
K&LISNLI NI} YSGSNE® ¢KS LISNF2NXI YOS RAGSNBYyOSa o0SisSS
GKS RFGF AYolflydQS. . adNL.GS3e. A4 . 0KLY.ASRD....My M
CA3IdzNBE pomp /f1 aaA00Fea2y | OOdzNI O& LISNF2NXIFyOS 2F GKS
K& LISNLI NI} YSGSNE® ¢KS LISNF2NXI YOS RAGSNBYyOSa o0SisSS
GKS RFGF AYolflydQS. . adNL.GS3e. A4 . 0KLY.ASRD.....MyH
CA3IdzNBE podmc o6F0 Ly GKS (2L tSD O SYyBNEIS2¢9Xxdzafh Ry St & i
RFaANOItLFyOS aGNyGS3ed 600 Ly (GKS (2L NBISKK ©a8Y SN
oAy fFoStftAy3a YR wlkyR2Y h@SNAIYLIEAYyId 600 Ly GKS
F3S 6Ay fFroStfAyI. Ly.R.OdAL2Y. . {.aht9 D M
CA3IdzNB pomt o6F0 Ly GKS (2L £t SD O2NYySNEF NI b6aS I s BR LINSE
YR y2 RIFEGFE AYoltlyOS adaNridS3eed 6060 Ly GKS (2L NRII
GAGRSMMNI 1 AS o0AYy | OSNHARYII A WRE wd JR2LYY hiBKS 062g2Y3>
2F /' bb Y2RSt gA0GK OSyadza | 3S..0Ay. . LLoStLAY.IylpyR Odza

w
QX

n

<

CA3IdzNBE pomy ! o5 altAaSyoOe YILI ONBIGSR FTNRY..GOKSp TSI G dzN
CAIdzNBE codm [/t aaAU0Faz2y I O00dzNF O& LIS'NFEANKMEYY RS LAK 2FE MG

¢KS LISNF2NXYIFYyOS RAGSNBYyOSa 6SNB (N} O{SR & ydzyo SNJ ;
GSATKE GSNB..LR2AZALSR D e eee e MdC
CAIdzNB coH [/t 28aAU00Fa2y | OOdzNI O& LISNF2NXI yOS 2F aSE C
CKS LISNF2NXYIFYyOS RAGSNBYOSa 46SNB (NI O{SR & ydzyoSNJ :
GSATKEG GSNB..LR2AZALSR D e eee e MdT
CAIdzNBE cdo [/t aaArUl0laz2y I O0OdNF O LISNF2NXIyOS 2F aSE C
CKS LISNF2NXYIFYyOS RAGSNBYOSa 6SNB (NI O{SR & ydzyoSNJ :
GSATKE HSNB..LR2AZEALSR Do My
CAIdzNB con /1 adaAU0U0Fe2y | OOdzN} O& LISNF2NXIyOS 2F &4SE C
¢CKS LISNF2NXIFYyOS RAGSNBYOSad 6SNB (NI O{SR & ydzyo SNJ :
GSATKE HSNB..LR2AZEA LGSR D e M b

15



CAIdzNB cop /2y FdzaA2y YIYieNRSE 272 NI KiSS b6 SGif il SLASANTFCRI NaY2AyYsa  (KC
gla noycmI (GKS LINBOA&aA2Y &a02NB 2F (GKAa Y2RSt gFa n

GKS CM 802 NEB...0L.A. . LBY Il H. Do HAn
CAIdzNBE cdc t NBOAAA2Y a02NB (Fo6ftS 2F GKS o0Said LISNF2NYA
LINBOAAAZY 02NBa& ¢6SNB nodypyoc YR ndyc.amp.HMBELISOs @

CAIdzNB codt /fFaaAaU0laz2y | OOdz2Ny O LISNF2NXIFyOS 2F G(KS a
KeLISNLI N} YSGSNES® ¢KS LISNF2NXYIFyOS RAGSNBYyOSa 06SiGsSS,
GKS RFGF AYolflyOQS. . adNLiGS3e. . A4. . 0KLY.ASRO.....HA0

CA3IdzNB coy /2y FdzaAz2y YIFIGNRE 2F GKS wC Y2RSt ¥F¥2NJ aSE C
2F (GKAA&a Y2RSt ¢6la noy¥2RSEKS I BIINBOVEZMEY (KS2WNE 02T i &
neyno FyR GKS .Cm..a02NE. .. 4L.&. . 00y p.H.Do e, HAN

CAIdzNBE cop t NEOAaAA2Yy aO02NB GFofS 2F wC Y2RSft F2NJ oAzt
LINBOA&aA2Yy &a02NBa 6SNB ndycmom FYR ndyTHy.o.HNMBpaLISOs G

CA3IdzNBE comn ! o5 LI 204 2F FSIFGdzZNBE AYLRNIIFYyOS @I tdzSa TN
wlkyR2Y h@SNEF YL Ay3 | LI ASRZ..4KS...LX.20.. . aSNBSH | a |

CAIdzNBE tom !y AffdzaliN}eo@S RAFINIY 2F K2g¢ | 3IS O
0N} yarszya FNRY 3Jf.l.ai.02E..02..0fL.0)%.02ED. ... HM

16



Liscflabl es

¢lotS nom 9EIYLI S& 2F tS3Hf AaadzsSa I y.R..GKSANIplyadaz2 OA

¢-ofS odm ¢l odzZ F iSR OSNEAZ2Y 2F (G(KS AyOtdzaiazy | yR SEOf
bl { NB&SIFNDOK aAdS..E2NLNBL.dzS4.40...2.F. REOL.ASG. Ry ™

¢ofS odn 138 YR ASE RAAGNROdze2y 2F K NI/GAMY &R g BKS

(@]}
w
g @
8
&
<,

¢l P8y § 36 HF SIKyAOAGe RAAGNRARGdze.2Y.. 2F. . 0KS..bymt RIFGLI

¢ 6fS odn LYRSHISY¥RSYE KBESLRSaAGMAOdzea2y 0SGsSSyntylt RI

¢l ofS ofdpAG@Yyyy | (GSad 2F 3S RAAGNAOdze2y 06SG6SSy Uyl ft
...................................................................................................................................................... Mnp

¢ ofS odc LYRSHISHFRSYTE SlGNKYASAI® RA&AINAROdzm2Yy 0SG6SSy !

t 2Lz Fo2ys FyR Uyrf REFEGEESE..LyR..OV.ILLY.R. LofmpzfSa |
¢l 6f S Holiddel NEKAG Sad 2F 4SE RAAGNROdze2y 0S8SiG6SSy GKS Uyl ¢

RFGF&ASG yYyR 9y3ftl yR..LY.R...2LESA. .. LR LZ. La2y.d...mnc
¢rofS nom 5SUyAs2yad 2F. .YLOKAY.S..L.SLENYAY.I..LLNLRAEAY & O
¢l oftS non 5Aa0GNROGdzeaz2zy 2F | 3S INBdzLA..LY.R.ASE. .MM {GNI AYA
¢l oftS noo ! IS RISH NS I (ASY. D AGEY MY T DPH. LT MM ]
¢l oftS non ! 3S RSH NS f (IS, D AGEY MY T PMIT .o MH N
¢lotS nop 138 t1Fo6StftAy3d dAAY.I. L. Y2RAUSR. hb{. . . O8Syadza | 3
¢lroftS noc al OKAYS tSFNYyAy3 FftI2NAGKYZ REOGL..EwwSEtAy3
¢l ofS nodt bdzyo SNS I2ND AT S LdE ASyaa AoySTH2ANE | YR L.DSNmSkOK RI
¢FrofS naoy bdzyo SNS I2ZND A3 & L& ASyaa Ao/ ST™M2INE YR L.DSNMS OK RI i
¢FrofS nod bdzYoSNI 2F al YLX S& Ay OSyadza .L.3S..0Aym@n 0 ST2NE
¢lroftS nomn S5FGF f1ro0SttAy3a aGNFGS3es KeLISNLI NFY YSGSNI LIS
dzZA SR F2NJ 5¢ .Y 2RSE...0.888.Y 3D e M H
¢rofS nomm S5FGF fFroSttAy3a aGNFdIS3Ies KELISNLI N YSGSNI LIS
dzZA SR F2NJ WC . X2 RS £ ..0.5808.0 3 Qe mMnT

¢lroftS pom al OKAYS tSPRBYAYYIAI BHANKESRAY S I . RRIUKE LBANLI NI Y S
¢roftS ponw S51FGF tFroSttAy3I adNriGS3esxs KELISNLI NI YSGESNI LISN
dzA SR F2NJ / bb..Y2RS{. . .0S2.0.Y. 3D e MT Y

¢lroftS com /ftlada RA&AGNAOdzm2Y I DSNI GKS f L.o.Sf.f.Ando ad NI GS

¢roftS con al OKAYS fSINYyAYy3I FEI2NRAGKYY REGL..IMpESE Ay

¢ 6fS cdPo bdzYoSNI 2F &l YLX Sa Ay SIHOK oArAz2ft23A0kAn aSE Of

¢lotS con 5FGlF tFoSttAy3a &AGNFGS3es KeLISNLI NF YSGSNI LISN
dza SR F2NJ WC . Y2 RS f..0.8S88.Y 3D H N H

17



Chaptkentdoducti on

The athhmhmedearch is to explore the use of med]
to addreedhovdolicgisamemsdh as method subjectivity
modern popul athansc e asieyl sf orensi c anthropo
extension forensic science. While the use of
not novel, even in the field of forensic ant
t he acquarredv dldthlhesgi ssent §rampewr proecrespi e@g
healthcare data in foanmhsecnant Weorppbpbpgrppal
the processed healt hafar edirdeanas i iomat he magemf i

machine | earning algorithms.
1. Dvervi ew

Forensic scienceemde atwoleurcshci eon t f i locurtiemse t ow
reconstcmicmiinoad,s t i agnadt itohnes ,d e | i(vheurnya noi ft g ruisatni cces
i nvestigations .Time napplriad aestdletait chess)ct pl i nary f
igast and wiidne irtesa cfhpComdjdcya tainadn Cobb 2004 ; Men
200.6However, published I|iterature and key go
concerns and criticisms with regard to the
underpinning the methoes$) abnditignipactdsnmabut gdge

( Nati onal Research Council (U. S.) 20009; Lav
Claire and Surkovic 2015 a; President 6s Cou
Technol ogy 2016 HoudbdeobcbLatday28U®)youndi ng
reliability and wvalidity of evi deesntcaeb | ¢ s lhle @
met hods have been i ndrhea iurbdilitye mdaidsucques rsveiidtc hi Ina
focus eri $hieng evideh€Chnrniryt esnsaend a2 @G4 ; Gri v,
2008; Christensen andirh€r anedeéhrod @D O §) e s us e
ant hhropology and other identification scien

Nati onal Academy of Science (2009) and Presi
and Technology (2016) r epcerrti  ntcoe hbaen dr esluibg retc t.
concerns have |l ed t oi meerceogeriemgy a eiwemns vaf i da
studdesvel opigmg ous am@e@amadhici bl e i metorpdg,atam
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emer ging technol ogtioe sd eavnedd biprsrao veavtiitiloern c eno b a s e

transparent inferences and evaluative interp

Establishing thef btitvd ojescehdhseqpd ofadi €i onal t as
ant hr opoUglisskter Th@l &)onstruction oaofc htiteev eglr o1
through estimation(metdodscehtlanclkesowy as po
semag-atdeathd stature. Estimation methods can
and metric Mpppbatbgs calmet hhomdmetrralcy) on t h
assessment of specific skeletal featur es, w
based on predefined c | asbsieos|l cageisceasli aapvdewtt he
age grfM@Bumoks and Suchey 1990; Hefner 2009; K
Wher eas metric met hods rely on measur ement
anatomy or between skeletal traits, which ar
estimations of stat(uimreo,t teex,190; avpesdl gy

Spradley RO1Aps been shown that estimati on

met hods based on visual assessments of mor p
specialised expertise, annd tlhiemirt eidh Doeyr cmoggana tt i
et 2al10.8; Nakhaei zadeh, Dror and Morgan.2014;
Il n response to t hebseeearnhi n drt npguabs e tshheerde shtausdi e s
on calibranommetexi cte tlgi mati on (Memnlydhes caf 29d
Lotteri 22913 ; &amaeRs 2a0l 1. 7 ; Keat h2alf1c7z; Kl al es a
Cole 20TI7aditional approaches to estimati on
have typically involved the physical examina
i nvol vi ng mearie asl htahwadmgging i s possi ble to repl
ant hropol ogy methods using di Rambt @@lt al .i n

2010; SlicHewntdt A ARQgéee; Blaszkowska, Flavel a
et 2a012.0)

Approachsesnfyjodi gi t al data have been taken ev
in machine | earning studies in forensic an
generate classification al glodeiftnhemns afnodr Qaunscl eesy
Santos, Guyomarcd6bh and Bruzek 2014, Ni ki ta
2020; Tanzal;etCRM2.2; Joshi an.d Whihtamrarne i2t0 2 3

published I|iterature has shown that It S
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artificial intelligence approaches in age
estimation/ classification (reddegtl sa0RDi; ngKIl md kis
2020a; Nikita andtN2al2.0 asSRI0OROs ®Omd i Hetner 2
al2021; d&thazad21; Teotn @adl@,1 )t he r ecent expansi or
studies has pri marbillayc kih bbgooxs € t hme w®8schgas r al
neural networks, and support vector machine

presented in isolaibsacmal Teragef droe,e xtpHh eorree t |
interpretable or explainable machine | earnin
forensic science, forensi c iamttehlrlaipgod notgeg,hi @xp
l earni ng, using datasets RBdotiemhgiénm dme chi cUxXK

popul.ati on

1. 2i m and Research Questions

Thai mtoafi s it $nakftascet ed; t he ceampriire@dc@d o rweosr kt h €
possibility of wusing machine | earning in for
bi ol ogical sex estimation. It seeks to expl
forensic aomahr ommgpdhoeggh medi cal i mages. The
from the empBarircelxpwwtries the use of medi c a
computed tomography (CT) data, in forensic a
contei batthe grwswiwigy tturadnndasnt hr opol ogy and 3
alongside advanciutd tasc maaclho qnieed e art il hg gama ¢
The machine | earning modelex anivred owleat hweirl | s |
features fr om-ddTmednastiao n anl tfhirleee f or mat s can ac
sex classifications.

The following research questions were for med

1.Are the medical i mages extracted from h

forensic ant hr opotlhoeg ya p slpmeace hfiimcea | Id éya rfnoirn g

2.Can the extracted CT data of the pelvis &

i n tchirmensi onal machine | earning?
3.Can the skeletal features in the CT dat a
model s for biological profile parameter e
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Il n order to address thescaekbeadahageeswasnacoc
sever al machine | earning studies wesrcealdkesi g

dat aset was used to desigmr,ocekeswealngp,pigred i n

providedcesbarnwefile types for machine | ear
(research question 1). Research question 2 a
artificial intelligence studies on age and

types of amarcihn gvoeall geotrhietshemesk.s Tthoi scontri but e t
knowl edgeobpbel ¢gi c alasrealn mesttriintat i on met hods
and explore alternative approaches through
medi cal i maging and computer science to mini
can be reliably used as a fvadriidme viigdenrcset rbulacs
met hodol ogy devel oped from this study coul d

CT data and virteabi 8Dambtdebpologyor
1. 3hesis Structure

Thithhesssr usdasurfeal | ows

Chapter 2 is an extensive review of the avai
covered in the research. pgrhevipde ptolsee mdc e hs &1

and knowledge to identify and justify the gez¢

t his t hesi s. The resear ch rmuletsiechitsedi pi nnatr
i nterdi samidp Itihrearmya,i n di sci plines that form ¢t
addr esfsheed .f i r st part of the | iterature revi
science and discusses the issues and scrut.i
bet ween forensic science and | aw, and the c
second part of t he l i terature review cover
speciyfitcel Ibi ol ddii csa lf odrl oofwielde .by a detail ed i
concepts of 6éaged in medicolegal contexts an
conducted. The final part of the |iterature
i maging, virtual anthropology, and machine |
research at the intersection of the three f|

with regard to transparency and explainabili
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Chapter 3 di scusses t he material s, afts re

acqui.sifthiom chapter also presents a pipeline
for pproeessing healthcare dat a. Thes oqurpced i ne
resources and principles. Each section of th

t heiercidpc functions with regard to processi
designed to generate and transform medical

machi menmilnegga and 3D model |l ing in forensic anth
3D forensic science. In the context of the p
a relevant file format for the planned machi

addssing research question 1.

Chaptaeddrdesses resear ch qgpureessteinotnss t2h ea nfdi r3s,t at
| earning studies coDedcuctieod ftareet mind trlmensgdioan f
weruessed to explore age <cl assi fiitchae ivbmxadlhr eug
approach. Thi ssomh dapteerf efacabsd ity of wusing i

3D machine | earning. Both studies are prese
studies indicated that the algorithms chose
voxfedat ure appr otacal,s dh oumecveerer ad potenti al [
Chapter 5 presents the third machine | earni
study focused on applying convolutional neur
age estimation in forensic anthropology. The

f eaet urppr oach for age classification using a

the feasibility of the algorithm and any ¢
accuracy compared to the previous two studi
chapteirderfowrther insights into the d&dtuad ets
presented in Chapter 4.

Chapter 6 presents the fourth machine | earni

a
study focuses on Ae@Raltywireg atplpe o avwx e lon t o
classification using the random forest algor
t he

of the IdOhrmiughti omrs by the dataset. The find

fidadiyb of t he neews tapnpartoiaocnh aonnd sdeexv el op ar

Chapters 4 and 5 contribute to addressing re
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Chapter 7 dr aws on the findings of the fo

overarching discussion. This chappgreac esseisregnt
pipeline and its potenti al contributions to
antolprol ogy. The study results with regard to
ant hropol ogy, and forensic science are pres:t

t he tofdde bet ween accuracy and algorithmic
di scubsipngs attention to the ambiguity in th
science with regard to machine | earning and

of the thesis and future directions and pote

Chapter 8 presents the findings of each chap
This chapter concludes that alternate appr oas
i s possible in forensic anthropology.thFeurthe
studies conducted, there are considerations
forensic science that needs to be addressed
become routine in this domain.

1. Addi tCommmalder ati ons

Chapter &rtandofp t re vifiowertalhius et hesi s have p
publ i shpdeli nrevi ésewe j Appamrldn xaddi.ti onggeChapt ¢
classification using decision trelasainfdi ¢ atnic
using convolutional neur al net wor k), and Ch;

random forest) are current(seypAp me mpdiexp ak)a.t i on
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Chaptbkerté@rature Review

2. Forensic Science

Forensic scmuelnciediisdcoimpaliinnawhyer e a br oad rangc¢
stakehol ders, and practitioners of wvarying e
to deliver valuable and complex | ffMormgatni on
2019; Weyer mann .anldt Rhax R&ndn)defined as a
scientific techniques used thtosapgomhaa)ecriing
its devel opment as a scientific discipline
sci emKier k. 1Bl6®@8voeleat er publicathass hagtl!l i ghe
t he debwhtad emactly forensic science shoul d ¢k
applied science, a profess{(bocamada B9ZWm; | kKictt
nman and Rudin 2000, 2002; Nati onakt Rasear
01.0)With the range of definitions in mind,

o N

verything that has been proffered in |Iitera

—

heir methods for the resolution ofCdddput e:
and Cobb 2004; MennelBly armd sSdew indG6G)on, f or e

i mportant amoievghivedcantthe detection, inve
crimBMennel | and Shaw 2006, Ri b.auxs aannd iTran @to
mul ti di sfciieplld nafrystudy and application intei
reliability, robustness and transparency of

of par amount( Mompgoarnt.a2ndckeb@a gh f orensi c science
a multitude of fields and disciplines, Pt
scientific met hodol ogi es and techniques to
operates within an uncerboamantandheceut egaki
structures I ntersect, it mu st constantly

met hodol ogies from the witdecascma®ihe i duti on mm

j usti ce( Waylsptoernm |, Craig, Claire and Surkovic
2.11 §sues and Scrutiny

Scrutiny of forensic science is not a recent

to underpinneéeealpuatiate onlfhecamOnhieogeagn oif n Cr i n

(Kirk peéa)d over half a century ago. The <co
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his monography continues to remaifhheelavlanof
probability consideration and bias mitigatiao
evaluation and communication have risen to
communTlihtey.cal I s f or urgent devel opment st eac
contention over the year o ftared adeu eylsa pe d hiamtdc
interpretatifoonr emfsi da®shke eHoese of Commons St
Technol ogy Commi ttee 2005; Nati onal Researt
Commi ssion 2011; Presidentds Council of Advi

The House of Lords Science and Technology Se

Thedeespcr uti ny isreietmiyntgelldlye Nati onal Academy of
the Unitd@2O0Opmaabed toupg odtl odvi es and reports |
Commi s2@,h1) he Government Chief Scientific A
(Wal port, Craig, Cl a,i rteh ea nRIr eSsuir keorvti &cs 2@olubrac) i
Science and Tech(@aDpgyHotuls@A Solff) Gaommmmcse and
TechnoComgmi t(t2d0eledbnd MHbhes eL oorf@si ence and Techn
Commiet (t 201199 examine forensiicngasciréemscse.anthe

recommendcdatvieongdenti fied the need to fortify

standards and processes primarily through gt
(Kirk 1963; De Forest 1999; Nati onal Resear
Counci l (U.S.) and National Research Counci l

Commi ssi on 20eltl 200lMhpoRDOox, Crispino and Ri ba

Tal bot Wright 2014; Walport, Craig, Claire a
Advisors on Science and Technology 2016; T U
Pietro, Kammrath and Dren Faomrd sRo w2xD 6200a2d1Ne ¥ e o ma
guality Ssystems and procedures, academic (

strengthening of evidence bases for Oevaluat
research culture can be devel oped Mniotabkiinn t he
al2.011; Morgan 2017a,ThRée&rlgbg!l iTadilryg 2f0dBgnsi c
anmul ti di sdcoinpalwihn &athy adapts existing and emer
higqual ity standards for the detection of ev
science for evanenee albnmnatl ye & Riomtxer pOre tsaptiinoon
Ri baux 2012; De Kinder and Pir®e 2026; i Roux
currently stands, the published reports ha:
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consistrehcydmndi tsyec,i enti fi c many dahtftei o me tbheohdisn,
standards, and techniquwdgitlsgetr atoi eesi dheciece
and shortcomings were confirneDd otrhr oChgahr | & voan
P®r on 2006; Koehler 2008; Chisum and Turvey
201dpd it is increawheargd yexgeretpiteaed armdatexper
upon for the ophobdbrabadadlcwatainaui dent i al mater i

DNA profile ionmengpiretandmdoepoliggypr itnhte raen ailsy

vul nerabi l iitny ctoon c¢l@uhsriacsntse nsen and Crowder 20
2010; Busey and Dror 2011, NakhaeTlzadessudr
met hods that are inherently subjective was &
of Science (2009) and PCAST (2016) reports
met hods used in forensic identification sc
analysis and tool mar k i dentification are in
(National Research Council (U.S.) 2009; Pr es

and Technol ogy 2016)
2. 1F8rensic Science and Law

The concerns highlfiigmdiedgshyf rpaurth | it bdweidrriiegs ci
forensic science methods are not unfounded,
show theate is wvariability (HKoeehvlalrua20d¥ve; ikKd
Mnookin and.ISma kad WVer2s3ar i al | aw systems, it
the forensicieowperbvwidenesgsi able evidence an
pro

to deliver and deltheommismoen &£ 0vMdr diLdtgert wood a

cedures so that the trier of fact i s abl e

Evett .20h5)ourt systems where the reliabildi
vital Il mportance, gui delines and standards
l andmar k c o(uRrotl amas els9 97 ;. Krahneg D2alulb8e)r t stand
established following the ruling of United
Merrell Dow PhanMm®®8Jhecaluspobecof the stanodo
trial judge to assess whether the methodol o
evidence is valid through a series of admis:
Daubert standard e xa nd enpeesn dtatbe | sty ermtnidf isi gn
techniqgues and theories in question, requi ri
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verifiabéei,epweey published with known error
the relevant sc(DeabeftcvcoMenumelly DdAdwOBhHhar ma

The evidentiary standard in the American col
additional | andmar k cases,( 1®@e@nrel uanhh oE | Teicrter i Go
V. Carmichdael ,f ofIn9xh)e Daubert trilogy, codi
Evidence 702. This set of standards all ows

prevent evidence that are deernéd iivimad rmingds iKlolr
200.8)Whil e Daubert trilogy has introduced a
admi ssibility standards which has been advo
scrutBemrynstein and lamesbmava2084pnted that the
effect on expert testi moni es, where studie
di smi ssed by( Heainngzleer Ifilnagyvs2 00 6 ; Kelly 2006; B
As a result of debateiandheéeoWhi tednlBpaess i
adapted or partially addMpeéeédet heKiDalipatti ctk
201.8)

The aforementioned series of evidentiary gL
system is not practised nor present in Engl
Procedure Rules9?20146] R2©0044B8B3610 present t he
evidenctehewimahin objective of the various par
findings submitted by the expert must be unt
expertijsuestanfd ed through the expertodés qualif
| egal pysctem a heavy emphasis on the exper
accreditation of <cri mer dlaibalfibleiottryyi eer anseteadr
whi ch t huet idxipseer t eporting thdRf.i vdWed¢$ dahndc280d
6l assejgufiacreb approach to admissibility of
Wal es has been highlighted by the Law Commi s
t hat too much expert evidence i éWhaanti ¢ t add w
Jamieson 2009; Law Commi ssion 2011.; 1Cd Becraine nb,e
seen that despite justice sysgemsémbpsts e&0O6f

admi ssibilityhef aewihdsdniobei gehs regabusttmess o

(7))

eval

c

ative isntaemrdmif edts@toi$o tmestchioednsc raed it ag
i nherent thresholds to risk and lutncleas at héeyce
been recombymemgodecr nment akseaptehhats tamedr e s houl
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financi al i nve etvimemwte di wtad i plaednn on studies, de
and robust met hods and techniqgques that h a\
(Presidentds Council of Advisors on Science
201.9)The additional funding, alongside the de¢
woul d generate a competitive research envirc
be able to offer valwuable empirical data t
i nt eripornest aathd gener at ¢ Theveélbusechbhi oemsnons S
Technol ogy Committee 2005; National Research
Presidentdos Counci l of Advisors on Science
2017b; House of Lords 2019)

2. 1CBi me Reconstructi on

Il n | ight of the signifi ccamncedissé oseinNemncsseil
many have identified the need to shift the
forensic science to a mortephiappRopiihc &€r i a pd

and Ribaux 2012; Morogenr2@bdbnhna}lruction is a

aims to develop, discriminate, and refute hy
(e. g. evidence), and i ndi vidual s (e. g. Vic
evidence and experstiannag fimamviimdstail tsutuindn | t h

surrounding the cr(iCimné same adedt aumivegd 2011; R
Wr i ght 2014t XHMb2@)anmherefor e, it i's an intri
requires a holistic understanding of the ecc
i f Mor @gan2a020)As f or enssiitcs hsecti iemtceer secti on of
policy and (Morgdmga0biloa, 2017b; The House
Technol ogy Select, Cumapiltatyeea 29 kjliteanttir a Ime

reconstrudotiobher effective insights for crim
ecosystem must be condiedBRMmBbd daksy ed wtpleidn eéody dWo r
(2017a). This conceptual framework initially
holistic approach which highlights four core
evidence base, the interactamnh eoXpadrtlif e eaan d
deci si on( Markg anrg,. 2Mhlefsag f our components are
integrated approach to form the forensic sci
( Mor g n2a012.0)
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The forensic science process (FSP) is a mult
rel ated t o cri me, expertise and evidence

understanding of the events thdqtlaommiewsrome ® 0f0rt
Margot 2011; Roux, Crispino aMul tRiigblasiixo n2sO 102f;
the FSP have been tihpurbd ti esdh etdhl rnonbgahr caunta r &R.u d i n

200p2r esented the six concepts they considere

evidence and forensic science: divisible
i ndividualization, association, and reconst
el aborated @wpomnhy2BMdn) have since been modi
core tenets of physical trace evidence. The
(2007) <critically challenged the concept of
the I nman and Rudin momeWwornRONYyou iTMde L2IOO 7a
as many relevant and independent techniqgues
of associating and matchi ng( Morldearctaendd sBurpll e
The core tenets of this framework initially
extended to most if not al/l aspects of fore
across scientific disciplines. The teerceets ar
and tenacity, coll ection, anal ysi s (i dent i f
( Morgan and Brluhlels e2 0t0e7n)et s , much | i ke the six
depend upon each ot her t o effectively ach

interpretations of evi de(nvoer giam2abl 0.9 Fisn acl liyn v ¢

the 2017 FORTE model , the process is conde]
segment s; cri me scene, analysis, (Motgampyf et
2017a)lfhese concepts, segments and tenets pre
interpreted as the essential el ements of the
in the framewdrhiepgaabbfslik&d®P liinterature, t he f u
analysis/identification, i Aptreerspernett atth roonu gahnodu
iter gt inonmn and Rudin 2002, Mor gan .anfheBul |
continued presence of t hese concepts acr os
significance in the FSP as It enabl es the
pertaining to the forensic investigation ai
est abhe smedaning behind each el ement i n ques
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(' nman and Rudin 2002; Jamieson 2008; Ri bau
2017a)

Crime reconstruction and expertise

As menti onthllleSPb oivse, supported by three other

FORTE model that is the forensic contributio
bet ween expertise and evidence is also a cha
( Mor g&an2a0l2.0)Cr i me, no matter how similiar the
uni que to each event. Therefore, the recons
uni qu@hi sum. 2D086)addi tion to this, evidence,
evi dence viasr i laiMplelgyan . 2 Evia)ence may rniostt i mrees
conditions, adding another |l ayer of compl ex
need to be made during t(hMo rsgtangadl&.0 ) Toau nfdu ri tnh &
this poiatrossutioesmasve sitavwmctehat the nonid

evidence arnedc cavnearl yy 3 gtshve t ihmpagni of ve bi ases caeé
objectivity and tchaemd er ¢piokft isdvi (@dPeinecse | @har |l t on
P®ron 2006; Dror and Cole 2010; Dror and Ham
Dror and Kukucka 2013; Nakhaei zadate h2ad 1LO0r;or a
Cooper and Met@hkoeblD&®)s wofrexpgmtiits v,e dX @esre
and eviichgareaerien athen&SP along with the wvald.i
techniques across di sciplind® Dl iswueh 263Trfioale
forensSiumde and ,Dfomg20p%)Sntevamalgesiand, Benne

bl ood patt mMmayehiodalilf. 6 s De For est, Pizzpla an
toxi coHoamyett and Dbraonrdw2020)ng (daetrnathtla)t i on s
forensic 606CGbneatmPalblg, PNA Jeanguenat , Budowl e an
and forensic(MHakhaeponhogl, Dror and Mmstrgan 2
al2z0l8@pal yhsaevse been <called into questi.on 1in
Al t hough forensic science in terms of postco

rol € hewner bfivr mngf uctioncasesa(vBo nv e nt stediehdve algo
highlighted the misapplication of forensic science (among many other causes) to be
of a contributing factor to wrongful convictioncases( LaPorte 2018; I nnoce
2 0 2.49r example, researchinmi s | e a dénnegn uesafe ruling in England and

Wales between 2010-2016 showed 218 unsafe rulings containing 235 cases of

30



misleading evidence during the 7 year time period ( Sne tt 2a0l1,6 howi ng a nee
f oimproving the understanding of uncertainties involved in assessing the relevance,

probative value, and validity of individual evidence types.

|l ndeend¢certainty is entrenched in every stac

~

process inherently involves reconstructing

judicial ( pamrpmiseand Bi.edEémmannhai2®tliSgs are pr

step of the FSP and the interaction between
making carried out( Moyghoma2®léaperiSmst, Mor ga
2018; Georgiou, Mor gwint hantdh eF rceanlclhs 2f002r0O )t r an s |
science, there have been different approach

uncertainphas@e@tdeapproach devel oped by Ear wak
examines human decision making on a holistic
t he uvaecdcrri sk at each phase ¢&mar lwak e2b0f2e0c)t i v el
Bayesian network approaches show significant

bet ween el ements whmem(uraddrotldinmt yanids Tar oni :

Nei | and Lagnaato 200.163; Mbmigtan 2012@1.8)fBayyl or
understanding and clarifying its effects thi
t heor em, ucnacne rbteaiinntcyor por at eadn di ntthoe adn fd walewna
ont he inferences and scientific processes at
be cons(iBlieerdeedr mann 2015; Taroni and Bieder mal
To support the two interactions with evidenc
reconstruction and address the calls raised

t hat can generate r o(bNastti camadl vRad s eda rmceht h®aodusn ¢
Mnoolkitn2a0l1.1; Tully 2018; The House of Lords

Commi ttee RIWA&9evidence base component of FS
robust evidence base is needed to support

recovered, analysed, i(mMtoergmmet2dd,gagdrnmd cdwaltua
in this area has been mhninguhabli ghs$ied megta gtroro
addrEebBwsl ly 2015, 2017, 20IBe 2O0th6ep2OBOhi AA2T
base is to use it to inform the interpreta
sciemMergan .20X7bi)s therefore necessary to I

knowl edge from the parent disciplines that
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decision making and experti s¢g Moa gcarne a&t0eh @b )r o
establishment of an evidence base is cruci al
communi cate that research and experimentatio
cont ext to provide a scientific unddedmomitnnin
crime recdqrMotrrginac2adl 2)

To do this, specific data relevant to crim
analysed to produce robust variants of exi s
evidence base so that the holistic framewor
endl esstlggbTad.adpat e, t hmetmMmagds ivtyedfin forensi
are developed from documented historical ske
may no |l onger be representa(iCaepar acthhoe, cAu r
Cardoso and UbeDakprteoth)s, hi storical col |
the devel opment of gener alCiasmlalnea cthiog o rAil ez sa I
and Ubel akerThz02hper e exists an opportuni t:

documented physical and/or virtual collectio
new approaches in forensic anthropology with
Currently, there are initiatives to incorpor

big data, machine | earni hgr easd dalLeetfi Bvircee a2l0 1i&
Carrigtui2alyl.9 )Advanced | earning algorithms cou
way evidence is identified and analysed thr
(Carrequz2atdiFiel ds Suahaasns anal ysi s, foot we
pattern analysis,ambhdr &©OMNAI canahtgke cpdhloovgy t h:

emerging and advanced technologies are curr

utility forming forensic concl us( ©arsr emtpui ri ynf
al2.019; Liu 20400 ;2a0RRa80ma dPe hseatn 2adIR.®r, cejR i 2hCh2.0 )
I n the example of forensic anthropology, | €

appropriate database and transparent model |
some of the | imitations highlightedainmd term

serve as robust evidence base for evaluati ve
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2. Forensic Anthropol ogy

Forensic ant hr ofpaod eotgeyd ifsi eal dnusltteemmi ng fr om t
bi ol ocagnitcharlo f Byegyg. 210t16i)s t he practical appl i
ant hropol ogical knowlrerapgpeahnobaahhleysesovlelet
(Stewart 1979; Frost 1990, 1990; FoGdambt i der
and Robertsadaddzl)onally it is applied to aid
and civil( Galplaaw &1596.9 ; Roberts-Gmnandt MB0 J2ezBI
201.8)Due to i1 ts mul t ifdoirsecnispilci naanrayhm rroapt ouhrogg,ly i teld

various contexts ranging from historical cas
hi storical figures sucbhMapsl etsheanldn cBarrioovand mau
medi col egédlChissuessen, Passal acqua and Bart
Pilloud and Congr aemt 2021 )N dHumgahsess @vesmtss er

(Christensen, Passal acqua aentd 2BdOt)eht okal20ad
ot her(wMS8req@reaznt .2 R18)hough the field can be art
variety of contexts, one of its central rol e
as possible from the remains such that t he
(Dirkemtaazn0Q8; Roberts-Gaadt M804ez Bl ack 2018
Shaml ou and Kundkldee2d0l®wor | dwi de associati on
Board of Forensic Anthropology, the British
the Forensic Anthropology Society of Europe,
field and accredl aldon @ane fumathef orensic ant h

identification and- i peeapd-mtpomtséd mn mo d i faind st i
seriously decomposed, burnt, fragmented or d
(American Board of Forensic Anthropology; Fo

The British Association fTdhrerkdroeresi d oAretnhsri ar
plays an i mportant part in forensic science
analysis, and interpretat{(&hepfngekng@a@fo6skaoi
al2.008; Reineke, Soler and Beatrice 2023; Ube

I n forensic ,feocemstircuatsiadheopoi mgrskty asked t

towardg etbeewrdy positive identification of
(Kl epinger 2006 ;. PCatstidnee 2@EN)X I fication [
constructing a biological profile or osteobi
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skel et al mor phol ogy met(h®alse uoenr s2k0ell 2e;t a3t eraedm
Roberts andr M8t qrOA 2-Gr MBtr a2 6125, Ubel aker, $
Kunkl e.™®19r)ol e of the forensic anthropol og

bi ol ogi cal profile and assessing the characH
past sever(aWe dectatd dx0ilt8i)ati ves i n forensic an
thirty years have |l ed to a new focus -for de

mortem (B enmoals 2@172011C8)phdhomic pNawessks
2016 ; Pokines, LOAbRRéfantd SyméEEIAIOI2H dhrami n s
2015; Cal mon Silva, Cunha and Viaemidr satuames 3
apply existing estimati on t ¢eEbndgbesdetro 20
Schmeéet 2g0lI1.6; Ubel aker 2018; Ubel aker, Shaml

2.2BiLol ogi cal Profile and Osteobiography

The traditional t ask of the forensic ant hr
reconstruction ofi at htee rons tcedanluileodgartegp hSya uTlh i (s1 9 8
term in now more condmomllog ikdnaolawmp raosfdtliee dual 6

can be reconstructed through t he: anogmpriy at i c
(popul atipnsakgdmagteyr, ,mdtah wlregy, and trauma
the presentandd ruenmagunes i derftSicthheiurg RODL2uyr eCsun |
Cattaneo 200e6t; 22D00Bk m&atadman 2009; Di rkmaat
M8r qiGe ant 2012; Ubel aker, S.hFaom| otuh ea nsdc oKpuen kd
thedsihs s section widdgetiealibBeoassermbhpdof the
profile of human remai filke imr ocessi tailadeels prn
investigations of mi ssing persons, as wel |l

mass disasters and méd§8r gQreagnet eaxncda vRaa b domtss 2

skel et al remains obtained are wusually of unl
whet her the remains in -qumdMaghuadeahdm&orgr
The process of constructing the biological p

i s basadvamiety of factors such as bones r

process, and quality of ($tsojparecwes kia,t i 9ai der
Doran 2002t EDla& k| Poki nes alnhde Beasktearb |12 0szhle)d b
profile can facilitate the comparison of ant
positive idendehicéaiicani omhis confirmed whe!l
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with the antemortem infor(ndaet i @ae d 2.08)h eni ssi r

parameters of the biological profile are de
nonmetric methodgq SamrdvatechlH®iT®ue Kkcan, Lot h
Love¢toylad85b; dvie iladdIl5 ; Brooks and Suchey 199
Chamberl ain 2002; Jantz and Ousley 2005; AIlD
2008; Hefner 20009; Kl al es, Ousl ey and Vol l
Christensen, Passal acgbar andeBhasel dreka@6189c

met hhdhye come unflaci sgruncngasing critique

invol ved in some of t he(l Nnaekthhaoed ozlaodgeihc,a IDrporro cae
2014, Lesciotto 2015, Sauerwein 2018; Har t |
Nakhaei zadeh and MRanhdioc 2@&t3hods of bi ol ogic
involve the direct (MeprsadleaneB &l M a bwmement s
typically Jlinear di stances between bone | ar
statistical met hods such as | ogistic regres:s

sex and ances(tantestamhtOQussnl ey 2005; Spradl e
Abdel état2a0hl 4 ; Ber@l aa n2l0 1T4aa ; Gul han, Harri so

Liebenihe®gndLStull 2015; Journ gs taantdu rVWoTop 02¢0tlebe)t i
1970; Raxter, Auer bach and Wuefrfe a2s0O On6o; n nMeati rjiacn
are based on qualitative observ@kKliahes of Ou $le
and Vol | ndme 2Wil20 al assessment of t he i den
generates an ordinal rating which allows d

ancestry groupy,Bronmnkaganglr Swgdhey 1990; Ubel
Hef ner 20009; Kl al es, Ou slite yh aasn db e\eonl | snkes e r2v0el

met hods are reliant on the experience of the
the osteological (De akaenin@810.8n faé&ésbteomadeh an
201,5)such that the methods become wunreliabl
separating val uéeMofeaiem@@?h5 meWdlolder 2008; Gonz
and Perez 2009; Kl al es,. Oluhsilse yn catnido nV oil i neea mt
di scussions of reliability, admissibility, a
have | ed to recommendat(iMaksh aefi zvaad ei hd,a t D roonr sat
201&@nd professional standards to establish t
met h¢&attaneo 2007, Chri st,enanred taom dmiCriognadteer
of subjectivitNakhadi zaida $ , Dror .andheMor g
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commendations and criticisms found in rece
terest I n validation studies, guanti tati v
dress the (Walsledar i 36 u&ts 240olt3t;erShnigrl ey and

ntes 20&5;2a0Cl6e&;r kLangl ey, Dud z.i kAlatnhdo uQl ho utt hi
S been considerabl e criticism against no
cogni se t hat t here ar e i mitations t o m ¢
asurements of distances between bone | andr
skebif the skeletal remains are damaged b
eserved |l eading to |l oss of skel et al l andr
qgui(mBéadu 2010; Spradl ey aGdantan?2 @M1h52)0 X or Bl
nmetric methods have their utility and pl e
met hodol ogy in biological profile estimat
on the best possible referencevadatdaataerdd atnt
ansplaresthoul d al sowhbkeenbohedethat substant
thods for establishing the biologmncdobi pgof
foaduwldhs |l e t here ar €oso0Be xadhylbtow bt s

th and Henneber g (mandi @muwlda Heme davadug a2cOy0 1o)f
I s ndeetnhoonds s ulas eanti al decregsé&cweeaeerirtépgoearc
nNoboy edeseahabrgrrestimadch omdiiad | engi-andgu litns no
en compadweldBspger staff el92015 Kr2@h6é)Yh s ome
ati ng-atdhudtt m&krel et on cannot be sexed with
rphol ogi cal 0 i SSecrhweauteiro @b DRI)arse due t o t he

ducedi bgreéehees in sexual hor mones after p
mor phism more prondwMeddedtahnhd aaiepd Sroau2t® 2 2)
milar to sex estimation, features that den
berty, when sex hormone | evels il ncrease

mor p(hleswn s and .RuBreg &2r0d 3f)ew met hoeaddsulftocus
cestry ,esttlsamadli es have focusedanodn gdheeh d i t i

(Mi zoguchi 1985; Harri s, He tc k250 18 d ERia rraomo f t
202Zpntrary to sex easntdi maantcieosnt riys, naogredu latc ur &
t han i n Ledw Ist sand ,Rsuattaychud @0 3a)ge esti mati on r ¢

devel opment and er upgri owi,dibrogreclosan fmarak e romn
from which methods céd®Pybe dedelGoped i cpond959,;
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Scheuer and Black 20G0OantRiasdchur MS8nqa6e1z3; :
Lewis .2014)

Ances(tRopul ati on Affinity)

Ancestpgygpwlraffomi ty is the biological vari a
specific geog(8phentirfeigd owWsr ki ng Group for
( SWGANTH) 2013a; Tadoalsaazb&hdwl edged that anc-
integr al part of bio(bgfoal mhbvjvlee ¢ dnsgtsr wc
most controversial and difficlRospamaame tWed ¢$ i
2021)Despite debate around the concept of an
a necessary precursor to estimations of othe
(Cunha and Ubhanhthtkerre f2dr2d )shoul d be esti mated
t he biol og(iCaarlvipr o2Mhiil2ee ancestry estimati on
identify and categorise an individual -into a
bi ol ogi cal sicaiaale 6c,onwhtircthcti s shaped by pol it
( AAPA Committee on Diversity 201®ResMiaakadelr,s
have stated that not only does ancegstoruy dpert
al soncltuldggeeogr aphi cal loo c actoinatn nfemoé ™I whi ch th
originattdéanteo@013; Spr adl elueantdo Jming rza t200r2yl
human history, specific groups of humans ha\
response to evolutionary and other selecti ol
appearances denoted by Sphaidl e g eSDEMEI6 Jr ensaetaer rcih.
have argued that uni que morphol ogies are i
mating practices that are |l imited by <cultur

institutional raci s m @Qusdl egye o gJraanpthzi .ca hbdair & b eeir &

genetic traits are |ikely to be transferred
ranges of each other, while groups that are
similar to each other, t hus f orrmian(gOogsd ocegyr, a p
Jantz and Fr élowel2t0i0@adti on of ancestry i1s <co
classification of skeletal features of an ul
groups usi ng statistical anal ysi s of skel

mor phoscopi c/ nonmetrici ttircaners efxdpeedrdi ecrorc & @O0 R
Spradl ey PRWdmwegfore, it has been recommended |

37



-+

0
cr
ge
an
t o
i
a
)

u

n

P
h
p
S
pa
a
an
2
e

rr Forensic(A0itha oypod oggf erence samples/ gro
itically evaluated in terms of sample si zq
ographical |l ocati on, tempor al period of d:

d pr akcutritcheesr.t h ®r ¢ hhave been considerabl e e
shift the terminology frofedgnardt Teydalta
| l oud and Hefner 2016; Ross aHawiPtit.lt2@211 )20
S been not edmayarnoto alme eisrifryrbmat i ve enough
pul ation variationfSprad|ffgr amgi dmapuizpOQdt
ggest etdetleati mat ef oprreonvsiidce danbtyhr opghogsstt o
rameter is in facitt 6porpuil dad ri ® ntmiaeb kdt engerigened |, o f
unknown sambéebagti matching popul ation g
d coll ected r(eSperraedniceey saanmp |Jeasnt z 2He2wli;t tWi n k
2.1Moreoversearchers have teaerrgniendof@rppasttrilye
timdesoands frompasd fparalbdegsm a@ar approach

withism and reductionist view of human varieé
(Ross and Pilloud 2021)

Metric ancestry estimation methods wutilise
skeletal remains to classify the unidentifie
standard-dehmd neell Imeasur ement g Sopfr ardd feeyr mcled , g r;
The measurements taken are distances between
on various skeletakuletleaneindeIse, es ga(pStuplraa, d | heuyme
2014; Spradl ey .anTdhelsaentiznt2eOrllandmar k di st anc
used in multivariate statistical approaches
(Jantz and Ousley 2005; Spradlpgsandtddnesg B8
t hat craniofacial featuskasilslartenoligdhh| yt oh ebrei t
estimat or (oANredan2a0Ga2;r yH§j ek, Lernl and BrTgek
and Sherwoodl n20d®9es where the cranium is 1
deemed unusable due to taphonomic factors

el ements that remain and t hei(rSprnacdelrd yaanidtmladr )k
i's reported to be(@pradliapl20b4te2hhé; viei ebe
Stull. 2DA&)i nterl andmar ks from both cranial

commonly entered into the program(SPRBUSEEYS3.
and Jantz 2016; CunhaFORDIS$Celiaskar pda@2a0kr co
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signed t o estimate ancestry of moder n h
l'tivariate discriminant analysis, the ente
ainst modern ancestry specific reference ¢
t he prog(slaamtazutehnd Ousl ey 2005)

nmetric or mor phoscopic traits analysis i

ti mgtHiedmer. 2T0hlids) i s ama sexdpeapgmaach t o é
ti mati on wher e visual eval uations and ob
mpared to a predefined description which

cestry( Herfonuep,)s 2009 he2004)ts used i n both ¢
alyses have been standardised using score
i nitions and drawi fdHe fofert & 0t9r;, a iStpbd hiorm g W

metric ancestry estimation methods have |

—

Its of the crani um, postcrani al traits a
r¢eei gbeatb a0l NP nmet ri c postcrani al traits

® 99 @ 5

notion that skel et al traits in the post

-

i ation in response to environmental and s
15; Jantz, Janthzowendedenvt i it 2Diléyg ,have dem
t only can nonmetric postcranial traits b
chnique for (awyciersotsr y2 Oslcoarni nbge used i n conj
aits to improveianmeiergneisti m66phobnpsl agd
fner . QOPi)t et tdheyl di benmmmetdr atshiath as
cromorphoscoprie dtrialilt gdasaepti ble to intre
dmme usersdéd forensic ahKdammiplodro,gi Rlag menxp ear
1.Further totheriesodfrivdvakr e and wébr apptesati
ti mawhiopmovi de strong statistical framewo
nmetric trarbgdamemkgtbperseeference dat abas:e

ve equal r e pproepsuel natt ai toi no ngsr ooufp s .

rough using the appropriate reference gr ol

sed on the current |l iterature can be cond
nmetric estimation methods mentioned above
temroovas the possibilities of an individua
Ssists in the idespecditiati et iomapopnol!l me¢ei bad
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ure to complete the biological profil e a
g and Tadédhaugblamxestry of i ndi vidual s
ent methods, the terminology in publishe

appropriatdiMai defi edi g andReAsdeaanrsc h2 0a2fl)t he
stry terminology have identified that r:
continental categorisations (O0Africans?©®,
ncestry AAPAe fomme st ee on Diversity 2019;

2021; Ross and Hihlelseud e2ns1l)are not reflecti

nor representative of biological meaning and¢
serve as inaccuracies(Rbas &ondtiPet | onmeqaali
Wil |l i ams Zoaspquentl vy, t her e have been cal

terminology @6AAPAdQemami ohnhee on Diversity 201
2021; Ross and Petl abla.d) 2021; Stull

Bi ol oSegal

One of the essential first steps in building
human remains I §BsexeksanddhaMuonail 2006 ; Guy
2011; Kerti 3ah®&)Accurate sex determination 1 S C
estimation met hods of the other component s

estimation of age at deat h, st a(tutreewaarntd 1a9n7c9
White and Fol kens 2005; Kl All telso ugthl 3t; h eS per aa
assort nfeonrtenosfi ¢ amehhogol ogyes, the met hods
(Tal |l man, Kincer ancesPi mmmbneg 2882 ) as bi ol o
considerdattitdrmeo @imo froor accurate i de«bobinfiocant ngn
indi vidvaaksn. 2DR&)noti on of sex in forensic

notabl e discour sewi tah rreecceenntt syueravresy, s howi ng
survdwyadknsic anaprepiohggibats sex is binary
(Tall man, Kincer .Equda|Rlye mchresr e20X%2)a | ack of s
matter of transetxhuealt eirdme nttridan sgender being
i dent iitsy atstsaotc mat edpWwiet gender i dentities, anc
a bi nary e(xQuaerroifeanicoe and. Sseax viest i2mat0i)o n i n

ant hhropekFrbgyns to the asseckmembdoomdblml| iomgd ic\
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sex, whimdt representative of an individual 6!
orien{f&®&arohal o and Garvin 2020)

Chr omosomal sex is the sexual characterizat:i
possessed by the individual, where XX is a
mal(ePur et s2a018; Garofalo andWhe&aneasnpBORO)yYyOPI
defined by the physical attributes such as s
and physical-sptait esd i 0o & ch3a0l 1.6 ; Rur 2@ E8)

Bi ol ogical sex is the represtemdrad i ame od myrei
techniques such as DNA extraction and ampl i f
be applied to produce an assessmeg@at bpatns e x f
allo997; Sivagami, Rao andctVal88ne@it RBDADWOWY) Hol |

CurremtfFprénsic dnret hmajpoorliotgyy, oft met hods ar e
around the pelvis and the skul/l as these ai
sexually di morphic el emegnStcsh eoufe rt Hded @Rk eelret alt |
postcrani al el ements have also been wused in
met hodoKegmnes984; Berrizbeitia 1989; Hollida
Purkait 2005; Kl epinger 2006 ;. Allhbea naessseo, r tHErkelni
met hodol ogi es can be caitneegoriics eadn di mtoor pthwad ogri

Metric Methods

Metric sex estimation methods are based on
di mensi onal di fferences in the skeletal ana
measurements taken from the skeleton are us
equations tulsatd daom bde seXiKmg @ fa2a0 hal)iTvhiedu al
metric approach is generally acknowledged b
repeatabl e, reliabl e, |l ess dependent on the
readily amenabl e tdidteast iatdi Edll i danallPHi3s Mac
1990; Kimmerle, Ross and TSHus,e MmBét08i; c Kmat resd
devel oped to apply the size difference bet we
anot her . For examMp9epPp  Washbuomdbdef an index
(19w ch takes relative proportion of the pu
is one of the earliest examples of a metric

an innumerable number of metric methods rang
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to exploring the different angl es, di stance
osteol ogi cal features found in the cranium,
been dev(eBaocipnebdr i dge and Tarazaga 1956; St eel
Campobasso 1998; Kkcan and Steyn 1999; Asal a
2006; FetagklDBn Steyn and Kkcan 2008; Kanchan
Ma h ak k anak r2allhb )

Furthermore, statistical approaches such as
applied in an anthropo(lb9amadl haosnsiextce blyedBmar
commonly wused form of analysis to metrical
(Wankhetde 201.5) The relationshinp bet ween t he
di mensions of osteol ogi cal features in the
di scriminant function analysis to derive a

group membership inefuatu(fmreadd ey eWhCed Briet r i

approach, however, i's not without | imitatior
obtained, the same function cannot be appli
popul ation differences and therefonegKkegnmire
1988; Scheuer 2002; Ahmed, Mohammed nanadd dH atsist
to this, it heavily relies on the general ot
tend to be | arger and more robudqtSttehwaanr tf elrarl9
Jantz and Ousl ey 20et0 ;22a0Rel ¢ h aCtaabwe, e wBarne wst er &
Azpiazihi s generalization does not account f
be i mmensely variable, capable of producing

both biologUbal akexesand DeGaglaiddi 20bnh) t o t

met hods of ten suffewowobseowmeri nérmaoramndwhern et h

unavailable due to ambiguity in feature def.i
damagAhmed, Mohammed and Haests 2aAl1.2 0 1 Kerti Bahlwa s a
201.6)0t her statistical approaches such as |
analyse the measurements of | inear distance:
the femoral head, mAlckanesnd, tHEkkIlcihcsn t amodn eTsu ¢ k

such as the i sch({Muregaii2e0iOa5) and pubi s
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Morphological methods

Mo
I o
+
fe
t h
20
me
es
Wi
re
bo
20
as
n o
Sc

me
an
Re
to
an

s u

rphol ogi cal met hods are based wupon the ob
cated on |l ocalised regions of skwelllet(adr amial
mandarmd e) he pe( Gacvirrrgiidm&e&G)e di fferences ¢k
atures have enabled forensic anthropol ogi s
e level of expression of sekxG@ar viyn d2 omd0 ;p hK
20b)A survey conducted regarding practitio
thods has shown that mor phol ogi cal met hoc
timation when a mixed met hodéKlaplpexaizi?2We
thin this preference for morphological met
gi on, foll ovdabgs.t Bv@h2i@ ¢eu |ilt i's generally
nes of the pelvic region is congiSpenedeygs
1,6 ) mor phol ogi cal features found on the sku
the humerus, radius, femur, tibia, ribs,
nmetric asseé¢dMmebhbsgbfi seand Oldala298:99 2;
heuer 2002; Spradley and Jantz .2011; Vance
Skull

e traits of -pheEvs&ubkel andl nehements wused
sessment are typically based on size and
acil e, prominent, smoot h, mar ked, absent /1
dd Fer embach, Schwidet zky and Stl oukal 19

ssalacqua and .Bé&rttualiiesk o2®r9 d)he years hav

met hodol ogies with varying numbers of S
ge(r2sO@Ps esenting a method with four additio
Kro@mam5hbhbringing the total to 17. Among t
praorbital ridge/ gl abell a, supraorbital m
nt al eminence were presented alongside | i

ordinalt emoirn ngheyStandards for Data Col |l
mai(Msai kstra and. Ubeé akkredi 189 49coring syste
grade the traits on a scal e fr o(nBuviekrsyt réaf €
d Ubel akeTfThd9Hd )t his system enables a sco

ggestions on whether certain traits shoul
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score should (KGarivntne I@rkedt) ®d di nal scale appro
republ i shed( 2oOyd&)al keor porate frequency stat

functions, these additions increased the st a
sex estimate through the pr(oWa ldkeedr. nPd0hOe8s)ma t i
met hodol ogi cal studies have shown a varying

classification, rangGagvinod0hidd)artrHwitcal 86 % s
shown that the mental eminence from the WalKk
significantly (fGarr vsienx aensdt iRmatfi 0 12; Lewis an
Dudzi k and ClostclkertR@8t18) here are recommend
(Langl ey, Dudzi k .antin Chddtteon 20a8) he vari
mor phol ogi cal traits of the (s&erlwitmn2 vlaz;y oba

Sholts and Mosca 2014; Meeusen, Chreitsteaeln.s en
201.7)To address this I|Iimitation and the evid
specific modifications and val i da3airovn ns t2u0dliZ2e
Gar vi n, Sholts and Mosca 2014; Lewis and Gar
Pelvis
The pelvis is widely documented in the |ite
this is |likely due to the morpli«Kkl adiecsal20RR®d
Similar to the crani al sex traits, t here ar

including the obt yrBatear yf, ol@&men nohametdr && hm
and fal se p(eRovgiesr ss haanpde Saumsdera( I &hth)per 192
Pl ochocki 2011; Ruskgmeat ©m s@ Buyiak230tdréa) oa cd Ub
1994, Roger s and, SvaamtdreRritse rairec®4 )1 96 9 ; Kl al es,
Vol l ner 8Q0bpubi ¢ Pheemd awi t1y 6 9 ; Kl al es,, Ousl e
i schiopuldiPhemamwes 1969; KI al es,. Quesslpeiyt ea ntdh eV c

and -ehaustive |ist of morphological traits,
estimation use due to the |l ack of wvalidation
accuracy an(dklraelleisa b2A0h£oOhbg) t he | i st of pel vic
the traits i1identified by Phenice (1969) (ve
aspect of the ischiopubic ramus) have remain

esti maKl @ahes. 2020b)
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Though the Phenice (1969) techniqgue was abl e
over 95% in its initial study, this | evel of
with validation studies reporting vamORing | e
Sutherl and and Suchey, 1991, Rogers and Saun
1990; Mc Fadden and Oxenham, 2016) . Further
consistently come with the caveat t hat t he

dependentusem tOkRxperienced, thus I|-aadingteopo

observer error (Bruzek, 2002; Cox and Mays,

1994; Scheuer, 2002; Sutherland and Suchey,

2002; Whites,and0®F>).keho address the subjecti
devel oped by Phenice (1969), attempts have b
sex estimation using alternative features ol
(DeSilva et &li.z,ak2024;, aHayas015; Steyn and K
the critique of nonmetric methods frequentl

National Academy of Sciences report (2009)
met hod to meety rtregueviedmemtisaf ound in the Dau
V. Merrell Dow Pharmaceutical s, l nc. , 1993),
Pheniceds original met hod was made (Kl al es
technique (19609s)c,oreeadc hont raan torwhisnal scale fr

being t he maxi mum expression of 6f emal enes
expression of o6émalenessd (Klales et al ., 20
descriptions which werneandeend wby hobsaesi ¢erds aw
supposed character states of the three trait
met hod was able to accurately achieve 98. 0%
74. 4% classification ackurae9l?2n. mahesmé¢ Kha

widely adopted and used in both forensic and
et al ., 2012; Krakowk a, 2017; Lesciotto and
2015) . Despite this, publ i s hveed reexptoerrtnead waarl
accuracy r®sua9t2%w(KBKénpPhercz, 2012; Kenyhercz
al ., 2013; Toon, 2014). Al though this methoc
form of a standardized or di naslcosrcianlge oafn dt rlaoic
ultimately dependent on the illustrations an
et al . (2012) met hod. While the text provi c
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Ubel aker and .DeTGaegrleifaor2e0,20s)ex esti mati on me!/

supposed to |l ook | i ke, the problem of subjec
scores is reliant on the wuseros interpretat]
further shown that sexual di mor phi smeits cnot
factors can cause regional di sparities in s
(
c

aution as accuracies achieved in region spe
the method is used on datdbetakér omnd hbe Ga gl

Due to the rapid rise of virtual anthropol og
validation studies based on virtual( Deeoclkleerct i
et a01l1,; Biema sakla? ; Cot ma®hl19b)The advancemen
technol ogies have also enabled the devel opme
metrically assess identified sexually dimorp
di ffef€mape &, Byrd and St eph2a0hl.8;0 1AmmeNa,wrdobcli
Coel ho and Cunfuwr t2n0elr9,) recent l ncorporation

forensic ant hropol ogy have wenabl ed standar
met hods s uWahl kaesr at@h@eOKBlheel e s , Ousl| ey naentdh oVdosl | n e
to be consolidated into an accessible and
providing users with a flexible and(Kltaltesti
2020a)

Agatdeat h

Age estimation, much | i ke ancestry and sex ¢
the Dbiol odiUball akreaof ialnel KhosAgpaevsédathi mat0il®n i
through wunderstanding of how t hgeCthsrkied ted rome nc
Passal acqua and .Baet elsitnknaiodd) i s typical |

subcategori esrno-gdwekmd | adul t . The di stincti
subcategories i s necessary as juvenile age e
and deve(B8pmenér 2002; Frankl i n .20rithGC; pAuosgtriens
of growth and devel opment i n bones, especi al

the sequence known (@Schteueerhyasred | BAwaodaa 2l 0t0 0 )
ages, the bones of the postcranial skeletor
process where cartilage is systematically r

cel(lDsougl as ZHBbiog) i s a slow process whjich oc
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adol es@a@eamcne young adul ¢ sdoowhoenrder attheossi fi cat
beyond 18 years of age with th®chduwmeri cdred Ble
200.dhual |l owing the degree of epiphyseal uni o
from beginning to fusion and (Schraleat each dwiBtl
2000; ©&sZ2alllnl)

I n contrast to juvenile estimation, adult ac
changes to the skeletal and dent &lunetarallct ur
2009; @ReomBmo and Hern8§ndez Espinoza 2014; Chr
Barteli.nkThRWslil4gessation of growth and devel o]
age estimation and resul {(&ausni braadeKlhaeege 2@
di fficulty in estimation is compounded by r
nutrition, physical activity, causing degen:
bet ween individuals and di ff erCunnentabZath@®%; of

Franklin 2&RbWm8nCeamaelzdder n8ndez Ese@t n2alzlad ;2014
Couoh 200Dweg to the data available for the pu

focus on age estimation of adults.

| n the wider l iterature, ther e i s a | arge
mor phol ogi cal age estimation methods in adul
practices in age estimation showetdhfetohuatt ht he

sternal,avwibcelhar surfatbeopubhe welrmphyaeiderre
and commonlGaregetddl1.2)These methods that are
age estimation are nonmetric and rely on t
mor phol ogi cal changes t o predetermined pha:
descriptions prov(ildedeijboiads8hseb ; meKtkhcoadn , Lot h &
1985; Brooks and Suchey 1990)

The fourth rib me&tkictad,( éidnBtdrag d ULAeBdB,)YLD®NB 5h e en
wi dely accepted and usedMu fheotd 2abl £ 8 $Ti hce ammetthhroodf
uses three separ adeeptchomppointe nsthsapep,i tand ri m a
of the sternmnal qguiabtehng degdnmermhwhvpealicthearnngse sa
observations noted ®ohmasesasystem dromaa smoicnet e
aprsand Loth 1986.ThKsk cnaent haondd hLaost he

been shown to behappvrairbyaibntge Iteov el sal dfoowaenogu r a «

age catepmw

o
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degree of age estimation whef(QDudar f2998Bh VYo
Ubel aker and Powel.l HoOwWely; e rS p etahl e s2ed 047ti) lochi envsh ean
using the method on alternate O0Ostandardo ri
where pée¢¥sdkere Ubel aker .wnmal tPowefll ti2d®i0slms a
original met hodos sampl e si ze and composi
represent atigdhhn,er atoe rmdtelsgd WwWatsa rrte@dtbi@a)
redefining addf idneistciroinpst or s for t he age p ha
correspondindg Hageé ne a Rg@dnlt0 a9t ufdu etenlochrad et hat
t hkk cdasn met hod undeat#dseat mawbasnageplied to po
outside of the (re@dreR@em&r asmdnpHer n8ndez Espi
Mu f ez 2a0l1.8orreecematsewor k ¢ o nansusnel scsaitfigocnant hnd
Hart methods have shown that neithwehemeudheods
in isolmawwmhneraccuracy of using tKecetouarltdhs r
and Hartnettdos met((hOhrsi smteegres e mbld 3)d

The auricular surface met hpod9 8ledveed otphead dhya nge
not ed i n t he articul ar sur face of t he Pl
corresponding t(cdoaejtalped485m)ihbe features of t|

surface (grain and density, mi croporosity,

organization, striations, apex) used in this
of each other and the ag® wvwdryonkbet weoefn tihned
(Buckberry and Chaoswesilmg numrRRddr2t)ai nti es and

this method as the stages( 1d9e8shabryil e do viey | apv e
revi sed mkudkiderbryy and0Cha@mbet bpaed upon the
and introduced a new scoring system for e a
surface texture, mi croporosity, mi Ccropor osi
features coul d be scor ed i ndependentwhy ch o
accommodates the overlap problem seen in th
age ranges. Overall, the auricular surface m
pubic symphysis, in fact, the more dumabée a
l i kely to be rettoatelh eds(fWanladaignem H® & ey er , it
shown by studies that the original and revi ¢
accuracy across different age ranges, wi t h

individuals under age 59 and moréeMachberatant
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Jones 2005; Falys, Schutkowski and Weston 20
et 2a0l1.4; Mi céto Radld.l7ou Ni ki ta, Xanthopoul ou and

One of the most commonly used and pref-erred
Brooks mé&tamet n22adl1l.2)Thi s method is based on
pattern of the pubic bone, speci fi(ckhrdoks he
and Suchey The9@ubic symphysis is the surface
articulate, allowing the two halveéeStahdthegp
2008a)fhis articulation at the pubic symphys

which provides strength and stability by | ir
of connec{Sventtrseage2008a; White, MBlveame nanadf
this joint is virtually impossible except C

hor mones cause the softening of fibrous joirt
sacroi l(isatcandoriintg 2008b, 2008¢c)

The pubic symphysis was ident itfcieendt ubryy e aor |bye
reliabl e skel et(allodidn di9@at;, o rMcKfe r ang eaThide Sit rewaarr d

facing surface of the pubic symphysis and i

and sorted into ten distinct stages by Todd
pub@Bodd .19T2h0e) same ten stages were | ater ap
Todd i n 1921spteoc ifforcm asgeex ranges to account f

potential (paddu.rlioihgn observations and descr
associated changes made in Toddodés methods hes
devel opment of pubic sYmwehgailk®d &5;i nGr amek sh oa
Suchey 1990; Ha rUsn entgt a2 Ol laOrbg)e r eposi tory of

and colleagues revised Toddds methods and r
phases by simplifying the definitions set ou
female casts to reaprédeamti ywhandt 6 é gitBdr @ osktsa g e
and Suchey Theo Buyolh&ky met hod was tested in a
studies for Its applicability in other popu
evaluation of relevant phases in in Bosnia a
of 72. 0% andal8k9an7 4f% manl eBs and mal es respecti
correct age classification in the (Mjsettridl i ar
al2.007; Sarajlil and Gr adas&8)Whi20el2t;hel ovtalei
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studies have shoamototkast meiidoSluaclsewmwppl i cabl e

the method is shown to be prone to overest
underestimati on (Beohaee-BpogHEgawwskasand Sl iw
Djuei [2a010.7; Sarajlil and Gr &da2p0 e%)ieic hdd hy; tlh
concerns made by Brooks and S(g8hewykisnanhide Suc.
1990)The Buolm&ky (1990) method has since been
using skeletal specimersentomydéoedecreack f@
reduce bias by including a | arger proportio
sample. As a result of this revision, the H:
for the method specific efdon hfee malee 3 aanrgce ss laing
phase descriptors f or( Haortthn ematl e2s0 1laOnbd) f e mal e s
Age ranges in current standards of age esti
age ranges are wide for the purpose of takin
acco(pHartnet.t MuOclhO bl)i ke nonmetric sex esti me
mor phol ogical features involves subjectivity
experience. To overcome the | imitations of
mul tifactori ainmembhobds pievahbe indicators has
used in an attempt to reduce t-dage poeleattecdl!| f ac
and bi(i&seentific Working Group for Forensic
Ubel aker and Khasrowshahi 2019)

2. 2F8@r ensiAs sAegses ment

Forensiassags(mMm®tof wunidentified human remair
maj or components in the for(maauern aorfd tWaen kbmi
2016 ; Ubel aker, Shaml oThaeansgdu Kaeankd eof20A0Qvi di
age estimation contributes significantly to
i nvest i(gSecthinoazitss Bafl 0.7, .2 Flolr)enas £e agmehmntwever , i
not | i mi-a€ddatb.adgbe growing global trend in
trends and border crossings has created a ne
(Schmelti2ag0.3, 2007, e202d82.0 Y hagpe@s s marntso ref er |
to as age determinatio@ast iamatiido ra ghneo spirso,c easnsd
authorities seek to establish the chronol ogi
individual, typically t hose (WEUrhopdani dlesnytli
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Support Of fi cet 2801189;) Adppsyd simen& necessary pl
across all jurisdictions to aid identificat:i
i ssues regar diQugnentag2z0d I mi tisd®MDezZ@®@20@) the re
simple deAi sihobna BFAmMmple process in both tFh
due toomplkexities associated to the high va
ndividual s brdBwghktheonm ybyYy Odldge Navega, tCoest a

umul ative i mpact o f pat hol ogi cal , geneti c,

auses chronological age to become increasi

aying (Waws ocki{see203@®9t.idddAgi g and &emescen

- < O O

ur dieedinl )addi tafoomr ¢ me tcthimphneki ti es i n assess.
are a | arge number of skeletal andPydentaanld n
Greulich 1959; Tanatr2a000948 3 ;8cheadltzb!l | Cganter i er e
al2.007; dlta r2ali 1s0 ; Kelelti a@h@us Cameri ere and Fer
Wittscati ed®kl4; F ae th a2a0i 1a89n) h o wtelveey ar e | i mi t ed
respective specific refearenlter $ aarpd ewsn a ld lhee rtec
met hods across popul ati of Cammaado2g0l 2allnde or s ¢
Home Ogdidance for age assessment does not nm
sucahd hose i nvaymsaigmgetx c resonamicter asnagmad gor a
i magi ng moHdarme t Ok kjlceewetddRrelg e s ci entciafni cbemet
utilised as® e€vndehbe prcoaepdd Rhiest mde htoalrs ar e |
on vahddpopul atir ehersereacads,fainad at hseetevi dence w
caretaohbydered using the European Asylum Sup
(EASO Age assessment( WometOfcfei cen EWUZ D)p e)

The concept of the term age

To better understand what baged i s, I ts | et
According to Jowittds Dictionary of English
l'ife of a person up tdGrekenmemgmBeld)sghest
el aborated on by FcahmptyerL aawe Roeff otlme Agpl i @i tl
demonstrate that Othe time at which a perso

years shall be the commencement of the relev
With these definitions, i n the Inegsayls tseynsst eonr
governments that wuse England and Wales | aws,
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ociation when daged is in question. Chron
t courts and | egal systems have when the
al matt e(rBSsuricspedan hfasnydl um Support OMfiileei2
clear that age is assumed to be associ at
al system, the assumption introduces | S:¢
nown o Hp etr nk eyBtrnedngdvliesrt and Norredam 2012

Neubaued n2@hé6)s current climate where bot
ement of people is common, there are ofte
an individual; l' iving or dead, I's unknowt
h i ndglelrymwatcoerpted date and time standar
versal time (UTC). Il n these cases where <c

er measurements of age must be wused to

refore acknowlenddged tamat restoimati ons of ¢
ing individuals should take an approach

ciplines are used to inform a final esti
ucdditrona and CampobatssoabD20906 ;Ub®bgker

srowshahi 2019)

es of age

addition to chronol ogi cal age, age can be
sociol ogazwi ndleivedndChKriom o2 0olg9i)c a l age i s
endar dating and standardised timekeeping
measurements which denote culturally an
ci fic age (mmAl DBiocctiiadn aroy2éof7 )Bs pwt lhgl cqy ag

surement t hat captures the remaining fun

kers and evi deaarcde mifc romd cho pnac raohanges i n t
au and Hill 2014; Jia,etZaOnyP )ahd Cheni 20O
ween types of age is important as an ind
ir remaining function at the time of i n
ociated with(Nawlt ogk,c atZh0ea @) majyi vi dual cou

nger or ol der appearance when compared to

s project is biological age.
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i ng seama@scence

il ng I's not Jjust the passage of ti me. It i
sult of damage on the molecul ar, cellul ar,
nction of an indiJiFbmalanhead®andritdgaeahdtd
i ssner -Ta mineRi2t0Z @t 2BI1i4g;t iJiazwi nsk. RBama e m
d stress to cells accumul ated over an in
ol ogi cal phenomenon known as <cellular sen
|l 1 6s ability to proliferaté¢Camgi sephadedibt
Fagagna 2007; Cooper and Youle 2012; Dodi
2021)The inability to proliferate causes
ich promote the secretion of signalling pr

resses and/ or macromol ecul avandaBDages¢n 30
I's causes a mani festation of mor phol ogi cz¢
mpromi sing cells with a s(tHatyef | afc kd elc9I6i5me C
d d6Adda di Fagagna 2007et 2a@Il.8De Droslem , 20D
d Pavil 201920ID1)AMi coonpromi sed cells | ose
ndament al processes during their cell cyc
iggered | eadiCog pter caenldl. Ybard teh 201 2)

ol ogical age

ol ogical aging or senescence as described
mul tiple factors related to the d&8aelropme
73; I ntrona and . CaFmpoorb atstse 12i0t0é6r)at ur e ar ¢
ti mation, biological age has been delineat
el et al age, (dmd rodeamat aalndagCeaa mpoleas & 12,006 ;
versidge and Mar sden -T20mn0e; 2MeliOs;is nBafriL ganid R
Loreto and Murethyald2®)nf Ooybleatel y, whil e
tegories that represents different aspects
d track chronol ogical age, they may not ne
ntrona and Campobaszdl®)0a6;egboyless such a:c

ntal, and mol ecul ar age cannot be assumed
te of devel opment , mat ur ati on, and degene
are a linear relationhnprownad  hantheCapmapclhage
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e are a number of guidelines and met hods
S ranging from medical practitioners t
tology, @bDdyltazdld) Ay the remit of foren

es an emphasi s on skel et al remai ns, th
ciated with FGBrivaskahnet KOmamge2008,; Bl a

ydaeames 2011; Scientific Working Group for

13b; MBrragnute z2 0Als5 )s ufccil, | otwhieng secti on wi | |

el etal age can be used as a proxy to estinm
ti mate for chronol ogical age.

el etal age

el et al age i s an aspect of bi ol ogi cal age
generation on an individual 6s skeleton are
eir bi ol bgtcaehaagad Campobasso 200 6-; Bl ac
mes 2011; Roget OPIM)Y)BheDokélketal system, c
d cartil age, i's a key component to human

el eton is to protect and support internal

tes of muscl e an(dHatdejniddoank iast taancdh mfenndtr ou |l a ki
08d) n addition to functions related to st
senti al reserve of cal ci um, hydr ogen, and
human meHadjoil dshkni s and Androul akis .2006;

the cellular | evel, bcoonl el atgi esnsouues cpor nott aei i Nnss
l t s, l i pi ds, and specialised skeletal ce:
teocl ast s, 6Bdamaesntiengy2668d,; KenkrTheaned E
ecialised cells underpin the pifhrests Xfoov;
djidakis and Androul akis 2006; Harri son a
1.8)The interactions between these cells in
s own maintenance and repair and provides
meostBsas and Bonewald 2016;. Kenkre and Ba
ne remodelling is therefore a continuous

maged bone by bone resorption via osteocl a
response to mechanicalBenewalld 3QuXh; aBuc
newal d 2016; Kenkr.e Tahnids Bcaosnssettatnt2 Otlu8r)nover
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varies throughout i f e; as an individual pr
reduced to a negative bone balance as the sy

above are undergo senescence, cel l deat h a
repl acsgnbeemonti er o, Vi da.l Barde Dugsuse &2rmd 2hone
ulti mately shape the indicators and markers
in response to mechanical stimuli, bi ochem
throughodar diiden and. Clompemhor2t0, 1 5) he presence
forensic anthropologists use as indicators o
specialised cells in (Aestbiomeamne m® el el d )y
|l evel ,-anhdedroguul ati on of osteoblasts, osteoc
is driven by an evolutionarily c ocnasteernviend/ Wmatt
signa(lBe nmage t 220 0.5 ; Bonewald 2011; DuanT haendC Bo
catenin/ Wnt signalling pathway is one of t he
met azoan (aKmimmalas and Heaehaz20l20)0Téh;i sHuyarticul ar
is involved in many aspects of cellular grow

determination, differentiation( Moe mi2&@ll0.2t, i on,
Yeet 2a007; MacDonal d, Tamai and He 20009; Dua
Lervenka and LajTémelRNn20Pp7)ptein in this sign
series of receptors in the cell to trigger
degradat-camnermifn,C a protein which binds to t
inhibit gené Kbmaysacrinpgt Hammas 2008; MacDonalc
Duan and Bonewald 2016)

It has been shown bycdtaegmien eidn dmil e¢ | mod elf s Ci
that the interactiamd elme thweesrs eWnti aand o€ bon
directly influencing the viabilityGhadsfandt
Karsenty 208t ;220KLrOg meDbuan and .BoTosaa Cedni 210 M)t
signalling also plays a major (K¥el ealle/l;l wHuar
et 2a0l2.0)Canoni cal Wnt signalling plays -an ant
Vivo experiments where Wnt protein repressi
increased rate ¢fYert 0I0.79EmMe sicienerat ure there

canoni cal Wnt signalling is not only intimat
of bone | oss and formati on, but also i1 ntima
senescence. ConsequenttHat, tihe cmmo des siensf etrhr aetc
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mar ker s used i n skel et al aging ar e al so

senescence/ biological aging. By this | ogi c,
bi ol ogical devel opments, can be used as an a
in turyw faoprokronol ogical age.

2. 2F8rensiAssAegsesimant he Living

The needi hot hEAl i ving has increased not only
both | egal and ill egal cross border movement
to present documentary evidence or possess
chronol o¢giScametdgawy0.8; European Asylum Suppor
et 2018, Or dieng 220M%,9 Jbewt as a factor of asses

criminal cul pability and | egal categorisat
(Schmeling an.d TBabalcek 22.0110l)i sts examples of |
where age is a factor in criminal or ci vil

evaluation and categorisati-pne®éntagkacmor hier
pertaining to BetlUugess, caswmiaoml s, and victi
i mportant in asylum seeking contexts where &
to be contSalmeltiorgy and Bl aek 201®; Bechomge a
Asyl um Suppor.t AT feixcaem@I0el 809)f contradicting e\

who | ooks significantly over the age of ma j
which indicates that they are below the purryg
occur s, deci si oenp rneaskeenrtsatarv et hoef rt he asyl um &
medi cal age assessment, where age estimati on
( Nol | 2016 ; European Asyl umhiSsuupperti mpbfitae

mi sestimation of age can( Poisentgirfaivee Woornksiemaou
Forensic Anthropol ogy MOSSWGANTH)ot20all3lb)countr

being either under or over the |l egally defir
or beaoB8thmelti2adll.6; Lewi s and, Aan&Katspea 12d8s8r
age iIs plays an i mportantSabrel iinng caunl.dt uBlad c
Asylum cl aimants in the United Kingdom are
essenti al ' iving needs, housi ng, access to
serv{UKsVisas and |.mmDwye atto otnh& 0ilMmpg!|l i cati ons

has been repButepedry Ashyl um Suptphoartt ifdfiivcied u
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2

nder the age of majority |l imit may cl aim t
he authorities to gain the right to worKk

upervision or access financi al support incl
eedy. in some cases, adults could claim to
ccess to additional rights and benefits suc

O repre(Ennt@agaeam Asyl um S.u pApso rhti gihflfiigchet e2d0 1b8y)

boweg,e assessmentAAl)nypiheallliwiingvdl ves the de
he ages that denote childhood and adulthoo
ge ranges beyond the age of majority exist,
Finance .AAA caAaWO0Odb)e further complicated in cl
hild so6¢Ldd®n.i 2PRdd) Rome Statute of the I nte
1998) defines that individuals over the age
ot child soldiers. However, this distinctioc
hild soldieriye@garag eafptrers etclud edf f ence. An ex:

n The Prosecutor v.( ITrhtoenrarsa tLiudraanlg aC rDiwitmié ma | C
he evidence given by suspected <dhiyledarsoladi e
he enlisting of soldiers(IprottermnataildryalbeCroiwn
00.9)
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Table 2.1 Examples of legal issues and their associated age limits in England and Wales.

Legal Issue Age (years) Legislation

Age of majority 18 Family Law Reform Act 1969

Age of consent 16 Sexual Offences Act 2003

Age of criminal responsibility 10 Child and Young Persons Act 1963

Delineation between child 15 Rome Statute of the International

soldier and soldier Criminal Court 1998

Applicability of adult criminal 18 Children and Young Persons Act

proceedings 1933

Cessation of guardianship 16 Guardianship Act 1973

Decision making and mental 16 Mental Capacity Act 2005

capacity

Minimum for jury service 18 Juries Act 1974

Maximum for jury service 75 Juries Act 1974

Right to education 19 Learning and Skills Act 2000

Marriage and civil partnership 16 Marriage Act 1949, Civil
Partnership Act 2004

Adoption 21 Adoption and Children Act 2002

Giving evidence for criminal 17 Youth  Justice and Criminal

proceedings Evidence Act 1999

Giving evidence for civil None Children Act 1989

proceedings

Normal minimum pension age 55 Finance Act 2004

Minimum wage 16 National Minimum Wage Act 1998
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FML i n practice

I n practabeessmfgatthe | i ving i s a confbFirmantkilam
et 2a0l1.5)Gui delines in academic | assea&sgeaeg and
in the |living have established that a mul ti

necessary safeguar sl atloul Ag dpreaviaslmelan 2 ORA&yY n

Frankti2zadl5; Il nternati onal Cri minal Court 2
Of fice 20¢8; 2a20Db9) EBhe approach recommended &
organi sations such as International Criminal

Asyl um Support Office places an emphasis on

family me mber s, communi tygrfaipgwsr eer vtedebesi
document ed records; examinati on of physic
(I'nternational Criminal Court 2016; Eur opean

and I mmigratobnedOR6éheganly metdhods (&surapleant
Asyl um Support DHifs cies 2ddu8)t o the perceived
required foragmediscemesgieimds in the | iavgieng. W
assessmetnhods for the | iving amer gememalkt hypds
(Beh andlaPmeysne20tll®lé¢re is an added [ ayer of ¢
l'iving skeletal structures as they asrsesscver.l
age in the Iiving using skeletal met hods, th

to i onising radiation to pr od(ubcoegltreaadlil.8&yr aphi

(@]

ommon method used in juvenile age ewsrtiismati o
adi og(rPayplhes and Greulich 1959; Eur o.peTami sAsiyd

-

achieved by comparing the developmental patt
or skeletal remains that most <c¢cl osely resem|
and sex specifi(darhd bheenr2aphlce)Thatsa atl ases t ha
commonly wused are the Greul i eNhiard oRiyslee mett lha
Thé&reulich aadaddsRyldespi te being developed ov
found to continually represent skeletal deve
(Dahleteafll.9)In addition to skeletal methods,
al so used ass efssamseanglee eruption and repl aceme
and the eruption of ¢l mernmldmMt3;t RI°rsd ngo laa
Hill son 2005; AustiTheapdolregs2016rkel et al a

subadul ts I s deemed to be predictable and
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chronol ogi c@&¢theages and Bl ack 2000; Frankl i
Passalacqua and Baete?2al 2a®)n 2 Oohtéh; e rB Ihaacnkcha i n

skel et al met hods that have Abeiem adalptedafeorr
involving the <c¢clavicl eEurdoepnetain i Aoy launnd Stuhpep
201.8)Al t hough recommendati ons from scientif

|l iterature have indicated that met hods ar e
whil e maintaining accuracy and other I egal.i
(Bl ack, Aggr awalmean 2 0R&yneScientific Working
Ant hropol ogy (SWGANAé&l)e 2043 i | | an aver si

radiation for me(dDawylt e2g0b1ll9 )PpPuepoboses he | arge
what is accepted as a proxy for chronol ogi cze
has been found that FAE experts from differ:
come to different concl usieon 3 dd(elsimhliWed aenxda nD rn
2021)

The issue of radiation inAmeidscal mgat emebdbhod
ri sk and benefit to theFowatfcdlael.4gf F&taenkB g tni |
2015)The use of radiation in a medicolegal coc
clinical 6, as the outcome of the act is not
of the exam is wused in a legal/ administrat
benef(iFtoxat 2a0I1.4)As it i s not a medi cal act, e
benefits of the outcome versus the risk assdc
pl ace among medi cal professional s (&Sredagloba
Commi ttees Parliament ObheAustgaltiae2@kspects
examinations have been raised when discussi
The psychological distress to individuals wh
circumstanti al experienessdguicthgyasarxuand mpu t «

tomography examinations could reinforce and
i n qugdgslthieorriegseatl 1L2; ®&dtoyhELI)Anot her maj or po

di scussed against the use of radiological 1in
radi ati on. Epi demi ol ogi cal studi-iemsssilgaavd i 6 &)
increase in risk of devel opiinmngnhicsamaggrt aafi tadr
2010; Meaetth ealst 3; edtonxyd1.9)These studies furth
popul-bBased data that excess 1incidences of |
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exposure to €dioasgnoisdnicsilnogw r ardayataomad ocomputa
tomography, hence, advocat e t o [ i mit radi o
medically relE@Mamnhetwadl L2 iedozag 1.9)

Al t hough radiographic AE met hods can be argu
pl ace a negative impact on an individual 6s j
clarity that the results of a radiological
undet dtThdk vies s2ebhl.2 ; Fdcz2za0ld4)Whi |l e no i ndividua
the right of refusal can be denied or reje
protetEupbpapean Asyl um Suypptorea podtfanctei ad 0 1Ben
accurate estimation of age could Il ead to a
inference of <cancer associated with radiati:
effective radi atriaoyn pdroosceesd uurlseesd drimee xfnaart ulr ea | r
exposures (®ScOeaeelty 8a0i.6 el n addi ti on, the prin
AE met hosdl i(ctehicnl avi cul ar CT scans) has been
health risk by 0.0034% uponMeeegp oZBWl>) Ao th

transnational conflict and eALviirsormaerntialali ra
that asylum seekers or individuals of other
the current system in place. To do so, risk
acceptable | evel. This is curreandvoyc abteiionngs ac
radi ol ogi cal i maging modal ities that provi d

radiati on do(sSci paossibte Working Group for
( SWGANTH) 2013b; European Asylem?2®Wu®@port Off

The | ack of visible dat a, et hical i ssues, a
continues to challengAL.t hTeheefcfeelclti vene $3 o001
estimation of the living wil/l continue to gr
demand accurate age assessments. Il n Additi ol
agatddeath estimation methods are | imited by

predetermined phases associated w(tObullpemptwu,) a

Briers and .MeTyheer a2n0slwle)r t o t he call for rese
forensic age estimati on may very wel | | i e
advancements in machine | earning and medi cal
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as machine |l earning could be used to adapt

popul ati ons.
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2. BMedi cal | magi ng, Virtual Ant hropol c

Forensic and Virtual Anthropol ogy

2. 3
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Médi cal |l maging

erstanding human anatomy is fundament al t
i cine and f or e(nMarcom namd oparroagsych .2015;

ditionally, this understanding woul d h a
sections, adnskBemanoboiwbi cel tbcsi arype of

uably irreplaceabl e by( Karhfe2adf008r; awhaittoemi cBa
Fol kens h20L23 of physical specimens intr
gradual di mini shing of specimen quality
ent of medical Il maging and its various m
ated twi tamatlbenymeans to examine and vVvisu
h as bone and soft ti ssues without t he |
wbot ham and Bl au 2020; Spoor ,Meda fcfad r yi meary:
an with theagisscovadaBP5obyx Wi dyhelar Roprnd dLe
m the conversion of kinetic energy 1into
el erated el ectrons co(l3dideer.twiTanle0 4@ oV abt
rgi es wiatyhismp etchea uxm are controlled by the
m of i1 onising radiation through amaybj)ect
sitive( Speatcerc,t odeffery and Zonnevelhdi s200
ancement gave rise to the possibility of

h as dentition (afAidc heesns@®ruza; mMit lkelra aand Mi k
visualisation afforded by this advancem
enuation is the overall d e c Freaays eb eianm tahse |
ses through the object due to probMekbas s
Mi kl,a r2ésl#lat)i ng i n brighter visualisatio
nNOtter and .SCcAlrsultéhret aZ2G2In)uated/ transmittec
detected by the detector plate afiikha vi
Mi kl .a RIodA&yw)kadi ographs are nortayws tairoaut
orbed and scattered as tdeyepassnahretgh
hin the object can be superi mpomedsiupoal

ual i sati onosmi whkr et nonatur es of i nterests (
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(Spoor, Jeffery and Zonneveld 2000; Seibert
Franklin, Swift and Flavel 2016)

l nvented by Sir Godf(rHoyw nlHdu ed fdioeghl®dl Bigrd 1 @™Mmd gr
(CT) is an imaging modal ity that f olblrlagywes t he
(Rowbotham and Bhaui 20O2@duction of computed
1970s was an i mportant step towards reducin
aboy8B8ei bert and Bddmrse ix0@x)hi eved by the key
radi ography and CT. alyn iQa g eas soefr itehse oofbjxe ct
captured to edoinnsetnrsuicotn att hrveiesual i sati ons wit|
(Brogdon 2000; Spoor , Jeffery and Zonnevel
Rowbot ham and Bllhaeu nRo0s20)pr eval ent form of CT
(Dedeui20ll,0) where the object or anatomy- of 1in
shaped structur-eagyoamat hengantdedegtector plat
frame on opposite sides (afi kdac hanadt hvE rk | ian 2i0dL &
EBBendary and Salrdamas 20lk5)emi tted through t
attenumaaegs &xre detected by the detector as t
shaped structure on the sliding t-éhdd ect oWi t |
apparatus, the deteotforld esalods themeartdwesu@an ed
saved a3 mewsi onal i mages known as slices an
t hrdeiemensi onal visualisati 6a8i ah g2a0h0e3 ;s cKaansnbeadn ,
EIBendary and SalM&@8d8 2818%pw commonly wused in

and increasingly used in the field of virtua
Dedouit et al. 2014; Gillet et al. 2020). A
19708 ayxattenuvuantofhiwdsagd renamed after Sir
the Hounsfield unit (HU). HU is the relativi
based on the radiodens{(DgnoOftar maner.5ethsuber t
attenuatiomapyf bedhm Xncreases l' i nearly wi t |
radiodensities, the HU can be calculated frc
attenuation coefficient, where distilled wat

sandard atmosphere ah@OoQ é¢mper Meuree) aas Wendt
DenOtter and Sclhsbegt HZO2AA) ues, scanned mat e
as grayscale i mages, which can 4dWeé méost beal

structure enabling the investi g(aRriaomk lofn,6 c oSm
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and FIl avelHar0dl6t)i ssues such as bone | end wel
it is composed primarily of calcium and pho:
therefore able to attenua-t ay ab(éRhogMbeort h@armo paanrd
Bl au 20Z0A)s all ows dense osseous materials
grayscal e, thus allowing macroscopic morpho
analysed on virt@uBRdrertie2@@n$;t rWichkba&149 t he |

relationship between attenuation and HU wvalu

contrast resolutions, allowing the ¢IMidghtaest
and Mi kl.a TKhel 4faggat ures of CT have aided resesc
interpretation of medi cal I maogeesst;abil i sShede a
emer ging research fields rel ated t o medi c
ant hropol ogy, 3D forensic science (3DFS) .

technol ogies alongside disciplines such as ¢
of gendng 3D visualisations of hunian egredtso m)
alz02.88y storing medical i mages in standardi z
internal structures captured by i maging modae
an array of pikKledsobinnagrarydEBtbhi mhha2d@l d)f gr
used to display an HU valwue i f threaysnagrn n@T,n
while each shade of grey is used to represe

resonance Liamaogesna andUMdernin noh@ 0d4nong maghnet
magnetic resonance imaging (MRI) scanner, th
the magnetic vector applied by the scanner
(Berger 2Mh@2) the magnetic field i srestwiotnched

t hemior mal state and a rafiltromwhhe scdgmBebdieri s g
200.2)Thi s signal is received by the scanner
type of ti ssues scanned, this results in a
del i ndadBteeder. 2HOwWesvt earn,dMR Ids tay i aalt leyd t o be
chall enging for bone imaging due to |l ow pr

resul ti ngnaigm ap(aTosry centi gadl2.3)

Current popul ar medi cal i mage file f or ma
Communi cati ons i n Medi ci ne (DI COM) , Neur ol
Il nitiative (NIfTI), and MI NC, the file form
within the foemaeraadnhog dat pi xel i nf or mat i
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softwameobina and Mriilreo t2hCel 48)f or ementi oned
di stinct characteristics that make them mor
the same file format paradigm, where the fil
pi xel dept h, phot omet mpilxeil ntddan @a¢ Bvii d gd ot he
1997, Data Format Working Group 200&t &larob

201.6)This paradigm ipurpiomiel arastt@rge margal il e
PNG (Portable Networks Graphics) or JPEG (J
where digital values are assigned to each pi
(Tan 20B6EXeE€l data such as their grayscale or

features or manipulated so that they are re
values of each pixels within an i mage, me di
rows @ahwumres of integers which can be anal yse

and other techniques based on stat{(Szelkiaski e

201.0n addition to CT images, current medical
store and carry information from other medi c
resonance i magindgMastraltbDaebaondand Grgic 2C¢C

Mur i no.WiOtlM )t he visualisatidornfandnmahypebatif
i mages possible through the devel opment of
softwar e, and continual i mprovements to i ma
modal ities, there has been an increase in r
i magi ngaasdci ased value through cé¢mplbeen vis
al2.005; Deetd @adlil. ¥ ; Frankl in, Swift and FIl avel
2020)

2. 3VRrtual Anthropol ogy

Given the steady increase in the applicatio
human remains and anat omy i(rChfradrseresa@lpa)nt hr o
it i s increasingly considered a standard c
commonly referred to ag Deidrettuzedil.4a;ntFhrraomploll ion,y
and Fl avel 2016 ; Uldin 2017; VRowdot hamaapdi
medi cal I maging in the context ofl nbaigolnoggi c
modal ities sucdcarsniMRg,, phaosteaogr ammetry, CT &

and analyse bone to assist(Garwini hamgpobbgck.
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e evolution of VA has b.ec®ame rsa gtne cfh ncaalna g yf
otogrammetry and surface scanning techno
sition, orientation, shape, si ze, and sur
r-ckeiemensi ongdlGamodael sand. SSoaki @8 16ave shown
chnol ogies can not only pr oduc(eMoarcgcaunr,a tFeo r3c
d Smith 20tl190I20matauria, SingobandalFsacautia
cumenting crime g Cehrug cihn Vedslt9i; g aktoitotnnse r , Th
23; Whitt i Phghebdammer2i49g n al reconstrauaan imeas a
davail able ahdowdBar@li n and ,hK Stpbpeka@l6&hap
f ormati on oafn atthoemys coanannendber eastc ur ataend det ¢
fferentiated bags€&daakl tnssGwi Oenantdy FIl avel
mparative studies have shown that agr eeme
mensi onal model s rendered from CT scann
mp ar(aforlaee k | 2a0h1.3 ; e 6t2a0l114; L oMks 2wEs k2e011.5 ;

| matn 2a0l11.7, 201 %®d ;22803 )dwmi s high degree of «cc¢

ecision betiweeasi thake model s generated fro
ongside improved access to CT devices thr
crease in VA re(s@arrvwihn iannvdo | Sitioncgk CAIB 1 &; r b d i
its accuracy and continued i mprovements |

age f-mortpeomtexaminati ofd&l dind, ¥YaBnldE )luedd eemi ng
uti ne procedluegali ni nmedita@ations and aut
idisciplinary forensic institutes provic

t
ch d&wortemesi c Centre for DigiMiadt aSrciaanm ilnngs tair
e

rensic Medicine, The Institute of Forensic
dicine i@OP®delnsnam kand Si monsen 2007; O6Donn
th 201et; 2BIA.6rrt Ul di net2 @aDI2.0) Gi | | et

th its increasleagals aigreve st imgat icons, VA has
di saster wvictim identification duray o th
chines and mob(iSieetCeP0lD.T a n weetr WO &.9 )l n addi t i
utilising CT and otheworit mangiexg@g mmoadal onhise
en used to develop novel met hodol ogi es an

rious aspects of bi(oTeolgaibcizedl0.Dyr oB & i2edI0BOr5t | ma
tteerti @13, 20k4; 2018) a2015; Wink 2014, B
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Lynnerup 2015; Uledi 200294 ;7 ; P&Ltotl amazaClsPp,on@i | | e
et 2a0l2.0 ; Robl es, Rando ard 2402 (0Q;a nC&mM&¥g akZhan.
2021) Feasibility studi es using CT have s h
reconstructions of osteological tissue and h
reproducing the anato(mT ltentl i22010.8 ¢y c fleatl BaBlA. B p e d e ¢
Tur reer2a0l0.5; Rams t2a041l.0e;r Tert i280llt56)5t udi esi Whseh
the CT imaging modality and 3D reconstructi
and validate many of the nonmet(Kel Isieexty eanuds ¢
al2.010; Slic#lewntdt ARfaédEBelJfodhhmdt olhleav el and F
Bl aszkowska, FI avel andetFea@lB R )whni 12e0 1a91;s oB ebretis

to develop and innovate gquantitative techni
the destructive sampling of specimens from e
utilisation of CT and VA is sdemr dy dgamadid:
ant hropol ogy and physicR&msstkieetll ecBr@ 1.0T)bDE | ect
movement towards digital <coll ecti-marst eemsCT ed
databases such as the New Mexi co (Edaasdeanlt. | m
2020)the utili-s@aunoe odt aopamchives such as

Archive(CIT&et K30I1,3)and the digitisation of ske
the Subadul't Virtual Ant h8opbl ogndD&oabene 2
Kirsten Skel gtAdlbl @sl, | eGateiydn ng andnGelbodemwl iy
Skel et al (Chonldreocntoiwosnk i a,n dWiTlalyil @am KRO02R3ass Dona
Coll ec®Shioml ey, Wi |l somByamnud idJamstiang2@Bbli)a ori gi
clinical di agnosnoirct e ms ee x amd n gtoisans, an ef f
database of CT images reflective of contempo
preservat i-doens tarnwdc thniomet Anahyeserasabof abd external
(Christen&xad@ta.8)VA therefore offers an avenue

popul-apeonfic standards with modern virtual

or academic institutes where physical speci
Il i mi(tredank!| i n, Swi f.t Faunrdt hFelra v eclod 2 Glrét u toinen op o
mortem and clinical CT databases eliminates
deterioration of physical samples over ti me
di stribution Del empadld.5ank&lgekbkin, SwiThe and
virtual nature of CT and its associated im
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phy

sical examination is i mpossi bl(eDesduecth tas |

al2011; Deotn a2a®1.6 ) The virtual access also pr.
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ortunity to engage in transnational reseé
be analysed between institutbedcediital vas
4)As events and conflicts of 1Mt epramadteino nca
tinue to affect travel | ogistics i n many

be conducted in spite of any physical I in
Ma@8chine Learning in Forensic and Virtual

hine l earning ( ML) I S one of t he many

ell i gacbreatslAi gl | anguage processing, deep

mputer vision, an(dRucsosgenlilt iavned. cNdohrpvuisg h2g0el 69)e

m used to describe a field of research wh

at enable computers to behave an({dRuwusnsdlylse

Norvig 20elt6;a0l®ndllLotizs the process by \
grams/ machines process | arge datasets to
then used to iteratively Ol earndé and c
chal ski, Carbonell and Mitchell 2013; Rus
Al't man 2017, Scott, Cart er Tahned n®odieelr aw hz
|l ied to new (unseen) data seeks to produ
uracy to minimise errors which may ari se
fa(bgaet , Carter .anAdddotiieornaal 292 1)t he al ¢
el oped with (supervised) or without (unst¢u
ervised machine | earning, | abelled traini
orithm which seekasnctee ©If asdsaitfay innetw itnhset
assifBicahtomn2006; Duda, Hart 26Hd4:;St®%c &t t2,
ter and Coiera. 2DRRd; alGRooint M@ 2i29 t hen t es

ved from the original training data to

additional tuning. Finally, the tuned al
ess its accurhbaiclyi tayn df ¢gomeetrva,ld&eat er and C
on .20®%WR) h n o human i nstruction or | abel
abelled data to develop an algorithm whi

tructured noise such that the data can be
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similar attri WGtheashr aenbanst €r0i0Mg) Scott , Cart e
Mont aevto 2a012.2)I n ei t her case, the | earning alg
guantities of d-aatnad toov ea \f d it d( iLuenydeepr; o IKIremawi n s |
Al t man. 2®yve@ey fitting occurs when irrelevant

intricacies of the training dat a (alraeb bianrc oarnpdo

Khan 20T4) s issue causes a drop in general.i s
on new and unobkaeblverd amd aKhan 2014; Goodf
CourvillewBO@déas wunderfitting is the phenom
|l earning algorithm is wunable to capture the

predictive performances across( ambari ngnd tktls

2014; Goodfellow, Bengio and Courville 2016)
Current estimation methods in FA and VA are g
of morphol ogical features or met(Biuc kmedasaurlédm
Bl ack, Aggr awhd measnd2 (PlalyenteRallilscha Kl al e heéoeod)
mor phol ogi cal met hods involve varying degr ec¢
subject tobaexepedrbieases or suffer from incons:s
(Nakhaei zadeh, Dror and Morgan WiQah4;t h&mii tnlc r &
availability of data by means of medi cal [

alongside successes of ML techni dqlLasgitot anal

al2a01,9)opportunities and interest have risen
| earning techniques to offer a potentially o
the Iissues of biological profilAs estiamaiisdmes

section 2.2 the key purpose of forensi-c anth
atdeat h/ scan, and stature based on skeletal

bi ol ogi cal profile. With the dextcheaptt i aomc eosft rsyt
and age are estimated tktracuglbdclodes iafsiseastsimem
skel et al mor phol ogy pertaining to each para
pl aced in predefNinkeid ac aatnedg.oNiEkeigt aanz@2@ Yy y/ p
group in ancestry estimati on, femal e/ mal e i
specific age ranges in age estimati on. The

objects into categories by ifsicerdineg datmodadelasd
each ¢obDheham 2006; Han, Ka nvbhei rl ea ntdh eP euin d2e0r 1l 2y)i

is simple, not all/l classification probl ems ¢
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known asFrndedhenddn theorem (Delgado 2019, Wol pe
classification method may not be the same fo

the same dataset. Therefore there are a myr
cumrndy available in ML and are applied in c
classifying algorithms currently wused i n ML
deci sion trees, random forest, napve Bayesi

supporotr vreaccthDuinrelsam 2006; Ol adi pupo 2010; Han
Osi saetwo2ad 17, Ni kita and eNi dRkas 2020Q; Caeh
Tall man 2MML23)echni ques can therefore be appli
(Ni kita and. Ni kitas 2020)

It has been shown WML reasmnst fstcadii en tkRrathni gt
analyse physical c¢cranial and postcranial mor
algorithms in afdesnrery asntdi atsileery 2014 ; He f
Ander son 20€t4 2a0lH.&f neva RaBln. 5 ; Neatv 2a0l 4.5 ; Ni ki ta
Ni kitas 2020; SpisoSimnldaHeworkr R@@®dDboékbongi c:
sex estimati on, expl onomnuge bbaost end nfodr ptduwot! epsy,i c a
Guyomarcboh and Br ueztekal2®h4;, dB&OWe vy eira Coel h
2019; Bertt 2280 R.0s e®r 2a0020; Teotn @adla 1; e CaZ2all2.2)
Recent work has al so seen Mho-agplgbea celsed s mart ihc
studies by the extraction and examination of
(Camereiterzd@ L,5)dent Camemi ere and Ferrantel 2011
202,1)hdgncarestonadls8; Meutt @addl 8 ; Van 6&teZahk8;ste
Langkobot2al1.9; Gtern, Payer aatd 2d0IR9chHam 20 H9 Ws
2020)k 6 Ma veetr 2a012,1 )f g mhura i eztu gedl2,1 )and t h€Eopel mi s
Schmitt and Bruzek 2005; Martimrg,62004.3 ;v ediamg,a

Mariconti and AVagdrst i2ZOWRl4gr neur al net work of
byWavega, Costa apad rGunndhoami(z2e0d2 2a)r t i f i ci al neu
ut il i sefsacat onruilali macroscopic scoringedydteadm v

mor phol ogi cad omes med riircpwt f or computational

As shown by the current ML research in FA, i1
t o be able to produce successful ML cl assi
advanced neur al net works fomoagemasblesexaést
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and living skeletal d artaay. iTrhd@pesTeath elalilers; ut |
Gt epanetvs20ll.7et 124011.9 ; e Gwadl 2.1 ;-BIVa le@o02a0l2,1 )MRI

i maglest ern, Payer and UretcBdlen)R0adtoq (OrAa prlayai o u
et 2a0l2,ahd CT (skeanig0l1.9; e®n2011.9; eCGheal2.1; Pham
et 220021 ;-BlVaneado 202 1; eCazl2a) bony anatomy to
mor phol ogi cal n olnanbeetlrsi casscbrangi ng data fo
individual s6 age and biological sex. As it i
by degeneration of parti(ckukcaan kb olncetsh sauncch VHrsi
1984a, ,1e¢8%ani a(l Mesiunndulr eand Lovej oy ,19f8é&murNaw
(Pham 2a0l2,1 )p g ILwivse | 01¢918.5 b ; Brooks andad®duwilctheygd
estimation is noted (Budblkberorrye 2daing2di2Mes @jdo
Phaet 2a0l21; Navega, Cost.a Tamdr eCfuonrhea d2e0s2p2i)t e
|l iterature on ML related age estimati on, cu
subadul t and early adulthood where distinct
such as (Beehmaddl.9; Gtern, Payer &fm®e@®uechl e
al2.01,9)cl @§Rudebte2a011,9 )amadh di bl e amad bemuweadi |l y de
and ana(lPhsaett 2202.1)This presents a gap 1in pu

investigate the possibility of applying ML
i mage files for adult age estimati on.

With the performance of ML and Al across a
i mpressive | evels of predictive capabilities
tasks such as image recogni(tEimméEt & red4dbd a j¥d u a g ¢
and Dehmer 2602020 2KlennTyy oa and Miuaannd2 0A21)have
significant applications to automat e, and p
traditional FGCalapmptr2za0b2c3ah)®dse and Al met hods ar
ri sks of undesired effects. Depending on t he
become biased i hhmamrk aegdpraumtz ?adl2.1)It has bee
demonstrated by replication studies, that wh
bi ased | abel |l i ngl Bof ulkkhaas2ziilg cCatla skan, Bry

Narayanan 201%;t 209 )Baywesres i n ML methods col
exacerbate ex(iGhtoiunlgd eltihaasvreas gnd eRadtilmg2 Glo8)er r
deci sions and predictions that pose critical

exists i n ML applications i n uRA,noauerhrod rotgi stad
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nonmegadrcing as i nput training data for algo

age
2023
expl
t hat

cl assi fi(cLait i2a0hl.9mo dkellasl eset22a@P 2 ; etaoalg.
)In addition to biases, algorithms in ML
ainability and interpretability. I n the

mod el or algorithm accuracy and l earr

comxliey and inversely prdqRodi no2®&IlP)oi i lnmert y

such

as SVM (support vector machine), and n

exampl es that are considered as compl ex bl :

i nhe

rent understanding and therefenroec)reaaquir

ex®din the decisions (®ogplteditti @&n$i maadaad HI

2019
of t

)Thi s movemenhod oevapldasn gptoisdn model s i s pa
he field of (exetl azathlad;l e EBAmea(@EAN )Yd i and

Dehmer .20e0t)hods and systems in XAl seeks to

i nsi
Schu
gene
Kenn
2016
b o x

t hat
( Rud
expl
spec
expl
mo d e
mo d e
tran
i mpr
( Gun
ML a
cl as

i nsp

ght into the rationale behind t(hBeo roaunt,put
l z and Besol @t 220AY9; GRaniAA@ 2 h®dlugh met ho
rate explanation models in péd&Kalhhel and t
y 2019; ofCaunzhoxpoysatnné Ri bei 50, Singh and
. Dogilovil, Brlileta2a@2 H)Itthpei icoapl &xi Kgn
models often I imit the fidelity of the
users can place in t-hecbimadkl bos mogéehg

in. 28&@®) only do explainable models vary
anation model can only approximate how
I fic function, provi de uninformative S
anations iamd ef dlhxe lby (@aR&b ibro, x2 dmlo &dged ¢ ® a d

I explanati pBssatmidadrat) Jl ts mat el y, t hese

|l s remain opaque. I'n | ight of thseese | im
sparent, interpretable models to provide
ove explainability of ML and Al such th
ning and Ahaet2@0929; GRodi ng2019,; Rudin ail
nd Al algorithms such as decision trees,
sifiers are some examples of inherently
ection at the model component Ileevpealt he. g.
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specific ru(PBPe, gkeharanddHu 2019;.l Rudohng@O04§8®8,

the i mportance of each el ement is explicitly
The current | andscape and issues highlighted
state of forensic science covered in Secti
explainabl e model I's akin to the call for t
paways, I nferences and concl usions dr awn f

reconst(r imettti @adl 1L 6 ; Meotr 2.0 ) I n achi eving a tr
process ofr dewved nputngr hiumtaenr f aces for XAl ,

deci-maknng rationale of ML and Al model s cou
manner that wuncertainty can bepuodE¥Msrtgard i
et 2020)Additionalll vy, any inherent bi ases of
identified and minimised in a similar fashio
the risk and potenti al of contextu@Moregdrect s
et 20120)Whi |l e XAl transparent and interpretat
and traction (iGunrneicnegn ta nyde aAhsae t2 @all 2.9 ;eGXpanli.n g
2019; At r2e0e2t0a; Cau 2020; Tjhopudbhd sGean M2LO2hX)
in FA and VA are primarily centred around bl
random forest, neur al net, a(nN\da vpergiartadilbg | cCo
Lar seatn 2a0 1.8 ; Avu-lu and Beaexk- ka0l 98ae?2B82®19;Bewe.
Ber t seatt @afl 2.0 ; Ni ki ta andeNi2r0i2t0a;s |2e8082 Qa0U20Dr t i z
Ortegta 2021) Al t hough current bl ack b ox FA

classifications accuracies, the | ack of I nt
rationale may not be appropriate when consic

XA I and forensic science.

The gaps identified in this chapter serves a
present thesis:

1. Are the medical images extracted from healthcare databases suitable for
forensic anthropology, specifically for machine learning purposes?

2. Can the extracted CT data of the pelvis be used for age and sex classification in
three-dimensional machine learning?

3. Can the skeletal features in the CT data form classifiers in machine learning

models for biological profile parameter estimation?
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Chapt BMat 8r i aplrso,c ePsrsei ng Pi peline, &

This chapter describes in detail the pri ma
rel evance t o tihdee nrteisfeiaerdc hangdapt he soft ware usc¢
t he -ppproecessing pipeline. It al so -pdrescead diersg t
pipeline which produces the final dataset pr
3. Materials

3. 1Mat erDesslcg i pti on

The data obtained for this rese&@oahrpsdj aand
contrast computed tomography (CT) scans of |
of agdhesee obtained retrospectively from
Communi cati on System (PACS) of fice | ocat ed
University Coll ege London Hospital (UCLH) .
considered for the scope of the project. Th
inclusi on acrdi te&kxibdus odgEnNner ate a dataset t ha
sets of CT studies in a Digital |l maging and
i maging format, where each individual study
DI COM format all bwsecbdbovemssoBsutb as wavefroao
tessellation |l anguage (STL) t hat are curren
ant hhropol ogy and subsequent work in virtual
conversion to otheagifomgméiloé medmats $sumch a
Raster Data (NRRD) or Neuroimaging I nformati
The CT scans were anonymised and iabCouH.r eAd If r
cans in the dataset were per f2i@hetde ohornt hreo W
detestanner (Toshi ba Medical Systems, Ot awa
introduced specifically during the data acqu
scan quality, minimise the risk of differenc
t he palt echitfif erences between CT scanner manuf
sitesatTbnale was justified as studies in cl
is noticeable drifting iIin image noi se, uni f
across independe(mRoananAiMdertsuererasnd Matr talnsen
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2017, Ea tn 240leli9)1 n addi tion to this, signi fi ce
have been reported between scanner (Roael s f
Ander sen and Martiemnszathl 2;0 1E6;tn BRI HEBY obt ai ni
CT scans from the same scanner and research
i n subsequent machine | earning classificatioc
di fferences in image quality cauisfeidc abtyi adnd fa
hospital Tphreotaoncoonysmi sed scans were further s
studies thatf ulehtlalisntele t heans pr oxbilRe dnawe rn &«
wi tsthice thickness ®Ifi dde 5t0hind K neensose t ibse $ twreee nd iC
scans and can restrict the resolution of the
in | ater processing and (WwioguwalainsdatbeNnserof20
empirical study cond2dthé&ds bdye mdanrseaw adtedalld.. 50
slice thickness are sufficient to generate 3
that can be constndededdtaooaur 8889 studies we

PACs office database in accordance with the
studies removed due to duplication and a fu
incompl ete recormd tolre | satckkd iods .peThviiss dol | ect i

of 3575 wunique patient pefwdises Twhisch sc anthaig

collection as it presents a high quantity ar
as a valuable resource in exploring alternat
in forensic scienceagntshprecpdlic@ay.ly in forensi

Softwarsef awekdevance

Il n order to process and manipul ate the CT sc
machine | earni ng esvtedd ipao,grtamemihniggh anguage Py
(Van Rossum anwabrakée2b0@d) as the programmin
and Spyder ( v(eRasyiboanu t wa2s0. 099 | ect ed, as it i s

devel opment environment used for smgareaadiigmc

programming | anguage which comes WwWiGlh pananaxt
2007; Van Rossum andoverak33920@®) packages
functionalities has been recorded and rel ea

softwByehPoanckage( VadeRossum and Dr ak.e T2 9;

vast repository provides users with options
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devel opment environment to suit their specif
ranging from web scraping to i nfa@le pphraoncte s2s0i Or
Van Rossum and. Dirhaek ep y2tOh0Oo9n) packages avail abl
for easy processing and conversion of DI COM
formats such as STL and NIFTI. Additionally,
code and sequencesasofsccoges kwbwoh contain
commands and functions required and writter

executed on datasets of any size, all owing a

As discussedSepotA3bapttheer Maj ority of the curr

forensic and virtual anthropology involving
|l earning algorithms based on DICOM files pri
Radi Ant, Amir a, Hor 0sQS)ors peepca rfd tci nsgo f & ywsatr eem s
(Gi Bt eaad20; Teotn @adl&.1 ) Though accessibility of
software i s Hiimiethesd ndu & olsitgsh or OS specificit

pl4#aags or modules that are either compatible
out put gener at e@lsdar cahthec gomr elsenteadi |l y adapte

the commercial/ proprietary environments.

Perhaps most i mportantly Python, Spyder and
and used in the prewmerctesseseanchls ips at f®@e m, ¢
The accessibility and availability, i n comt

brougadtth by wusing Python at t he afbosre ntclee o f
devel opment and i mplementation of novel met F
where financi al réedMougaeans 2&wuéhdhiemimbe @, t he
ot her output developed in the present resear
such as GitHub, all owing for gl obal coll ab
ot herwise would be impractinglthe eodeior.t &
all ows a greater degr eefacocfe sscrfuotri nfyut uarned w
addressing the need for greater |l evel s of t

forensic science.
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Dat aset |l i mitations

The dataset i s not without I imitations. Even
the dataset, the CT studies provided are hea
due to the nature of the hospital datleset s.

as shown byutalreedChgioodness of fit tests.

Al t hough stature information was requested,
studies (38. 46 %) without either or both hei

despite being one of the four major componen

by tiherlature reviewed in Chapter 2, stature
analysed for the experiments following this
Finally, while the collection of materials
single detector scanner, t he PACs of fice
depart ment s, ranging from oncology to acute

CT studiceosl Iwveecrteed from multiple departments,
aut hor to ensure the region of interest (the

none of the scans were omitted based on path

statedhéehauthor i s not a medically trained p
omitted if there were bone alterations to th
to the naked eye. Any underlying pathology a

to the untrained eye.
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3. Ethics and Data Acquisition

This section presents and discusses the ethi
that the project underwent. It also highligh
its ethics exemption from the Research Ethi
He &hl tResearch Authority and Health Care Rese:

3.2Pat enGonaclerns and Ethical | ssues

Academic research at any |l evel and in any fi
practice. According to the(Committee oh Publ
Ethics, 20d®d9d research should be well j usti
designed, and ethically approved©éd. The 1 mpo
cannot be understated when dealing with hea
Research inveubjeaegtbhumast adhere to the guid
in the Declar@Womnind offedlet i Qkg@manrzdal ® ns 2101041
heal thcare data, sluocshs aisnctihdee nNHSwvhdiactha | aunch:e

Business ServVCecmmi tithgai ofy Pubi nccAmbooat s 0@0C¢C
increasing technol ogi cal capabilities for di
in ways that can potentially ¢AVvVeatt @DIL,6Extr a

has resulted in increased vigilance over i S
protection. To adhere to the basic standar
under went rigorous procedures through the J
Uni versgey L6odbe (UCL) and the UCLH Foundat
devel op a research protocol that is ethical

ensuring anonymity and enhancing st€o0osii lay est

kept to a mini mum.

3.2E2hics Approval and Exemption, and Data A

To ensure that a dataset was acquired in ti]
the present research project, the data appli
2019. A series of documents was issued by th
an application through the Integrated Resea
initiated. As t he present research require
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removed, UCL Data Protection did not requi
proposed protocol, a peer review of the prot.
on 17 December 2019 and sent to the JRO for

Research protocol summary

The research protocol Il ncluded information r
affiliations, Il nvestigator informati on, SCi ¢
conflicts of interest, i nformati el use @ar diinrd
exclusion criteria, and the measures taken
patients who underwent the CT scan. The pri

(Tabhle vBere generated to request thatl T he d:
systems administrator at PACs office consi st
pelvis with slice thickness of at maxi mum 1.

each age range and for both biologicabh sexes

|l arge sample size and consistent quality 1in
size allows the following studies to gener aft
criteria of equal numbers at each agkewange
the machine | earning algorithm.

Table 3.1 Tabulated version of the inclusion and exclusion criteria submitted to the JRO and

participating NHS research site for request of dataset.

Inclusion criteria Exclusion criteria

CT studies must contain the entire pelvis | CT studies with slice thickness of over

(from lumbar spine to mid-femur) 1.50mm

CT dataset retrieved must contain at- | CT studies of patients under the age of
least 2000 scan studies 18
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Equal numbers of scans at each age

range in years:
18-24
25-29
30-34
35-39
40-44
45-49
50-54
55-59
60-64
65-69
70-74
75-79
80-84
85-89
90-94
95-100

Equal numbers of female and male CT

studies

CT studies must contain sex, ethnicity,
age-at-scan, and stature (height and

weight) information

CT studies must have slice thickness of

at maximum 1.50mm

CT studies that do not contain the entire

pelvis
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CT studies must be retrieved from

existing scans, from 2015 onwards

CT studies retrieved must be from the

same scanner

Il n recent year s, heal thcare data has been ir
to i mprove efficiency and quality of healthct
data pertaining Etvemantshe 0ié@r6d 2a0D1a9khatl can t heref
rationalised that healthcare data are more s
by mi sappropriati on or by t heft coul d | eac

organi sation afp8eelthz0l2.0n)dihwi dwslearch protocol
the data acquisition process included severa
individual s t hat have contributed to t he

anonymi sation processes and security measur e

ThE€T dataset was anonymised by removing al/l
Patient I dentification Policy and ofNHS$Ii al (
| mprovement 20,18l,ed&WHISn@0d®l)y information tha
research:-atsean -iagenltfi fi ed et hnicity, and st a
To further | imit the potential of wunauthoris
that theddbhéeéaawonymi sed prior to handover an
conducted by the Imaging I T systems admini st
retrieve the data from the imaging database

Data breaches can occuat tiac ks ver alhaoaiyrsg icryd

unaut horised access to the dataset, theft, a
dat a(skItPAA 20€dt9 ;20280 To prevent the risk of

attacks, the retrieved dataset was kept off
was transferred electronically to an encrypt

and handed over to the amsdear wwaesr cwhmen ett lee
was encrypted wusing VeraCryp-pl dt f2e¢lr, m aen corpyep
software with transparent procefdares &t apcrk
(VeracCry,ptdwRe 2tlo0 computati onal power constra
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took 61 hours. I n addition to encrypti-on, p h
factor authentication were proposed and i mpl
by theft. The encrypted, anonymised hard dri
amffice gated by a RFI D acces<ommbntnradli oy d toe

the password to which was changed every 90

(National I nstitute of( Cortaeshsdbaldt1ld7s) and Technol
Et hics approval and exemption

With the above inclusion and exclusion crite
security measures proposed, a revision of al
and protocol were submitted on 30 March 202(
J® on 14 October 2020 to the Health Research
Research Wales (HCRW), and Research Ethics

protocol was approved by HRA and HCRW on 4
exemphappnoafetden ewe by t he Proportoimmm attee eReovfi e
Lond®lnoomsHewmrl t h ReseamRel eAutchorEitthy cs Commi tt

Data acquisition

The data was anonymised to the standards S
transferred on to an encrypted hard drive. T
l14May 2021, 19 months after the data acqui s

began.
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3. BPr-processing Pipeline

3.3P1L
Wi t h
15000

peline Devel opment
| ar ged ags @adblasse®8T such as the New Mexico |
+) or The Cancer =4mMm8Qg0RY Andhitvhees p(ont «

resear cher s -htooc cdractaatseetasd from PACS offices S

recent forensic a(nRrhanokploiln,gySwitfutdi &emd HRllavel
2019a; ebo2allile9 ; Fertaze@ h9; e®i20l12Q@)i t i s i mportan
a systematic approach for the transformati on

t hat are ready for 2D and 3D image process
| earning wor k.

Using the UCLH-pdatceessesti,nga pppel i ne was crea
procedures in which the parameters were mod
process. The present pipeline, written in Py
t he neyxestsaps and Python scripts required to
that are relevant and usable for machine | ea
from a CT dataset containing DICOM files. Gi
3575heofUCtLH dataset and the any potential de
pipeline, it i's not feasi ble to process eac
formats maatwatl| pmweowmather eadtywar e, proprietar
addittba t-amtoeamsi ve procedur es, if all the O
processed, the functmaodnes sporfotvwadreed sbuyc hr eaasd yt h
segmentation are often hidden beneath | ayers
i nterf acesduwheischexpl ainability and the potent
forensic science context. Therefore, a heayv
devel opment on ensuring that the functions ¢
the dat adet twi tnto laidtjftust ment . By providing th
on public repositories such as GitHub, futur
The code and additional det ai | regarding
https://github.com/ MartinLLo/ preprocessing_p
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https://github.com/MartinLLo/preprocessing_pipeline

Figuiler dvi des a visual representation of the
sectioni.pelldienepi sts of three distinct stages

di fferent sets of Python scripts to produce

A. Data Source/lnput
1. Scripts for organising and sorting the dataset
1.1.Data cleaning script
1.2.Data sorting script
1.3.Data deletion script
B. Restructuring data
2. Script for noise removal and segmentation
C. Usable output
3. Script for DICOM conversion to thresholded image
4. Script for DICOM conversion to NIfTI format
5. Script for DICOM conversion to stereolithography format
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Pre-processing framework to adapt CT (DICOM) datasets to usable file formats suited for forensic and virtual anthropology
(machine learning, 2D and 3D imaging work)

@ bone tissue

Dataset “ | Table
sorting and e detection and
extraction _ > ; segmentation

/ Data source W ( Restructuring the data \
Thresholding for |

Conversion to
NIFTI format

Conversion to ™=
stereolithography
format

e

Figure 3.1 Pre-processing framework showing the steps for adapting CT (DICOM) datasets into file formats suitable for 2D and 3D image processing, virtual
modelling, and machine learning work in forensic anthropology.
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3PRpeline Breakdown
ta Source/lnput

e first set of scripts in this section ar

ta. The scripts collectively take DI COM i

d -bb&@OM f il es, i f found the identifnted fil
| ders according to the series numbers. Thi
d extract rel evant DI COM files into folder
an.

ch CT study consists of multiple series of
nsistiRagayorslameXof the body and the i mage
COM files is the collection of the fiemages
pending on the presence or absence of <cont
terest. The metadata contain information
ries dat e, patient sex, patient agefetc. 1
ur al phanuméMuschladl coc2O&k&X)ampl e, (0020, 00O
ries Nagbef a DI COM file.

ile the DI COM files are generally extracte
|l der for a CT study for each patient could

i g32r)e This first script therefore utilise
tadata wi¢MadPytdi2Zal@bh)a python package capal
tadata to sort and extract DICOM files in

udy f ol d&r. (Usiignugr et h3e. tags i n the metadat e
ction enables users to further delete unwa
e metadat a. Thus, all owing the wuser great

| evancyt acsfett.he da
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Figure 3.3 DICOM files automatically sorted and extracted into subfolders matching the

series number in the metadata of each DICOM file.
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Restruct udaitmg t he

| mage generation by CT scanner s -riasy sb,a sheodw eovne r
instead of taking a snapshot of the patient
instead passedshapodgapmarrathgs known as the
t abwheere rotati-ngy beamsesfaxhelical path ar o
interest as they are passed (tGQaghluiglhl tahred gaind
2011; MuscheTHhHe ii20fl®dr)mati on captured by the
into a series of DI COM images in a 512 by 5
specified H¥Yoghbhel lusand Zi eTgheel btewon 2Wridigd wh
highlighted by t hedirsedt hfer asmei dinn gFipgautriee n3t. t a
o

f the table would negatively impact the des
to remove the table from the DI COM files bef
so that the desnoedcootpubhsan irrelevant str
experiments. The script (S2) in this secon
structures through a eshclrdilng temd mds kinmag.e
To ensure the scriptds adaptability for othe
and protocols, the code in S2 was optimised

i mage matrix where any desired selection of
t hreoi sy structures outside of the selection
t he i mage matr i X becomes a masKk; sections

overwritteaf fasctbéizealoyp removing the wunwanted

overwrites the original file, met adata pert e
the described functions of S2, a few notable
files werel tiedstust hgesahocombination of mo d u

packé®asetn2al2.1)Threshol ding highlights speci
radi o dmeasuryed in HDesaOit ¢eled wamidt.S cThhueb gri tx el
matrix was thresholded to only display struc

ti ssue.

First, the DICOM file is | oaded as an array
This array of pixels undergoes a series of
structures whi ch has t he radi odensity of

t hr edsihnog values in S2 can be used as a fixed
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bone tissue only. The selected area or area
denotes the parts of the pixel array that st
| abell ed as O6Maskba. Using the area identifi
segmented to produce the O6Final |l maged, the
DI COM file while maintaining relevant metada

(512 by 512) for future processing.anlhkee noi

visualisedb.i hnFiagdi ¢ i n to the remove noi se
corrupted DI COMITfCIOMesf idrecs non be filtered an
Thi s IS t o ensur e t he scriptéos adaptabil i
manufacturers, apastbvbsofspmaatdthdr sources. By
and corrupted fil es, S2 enables smooth tran:
processing pipeline.

Figure 3.4 DICOM file with sliding patient table highlighted in red.

Original Image Mask Final Image

Figure 35 DI COM f il e | abelled 6Original | mageo

unde

masking functions to return an area of iIinterest

overwrites into the DICOM file, thus removing noisy structures such as the sliding patient table.
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Usabl e Outputs

With all corrupted and irrelevant files r emc
processed, the DICOM dataset is ready to mov
6Usabl e Outputsbo. This stage enables wusers

f ortnmea t hat are relevant to the usersd needs.

Conversion to image files

The third script, S3, enables users to pass
from Pydicom and codedptutopepsedumageDf-gemat a
purpose image formats such as PNG (portable
photogr aphites @x oup) are regarded as standar
storage format s and t hus ,-bacscemdmomd yhiwnse dl eia
(Brownlee 2819%ajh PNG and JPEG are capable

i mage data without visible reductions of i ma
PNG/ JPEG reduces the strain on ¢WmplLbhati €B8P
Boutell DOP&emding on the filetype requiremen
be modified in the code to produce either PN

Conversion to NIfTI format

The fourth set of scripts (S4), enabl es wuse
DICOM files to the neuroimaging informatics
using dicom2(0Bfats 29002cllkagkes package takes t h.
DI COM files sorted into each series folder t
stacking the DICOM files, the resulting NI
converted from the met a&cdceet @I1a&L0OM ifmd ges d ast a1 oiw
|l earning. The second part of S4 enabl es usel
NI'fTl files into a new and separate director

Neuroimaging Informatics Technology Initiative (NIfTI)

The Neuroimaging I nformatics Technol ogy | nit
by the Data Format Working group as an i mpr
for mat known adq LAMALbLYZE 7anxd Murino 2014; Wh
Thornton ®OA4ARF)I|l i ke DI COM, each NITfTTI file i:¢
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header and the | mage, however, unl i ke DI COM,
kept to an essenti al mi ( lemu2a0l1.@ )Tdh.i si masg es og & d
i mage data <c¢cl ass, when stacked, can retain
avoiding cdrmhpr e&m@1.6 hAnot her advantage that

presents over DICOM and other 3D file for ma
capacity is not only |imited to 3 dimensi on:
including the 3 spatitalétdbimeenfsDiminms Famdnatti We r
Group 260 Ra01116i)Al t hough originally created fo
Il i mited to neurological ti ssue. Recent studi
threshol ded through radiodensity threshol

w o

| ung ¢ onnaencdt ihvaer dt itsissuseu € Sasa@t Ralldl.s/ ; b Zruemai r
2201 2.0 ; €Tte 1240e2rl ; Veat z2a0b2nlo)Wi t h cl i ni cal and

search demonstrating the feasibility of u

®© 9 T
(o d

-

N O™ QO
o € O S5 o o

vel opment implicates that the NIfTI for mat
d virtual ant hropol ogy.s Moereeno vneort,e dt haes NIhfeT
rmat to conduct 3D machine | earning as it
ndreds or even thousands O6Roypl GOM Peleane
1.7) These features in combination with thi
storage such as time, the NIfTI format prese
studies in machine | earning. Lastl vy, t he NI
soft watr ei, s compati bl e winahd emavniye weeu rsr, e nitmargesa
software such as 3DSlicer, |l maged hrlomges a lhiel
Ni babel (pRaklmegred 1997; Rosset, Spadola and R:
et 2a011.1; Fetd@ald2; R Core Team 2013; Larobina
et 2a012.0)

Conversion to STL format

The fifth script (S5), enabl es users to pas
vi suali zation tool kit (MDOK) cpeac kaded,onwlcioomp ait
for 3D visualizationf Samdoethage Maotessang L
and contributes t o-stolug cceerl entud fo rmeEandye ecapdeynt war e
such as 3DSlicer, I( F\f easnacloi udse,t N@llrkakeSsu Feété o r o v
al2012; FiscHAhe2@bdxpil ed DI COM files can be c
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and thresholded to highlight the tissues o
volumetric data from the DICOM files to for
tessellated into a manipulable virtual mo d e |
an SiTlLe fwhich can be visualised in virtual 3
as a physical 3D model. The printed model s p
scanned (Mbifesetirza®1l5; ef0azad2.1)This technol ogy |
been i ncorporated i nto vari ous ffel dBsicf
ant hropolcogyne scene reconstructi on, bal | i s1
medi tpaehdlKognar ,-JoDvavaynd Decker 2012; Hazeve

Sl ater and Ren 2014; Biggs and Mar sdetn &10.19;
2021)

Her e, the script passes the processed DI COM
(VTK) package for Pystohuornc.e ,V TPKy tihso na nc oanpeart i b |
visualization andl Sicmagedprocéasitng , amadLor «

contributes to thesococe-pobmtuimbanymadpeadyt war e

such as 3DSlicer, I( iF\f easnacloi udse,t MallrkakeSsu Feté 0o r o v
al2.012,; Fischlsi2@lXxs)peci fic functions and mod
package, the processed DICOM files were <coO
thresholded to highlight the tissues of i nt

compiled and writthegriapthy di steemdolch can be
viewing platforms or printed as a physical 3

STL format and Stereolithography

STL (standard tessellation | anguage) i s a f
software and widely used fdICioaptd RDAPdarwyp
only describe the surface geometry of a 3D o
from input data sycChobhet DI CIDdMM2¥ oll emet ri c de
vertices and is structured into triangles us
triangles are tessellated into a polyhedron
model or be printed throwglphytstercadl mohedrsaph
tactile surface informégtMioseofzad@h%*; esicamin.ed
2021)SLA is a rapid prototyping technique t

accurate physical model s from CT scans whi ch
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the purposes of preoperative sgbgleal Cphanma
Smith .2®ReXx)ent research involving the usage o
it can be wused in both virtual and physical
accuracy a(nRlobdad Lad2.0y Robl es, Rando and Mor ¢
Morgan and RanlTdho ou0gzhl )t he aut omation potenti
| arsgceal e datasets can be readily converted
mani pul ati on or printed 3D structures for
demonstrative eWVErdreinectes2d0h2 0¢ o Cratr e w, Morgan a
2021)

3. Pipeline | mplementation

The pipeline created was testcad eamatiam@alsemeii
CT scans retrieved from the PACS office at U
on single scans osbatuaricnee dp ubrloint orpeepnosi t ori es
Decedlemage Database (NMDI D) and The Cancer

validation of applicability across CT i mages
and in different contexts. The NMDID scans w
slice thickmPlislsi posn Btihge Bore CT Scanner ( Ph
Amsterdam, Netherlands), while the TCIA scan
mm slice thickness on an WRllamd¥sh&Ww Sslkanneéeh
scripts, particularly the &édnoise removal an
sliding table from CT scans from alternative

as design®dwerS8 al so able to producgenetdhe di
Examples of the threshwldledd ,h 2B nidmaBde ifmalges ,f i
single case files of the NMDID and TCI A da:

repository provided above.
3.4DLscussion

The capabilities shownprioyxesbisgppebeminar ya
growing demands and problems faced by moder

Firstly, the demand for modern popul ation da
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has shown the capacity to tramaerftoem CT i dat:
straightforwardly. Second, the ©pipeline adc
segmentations. While it has been noted by pr

be manwaleltyeddt hrough the use of (vVRoshdadsadat i c

2020)t he t acscknsiuvssmitnignef or | arger data sets. Tt
ulti mately 1 mpacts the sample size that a r ¢
|l ife cycle of the research project i tsel f.

me d ia | i mages have been shown to produce suc

which contribute to advanced ML techniques
forests for age andmosretxe ne sstkiemaettiaoln rienmapionsst a
data. Theseutsirlaigs e MtDee sTotb e2h017; GteetanaVv skl
2017pt LZAOL1L9; eGuzaad21;-BIVanedo 2a0 2,1 ) MR i(rbd e N,
Payer and Urschl eet 280129;)p Ao ma( glir a mekmye.0 2,1 )

and CT (skeatniga011.9; e®n20/1.9; eGhgafl2.1; &th&adl2.1;
Vi-Bharcdo2a02d4) bony anatomy to either cluster

and biological sex. While the growing body c
wi t h promising resul ts, study sampl e si ze
individuaHsefseahsSpradley and AmndzadzZz0b;n Qr0tli4dz
et 2a012.0; Techettaa@d2WanTeanga®al)Though small da

may be sufficient for the training of machir
accuracy, validity, and reliability of deve
i mproved wi tghu allairtgye(rédbatfedpedadl 5.9TVhe | arger sampl
that the pipeline is able to produce will al
in predictive accuracies (a\M a&tzi2eD0r8eadei mode & |
the outpdtareffBke formats are consistent wi
research in FA. This pipeline t kernesfuaoriengno

problem removing undesirabl e backgr cbuunsdd noi ¢

future ML research in FA. The outputs produc
ML and i mage analysis research. For exampl e,
datasets to produce STL models wvia Sbal it tF
or printed 3D models representative of t he
teaching, and devel opment purposes. Another
seen in the output generated by S3, while th
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and the thresholding value can be adjusted °
enabling the user to detect and highlight ot

flexibility allows the pipeline prestnited h
fields outside of FA, e. g., medi ci ne. Al t ho
processing different sets of CT dat a, It is
could be further i mproved. Surface differenc
and it 1is notedbywhep gurdest de tseopuapceed soorf t ovme
wi || all ow users to generate models of highe
pi peline were developed using CT scans, the
DI QO i mage files produced by other i maging

radi ography can al so be feasibly processed w

The pipeline scripts are publicly availabl e
or researchers to downl oad, use and validat
fields. Thi s ocpoenmmi & coi@enrtcret but es to the tran
dat abases produced, and i ncreases t heir %

i nterpretations ma(dleh et oH oausssei sotf tLhoer dcso uSrcti e n c ¢
Select Committee. 2MdMPOeovied | ya 0tl®i)s i s the f|

aforementioned purposes, the use of platform
and i mprovement of the code by any intereste
we wel come any covmpoetdtusens!| gf adhe pipeline
code provided, to generate higher quality mo
It is noted that the development of such a t

i mage data coul dt oppodat aa(nRaikenmgpaakct Naz and Zai
Medi cal i mages contain vast amounts of per sc
met adata that ciade rbtei fusegdcamnede i ndi vidual s
However, it is noted in the published | itera

i mges can be anonymi sed dteon triefdiuccaet itohne. rMestka doz

with DICOM images is typically removed when
pur po(sWisl | emi a2 0 ; Nat u, Natu .ands Aghawal eg
pi peline uses DICOM images as the sole inpu
this pipeline would also adhere to the recom
identify images. The potenti ad wift idaamo mpy mivas
processes and ethical safeguards in place.
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. 4NE8gxt Steps

e pipeline presented here Iis a set of nove
ecifically but not I imited to clinical da-
ocesses automated by the scripts f otuintdy i n
CT studies and scans to be processed. Thi
manual segmentations and | abelling that h
search in the current |iterature. Wink the
ants the user with the flexibility to acce
y source and of any size. Finally, the thr
ables the potentially | arge scaleeaagedfaleas
rr-rmachine | earning purposes and 3D model s
mi ni mum. I n the forensic anthropology cont

modern popul ation data may be resttrriaansefdor mh

CT data from a varietyootemontéexisagsuoh asrp

of

hi

storical -lcood | ceacttd soentss i wittoh awdlsabl e and r
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Table 3.2 Age and sex distribution of the UCLH dataset, age intervals are grouped into five-

year bins with the exception of 18-19.

Age Percentage | Percentage Percentage
9 All Male | Female 9 9 Age
Groups Male Female Distributi
istribution
18 to 19 4 3 1 75.00% 25.00% 0.129%
20to 24 38 21 17 55.26% 44.74% 1.229%
2510 29 62 32 30 51.61% 48.39% 2.005%
30to 34 93 39 54 41.94% 58.06% 3.007%
35to0 39 102 40 62 39.22% 60.78% 3.298%
40 to 44 143 54 89 37.76% 62.24% 4.623%
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45 to 49 186 74 112 39.78% 60.22% 6.014%
50 to 54 268 117 151 43.66% 56.34% 8.665%
5510 59 333 138 195 41.44% 58.56% 10.766%
60 to 64 374 182 192 48.66% 51.34% 12.092%
65 to 69 409 176 233 43.03% 56.97% 13.223%
70to 74 396 192 204 48.48% 51.52% 12.803%
7510 79 296 137 159 46.28% 53.72% 9.570%
80 to 84 223 104 119 46.64% 53.36% 7.210%
85+ 166 86 80 51.81% 48.19% 5.367%
Total: 3093 | 1395 1698 45.10% 54.90%
Sex Distribution of Final Dataset
g5+ WFemale
fotos aMale

75t0 79

70to 74

65 to 69

60 to 64

55to 59

50to 54

Age Group

45to0 49

40to 44

35to 39

30to 34

25t0 29

20to 24

18to 19

250.0

200.0

150.0 100.0 50.0

Number of CT Studies in Final Dataset

0.0 50.0

100.0 150.0 200.0

250.0 300.0

Figure 3.6 Population pyramid of the final dataset after being processed by the pre-processing

pipeline.
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Sed tlentified ethnicity was provided by the

predominantly oO6Whited (63.14%), with other j
0Asiand (9.43%), OMixed/ multiple ethnicdé (1.
(941%). JIJxalbdws 3a ful l b r ei adkednotw nf ioefd tehteh ns eclift i

to the categories provided by the UCLH NHS F

Table 3.3 Self-identified ethnicity distribution of the final dataset.

Final
Self-identified Ethnicities Counts Male Female Dataset
Percentages

White: Total 1953 923 1030 63.14%
White British 1420 683 737 45.91%
White Irish 90 44 46 2.91%
Other White Background 443 196 247 14.32%
Mixed/Multiple Ethnic group: Total 62 20 42 1.96%
Mixed White and Asian 17 10 7 0.55%

Mixed White and Black
_ 10 3 7 0.32%

African

Mixed White and Black

. 8 3 5 0.26%
Caribbean

Other Mixed Background 27 4 23 0.87%
Asian/Asian British: Total 290 118 172 9.43%
Asian Bangladeshi 76 32 44 2.46%
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Asian Indian 84 31 53 2.72%

Asian Pakistani 29 14 15 0.94%

Chinese 23 7 16 0.74%

Other Asian Background 78 34 44 2.52%
Black/African/Caribbean/Black

British: Total 278 108 170 8.98%

Black African 125 49 76 4.04%

Black British 1 1 0 0.03%

Black Caribbean 102 39 63 3.30%

Other Black Background 50 19 31 1.62%

Other Ethnic Group: Total 219 97 122 7.16%

Unknown: Total 291 125 166 9.41%

Refused to Give 28 12 16 0.91%

Not Yet Asked 176 80 96 5.69%

Not Stated / Unknown 87 33 54 2.81%
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3.5Dataset Rel evance

Why is it relevant?
The CT dataset acquired is relevant to the ¢
ant hhropol ogy. Growing trends in the applica

di git @aDedé&att @0lI1H1gs resulted in the devel opmen
in forensic anthropology where CT scanning i
of ¢ hdriacng ti n2a0l 0. 8 ; Beetn a2a0iz1i 0 ; MeKn Rag b 6 ; Mi cci ch
Carotenuto and S%nhell129al;8 ; € tBa2abbd®i; Bertt adt. os
2020; -Shoelf-ar € ta n2a0l 2. O ; fRd b Padl 2 0 ; Robl es, Mor gan

2020; Robl es, Rando. aimtdi sMorgane 290D 0) n t he
radi ography and digital techniques such as |
has even given rise to a new interdisciplir

(3DFS) that encompasses thertaboeet and ©Oohens
(Carew, French and Morgan 2021)

This CT dataset, mesccha | lei kdea t @abrarserst sluarhgeas t
Decedent | mag&dp@arzdadsied The Cancer (@laagnkhg A
et 20l1.89nt ai n emotrhteerm pIstdat a or <clinical pat
that is informative and necessary for the r

datasets contemporary population data-that \

based i nintdi arma tvlessdod ogi es, enabl es research
processes, achieve greater guantities of m
model s, and conduct exploratory research suc
various | evel s afwoarktsi.f iBeyi auls i megu rdaalt amseet s s u
present research or databases mentioned allc
from its dependence upon historical col l ect

have otherwise reqampeédnghefdesat uabdtl evepecin
bone col(lSemittihonsLi mbi rd andetH&OF0Mman AkbMhas|e.l Tu i
2008; Becda®ll ; Ha yeats Padl 2.5 k i Ceotl Ba@lh.9 b )

Significance testing was conducted to verif
dat aset processed through the deyvebopédspi g
extraction of tahned wHndgelrd nldéggnlaegpsnl at i on. Censu
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collected by the ONS (Office for National St
sex, and ethnicity distributions against th
of fice of the UK Statistics Aut hi&nihtnyycp tghhreo O
(detail ed) 061, Seaxn db yo TYSODOf 6f cagéor Nati onal S
2023b)

Statistical analysis

The independteeadt swanpl &ppl i ed where normal di.
be assumed.-WAhendMand test was applied in cas
data could not be assumed. Nor mal it yWitlekst i nc
testi-SqChred goodness of fit test was used
bet ween the UCLH dataset agai nasntd tWael a®&ssalx i chi s
London. Al statistical analysis was perfor

Sci Py paeGamget s2a0l2,1)and t he significance | eve
Results of statistical analysis
Age distribution

|l ndependent essamgloemgpatri ng the age distributio
London popul ation was statistliO,alpg=y 1.nc0G0)ni(f
34) . MAemMint ney U test comparing the age distri
Engl amd Wagleul ati on was statistically insig
( Tabbe 3.

Table 3.4 Independent samples T-test of age distribution between final dataset and London

population.
Independent Samples T -Test
Degrees
Age distribution between N Standard deviation T statistic of p-value
Final Dataset and London Freedom
Population
30 4.010 3.579E-10 28 1.00
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Table 3.5 Mann-Whitney U test of age distribution between final dataset and England and

Wales population.

Mann-Whitney U Test

Age distribution  between N Standard deviation U statistic p-value

Final Dataset and England
and Wales Population 30 3.433 115.000 0.935

Ethnicity distribution

|l ndependentt essa mpcloarmsp atsi idreqhttilfe esdeleft hni ci ty di
final dataset and London Popul at.i2odm2 ,was= s0t.adtl
|l ndependentt essampcloamsp atfi idreqhttilfe esdelefo hnbeti wegedi
UCLH dat aset amd Whigdsalnadt i on was stati-stical
0.174, p 0.6863) (Table 3.

Table 3.6 Independent samples T-test of ethnicity distribution between UCLH dataset and

London Population, and final dataset and England and Wales population.

Independent Samples T -Test

Standard o Degrees of
o T statistic p-value
deviation Freedom
Age distribution between Final
Dataset and London 37 10.660 -0.225 35 0.823

Population

Age distribution between Final
Dataset and England and 37 14.997 -0.157 35 0.876

Wales Population
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Sex distribution

Ch$quared goodness of tfhietr et ensats sah osviedgn itfhi acta
bet ween the sex distribution of the* 1) nal d
14.322, -0p49) L. THED| &dhBared goodness of fit tes
was a significant difference between the se:
England Wpbpal a3 ddn= p8. 3®BE (Table 3.6).

Table 3.7 Chi-Square test of sex distribution between the final dataset and London

Population, and the final dataset and England and Wales population.

Ch-Bgquared Test Goodness of Fit

Pear so&qgcChie Val df pwval.

Sex distributi ®ath

and London popul at

14.322 1 1. S0H

Sex distribution &b
18. 399 1 1. 05
and Enghdndpbepsl at

3. Blext Steps

From the analysis carried out and reported
di stri butginanM iicantly differ enpand ot hteh acEral | faonudn
Wal eswith the UCLH dataset biased towards f e
di stribution, the final dat aset I's both rep
and the &mdg| Walbeul ati on i n both aigdke ndiisftireidkb
ethnicity. Adpleltsosmmahédg,i ast hbedataset were |
to January 2021, it represents the current |
the fitaslet darovides the most recent snapsh:
individuals Lamdnghen&mdhWpldesa!l ati on t hat h
collections would have otherwise misrepresen
the skeletal response to envin®@umeaEmiall.3f act o
Kl ales 2016; Langley, .Jdhez fandl| OdatageR016
appropriate dataset for the devel opment of

cont empot¥ arayn,d UWlkoansdeodn popul ati on.
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Chaptéreds and Forests

I n this technical chapter, Decision Trees ar
final dataset pprodauesdi by pihpelpireme. As di scus:s
is a growing research trend in the applicat
tdhmi ques to the estimation of aspectFIFnof th
Chapter 2). While there are advances documen
parameters such as ethnicity and biological

estaitmon. Further to this, ML studies in fore
physical samples and 2D images. With the ris
science, 3D models have been shown to be a
phydi csgpeci mens. The research presented in tt
an under stuatnidli3mg mgfdel s i n Decision Trees a
specifically in the under researched area of

4. Background

Machine | earning ( ML) is the data driven d
algorithms which enable computers to | earn
taglkG®r on. 2WBR)e applications of ML can be o1
ML has centred around patter(nG®&reocno gnl 22 ;o0 nMaal
2023aML sysitimseprovi ded data to extract and
parameter s, whi ch ar e used to analyse unse
applic@Raroinass, Lude+milhoarRd 2BagstGC®RE ® ne 2OR2&2J t |
information from training data for pattern
regul ated by algorithms whose mat he(nbaudac,al f
Hart and St odrhk s2@rd)c d esa,r (mawn adHart and St o

can come in several difbedentH&aotr mandr Spar hkd
Luder mi r akidl hBoba.s2Z2®&B@yse paradigms are broadl
| evel and form of supervisi pbugaovHdetd bgpdt
2012, Fari as, LuBermor 2620d; B&6®eesBrR2p2Rdns o
paradigms can be found in Table 4. 1.
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Table 4.1 Definitions of machine learning paradigms.

Machine Learning

Paradigm

Definition

Unsupervised

learning

This learning paradigm has no human supervision. The training
data for unsupervised learning algorithms are unlabelled, this
allows the system to form clusters based on the similarities
between data samples (Duda, Hart and Stork 2012; Farias,
Ludermir and Bastos-Filho 2020; Géron 2022). Although also
known as clustering, unsupervised learning algorithms are also
used for anomaly and density estimation (Bishop 2006; Géron
2022; Montavon et al. 2022).

Supervised

learning

In this learning paradigm, data labels are provided for each
pattern in the training set of supervised learning algorithms to
enable predictions based on unseen data (Duda, Hart and Stork
2012; Géron 2022). The data labels of the input can be either
discrete categories or continuous values depending on the
desired task of the algorithm. If the data labels are categorical,
then the prediction task is classification, and if the data labels
are continuous, then the prediction task is regression (Bishop
2006; Molnar 2023a).

Reinforcement

learning

The models trained in this paradigm are not given data labels.
Instead, the algorithm is provided with an environment
containing input data, the tentative predicted output of the
algorithm is approved or rejected by the criteria set by the
human user. Based on this non-specific feedback, the algorithm
adjusts its internal parameters through trial-and-error until the
tentative output is accepted (Bishop 2006; Duda, Hart and Stork
2012; Géron 2022).
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As highl Chlapeée é&rrc 22 a3n there is substanti al
addressing the application of ML in the fi
al gorithms of varying | earning paradigms h;
anceé¢tHeyner 2014; Hefner and Ousley 2014; KI
et 20 15; Spiros and s(bRafveaelrl2a@®10%2;0 ) @ur 20 & 6 ;
Langl ey, Dudzi k and CIl qutainedr a2g0el 8eys t&itl nmahtlel so n2
2017; Ket N2a0blv&; Val secchi, l rurita Ol evares
al2.021; Bot ha and SStpeywia3@2ad2) earning algorit
Trees and in particular, Random Forest s, h
ancestry, and sex( Nasve greRdallildn Kd ratlexst 2020 a;
Hefner. 20R®)research committed to Random For
estimati on has resulted i n t he devel opment
Ances TRENESSv eda2ad1&8nhd Mor phd¢ RABEEESsSs. 2WHRIOlag t he
underlying random forest models were trained
and demonstrates remarkabl e classification a
t hemsel ves on mor phoscopic traits used i n

converted metric measures from metric esti ma

for training, validation, and testing of the
based on scobasedroment hodstand historical ske
Il n keepi ngl awvs gihheatheet eonf bi ol ogi cal profil e
direction of current ML research in FA, this
supervised |l earning algorithms, specificall
However, i nst esacdoroegfs uasndngc admnrvaeirtt ed metrics, t
were trained on fully virtual 3D files gener
i nput data examines the ML feasibility of
information for age estimati on. Further mor e,
a contemporary population, the empirical wor

ML models can be developed from the vast an

daaset s.
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e pelvis in the file. TheetNg fdfi van wnisedg
with a different purpose. These sets ar
The training set consists of 2165 NI f
ation set consists of 6d&8t &NddtT)l, sampl tek
onsists of 310 NIfTI samples (10% of th

ur potsreaionfi hteseprovi de a set of exampl ec
ithm to | earn from, and t hus out put
par@bkieseops 2006 ; Ri pl ey TvRafl Oi 7d; a i GsRrmoosng et 0 2
ne the hyperparameters of the model dur
d through the trained model with sl ight
factory |l evel of accuracyvedBitemhomp n2@0 &
2007;. CRIrmat 290t2 2 btehe se't of sampl es
the perfor maimicmdlgbri hémfulthyst usedo t
st set can assess the trained( Bnodredp wi |
Ripley 2007; G®ron 2022)

ted in ChapéepproB8eg MangrPRiapel,i Pe, and Da
red from UCLH. The NI f TI dat aset shows
s the age ranges. To ensure that t he t
sentative of eachf oader edtoirmatth eo np u rtphee
i bution of age ranges needed to be pr
I fied random sampling. I n stratified reé
each psesedefgirso@idhc 0 lea y22011.3)Thi s ensures th
ange i s represented in all three data s

eparation can be visualised in Figure 4. 1.
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A detailed distribution of age groups and se
in Té&ad.l eAlt hough there are sex |1 mbalances 1in
all three subsets of data, the percentage ag

Ssubsets of dat a.

Table 4.2 Distribution of age groups and sex in training, validation, and test set.

Training Percentage Percentage Percentage
Set All | Male | Female Male Female . Age_
Distribution
18 t0 19 2 0 0 0.000% 0.000% 0.092%
20 to 24 28 19 11 67.857% 39.286% 1.293%
2510 29 44 21 23 47.727% 52.273% 2.032%
30 to 34 65 28 37 43.077% 56.923% 3.002%
35to0 39 72 30 42 41.667% 58.333% 3.326%
40 to 44 100 | 35 65 35.000% 65.000% 4.619%
45 to 49 130 | 49 81 37.692% 62.308% 6.005%
50 to 54 188 | 81 107 43.085% 56.915% 8.684%
55 to 59 233 91 142 39.056% 60.944% 10.762%
60 to 64 261 | 125 136 47.893% 52.107% 12.055%
65 to 69 286 | 124 162 43.357% 56.643% 13.210%
70to 74 277 | 133 144 48.014% 51.986% 12.794%
75t0 79 207 93 114 44.928% 55.072% 9.561%
80to 84 156 72 84 46.154% 53.846% 7.206%
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85+ 116 | 58 58 50.000% 50.000% 5.358%
Total: 2165 | 959 1206 55.704% 44.296%
Validation Al | Male | Eemale Percentage Percentage Percf;etage

Set Male Female Distribution
18 to0 19 2 1 1 50.000% 50.000% 0.324%
20to 24 6 3 3 50.000% 50.000% 0.971%
2510 29 12 9 3 75.000% 25.000% 1.942%
30to 34 19 7 12 36.842% 63.158% 3.074%
3510 39 20 8 12 40.000% 60.000% 3.236%
40 to 44 29 13 16 44.828% 55.172% 4.693%
45 to 49 37 15 22 40.541% 59.459% 5.987%
50 to 54 53 22 31 41.509% 58.491% 8.576%
5510 59 67 30 37 44.776% 55.224% 10.841%
60 to 64 75 38 37 50.667% 49.333% 12.136%
65 to 69 82 34 48 41.463% 58.537% 13.269%
70 to 74 79 39 40 49.367% 50.633% 12.783%
75t0 79 59 32 27 54.237% 45.763% 9.547%
80 to 84 45 17 28 37.778% 62.222% 7.282%

85+ 33 22 11 66.667% 33.333% 5.340%

Total: 618 | 290 328 53.074% 46.926%
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Percentage

Percentage

Percentage

Test Set All | Male | Female Male Female _ Age_
Distribution
18 t0 19 0 0 0 0.000% 0.000% 0.000%
20to 24 4 1 3 66.667% 33.333% 1.290%
2510 29 6 2 4 55.556% 44.444% 1.935%
30to 34 9 4 5 80.000% 20.000% 2.903%
351to 39 10 2 8 57.143% 42.857% 3.226%
40to 44 14 6 8 47.368% 52.632% 4.516%
45 to 49 19 10 9 48.148% 51.852% 6.129%
50 to 54 27 14 13 48.485% 51.515% 8.710%
5510 59 33 17 16 50.000% 50.000% 10.645%
60 to 64 38 19 19 56.098% 43.902% 12.258%
65 to 69 41 18 23 50.000% 50.000% 13.226%
70to 74 40 20 20 60.000% 40.000% 12.903%
75t0 79 30 12 18 31.818% 68.182% 9.677%
80to 84 22 15 7 64.706% 35.294% 7.097%
85+ 17 6 11 75.000% 25.000% 5.484%
Total: 310 | 146 164 52.903% 47.097%
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Computed tomography scans
from UCLH, n = 5839

Computed tomography scans
containing the pelvis, n = 3575*
*2264 scans excluded due to inclusion
and exclusion criteria

Pre-processing
Pipeline - S1,
S2

Final Dataset, n = 3093**
**512 scans excluded after the pre-processing
pipeline. Corrupted files were removed.

NIfTI Dataset, n = 3093

3093 processed DICOM scans converted into
NIfT! file format.

Pre-processing
Pipeline - S4

Stratified
sampling of
NIfTI dataset
(70/20/10)
]
4 v L
Training set, n = 2165 Validation set, n = 618 Test set, n = 310
- 70% of final dataset - 20% of final dataset - 10% of final dataset

Figure 4.1 An operational flowchart showing how the CT dataset acquired from UCLH was
processed into the NIfTI dataset and subsequently the training, validation, and test sets for

algorithm development.
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4. 2EQperi ment al Set upof tHeBprdewa f ecahdons

To be able to train, tune, and test the al gc
of computing resources were needed. Thi s r €
servers that exceed the processing power ar
computSeerrsv.er s are physical systems which ar
processes. Server 1 was equi pRe&d Owi3t hanad 21.2360C
of memory. Server 2 was equi pp2e6dd Owidt ha nad 21.2460G
of memory. Servewi B3hwas AMDI pP¥d 7502P proce

of memory.

Foll owi ngprtolceespr Bg pipeline devel olpgeédl in

programming | anguage (PWatnh oRo s(svuemr sainocdm 83r.a81.e5 )2 (
integrated devel opmentRaegmwaiurt o RrAeBMOty,s eRp yt dbe rc a
the training, tuning, and testing of the mac
main Python package usebHea@BRddhrnegac@a@blIa)y i s
Sci-leiatr n provides a wide range of ML algorit!
one packiagel uding Decision Trees and Random
pl aces a focus on computational efficiency,
al so accessi(bPeed rieag oPBs@lhlcanT he Deci si on Trees &
Forests in this chapter were i mhdeaerme,ntthliedea

model s were experimensedvensusing the above
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4. BMet hodol ogy
This section describes the methodology and t
undertaken.
431 Wor kfl ow
The structure and workflow of the empirical
three distinct phases: (1) dat aset preproc
validation, (3) model testing and evaluation
NIfTI Dataset, n = 3093
- Stratified and split into
training, validation,
and test sets
@ Pre-processing
Unit
¥
Data Labeling
I
v ' v
Training Processed Validation Processed Processed Test
Labels /|  Training Set Labels Validation Set Test Set Labels
I
® ® |
Machine Learning
= Algorithm Training 'I\l;lun(;adI Model
\/r_\ ode Evaluation
Machine Learning
Algorithm Validation &
Tuning rediction
Labels

Figure 4.2 The workflow of the empirical work consists of three phases. In stage 1, the NIfTI

dataset was pre-processed into the NPY dataset which was labelled and used in model

training and validation. The processed training and validation sets were used to tune the

hyperparameters of the machine learning algorithm in stage 2. Finally in stage 3, the

processed test set was used to assess the classification accuracy of the tuned model.
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Stage 1: Dpt asesspne

The empirical wor kfl ow uses the training, vV a
sampling of the NITfTI dataset from as input.
training and validation data set fortBkbktal go

set for evaluation of the tuned-pmodelssi filgi s n
of this workflow, -sshagéd PyhkBostscoifpt awd a

First, the NIfTI files in the data subsets w
portion of NIfTI files are composed of mul ti
form a 3DDauap&or mat Wor ki eacBGr ovwogd ulm@ 0 p)i x e
contains vast amounts of complex numerical o
An adjustable thresholding range twiass wme.p! T leid
resulted in a 3D image with 512 x 512 x 256

Second, the thresholded NIfTI files were col
strain and consumption of computer memory. T
to be saved in simple arrays which can be |
on &a&aher machine, di fferent system architect

(Harenti20120)Thi s step effectively converts the
i mage into a vector comprising 67,108,864 re
converted into binary form, and vector is re
a set heihghtandwideepth at 128 x 128 x 64.

The conversion to NPY allows conservation of
file in the training subset would consume 11
file representing the same information wou!
memory i n somoompavhen these numbers are scal ec
datasets, the NIfTI dataset would consume o0\
NPY dataset only consumes up to 15.2 gigabyt
training, valsiedast iwenm,e dmbdetldstd using three s

was | abelled using the | abelling strategy de
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Stage 2: ML algorithm training and validatio

Using the processed training set in NPY form
to classify the data provided into specified
was used t o veri fy whet her t he trained al
cl asatfon accuracies. The hyperparameters o
modi fied through an iterative procedure. The
monitor edorf ou-h bevteirng, t he model sé perfor manc
usi ngusomn matrices and precision scores. T
hi ghest wvalidation accuracy was achieved ant
i mprovement .

St age 3: Model testing and evaluation

The trained models with highest classificat
were selected to undergo model testing and e
previously set aside, It i s considered unse
wasarried out to ass@sg ftoranatnrcaei.nefdhrmadidl ¢ h
metrics gener atleadartrh,r caurgch &cgrkapghi c al recons

scores, it was possible to understand and 1in
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4. 3LAabelling Strategy

Three different | abelling strategies were im

classification effectiveness at different ag
2 QY e aag ebi ns

The first | abelling strategy di vyiedaerd atghee bpionp:
The-y2e0ar age grouping was chosen to closely 1
by currebasedhamer phol ogi cal age estimati on
pubic symphysis i n (fToordedn sli9c2 d& n1ddsg8isnpddBroggoyk s a
Suchey 1990; Ha rTthniest tl a2bOellfOldign ca sprecsd wdedge bi
di stribution of the cThhBB8es can be visualize

Table 4.3 Age labelling using 20-year age binning.

Age bin Class label Number of Samples Class Ratio
18to 39 18171 39 299 0.096
40 to 59 407 59 930 0.301
60 to 79 601 79 1475 0.477
89 to 90+ 891 90+ 389 0.126

leYeaag ebi ns

The secondstlraabteelglyi ndgi vi ded the popwuwéatiagede
bins. This strategy wa-basb@dsmor pBolkogirealt mé
t heir c oebmapsoende nrtevi si ons attebpaeart oagd agrsod yi
(Lovejgolgwl85a, 1985b; Buckberry and Chamberl a
2015; Ost Who22) it is acknowledged that nar-r
i ncorrect estimati ons, It iI's ul(tBium&tbeelry yd ed
Chamber | a.i nThi0sO02g9ge | abel |l iemngchlsa ssrsaetse gyf paga u
the distribution of thé&abldasdes can be visua
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Table 4.4 Age labelling using 10-year age binning.

Age bin Class label Number of Samples Class Ratio
18 to 29 1871 29 104 0.0336
30to 39 30T 39 195 0.0631
40 to 49 4071 49 329 0.1060
50 to 59 50T 59 601 0.1940
60 to 69 601 69 783 0.2530
70to 79 701 79 692 0.2240
80 to 89 801 89 348 0.1130
90+ 90+ 41 0.0133

Censagsebi ns

The third | abelling strateggarirsagemgdobpiedgyv
the UK Office for National Statistics (ONS).
of age Dbins; the distributiohabdfe. tdDeel albelth
smal | number ofd 8sh@amlee viinn tthhd s c¢cl as& was m
T24age bin to form a new cBa@mge ONNt wWasotipéi t
into twoB9B&xsms@®&BFrespectively.
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Table 4.5 Age labelling using a modified ONS census age grouping.

Age bin Class label Number of Samples Class Ratio
18to 24 1871 24 42 0.00092
2510 29 251 29 62 0.01293
30to 34 3071 34 93 0.02032
35to0 39 3571 39 102 0.03002
40to 44 4071 44 143 0.03326
45 to 49 45171 49 186 0.04619
50 to 54 50T 54 268 0.06005
551to 59 551 59 333 0.08684
60 to 64 601 64 374 0.10762
65 to 69 651 69 409 0.12055
70to 74 701 74 396 0.13211
75t0 79 751 79 296 0.12794
80 to 84 801 84 223 0.09561
85 to 89 851 89 125 0.07206
90+ 90+ 41 0.05358
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4. 3M3@3chine Learning Algorithms

The machine | earning algorithms wused in thi:
Deci si mamBBmae m FRJsriensgt .t he processed datasets
binarized voxel is taken by the algorithm as:s
NPY file (128, 128, 64) , the total number o
1048576. Each ofethesd bgatheesalgorithms to

classifiers to sort and split data into spec

Deci sion tree

Decision Trees (DT) are a form of supervise
classification,-ouepgue(skBiasshhecp 020 0dglt tRBIB.L @agos a
G®ron 2022; Mol hlae &22lI0@@8ri)t hm av-hAehabl d st hHrha
Classification a(nh@QARI)g reaelsgdminmilim el 8id4n essenit
are a series of tests in a tree structure,

features ar e used to classify and sort t h
homogenous groups until each bran¢Kopsbdntes
201.3)Thi-sadeacdeal gor it hrmo dote gwlmese eabty tthhee | nput
divided into two regions using &Bi shopi @apboeé.
Mol nar .20E2a3xa) nedieomadmdaoades further splittior
cost function within the CART algorithm to f
val UuBrei man 1984; BhehdCPARI0OC®)st function va
acceptable puriBiyshdépt2@068ubGG®ton.Ea@h2;t i Mel n
a subset undergoes a split, all the avail abl
bed&teature is selected G®RY othh & TR@Iiet tsiubg ed rsi ta
knownl asf Mo éwar . T2h0e2 3fagr mheabnnelfieas recur si
process, genenatiésy ruvemptriels eenatcenrd by one cl ass ¢
splitting st opnsodnhaenn bneo ffourrmenderbased on t he «
or a predefined maxi mum tree depth has been
of samples areG®non PR623aP,; nbdlehnea rf i2n0a2l3 as)ubs et s
by the treetaemranikimdwi dafnarn.8%&pAs)si ng t he t
set through the decision tree, the decision

be exposed to new inputs for classification.
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Advantages and limitations

The advantage of the decision tree algorith
and inter(pBiesthaobpi | 2 & Oy6 ; G®ron .20h2seThampii b2®
indicative of mahd-g8 eg  ko(dlechywddsmz al ez 2019 G

202,2)which allows wusers to understand how d:
results we(&obaseshnaeved-Gp0tra] eLoPABIL D) -lairkee t r e
predictive model s, the results of which <can

each node stemming from the root node cont ai
the node was split to for m(RGOeith2a0h029;e nTohuasmpfii
2022a)he information provided in each node i

the eventual split i 6tLoy®drazsaelqauzen20 1 %;afMmlomdae

Further, by presenting the user with the exa
model , the feature Iimport@hnlceammet20b28pamebei
all ows users to understand which features an

to a predictiohThamgil a2 2 a c.aMwiomart RO 3anf o
and the tree structure enables users to comp
and daMoal nar . 26G23a)ly DT are flexible, i np
continuous or discrete values with no need f
(Loy@dmzal ez 2019;. Mol nar 2023a)

DT are not wi t(hBorueti mainmilt9a8t4i;onSal zber g 1994,

2023aPue to their single tree structure, DT

smal | variations (Bal 2ther g rB9%4 ngLisetand Bel f
Gonzalez 2019; G®ron 2A62 DT Molrmmarn n2@23a)e st
forms based on the previous, therefore, sl i
new features which would change h¢{(¢WMolsmbéisseq:!
2023a)fhis makes DT an wunsuitable model choi
known to overfit, meaning that the model s
does not generali ze( G&rldn t20 2Zeln sZ2efefnd | dhaTthaa mp |
2022a; Mol nare2QRP8B8ahg i n poor classificatio
interpretable, the visualization of deep tre
as terminal | eaf nodes increadqddMod mman €r0t2i3al) |
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Random forests

Al t hough DT have the potenti al to become c
Il imitations of overfitting and instability ¢
DT(Kingsford and Salzberg 2008; Ar Emse@bteu
met hods which combine multiple model s, of t e
robustCaitgna andi RKi cuROd&U RA@ILEovMel nar 202
Random forests (RF) is one of the ernsesambl e m

(Pedregtosa®0lla)Consi dered one of t he best €
perfor mMBneeman 2001; ,Kotthsei almR ial g2o0rlidt)hm r and

subset of the available data for each indivi
asbootstrap @ (gBgrreeignaatni nH9 9 6 , 2001; Kotsianti
Additionally, i nst draeddfteodt searamomg &boas ta hai l

feature among a random subset of features wi
to sphod(eBirheei man 2001; G®r on.ThCex2; tT™woa napsip e
randomness ensure higher diversity between
during training. The number of trees in the
individually trained with theia ardpeechbsers
features to produce their own decision rul es
classifiers are weighted by the RF algorithm
given by a weighBedi mapo20 @1 ;2s08¢&& k olrvhiaompi 20 2

Advantages and limitations

The ensemble nature of RF | owers variance of
average of the indBrreidmarc2&0bn Haeteise, Fri e
2001; Ari a, Cuccurul |l 6i wend tGmatssbhe&0€ni3embl
entirely of DT, RF share the same flexibilit
di screte values can be used as input withou
transfo(mbhaty@eomzsal ez 2019)

Whil e RF are ensembles of DT, RF do not shar

interpretability ofblRT.kmBBbe(blsoey@®@dimaated ao19
Rudin 2019; Tbhhepe thode8hy are ones that cont
t hat ar e too complicated for humans t o ur
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perfor Woden 2019; Ari a, Cuccurullo.amR&E Gna
model s inherently become more complex as th
increases, thus bec(oBmienigmaunn iln%84r;p rReakaabclhe and
Loyd&lomzal ez 2019; Aria, Cuccurul |l.o Dauned tGon atshs
random subsets of data and features taken
understandability of how timedsdpd atturmhes ormesp an
to comp¢(Bhentan 2001;. Thampi 2022b)

Though | ess interpretable, RF are not unexpl
same way as DT, t meodeplatturiesgucand bercal cul at
Sci-kedfmPedr eegoXdl.cada)mputes the score and out pt

t hat were deemed useful i OGeremt 2@}t heatclm
i mportance scores computed can help deter mi
were in the overall RF model . Therefore, d «
features interact, RF can provide insight a

actually matteredPei kettvaa@ i ;e G®rded 202 2)
4. 3TdniHywper parameters

Hyperparameters are constraints to the algo
devel opment and these values r ema(ifhe croemgd saant
et 2a0ll1 a; G®RromMmdpRO282ments to these constrain
are necessary for ML models. I f |l eft unconst
the algorithm will adapt itseG®r adam. 2023l y n

The hyperparameters of each respective algor
adjusted (tuned) to attain the best possi bl

results of which can be seen in Section 4. 4.
Deci sion tree

Hyperparameters were optimized -LBaooghPetdeos

2011) . There are sever al hyper p(aBrraementaenr sl 9t8h4:
Hasti e, Friedman andhdi DbsShhypaeipa0o@meters tu
armaxi mum dept h, mi ni anal 3 smp MBe/s galhdg aufs,t i ng
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aforementi oned htylper phapmetasnirds compl exi ty o f
finet(lRnedyeatwaadl2.1; G®ron 2022; Thampi 2022a)

Maxi mum dept h dimaxatdckespthho)w far the tree mode

measure | imits the maximum number of splits
prediction is made. Given a | arge enough va
terminabreodsespure as possible. However, t hi
set and resul ts i n poor mo del generalisabi

(Pedr ego2a@l.la; G®ron 2022)

Mi ni mum sampl es l eafl i(nmitns_stame | es mbeaf )of S
required teabendthe a meamsdaamatott the spl it u
specified minimum number of noampl ¢ ®wwinlgl t he
(Pedregtoszadl1 1a)Thi s hyper partaemmemienralp riveevéeint so d
single outlying samples to form, thus to r e
unseen( fett 2a012.0 )

Class Wwelghst iweiwghed to provide a weight for
this hyperparameter i s necessary to explore
i mbal ances in the traicniarsrg dveeagihftTbaet cbasgés
algorithm to take into account the nhmbal ance

The class weights usediNomambéddadanmekdpment wer

Random forests

As RF are ensembles of DT, the size of t he
hyperparameter. Numbe®spedi feises maheormsumiber of
ensembl e. |l ncrease i n t his hyperparameter

accuracies as a higher number of di verse DT
out put. However ,ersésclt ¢eases Iiarger computatio

trees and calculations are being carried out

The other hyperparameters that were tuned fc
the previously described. However, as RF ext
data to train each treémadrmnazedi sSGwasalmpelda s s
i n RF devel op rNonte ,all ahndgnsci edded .
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4. Model Training and Validati on

ML models were trained and validated using
hyper par amet er Se cdte socnrsi b4e.d3 .i2n and 4. 3. 4. A DT
constructed for each data | abelling strategy
validation set was used to examine the cl ass
The classi fi catthe nvalcicduataicon osfet was monitor
i mproved through systematic adjustmedbs to t
bel ow.t As By perpar amedleass wmeomghinffeger value
coul danbefinite number of hyperparameter per
Therefore, mhei mamueswelfes Ilienaft ed to 1, 5, a
maxi mumwheptumrestricted to examine classifioc
increasedas3hwesieghtisn DT WNomé & o advmmche edd. For
t uninrugnber of wasd iahded sas a hyperparameter.
values as input, the values were | imited to

the number of i ndi vi dual trees in the RF mod

Table 4.6 Machine learning algorithm, data labelling strategy and hyperparameters tuned.

Machine Learning Data Labelling
. Hyperparameters
Algorithm Strategy

20-year age bins Maximum depth,

Decision Tree 10-year age bins Minimum samples leaf,
Census age bins Class weight
20-year age bins Number of Estimators,

Random Forest Maximum depth,

10-year age bins

Minimum samples leaf,

Census age bins _
Class weight
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4. 4Déci sTremni ng

Il n this subsection, the classification perfc
set is presented. The training andnawalmudnat i o
dept h, mi ni muma rsdalmpd £ swaregpaHt,uned i 5Fhgwreke 3

classificati omapxarmfuar idieecpcteha ass on t he best ¢

mi ni mum sammidé aslseanfei génhd can be observed ir
Whi | e training and validatmaxi muocuddaetyh,i n
performance increase reaches a plateau. An ¢
figures are compared against each other. Val

bins become narrower.
2year age bins

The DT modedarf oage20bins reached a peak trai.
validation accumaxy mafm i@e 3s8eItmmincge mus5n sampl es

i's set ¢tloads iwamidgdhdal| & d6(cFeidgdBr)e The figure sho
| arm&xi mum vdad puteh woul d sl ow down the algoritth

overfitting without benefits to the accuracy

DecisionTrees: 20 — YearAgeBins
Minimum Samples Leaf: 1, Class Weight: Balanced

—— Training Accuracy
Validation Accuracy

Accuracy

Q 0 o) ] 40 580 [e] 0 B @ 0 M0 120 130 0 150 160 170 120 190 200
Hyperparameter: Max Depth

Figure 4.3 Classification accuracy performance of the 20-year age bins DT model. The model

is set to dalanceddclass weight and minimum samples leaf: 1.
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leyear age bins

The DT modgeéarf oageObins show a peak trainirt
validation accumaxy mafm i@se 252edtmmihde mu3n s ampl es
is set tbobads wadg®dbned. 44Fi.guTrhee fi gure shoy
| arma&axi mum vdd puteh woul d sl ow down the algoritht
overfitting without benefits to the accuracy

DecisionTrees: 10 - YearAgeBins

10 Minimum Samples Leaf: 1, Class weighi: Balanced

085
000
0.85
080
075
070
065
060
0.55
050

—— Training Accuracy
Validation Accuracy

045
040
035
030

Accuracy

025
020
015
010
005
000
O M0 D W 40 = O MW B W W0 MP 120 130 W0 S0 160 W0 180 190 20

Hyperparameter: Max Depth

Figure 4.4 Classification accuracy performance of the 10-year age bins DT model. The model

is set to class weight: none and minimum samples leaf: 1.
Census age bins

The DT model for Census age bins show a trai

accuracy ofmaxidddmwiésepstel® Tmoai ning accuracy ¢

increase tom@®@xi7m@8mwdsepstent t o 43, however, t h
setting decreases validation accuracy to O.
accuracy, mdnxi muanwea e p t310 was taken as t he

hyperparamet er g tntiimugn aslacspagtshsd @aehadfs s wei ght
setiNoeFi gd4bnne The Bhgws homwxamuarvgad puteh woul d
sl ow down the algorithm and increase the ri

accuracy values.
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DecisionTrees: CensusYearAgeBins

10 Minimum Samples Leaf: 5, Class Weight: None

095 —— Training Accuracy

Validation Accuracy
080

085
0.80
075
070
065
0.60
0.55
050
045
040
035
030

Accuracy

025
020
015
010
005
0.00
Q 0 o) ] 40 580 [e] 0 B @ 0 M0 120 130 0 150 160 170 120 190 200
Hyperparameter: Max Depth

Figure 4.5 Classification accuracy performance of the census year age bins DT model. The

model is set to class weight: none and minimum samples leaf: 5.

4. 4RAnddmrest Tuning

Figu4&gis4d48 show the <classification perfor man
validation set with their respective data | a
accuracies were monitor endinmbsert lod heyspgdrmaaroamnse
dept h, mi ni mumaseamaseswereg@ht uned. The figur
classification performance of mRkKimoudeddse pwiht h
number of est¢ciemaseds differences i n accurac
mi ni mum s angnldelsaslsetawas ghdj ust ed. I n general,

mi ni mum samglse$ tleedafi n consi stent decreases t

model s, resulting in underfitting of the moc
can also be observed in the tuning of RF mooc
in | ower walriackcateisomcamomss al l hyperparameter

change from single tree cl as-batedatmmdchel |

demonstrates overall i mpromemeatr aoi €saining
2hyear age bins

The RF modeyearsiage 200i ns show an approxi mat e

accuracy and O0.100 increase in validation .
counterpart. mMmhmbemcofe dsaex iirMmad wilrtsed i n some |
to validation accuracy. These I mprovements ¢
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esti mator s, the validation accuraci @50f1eache

trees as opposed to the avail abl e mmax imaum o f
sampl eanidd afss wbogwbtd both i mprovements and
validati on accuracy at di fferent number s o]
validation accuracies attained in this RF mo

hyperparamet er s admauxsitneudm wleerpet hs e t2 Ot, o mi ni mu m
10, cl asbawedpgedumber of es(Fmguoes6) 101

RandomForest: 20 Year Age Bins, Max Depth: 20
Class Weight: Nane Glass Weight: balanced Class Weight: balanced_subsample

09 08 09

08 08 08

o7 or 0T

W Training Accuracy

Validation Accuracy at
Samples Leaf: 1

06 ]

Accuracy at
W iimum Samples Leat: 5
Validation Accuracy at
Minimum Samples

- Leat: 10

0.4
03

02

0.0

25 51 o sn
Number of Estimators

1001

Figure 4.6 Classification accuracy performance of the 20-year age bins RF model. The model
is set to a fixed maximum depth of 20. The performance differences were tracked as number

of estimators, minimum samples leaf, and class weight were adjusted.
leyear age bins

The RF modeyearsiage 10Wi ns show an approxi mat e

accuracy and O0.100 increase in validation
counterpart. Mhbenbencoéakasi masorsed in 1 mpr
validation accuracy. However, these I mproverm

otl ass .weWNhgehrtes s iweisgdotnie ¢ he | et eé ame dused

t he variance of t he val i dratnii omu ma cscaunrpd ceys ¢
hyperparametehencWasseaei whtal mdcetdhe i ncreas:e
validation accuracy i snpmmoberorafi oemsktiinmatl ayms we

class wei gshefitaltacdced sGgubaamplma | ar proportion

observed, however, the range of i mprovemen:
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validation accuracies attained in this RF mo
hyperparameters usedma»i mwmiceet t:hi 30 ,wemieni n
|l eaf: 10, obbsgawdumgbher of estimators: 1001.

RandomForest: 10 Year Age Bins, Max Depth: 30
Class Weight: Nane Glass Weight: balanced Class Weight: balanced_subsample

09 08 09
08 08 08
o7 or 0T

06 06 ]

0.4 0.4 0.4

03

02

[-XI

0.0

25 s1 o sn 1001
Number of Estimators

Figure 4.7 Classification accuracy performance of the 10-year age bins RF model. The model
is set to a fixed maximum depth of 30. The performance differences were tracked as number

of estimators, minimum samples leaf, and class weight were adjusted.

Census age bins

The RF model using census®a@®O0bimsrebsw BN
accuracy and O0.03 increase in validation a
counterpart. The mbearcr @d s ed itsn mrad U Ist e d i n r
i mprovements t o val i datdloams sacwalifdatetysvactr dsas

accuracies produced during tuning of this R
peak training and validation accuracies att
0.152 respectively, the hyperpaanameuer sseps ad
43, minmmumssheaf: WNonga nmbsusmbwaeeri gohft :est i mat or
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RandomForest: Census Year Age Bins, Max Depth: 43
Class Weight: None Class Weight: balanced Class Weight balanced_subsample

09 09 09

08 0.8 0a

[o%4 o7 o7

06 06 06

0.4 0.4 0.4
03 03 0.3

02 02 02

) .I... ) ..I.. ) ...l.
00 00 0.0

25 1 m 501 1001 - 25 st ol 50 1001 B 25 §1 m 501 1001
Number of Estimators

Figure 4.8 Classification accuracy performance of the census year age bins RF model. The
model is set to a fixed maximum depth of 43. The performance differences were tracked as

number of estimators, minimum samples leaf, and class weight were adjusted.
4. 4 MB8de&lerformance

To gain a further understanding of how the L

metrics such as precision scores and confusi

score iIs the metric which calcul ates how go
categoor (Kubkarni, Chong .anfhad8adanmfsehi 2 2m@agt
evaluation tool for classification accuracy,
true positives, false positives, true negat.
(Kul karni, Chong .and Batarseh 2020)

Confusion matri x

Fi gu4d49% sa49ld0 show the confusion matrices of t

and tuned to their mo s t opti mal hyper par ame
algorithm type, confusion matrices show that
the validati olnhs skeécamdel enosieabl e to classif:
correct classes as the age | abels increased

The DT and RF mpdals aget hbi B0 | 42410 a) ( Fi
demonstrated a higher 1s7@n ;igtei viatnyg et, o wdred £ tmho

wer e correctly and i ncorrectly classified
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mi sclassification could be explained by the

inherently i mbal anced. The overir7éOpraggsee nrtaantgiec
could have impacted upon the deci siean olbaesi
in the algorithms. This phenomenon can be vi
smaller, the samples in the validation set a

majority clasdbdd9osu@dB0,ag®dBGHreat0age Bbin | at
(Fi g4Orbg10b), &BA40DOD51 64460071 6ROZT7d 301 7OMS5 i n
census bin | dPef10an)g. (Figur e

DT20 Confusion Matrix DT10 Confusion Matrix

18-29

18-30

True label

&0-8000+

50- 60-60
Predictad label Predicted labsl

4D-50

Accuracy=0.38835 Accuracy=0.22816

DT Census Confusion Matrix

label

Accuracy=0.12136

Figure 4.9 (a) In the top left corner, confusion matrix of the best performing DT model with
20-year age bin labelling. (b) In the top right corner, confusion matrix of the best performing
DT model with 10-year age bin labelling. (c) In the bottom, confusion matrix of the best

performing DT model with census age bin labelling.
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RF20 Confusion Matrix RF10 Confusion Matrix

18-39

True labe
True labe

60-70

50-50 ED-60
Pradicted labe Pradicted labe

Accuracy=0.53883 Accuracy=0.30583

RF Census Confusion Matrix

Accuracy=0.15210

Figure 4.10 (a) In the top left corner, confusion matrix of the best performing RF model with
20-year age bin labelling. (b) In the top right corner, confusion matrix of the best performing
RF model with 10-year age bin labelling. (c) In the bottom, confusion matrix of the best

performing RF model with census age bin labelling.
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Precision scores

The precisiBnrgudadls] e4lld2l nshow that the traine
overfitted on the majority classes and attem
these overrepréasededncltdaeseaseci sion criteri
Thus, resulting in | ow precision scores whe
l ower , meaning that the class itself i s a mi
dat a.

DT20 Precision Table DT 10 Precision Table

1 10
Class Ratio JISIUE&1 0194 | 0253 | 0224 . o
s

Class Ratio 0.09746 0.30069 047621 0.12564 o
Frocision Score [IRVRIIYA 0.34536 0.52303 0.089744 ** " Procision Score .
0z

18-39 40-59 60-79 80+ 18-29  30-39

DT Census Precision Table

10
LB
08

Precision Score

18-24 25-20 30-34 3539 4044 4549 50-54 5550 60-64 6569 70-74 7579 B80-64 86589 00+

Figure 4.11 Tabulated precision scores of the best performing DT models in their respective
data labelling age bins. Each precision score for their respective class labels and ratios are
presented. (a) In the top left, DT model with 20-year age bin labelling. (b) In the top right
corner, DT model with 10-year age bin labelling (c) In the bottom centre, DT model with

census age bin labelling.

RF20 Precision Table RF10 Precision Table

10

Class Ratio JESVNVETET 0.30069 0.47621 0.12564 as Class Ratio [Ues] 63 4 | 0.253 224 | 0.113 | 0.0133
. 0
0s o
Precision Score [EEN: V(] 0.44966 0.57647 05 Precision Score [ll] 025 | 0222 | 0238 2 0293 | 0455 0 )
o
18-39 40-59 60-79 80+ 7079 80-89 90+ °

RF Census Precision Table

10

i

0.281
18-29 30-39  40-49 - 60-69

Class Rat

Precision Score

18-24 2520 30-34 36-30 4044 4540 50-54 5550 6064 6660 70-74 7570 B0-B4 B85-80 00+

Figure 4.12 Tabulated precision scores of the best performing RF models in their respective
data labelling age bins. Each precision score for their respective class labels and ratios are
presented. (a) In the top left, RF model with 20-year age bin labelling. (b) In the top right
corner, RF model with 10-year age bin labelling. (c) In the bottom centre, RF model with

census age bin labelling.
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The findings of the training and validation
i ssue. This type of i ssue cr e(akuelsk arirfif,i cQh otnic
Batarseh 2@2@e)fically around the extracting
features that contribute to pr eci(skeubaantd aancdc L
Matwin.19867further wunderstand whether the <c

accuracies and i mbalanced precision scores v
dataset, strategies to misteisgatt e onhids 5)ssue w
4. DPata | mbal ance Strategies

From the results reported, a consistent tre
scores in specific class | abels was observec
data | abelling strategies. To further wunder s
cl asnsbal ances within the initial training set

i mpl emented to address-leveli appraacéd. cBmi Hed
groups: undersamplinfdanandaogeasnampaion 1005 ;
201.8)

I n undersampling, random samples of the maj
eliminated to create unif éLmedly28E8; si Kelsk arcm
Chong and Bat arOneh o0Z020)e most common and si
downsi Riamgloims Unde( dlampl Wagpg and Mao 2005; K
and BatarseAs 2t00lRi09 technigue seeks to remove
dataset, all the classes are downsized to th

minority cl ass.

Il n oversampling, the minority classes 1in th
number of samples i mRabhdemmOyeramdy Itil megtsi. C
Mi nority Over sampl i mg eTetcwon ingouset (cSOMOTOEN)| y u s €
to augment i mbal &acetl azalalt2a; s eétesse2al/ 1 8 ; Kul karn
Chong and BatRamsdcdm 20V2&rndsuapmpilciantges random se
samples in the minority classes until a bala
is a simple and effective( Gdnmreatd a0l §,2 jJiot acdodurleds
cause overfitting Issues as the decision cri
the replicated(@haeat 2220/0.2s;a nBpd teisst a, Prat. an
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Han, Wang and Maet 240A55M0Taracs?2 adevel oped to a

concerns with overfitting, it synthesizes ne
class inform@gtChamt a2ath(.2 ;a b@ ¢er 280l 1a2 ; Feen8Saldez
201.7)The new synthetic sampleaxanest i neegpbb
al gor iStMOrit EEhnn's unsupervised clustering algori
of similar data in the minority c¢class which
bal ance tli€hdawt a2etex2; @€ar2adila2; Fee n a0dlerz)

As synthetic sampl es SSMQT Bhathad 4 etay | KM @&INEeaad eld)
strategy may not appropriately rebLéedy atthe I
201.8)As strict undersampling and oversamplin

to underfit or overfCostam S3M@iaksi adrealel preat
i mpl ement ed. Usi nAlge atrme plaimkembpéehced Nogueir a
201,7)t he number of samples synthesized by SMC
number of campodms IM@EER Mpl ed the majorikty cl ¢

sampled the minority classes to a specified

Al | of the methods described werleeairmp |Peyntehnotn
package due to its demgateinai ltirtey, wWiotghue$ciaki
2017)TabT 8 and9 4show the number of samples i
training set with each data | abelling stra
strategies have been applied.

138



Table 4.7 Number of samples in 20-year age bins before and after each data imbalance

strategy.
Number of Samples
_ Class
Age bin
label Custom Random Random
None | SMOTE . _
SMOTE | Oversampling | Undersampling
18t039 | 1871 39 | 299 1475 600 1475 299
40t0 59 | 4071 59 | 930 1475 600 1475 299
60to79 | 6071 79 | 1475 1475 600 1475 299
80 to 801
389 1475 600 1475 299
90+ 90+

Table 4.8 Number of samples in 10-year age bins before and after each data imbalance

strategy.
Number of Samples
_ Class
Age bin
label Custom Random Random
None | SMOTE . )
SMOTE | Oversampling | Undersampling
18t029 | 1871 29 | 104 783 600 783 41
30to39 | 3071 39 | 195 783 600 783 41
40t0 49 | 407 49 | 329 783 600 783 41
50to 59 | 5071 59 | 601 783 600 783 41
60to 69 | 6071 69 | 783 783 600 783 41
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70to79 | 707 79 | 692 783 600 783 41
80to89 | 8071 89 | 348 783 600 783 41
90+ 90+ 41 783 600 783 41

Table 4.9 Number of samples in census age bins before and after data imbalance strategy.

Number of Samples

. Class
Age bin
label Custom Random Random
None | SMOTE _ _
SMOTE | Oversampling | Undersampling
18to24 | 1871 24 42 409 300 409 41
251029 | 2571 29 62 409 300 409 41
30to 34| 3071 34 93 409 300 409 41
35t039| 357 39 | 102 409 300 409 41
40to 44 | 407 44 | 143 409 300 409 41
45t049 | 457 49 | 186 409 300 409 41
50to54 | 507 54 | 268 409 300 409 41
55t059 | 5571 59 | 333 409 300 409 41
60to64 | 607 64 | 374 409 300 409 41
65t069 | 651 69 | 409 409 300 409 41
70to74 | 7071 74 | 396 409 300 409 41
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751079 | 751 79 | 296 409 300 409 41
80to84 | 801 84 | 223 409 300 409 41
85t089 | 8571 89 | 125 409 300 409 41

90+ 90+ 41 409 300 409 41
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4. Model

The DT and
hyperparameters identified
Thwaes tesed to

Section

4. 6Déci sTircere Test

The specific

i mbal ance

changes to

4 . det

classificat.i

strategy was

Testing

model s

on accuraci es

Resul t s

details of t he

assification

wer e

of each ML

applied to the

retrained using t
I n Section 4.4 an
generate the empi

mod el

DT sbolel saelkad ata
dat a |

accuracy of the va

Table 4.10 Data labelling strategy, hyperparameter permutations, and data imbalance

strategy combinations used for DT model testing.

Data Labelling
Strategy

Hyperparameters

Data Imbalance

Strategy

20-year age bins

Maximum depth: 15
Minimum samples leaf: 1

Class weight: dalancedd

None

SMOTE

Custom SMOTE

Random Oversampling

Random Undersampling

10-year age bins

Maximum depth: 23
Minimum samples leaf: 1

Class weight: dNoneb

None

SMOTE

Custom SMOTE
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Random Oversampling

Random Undersampling

None
Maximum depth: 39 SMOTE
Census age bins Minimum samples leaf: 5 Custom SMOTE

Class weight: doneo Random Oversampling

Random Undersampling
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200y ear age bins

Figdt® shows the classdiftateonoepebébweancea

strategi es. Using the best hyperpar ayneeatrer cc
age bins showed a 0.03 decrease in accuracy
i mbal ance strategies applied to the model S
accuracy. However, test accuracy showed i mg

SMOTE, and ORenmdoampl i ng was used. The best
strategy was SMOTE which all owed the model t

DecisionTreeTestResults: 20 — YearAgeBins
Max Depth: 15, Minimum Samples Leaf: 10, Class Weight: "balanced”

0ss5

C

000
Custom SMOTE RandomOversampling RandemUndersampling

Data Mifigation Strategy

Figure 4.13 Classification accuracy performance of the 20-year age bins DT model. The model
is set to fixed hyperparameters. The performance differences between the validation and test
sets were tracked as the data imbalance strategy is changed.
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leyear age bins

I n the absence of dat a i-ynbarl aage, bt he ®&idu

hyperparameter combination, showed a 0.0228
the test set . The data i mbalance strategie
i mprovements in validation accuracy sand on
accuracy 41 %) gurTd e best perfor ming I mbal anc
Oversampling achieved 0.210 in test accurac

|l ower than the <classifimathen aasnembatwriae hi

strategy in the validation set

DecisionTreeTestResults: 10 — YearAgeBins
Max Depth: 23, Minimum Samples Leaf: 1, Class Weight: "None"

1.00
005 ing Aceuracy
- Valldanen Accuracy

000 BN Test Accuracy

085
[E]
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& 055
§ 050
§ 045
040
035
030
025
020
0is
o1
0os
oo

Custom SMOTE RandomOversampling RandomUndersampling
Data Mitigation Strategy

Figure 4.14 Classification accuracy performance of the 10-year age bins DT model. The model
is set to fixed hyperparameters. The performance differences between the validation and test

sets were tracked as the data imbalance strategy is changed.
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Census age bins

The DT model using census age bins showed
validation, and test accuracies when data ir
415) . While test accuracy was highest at 0.
training accuracy fell to 0.569, the model w
accuracy decreased when i mbal ance strategies

DecisionTreeTestResults: CensusAgeBins
Max Depth: 39, Minimum Samples Leaf: 5, Class Weight: "None"

. Trainin g Accuracy
005 W Validation Accuracy
000 B Test Accuracy

LE
o7
065
060
2 055
§ 0s0
Q 045
040
035
L]
025
0z
15
o1
005
oo None SMOTE

Custom SMOTE ~ RandomGversampling RandomUndersampling
Data Mitigation Strategy

Figure 4.15 Classification accuracy performance of the census age bins DT model. The model
is set to fixed hyperparameters. The performance differences between the validation and test

sets were tracked as the data imbalance strategy is changed.
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4. 6Randdmrest Test Resul ts

The specific details of the RF #hoféeédasclevadua
i mbal ance strategy was applied to the data |
changes to classification accuracy of the te

Table 4.11 Data labelling strategy, hyperparameter permutations, and data imbalance

strategy combinations used for RF model testing.

Data Labelling

Data Imbalance

Strategy Hyperparameters Strategy
None
Number of estimators: 101 SMOTE

20-year age bins

Maximum depth: 20
Minimum samples leaf: 10

Class weight: dalancedd

Custom SMOTE

Random Oversampling

Random Undersampling

10-year age bins

Number of estimators: 1001
Maximum depth: 30
Minimum samples leaf: 10

Class weight: dalancedd

None

SMOTE

Custom SMOTE

Random Oversampling

Random Undersampling

Census age bins

Number of estimators: 1001
Maximum depth: 43
Minimum samples leaf: 5

Class weight: dNoneb

None

SMOTE

Custom SMOTE

Random Oversampling

Random Undersampling

147



2@year age bins

The RF model performed with minimal I mprover
were applied to the wvalidation set, howeve
SMOTE both produced slight increased4l@)o. val.
The RF modeyearsiage 2i ns when applied on to
accuracy of 0.523 where i mbal ance strategi
strategi es, again, produced no i mprovement

produced worse reswhssawhkenetdhteombdeltest se

RandomForestTestResults : 20 — YearAgeBins
Max Depth: 20, Minimum Samples Leaf: 10, Class Weight: "balanced”, Number of Estimators: 101

W Training Accuracy

100 W Validation Accuracy
0es BN Test Accura:
000
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Figure 4.16 Classification accuracy performance of the 20-year age bins RF model. The model
is set to fixed hyperparameters. The performance differences between the validation and test

sets were tracked as the data imbalance strategy is changed.
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leyear age bins

| iFi gur e 4 .4dl7i,dattheonv accuracy showed overal/l

i mbal ancategies were applied, reaching peak
SMOTE. Test accuracy showed similar i mprover
and custom SMOTE, both reaching O0.294. Ran

causes either accuwrsecy scores to decre

RandomForestTestResults : 10 — YearAgeBins
Max Depth: 30, Minimum Samples Leaf: 10, Class Weight: "balanced", Number of Estimators: 1001

100 - Vsl IdaluunA curacy
005 N Test Acc
080
085
080
075
ofo
065
060
0.55
050
045
040
035
0.30
025
020
015
010
005
000

Custom SMOTE RandomOversampling RandomUndersampling
Data Mitigation Strategy

Accuracy

Figure 4.17 Classification accuracy performance of the 10-year age bins RF model. The model
is set to a fixed maximum depth of 30. The performance differences were tracked as number

of estimators, minimum samples leaf, and class weight were adjusted.
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Census age bins

Figuld shows that none of the data | mbal an
i mprovement in validation accuracy. Whereas
age bins, showed i mprovements with SMOTE whe

an accuracyl4d4s8core of O.

RandomForestTestResults : CensusAgeBins
Max Depth: 43, Minimum Samples Leaf: 5, Class Weight: "None", Number of Estimators: 1001

EEE Trainin

100 - Valida | A
ags - TealAcculacy
0%
0B85
080
075
070
065
060
055
oso0
045
040
035
030
025
020
015
010
008
oo

Custom SMOTE RandemOwversampling RandemUndersampling
Data Mitigation Strategy
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Figure 4.18 Classification accuracy performance of the census year age bins RF model. The
model is set to a fixed maximum depth of 43. The performance differences were tracked as

number of estimators, minimum samples leaf, and class weight were adjusted.
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4. ModEVal uati on

I n this section, the confusion matrix and pr

the highest test accuracies at each data | ab
4. 7D@&ci sTircere

Whi | e al | t hree DT model s usi ng di fferent
i mprovements to their respective test accura
applied, the |l evel of i mprovement was mini ma
validati on, the DyVemodalgeudimg ttrlae n2dg set

test accuracy among the DT models at O0.400.

The confusion matri x 410%a dbgc hsnnmdodet han Fhegun
of test samples wer e OnvV ®axdeasrsarnded Thito g e
despite addressing the data I mbalances in t|
Oversampling, the DT models were unable to

data to create decision cl| asysitfhiee rpsr.e cTihsiisoni s

Fi gu42e0sa, b, and c¢c. These precision scores s|
ealc cl ass | abel. Despite using the best hyper
i mbal ance strategy, the precision of each cl

66096 class in DT 20 with SMOTE.
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Test DT10 Random Oversampling Confusion Matrix

Test DT20 SMOTE Confusion Matrix

1220 [

12-30

True labe!
True labe!

; 0 2
R 000% 5 10.32%

@0-70

070

50-50 60-60
Predicted label Predicted label

40-59 @0-79

Accuracy=0 40000 Accuracy=0 20068

Test DT Census Random Oversampling Confusion Matrix

124 2520 34 B30 4044 4549 -5
Pradicted labsl

Pccuracy=0.13226

Figure 4.19 (a) In the top left corner, confusion matrix of DT model with 20-year age bin
labelling and SMOTE data imbalance. (b) In the top right corner confusion matrix of DT model
with 10-year age bin labelling and Random Oversampling. (c) In the bottom, confusion matrix

DT model with census age bin labelling and Random Oversampling.
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Test DT20 SMOTE Precision Table

o -

Test DT10 Random Oversampling Precision Table

w0 0
o

725 O 25 o - Rato . b )
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T ‘ . T ‘01
o

-39 40-59 60-79 a0+ “

18 18-29  30-39  40-49 50-59 6069  70-79  80-89 90+

Test DT Census RandomOversampling Precision Table

Class Ratio

Precision Score

18-24 25-29 30-34 35-39 40-44 45-49 50-54 55-59 60-64 6569 70-74 7579 B80-54 8569 90+

Figure 4.20 (a) In the top left corner, tabulated precision scores of DT model with 20-year age
bin labelling and SMOTE data imbalance. (b) In the top right corner, tabulated precision scores
of DT model with 10-year age bin labelling and Random Oversampling. (c) In the bottom,
tabulated precision scores of DT model with census age bin labelling and Random
Oversampling.

4. 7TRAanddmr est

The RF models on the other hand showed

strategies were applied. I n the RF20 model

i mprovement over the original model , whi
0.523]l eWhhe RF10 and RF census model s

respective test accuracies with different

counterparts, the condfausai,onmd, mahowcébsei sahlmiegt

The RF modelss mdgaradla | abelling misdli7@8ési fy

age ranges. The precisid@r,aslborraenfd etclte s hiim Fi

however, the precision scores for each cl

across the board when compared to their

ensemble nature of the RF model s,t rase emade IRF

which uses a random subsample of the trai
deci sions ofekachd mbhdest hmbugh majority

robust c¢classification output. I n the context

most I mportant to the RF model were plotted

of the NPYoyf ipressxy atnhde areas of the NITfTI

age classification cri t4e2r3)a.usTehd st hvei sfueaal ti usraet

metrics of t he RF20 model as it had t he

sparse cl eataeanriesg ofi tth no di scernible patter

153



Test RF10 Random Oversampling Confusion Matrix

Test RF20 None Confusion Matrix

18-30

40-58
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Accuracy=052258 Accuracy=0.20355
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Predicted labe!

Accuracy=0.14830

Figure 4.21 (a) In the top left corner, confusion matrix of RF model with 20-year age bin
labelling and no imbalance strategy. (b) In the top right corner confusion matrix of RF model
with 10-year age bin labelling and Random Oversampling. (c) In the bottom, confusion matrix
RF model with census age bin labelling and SMOTE.
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Test RF20 None Precision Table Test RF10 Random Oversampling Precision Table

10

08
Class Ratio o8 Class Ratio [uRPEY 0.12 125

ar
oo

os

os

Precision Score IEEVRREEY] 0.45455 0.54795 057143 o4 Precision Score 0.279 0293 | 0375 "
03

oo 0

1829 30-39 4049 5059 60-69 70-79  80-89

Test RF Census SMOTE Precision Table

Test Class Ratio

Precision Score

18-24 25-29 30-34 35-38 40-44 45-49 50-54 55- 65-69 70-74 75~

Figure 4.22 (a) In the top left corner, tabulated precision scores of RF model with 20-year age
bin labelling and no imbalance strategy. (b) In the top right corner, tabulated precision scores
of RF model with 10-year age bin labelling and Random Oversampling. (c) In the bottom,
tabulated precision scores of RF model with census age bin labelling and SMOTE.

Test RF20 Saliency Map

Figure 4.23 A 3D plot of feature importance values from the RF20 model, the plot serves as a
saliency map.
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4. ®i scussi on

Théindi ngs ipnr etsheinsh eacihea pstimeggwm i € al | y t hat RF pe
than DT model s. The accuracy of RF model s i
decreases and become weaderagsesubhnt REt mbHel 2
hi ghest <classification accuracy on the test
accuracy results produced by the ML model s
reported by studies wusing csuogareinnmtg nmentmeads ,c
ot herwBrs@®oks and Suchey 1990; Buckberry and
2010b; etviz2dOllarr, Ket M2a0bilv8s; Val secchi, lrurita C
2019; | mai 220 2nl ; Botha and I $t aysn i2nMpd2) ant t o
features wused in the present Mmompd el ® gac al
nonmefteatcures. As the input data used to tra
NI f TI files -whocasswedet @rBPY files in &6Stag
1048576 indices in the 3D NPY arrays are rep
the threkbbédeld snformation from the NITfTI
therefore used as features in the Mbemdeel s.
of splittingtendifhald maegadénmodenportant to und
each feature contributed to the formation o
This is accessible through-Le¢eheRaenkrt egtasalpr ov
2011lafFach featureds overall I mportance in tI
nextodies computed by measuring how much the
reducing the vari amd@Saar etlhae apnrde vd awbhsi ai nen
2023anNd i f removing or altering thi(®Brfea antanr e
2001; Fr2amlTihng 2mMe23)ic has been incorporated

intelligence techniques to allow wusers of e
deci ¢iTppa and Guan 2021th&as?2mromgdR0Og83) nsig
model i s usi(nMoltrher.f2H@didyd dual feature I mpor

i's obtained as a v(aReadr dga2adklelna ;0 Tahnadm pli 2022

Since the features used in the ML model s ar e
NI f TI files, the feature Iimportance values
di mensions as the resized scan, 128 x 128 X
i mportant features can be visualised in 3D.
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as a form of saMokenay. m8aPbRagcy mapping is
commonly used to explain i mage <classificat
i mportant features or pixels (cMml rbeer.vaTseah )

visualisat#42d alnsdigmuowei des a deeper insight
data. As further information can be formed o
that the data input that was used to devel org
additionssoi mhal ahae i ssues.

This issue in data quality is seemingly <co
i mbal ance strategies to significantly 1 mprec
trained ML models. A particularly confoundin

t hex ae t same test accuracy (0.294) despite |
techniques applied to it. The confusion mat
i mbal ance strategies for RHM2@. cdhebei ¥f seuah
preci si oancrsocsosr etshe cl asses between the two i
there may be an issue with the data itself.
di fferences 44B4desholvs Fhgturetehe prigeébdbscbassc
is 0.167 whereas thd24lmsheaWwsasa pnedciguomr s
Given how SMOTE functions, where synthetic s
strategy from existing dat a, it should crea
minority clmgegsasgmaret ebde.i This strategy when
hi gher precision scores across all <c¢cl asses,
occur . This suggests SMOTE was unable to <c

Test RF10 Custom SMOTE Precision Table

. .......
B .H
18-2

9 30-39  40-49 50-5

Test RF10 Random Oversampling Precision Table

samples from t heumi nor itthye ogqlueadsdsy of t he dat
. o .... ..
‘ e .. ‘:

Figure 4.24 (a) Left: The precision table of RF10 with custom SMOTE applied. (b) Right: The

precision table of RF10 with Random Oversampling applied.

FE

The original DICOMrdadassitngrtiorNItfoTIlprfei |l es

NPY files wused for mo d el training was from

therefore had different heights, wi dt hs, an
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dataset was ensured to include the pelvis, t

regions of the body scanned. Some sampl es i
regions, others included the thoracic and p
the pelvis. As a result of this heterogenei

heal thcare settings may be too varied for t
use the features which corré3pdddeéd21p Bheop
Suchey 1990; Dudzi k, aanudr ilcaur ¢(alr e yseyr@f#adcdes b ;

Buckberry and Chamberelvainn t 2(@0akhjclelt &rb,ul Rims s e c h
Turb-nfa014A)ge estimati onpwothbhestngddrtiahall

c
c
ot her hand, with over 1 million features per
complex for DT and RF model s.

4. 8lext Steps

To conclude, this study explored the potenti
Decision Tree and Racnldaosns Faogree sctl afsosri fmuclattii on

i n DT or RF were able to produce model s w

compmarl e | evel -Mb aodr Bht agenesti mati on met hc
traits. However, this study is the first (tc
the voxel values as features in the decisio
expemni@eéi on, sever al i ssues which could hav
were identified. It remains unclear whether
inherent complexity of wusing 3D file types a
Current trends in research addressing age e:

ant hhropol ogy and medicine have seen the succ
met hods to 2D pdllaiti Qa0lrl,®J2 D gk ae & s(MRA ueetrc ath s
202,1)2D hand o &deirho 220l 5P hestL €aBl1.7; Speaemp2a0iBhT 0
Lar seatn 22001.8)As deep | earning is an effective
capabl e of handl i n(gb ecCaamp | eBxe ndyd toa saentdshldi mtexn
steps of the present thesis would be to exam

algorithm on the available data. Although t|
there are currently no deep | ear niicnhg wusttiuldiise
t hese NITfTI files. Studies in medicine have
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i mage classification through deep ilomm@aaudniahg a
net wd rModeotk Ra0l2.0 ; &u radi2r0; Bar 23013 h)

Chapter 5 explores whether the complexity of
building an age <classification model obwgl usi

neur al net wor k.
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Chapt €Eonb%bboNelur al Net wor ks

Foll owing the conclusions of Chapter 4, this
compl ex dataset with iTa hdce ecpdb nloendanimiam g nme wio o & .
highlighted in Section 4.3®ni gG@h&pbetel, 4daeap
met hods have been successfully applied an
ant hropol ogy and thCaeane2hdlZzh;] Naxvegqa,esCosta a
2022; é&Manzal?22; Joshi and Teat 12a062n3 )WVO R B Ep Our ace
published deep | earning models in forensic

macroscopic traits afc€aetD addge slaa®@dhbput

Navega, Costa and Cuathazzl20322 heMal atsorcgurr ent

|l iterature on deep |l earning models which wut
popul arity of virtual ant hropol ogy, medi cal
gap in understanding how 3D idneaege |feialrensi noga nm
in biological profile estimations. The rese
builds upon the empirical work from Chapter

convol notuoabdl net wor ks t hr ough nadgeer setsat ni dnaw hi eotnt

its |Ilimitations |ie in the c¢class i mbal ances
5. Background

Deep learning (DL) is a class of machine | ea
to extract features to form combinations of
t as(kbkseCun, Bengi o anfbhiHs nltaywer®d 5gpproach to
mi mi cking how biological neurons may functio
deci-makinng and ¢Mtccul hobcbnand PittsTHi9s 3i; d é&a
has | ed to the formation of neur(a@d®rmet, V2dr2k2s)

which is a network of artificially modell ed
are weighted mathemati cal functions calcul at
the i npuXxaidniaataMao and Molkitu®zhd i &)W %96 ;e aktahn | ¢
forming connections between its adjacent | a
deepelmegdi ncreasing the number of hidden | ayc¢

|l ayéeésSshul z and BelWwnkéd mmOtLt2) hidden | ayer s, m

formed and connections can bel G®a dba .f2dra2a ccu

160



hierarchi cal and | ayering aspect of DL and
machine to be fed raw data to automaticall
combinations of features in the input can [
(Schulz and Behnke 2012; LeCuwWwh,erBeansgiimn amdc v
machine | earning, these feature combinati ons:t
shape, edges, and textures ar(eL enGaunnu,alB eyn geixaot r
Hi nt on. 2AMtl5present , DL has contributed to sc
recognition and (cKraisshdvglay,i oSiuttaks&kwser and H
et 2a011.3; Set Raddlyd)

Convolutional neur al net works (CNN) are a foc
shown success with I m@Q@Qier e€d a2a0klilf; iecCaupabld. W ; t a s k
Kayalibay, Jensen and eéan2a0ile8; SAtza®afl 2. &)0dl 7 ; K ¢
has since been widelyiadopt ddes€anclomBeguige 0
Hinton CAN15) mic the structure of the ani mal

features and information from a smal.l | ocal i
compiled to form t(HHau bveHolaen dv iWs Wdahle | TONBIGAB Y r u C
or architecture mimics this through i1ts <con
knownk earsnaerles used to extract feature infor ma
i nput( ldea® wan, Bengio and Hient2aohl.&;0 1G®r.oYfrdAmaGha
t hkeer nceoilnsvol ve through the input data, a map
and passed onto the next | ayer for further

reacphedCun, Bengi o and Heht2adhl.82;0 1&®r. oYma nPalsz2h2 )t

These | ayers enable CNNs to be highly effi.

-

epresented in &dLe&yes,oBemgtoiaed Hient ah . 20 ]
2018; eCa&all2.1)As 2D and 3D image data are effe
of varying sizes organised in different di m
|l ocalised groups of pixel wvalues which form
for c¢cl assisf iwd d&thi BNX dirergikittsa@ 1.7 ; Kayalibay, Je
van der Smagt 20U 7220 1Bayma 9o hgsade the rapid a

technol ogies and hardware capabilities, fiel
and incorporate t hEeKarsiee,of KéDdha mikd haomkd Veln.t er
2021; Wen, Curran. aHdwédMeerrtshmn0e 3i)s still a ¢
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and understanding on the inner workings of
(Hi eks2a011.8)Thi s | ack of transparency to has |

application of such technologies in critical

f
n
[

(0]
e
t

n

me
Gu

t

h

a

renfdHieks2a011.8; eCaa0l2.2 ) Despite their O0black b
t works, specifically convolutional neur al
S notable performancEAz arm c2abhp3u)fTer gwail 11 ¢ mr\
S

i ght and understanding into the core mec

—+

hods are now being devel opé®i apdrempSongt
estrin 20t 62028228wm using feature maps Vi su.
e decisions and outputs produced by bl ac
pl ained and understood, thereby addressing
compl(eAxziatin 2adl2.3)

ere has been a recent increase in publishe
ur al networks in forensic anthropology. T
ur al net works and theleéesermando@uefegni2esd
fner 2020202V n Pehg2e0l2el )s(eA r e & n280y1.4 ; Bewes
2011.9 a; etORadIN.9 ; etCRAMI2,1 )and laitg aDI1.9; Navega, Cc
d Cunha 28R 2012Wandoshi an.d Whilll enatnh 90& 3DL
hi eve high classification accuracies, the
d base their DL model s on 2D imoargpeh oil nopguitcsa |
nmetri ¢ Caeoto Ra®lR. 1 ; M&lta2a@d 28)To address this
P, this technical chapter follows from th
plying a supervised ML algorithm, specific
i mages containing the ipeldweird.veldhd rdant a icro
mpl e represent a-taindle Lofpdipatlt mtti bevnsUK By usi n
files, a 3D kernel can convolve through

el etal features with spgaticdlasisnffoynin magt if am ctt
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5. Materi al s
5. 2Data Overview

The data used forcatrhrei gedmspo uwrd ecmatli oweolr kt o t he N
= 3093) used in the Decision Tree (DT) and
Chapter 4. The NIfTIl dataset was split into
sampling strategy to famdam tdoet tdat ai asghsetad .

5. 2E2peri ment al Set upof tHe@prdewa f ecanhdons

To be able to train, tune, and test the DL a
of computing resources were needed. This reqg
with high memory capacity and processing pow
descri Gedpt®ectdi on 4. 2, only Server 3 was ¢
experiments. Server 3 was equipped with an A
unit (CPU) and afTr@GBsofmemamdgom RAM) mewhimoh ei ¢
p

wer ful etrhdn a%eadr 2 with twice the memory caj

o

Il n keeping with the pdeviedbuprohgapmen g ( laegl
(versionfV8n8 R®pssum andarmd akke 20008¢grated d
environmen(tRayShpayudie rda@9 9used to carry out the
testing of the machine | earning algorithms.
chapter ar e TeAbsaodriBdla,&)a2n d (Kehrodd et K20 %) i s a
opesnource | ibrary which contains fixed dat a

types of neyrChll het wichekEmai n data stlrayetrwsr e
which process input data and prolvaytkeoomtgut
neur al medé@Bhda&l | et 2015Te nGRorrofl 02wW) 22-9® uir € ean
pl atform and interface op{( Ammipeste da0fldr) Tmac hi |
Tensor Fl ow interface is a flexible system w
resources t o perform the mat hemati cal cal c
required for training and executing compl ex
(Aba&adi 2a01 1.5 ; G®r.o nT h2e0 2Copnnikeel U U & | Net works in t
were i mplemented in Python 3.8.5 with Keras

experimented on using the above server.
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5. MMet hodol ogy

This section describes the methodology and t

undertaken.
5. 3War kfl ow

Using the wor kfClhoawt&kes tAr dbFee g.uBre 4. 2), the N
was -precessed to form the NPY dataset whi ct
validation of deep | earning model s. Final |\
classification accuracy were seVekcuedi 6to. und

5.3La@belling Strategy
The | abelling strategies in this cQhagpptear ar
Secti 8&n Tae pur pose of t he l abel |l ing was

effectiveness at different age ranges with t

wer eye@@alreyear ,55yeerad (census) age bins.
5.3C8nvolutional Neur al Net wor k

A 3D convolutional neur al net work was used a

for the empanmrinicadTmatr&NN takes 3D arrays as

were converted from NIfTI files which cont ai
CT scans, while the output was class <cl assi
this chapter i sb1ls ho™wmni si novkirgadrle architectur
1,562, 760 parameters, of whi ch 1,561,608 a

architexcasuede ams a 3D CNN study wused to condu
tuberculosis from 3D images of |l ung computed
(2020)h-kage&r 3D CNN is split into five disti
| ayer B%F) gamce adapted for multiclass classi f
strategy. Each module in the CNN architectur
four modules consists of a 3D convolutional
|l ayerowdadl by a batch normalisation | ayer. T
integral part to a CNN as it all ows( QbhSeh eeax t r :
and Nash 2015; Al bawiawiMozhOalnvme dG @&friodn A 2129 n s
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the CONV |l ayer forms small receptive fields
these are mat rdiedasmnedf sazesehi ch passes ove

extracts the most I mportant( @Ihteaa eanvd tMa snh t
Al bawi , Mo h a dmevd &r0dl 7A1 G®As Nt RO2Hhput is pa
the CONV | ayer, the neurons create a featur e

(LeCun, Bengio andadh nCOMV 2/0d¥pgr can be set t
to extract di fferent features from the same

i nformation can be extracted and 6l earnedd b

Anot her integral part of the CNN is the pool
di mensionality and comput at(iO@Bdle ac ampml ebaisthy
Al bawi , MohamBeaewi agdadl7Al G®rTome 2Ma@x2 ) pool i ng
summari ses the feature map from the | ayers
map on to the next | ayer. This i s a necess:

memory wusage and reduce pd&®xmtni.a2 0 Brgo dred d uocvee
feature map is passed into the batch nor mal.
i nput and feature maps produced between the
the CNN and i mproveg6ldfrfae namg $Sz2égedene@pl5,;
These three |l ayers of feature extraction, d

repeated four times as part of feature extre

I n the fifth modul e, the output fromafyeat ur
pooling | ayer, where the feature (mlaipn, sCharer
and Yan 2M0het)output is then passed to a full
consists of all the calculated weights and &
CONV | apéssea and Nash 2015; Alabvawi2,0AMdh amme
out | ayer which intentionally and randomly
net work was i mplemented to reduce the CNN f
from the CQNYIivage @@ad4)Finall vy, the fifth m
out put into the-clasts ktawesi focamubnhi The nu
final | ayer for each CNN changes depzonding

year age bin producesl@edirsamget @i ol gpgvau;cets

cl asses; and the Census age bin produces 15
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Input Layer
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1
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Figure 5.1 A 17-layer 3D convolutional neural network architecture used for age-at-death
estimation. Block A, which serves as the feature extraction portion consists of 4 modules of
3D Conv, max pooling, and batch normalisation layers. While block B consists of global

average pooling, dense, dropout, and output layer for the multiclass classification.
5.3TdniHygper parameters

Hyperparameters are constraints to the algor

remain constant during model training, t hey

devel opment (®@rdr eato 23glL 1 a ; G®r oCNRB2hjave mar

hyperparameters t hat coul d be adjusted wh i

architecture and belawaingurandu rSihmgns t ROIRMOIPrg v
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research question of the present thesis cer

machine | earning methods to forensbha&sedge e
context, hyperparameters whiclhayseoubudt si g nweé i
|l eft constant. I nstead, only three CNN hyper
attain t he best possi bl e training and vV a

hyper par amet er ctaurnriinegd tvbausmeamosroy and comput ati

constraints in mind.

The optimization o f t he hyperparameters wa
Tensor Fl ow( pAdeekagdss,; Choll €he 20NN ) hyper par a
tuned in thepochapteni araanldaltecahr msiirege .r at e,

Epoc¢lks the number of times the entire trainir

net work model; it directly relates to how we
dat(Ketkar and Mod&Whavyiel th@2 b)pap ocalss mu hiferc uod t
deter mi ne; too many passes |l eads to overfit
mo d el general i sabpbtlhega dsantdo twroderefwi tting an

mo d el perfBromankee 2018; Afag and Rao 2020)

|l ni tial liesarami ngnproatteent hyperparameter in de
guickly the model adapBengi opr®ddRk¢ce®Ozaksqgl e
2017; GO®r.on t20d2e2)er mi nes the size of the cha
t he model weepbi&oatrea&handel wal. &nd eBAnrinp at
rate that i1s too | arge can cause the model t
| earning rate that is too small woul d take
demand higher | evel s ofBrcoowmpluetea t2i0olnabl; rKeosnoaurr,

and Tripathi 2020; Yang andl S8hami s2@2@ed G®=a
default vahueifadbr | &fae ni Mm@ v altee can be tunec
(Bengiao 2012)

Batchi Si tde number of samples used to train
are up(dwanrgd and SiBamicha®Gi®ets the speed at w
is trained aphlandesl azrcdr.@aWhiell ddt @iPPiazde ¢ o

faster model training, it results in a | ess

produce the optimal( Kamtdpdt /acnlda sGa sftieclaltii o220 2 (
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Wher easbabchecsainzelsead to models with high a
accuracies but at the expense of model trair
(Radiuk 2017; Kandel and Castell.i 2020)

The results of each adjustment to the hyper

bel.ow
5. Model Training and Validati on

The models were trained and validated wusin
hyperparameterSecttesaosi Bed. nand 5.3.4. A CNN
for each data | abelling strategy, resul ting
accuracy of the wvalidation set was monitor e

systematic adj usdmearn amettoe rtsh el5illsytbpeed own Aablt.

hyper parameters ar e numeri cal val ues, t her
hyperparametenscodnonfi gacat model constructed.
t he nunebpeorchesf e | i mited to 10, i20ti a0, | @mad nd
was | imited to 0.0001,Dbat OMOMasS zdei dni &.e0dl ,t ow 2i, |

The server did not have duftfcihchegymeasgme8nory c a

Table 5.1 Machine learning algorithm, data labelling strategy and hyperparameters tuned.

Machine Learni|Data Labelli|Hyper par ame

2 bi
Gyear age IEpochs,

Convolutional ll1eyear bage I ni ti al Lece

Batch Size
Census age b

5.4Chnvol uNauwmdelt woTuki ng

Il n this subsection, the classification perfo
set is presented. The training andepadhd,at i
initial | @rald anti mlgw aliaed eet, uned . Due to |Iimitatio
power and resources, each hyperparameter col
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t he nunepeacwest e first tunéadtabasdaket aalfi kedr
ratUp.on finding the highest training and val

epochsi nitthieal |l was nt hgnrateed @d@dicrhsate dizlee f
opti mum nembehdohabddtyc hwasezadj usted against
numbeepodahnsdni t i al Iveadrurei.ng r at e

Il n general, tbhad c hremréepaescehnesss nl t ed i n higher t

validation accuraci ex.d tWhill dregahuar imodgh nnedxse d or
The trends from the previous chapters where
on the same dataset were observed in the tun

age bins resulted in higher training and val
2year age bins

The CNN modyeelarf carge20Obins reached an initial
accuracy of 0.656 and 0.571 respectively whe
(Fi gokr)e The increaseepiochhtsher asmbeed oifn i mpr
validation accuracy. These i mprovements are
epochbe validati cEppoaxdh@Wr aways fh&EpgchoS8ho, t hdm s i ¢
vi sual i sex2.i nWiFtihg utrhee o0 pe p oncahinst mu meedr3 &fhgwr e

t hat i ncr edlecasseaaas to nthealbateadirorwierdg brod the
i mprovements and diminishmentisnitoabaliedati o
0. O®rloducing the highest valibdatcbwnsiaeg utrtae y
optimum nephethirsdhi ti al | reaag nr egulrtagde 1 mpr ov e
validation addjgrad®©wefhildgyre he peak training
attained in this CNN model were 0.655 and O.
adjusted veeroe hseadlOt,loeianrintiinga nrdaattec:h G.F&Gu,r 8
54) .
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ConvolutionalNeuralNetwork : 20YearAgeBins
Batch Size: 2, Initial Learning Rate: 0.0001

BN Training Accuracy
W Validation Accuracy

Accuracy
e
8

2 30 40
Number of Epochs

Figure 5.2 Classification accuracy performance of the 20-year age bins CNN model. The
model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were
adjusted.

ConvolutionalNeuralNetwork : 20YearAgeBins
Batch Size: 2, Number of Epochs: 40

BN Training Accuracy
W Validation Accuracy

0.001
Initial Learning Rate

Figure 5.3 Classification accuracy performance of the 20-year age bins CNN model. The
model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted.
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Figure 5.4 Classification accuracy performance of the 20-year age bins CNN model. The
model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was
adjusted.

leyear age bins

The CNN moQdyeelarf cargel bins reached an initial

accuracy of 0.494 and O0.375 respectively whe

(Figupe Bhe increaseepaoachiadse rresmddredofin i mpr
validation accuracy. These i mprovements are
epocthlse validati on Espcoccuha a @0y alsetawdde 0162 perc
di fference, this 1 s5vWsuhl itdhed oipn emombh®ma mb
attaine®6 &Wgtumat i ncreases andnideicakakear hop
showed both 1 mprovements and di mi niisnhime natls

l earning pabducidDn@Ofihe highest vali tdaticdn ac
Siaesing the opti epomcddnrbietri aof | easniregul Beée
i mprovements i n val i datt)ion Thecuirmpcryoveheagtr

proportionate bat thestihgeerveaalsiedatni on accuraci

wi bht ch ,sihzoeweaBecrh2cutzeer banamdhdeOved.al |l , the p
training and validation accuracies attained
respectively, the hyper paerpaonteht:e r4s0 ,adijnui sttiead w

0O.0@abhpatch E6Fizguwreé
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ConvolutionalNeuralNetwork : 10YearAgeBins
Batch Size: 2, Initial Learning Rate: 0.001

BN Training Accuracy
W Validation Accuracy

Accuracy
]

2 30 40
Number of Epochs

Figure 5.5 Classification accuracy performance of the 10-year age bins CNN model. The
model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were
adjusted.

ConvolutionalNeuralNetwork : 10YearAgeBins
Batch Size: 2, Number of Epochs: 40

BN Training Accuracy
W Validation Accuracy

0.001
Initial Learning Rate

Figure 5.6 Classification accuracy performance of the 10-year age bins CNN model. The
model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was
adjusted.
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Figure 5.7 Classification accuracy performance of the 10-year age bins CNN model. The
model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted.

Census age bins

The CNN model for census age bins reached a
accuracy of 0.226 and O0.184 respectively whe
(Fi go8Br)e The increaseepiochhtsher asmbeed oifn i mpr
validation accuracy. Wietpho céhtse a iop ¢ d5,0u Bihguwmé e 1
t hat i ncreases and decnrigadsad s |teehrotwieslg lbed the
i mprovements and diminishmentisnitoabaliedati o
0. O®rloducing Yali hagihestaccur daychiisenrzgnthea
optimum nephehirsdhi ti al | reaag nir egulrtagde 1 mpr ov e
validati on acébuOopcy THE&iI g rag e h ssehioave mar gi nal
i mprovements to the training anbdatwal isdiaztei:on
Overall, the peak training and validation ac
0.558 and 0.201 respectively, t heephoycphe:r pdal, a
initial | earanhagt amt&eFizg@gurO® 1,
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ConvolutionalNeuralNetwork : CensusYearAgeBins
Batch Size: 2, Initial Learning Rate: 0.001
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Figure 5.8 Classification accuracy performance of the census age bins CNN model. The
model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were

adjusted.
ConvolutionalNeuralNetwork : CensusYearAgeBins
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Figure 5.9 Classification accuracy performance of the census age bins CNN model. The
model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted.
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Figure 5.10 Classification accuracy performance of the census age bins CNN model. The

model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was

adjusted.

5.4Mad&ér formance

To gain a further understanding of how the
scores and confusion matrices were calcul at
calcul ates how good the model i s &tKkudlkagiif,y
Chong and BatafTkbehc@OP03i on matrix i s an eval
accuracy, the matrix produced shows the coun
negatives, and false ne(@kKulikarsniacr@lsengaldn d
2020)

Confusion matri x

Figbt® show the confusion matrices of the CN
mo s t opti mal hyperparameter combinations. T
model s were inaccurate in classifying the va
overatdlftomnt he previ dubecbmptkeerptehsiage r a
accurate the model

Much | i ke the DT and RF model counterparts
model wietahr 280ge bin Sadbeae)l degpoO Bt gated a hig
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t owar ds it7/lGe atgke r ange, where more samples w

incorrectly classified into that specific ag
the T/® age range could have impacted wupon
bet ween ame aemuaoss the different | ayers of t
further visualised as the age bins become s|

are erroneously classed and sort ed?9i6bnt o 6t0h e
6906, an/didéo yleDar age bin 54abb)| i 6f§do BBEPEOL e

0 6106 46,7 6APEO5T 7A70T 7005 i n census bibaltpbeDespipt
the misclassifications, the CNN models acr o:s
that misclassified samples were being errone

particularly ®llicdent in Figure

CNN 20 Confusion Matrix CNN 10 Confusion Matrix

18-38

Predicted labe! Predicted labe

Accuracy=0.60841 Accuracy = 0.38893

CNN Census Confusion Matrix

520 -3¢ B3I 4044 4549

Accuracy = 0.20065
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Figure 5.11 (a) In the top left corner, confusion matrix of the best performing CNN model
with 20-year age bin labelling. (b) In the top right corner, confusion matrix of the best
performing CNN model with 10-year age bin labelling. (c) In the bottom, confusion matrix of
the best performing CNN model with census age bin labelling.

Precision scor e

The precision btl2bilsehowi ma Hiigdree ent finding tc
the precision scores of each individual cl as
with each other regardless of c¢class ratio di
may not be owemdijdrnietdy ool ahrises as suggested

To understand the seemingly opposite findincg

precision scor e, t he dat a i mbal ance strate

i mpleemmed taondovuesr@dmpl|l e the training set. By a

cl asses -wvaintdh ummwerr sampl i ng, the CNN model s ¢

any improvements to classification accuracy.
CNN 20 Precision Table CNN 10 Precision Table

Class Ratio JEVKNEIEIS 0.30069 0.47621 0.12564
0.48496 0.65421 0.625
40-59 60-79 80+

CNN Census Precision Table

10
Class Ratio 00333 | aoee2 | 0os |oosss | 0108 | 0121 % |coms o
as
a4

Precision Score I8 w47 s | 016
0z
an

16-24 25-20 30-34 3539 40-44 4549 50-54 54 65-60 T10-74 75-79 B0-84 B85-80 00+

Precision Score

10 10
o8 Class Ratio [EOKEIINEIEE) 0.106 0.194 0.253 0224 0113 | 0.0133 o
06 e

a4
04

0z
0z

a0

. - -
18-29  30-39  40-49 50-59  60-69  70-79  80-90 90+

18-39

Figure 5.12 Tabulated precision scores of the best performing CNN models in their
respective data labelling age bins. Each precision score for their respective class labels and
ratios are presented. (a) In the top left, CNN model with 20-year age bin labelling. (b) In the
top right, CNN model with 10-year age bin labelling (c) in the bottom centre, CNN model with

census age bin labelling.
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5. Model Testing

The CNN model s wer e retrained usi ng t he b

hyperparameters identified in Section 5.4 an
in Section 4.5, The test set was used to gert
cl assonf iaccactur aci es of each neur al net wor k.

5. 5TaResults

The specific details of the DT m@dekacbvdhutua
i mbal ance strategy was applied to the data |

changes to classification accuracy of the va

Table 5.2 Data labelling strategy, hyperparameter permutations, and data imbalance

strategy combinations used for CNN model testing.

Data | mbal

Data Labelli Hyper par ame Strategy

None
SMOTE
Number of Ep
2 eamge biglnitial Learn Custom SMO

Batch Si ze€
Random Over ¢

Random Under

None

SMOTE
Number of Ep

lyear age [Initial Learn Custom SMO

Batch Si z-e€
Random Over ¢

Random Under
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None

SMOTE
Number of EQp

Census age|lnitial Learn Custom SMO

Batch Si z-e€
Random Over ¢

Random Under
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2year age bins

Figbt&hows the classification performance di
strategi es. Using just the best hyperpar ame
CNN model-yawat hag@® bins showed a 0.002 decrea
to the test set when compared to the wvalida
applied to the CNN model showed i mprovements
and custom SMOTEHoweervee ra,p ptleisetd .accur acy showe.
when any of the dgtasi wealkamnsedst Tdatee best [
hyperparameter and i mbal ance st hbatedy spaeremut
initial |l earamegoclhawreAOl®. #I0Ilowed t he model t

in test accuracy.

ConvolutionalNeuralNetwork : 20AgeBins
Batch Size: 8, Initial Learning Rate: 0.001, Number of Epochs 40
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280 B TestAccuracy
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Custom SMOTE RandomOversampling RandomUndersampling
Data Mitigation Strategy

Figure 5.13 Classification accuracy performance of the 20-year age bins CNN model. The
model is set to fixed hyperparameters. The performance differences between the validation

and test sets were tracked as the data imbalance strategy is changed.
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leyear age bins

Wit hhout data i mbal ance styemdregages, bithhe LMNN
hyperparameter combination showed a 0.0270
when applied to the test set . The data 1 mbeze
showed small i mprovements to the amadidadt om
SMOTE were applied, while the test accuracy
SMOTE wer e appilideld (THieg ubreest performing i mb
Random Oversampling, 7Wwhiicnh taecshti eaedurCa.cldy wi

hyper par amebtaetrcsh sseitzet:o 8, iniandpockearsodng r

ConvolutionalNeuralNetworkDataMitigation : L0AgeBins
Batch Size: 8, Initial Learning Rate: 0.001, Number of Epochs: 40
BN Trainin g Accuracy

W Validation Accuracy
Q80 B Test Accuracy
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Figure 5.14 Classification accuracy performance of the 10-year age bins CNN model. The
model is set to fixed hyperparameters. The performance differences between the validation

and test sets were tracked as the data imbalance strategy is changed.

181



Census age bins

The CNN model with census age bins showed no
when the data i mbalance strategies were | myg
increased with all the oBebpamphengalkitdatiegmn
was 0.01 higher than the test accuracy when

Conversely, t he t est accuraci es out perform
oversampling strategies were i mpwhseménte0. wTh
custom SMOTE pedp&&Naméetyeatsc s edi z eo: 8, i niti a

0O.0@abhdpoch: 40.

ConvolutionalNeuralNetwork : CensusAgeBins
Batch Size: 8, Initial Learning Rate: 0.001, Number of Epochs: 40
BN Trainin g Accuracy
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Figure 5.15 Classification accuracy performance of the census age bins CNN model. The
model is set to fixed hyperparameters. The performance differences between the validation

and test sets were tracked as the data imbalance strategy is changed.

182



5. Model Eval uati on

I n this section, the confusion matrix and p]
hi ghest test accuracies at each data | abel |
Foll owing the trend from the previous <chap:

val odatsit age, the CNNydaraiage binnttheai2®i ng s
|l abelling strategy showed the highest test &
The CNN 10 and CNN census models showed mi
respective t eistth adcicfufrearceinets dwat a 1 mbal ance st
mo d el showed decreases 1 B8l3I&b&db6) actheraciond uc

matrices 51n6 Fsihgouwm et hat the majority of t est

mi sclassified9ontangdeofdd4®l asses. The precis
CNN model s 51In7 BFnidg ubrcedsvtci nue t o show similar
across the age classes in the CNN 10 and C

i mpl ementation of custom SMOTE and random ovV

dat aset .

Whi | e al |l three CNN model s using di fferen
i mprovements to their DT and RF counterpart
deeper |l evel, a 3D saliency map was producet
hi ghest ch aascbraapvl)Fi giihes saliency map
through an adapted version of the 61l mage Spe
first pi xel attributi ondisneolniyeamnc,y Vmadpdidn g amel
201.4)This method functions by passing the ir

CNN, as the input is passed through the | aye
with the input ard€ Moéoarde®dr8thdi sgved, the |
each pixel or poi nt in the input which eith

classification out comeMotaar b @ OMn3NLt)e r parl etteerdn
techniques sucweigsht €6dadCil arsts -BAM) v &txiien s ( Gt
saliency map pr edpuecceidf ilcy CdlameasgeSal i encyd proc
detail ed mapCAPaM otnhley Graacdk pr opagates thkd gradi
convolutional |l ayer to produce a map which
i mpor t( ®red eatr 29012.0 ; Mol namMh203l)ted 3D salier
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a clustering of features on the <corner edge

however, these clusters do not form any di st

Test CNN 20 None Confusion Matrix

Test CNN 10 Random Oversampling Confusion Matrix

18-29
18-39

30-39

50-59

Tue label
Tue label

70-79

80-90+

1829 3039 4049 5059 6068 7079 8090 %0+
Predicted label

Predicted |abel

Accuracy=0.60645 Accuracy = 0.37097

Test CNN Census Custom SMOTE Confusion Matrix

Tue label

2529 3034 35 54 5550 60-64 9 7074 7579 BO-B4 BS-BY 90+
Predicted label

Accuracy = 0.20000

Figure 5.16 (a) In the top left corner, confusion matrix of CNN model with 20-year age bin
labelling and no data imbalance strategy. (b) In the top right corner confusion matrix of CNN
model with 10-year age bin labelling and Random Oversampling. (c) In the bottom,

confusion matrix CNN model with census age bin labelling and custom SMOTE.
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Test CNN20 None Precision Table Test CNN10 ROS Precision Table

10

Class Ratio 0.25 0.25 0.25 [EESRE 0125 | 0125 .... o

e

e SRS |

Precision Score 0.59155 0.60793 0.63636 U; Precision Score 0 00444 | 0292 3 0378 0.452 0.405 0 0
a0

40 80+ 18-29  30-39 4049 50-59  €0-89  70-79  80-90 90+

Test CNN Census Custom SMOTE Precision Table

-59 60-79
o Ill N
o Ill -

824 2520 0-M 3530 d0-44 4549 50-54 5550 G0-64 6569 70-74 7579 BO-B4 8589 G0+

Figure 5.17 (a) In the top left corner, tabulated precision scores of CNN model with 20-year
age bin labelling and no data imbalance strategy. (b) In the top right corner, tabulated
precision scores of CNN model with 10-year age bin labelling and Random Oversampling.
(c) In the bottom, tabulated precision scores of CNN model with census age bin labelling and
custom SMOTE.

Test CNN20 Saliency Map

Figure 5.18 A 3D saliency map created from the feature importance values of the CNN 20

model.
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5. Di scussion

The purpose of t hiist ao hexpamirnevatsha wioefadidbi | it
to the available NITfTI dataset and investig:
Chapter 4 were due to class imbalancesr or da
has empirically shown that CNNs can be appli
DT models to the NIfTI dat aset. I n keeping
classification performance increases when th

20heare g n CNN model achieving 0.606 accurac
map constructed through backpr opabdat)i osrh oowf t
that features were successfully extracted i:
convolution and pooling | ayers during traini

test resulb5tt$ ismomiegutdéde same trend from mode

Despite being false positives, the miscl assi
nei ghboeritmgiet h abel across the board for al
( Fi gbulr6e) . This suggests that the CNN model s
classes. This can also be confirmed by exami
of |l ow precision scores, al most every single
a scogwer5d F). This implies that that the CNN
necessary features to differentiate at | eas
classesdi hlgi s nfiamWdi ti on to the fact that t h
significant positive or negative i mpact on (
i mbal ance issues identified in Chapter 4 is
performBntlkee models tested in the empirical
Through Dbackpropagati on, the CNN gradients
calcul ated, and the feature i mportance of ea
influence of each voxel of the input 3D fil
Vi suad( Meslenar. 20BB®)technique of saliency maj
provides the user with visual context. As th
same di mensions of the resized NIfTI file, i

i mportant awdxeh$| skeotli dalcorrespond to the a
skel et al features assodiTeaded 192tlh ®&Bge®eokst iam
1990; Buckberry and &vianb8enr,| aRins s2e0cOh2.;a ASda nT u r
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mentioned in Section 4.8, the original DI CCOC

validation, and test data was from a hospita
contains the pelvis, the position alhidemsdye ¢
map is plotted using the gradients calcul ate
plotted saliency map shows I|ittle to no dis
518). Saliency mapping has shown t hahet@@®NYn
|l ayers to extract consistent |l ocalisations ¢
this heterogeneity in the dataset.

While the saliency mapping has shown that th
performance are seemingly tied to the qualit
achieved without <creating the salienbtbg map
i mportance of saliency maps and the associ
artificial intelligendd awdkmo CNINSa marsehti taln.si d
2018; GCoywehbadez 2019, IRuddmex20l®t provide an
deci si ohHanamad,e EI vi r a .anAl tOcchwgh 20a2l3i)ency map
technique to provide visual cont ext as to
classification, it does not provide any expl
specific voxel was calceoeltavned. bEbhavheumsr ef
interactions between the hidden | ayers of tF
to the user.

I nterpretability and explainability constr a
ooperational 6 | imitations. Training and exeé
demand a | arge amount of dat a, this is a Kk
resear(chheuestz 02202.1 )Whi | e some researchers in f
and machine | earning research believe that t
through the convergence of avail abl e -DI COM
mortem CT Thaeaizs2al 21 ; Joshi and tThél Mandi2Ogs)
chapter (in addition to the findings from C
hospital/ healthcare settings may not be suit
ooperational 6 | imitation ini €GNNgi mphemmetat:
and RF from the previou®s0chhma mtudre swa LCN&Nso womd
hand took over 3600 minutes (60 hours) to ¢t
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the three available servers did not have th
and train t he CNNs, significantly I mpacte
configurations that could have been tested.
i mpactuif ibhagtc ht smizreg . 55 QulrGe,s show a positive

trend for classifbabathwas aecuraazyedvhemowever

Il i mitations, there was no feabBabtke8svayeto tr
Through empirical work presented in this cha
original DI COM scans in the dataset is the
accuracy results. However, a gener al obser v
modl accuracy can be made. The <classificatio
(DT, RF, and CNN) increases when the number

suggest thatassbenamubtée of age estimati on may
guestlitoni.s acknowledged that adult age estin
di ffi c(uMetsetjada®2.0; eth&a®2.1; Navega, Cost,a and
particularly due to the high variability of
by asge Section 2.2 for greater(NMawmodkion2 @yl
Buckberry 2015; Navega, TCbsstaianad€unhan20@ 2
confounds the ML algorithmso ability to eff

features and mar kers present in the scans to

5. 8lext Steps

To conclude, this study explored the potent.i
t he caoamwmoatlut al net waocrlkass sf oarg emucllitassi fi cati on
performing CNN model cannotMLG o niMLe,t eanmdi t DL c
estimation methods using nonmetric traits, t
utilise 3D CMdtifon fagemetshe pelvis. Through
guality of t he dat aset pl aced a consider at
accuraei egesuths also show that the individua
to construct classifiers in the CNN model s.

examine whether a simpler research question

woul d bre shweittteed for the available dat a. Wi t |

bi ol ogi cal profile wusing skeletal i nfor mat.i

classification problem. Al though ML studies
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to great success, t hensoer pshtouldoigeisc aclo cniuosngoeat nral ¢co
2D i mages as i nputAhdelt efea tallhgdo;r ieMihlEHAEr7 ;

Kot Dreav&0l1.8 ; Bé weltl.9a; etORR&@®INL.9; Val secchi, l ru
and Mesej o ez20Z2@2.1;Caloma i220u2ni; Bot ha and Steyn
et 2a012.3)Chapter 6 explores whether the voxel

used in sex estimation through ML methods.
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ChaptRan6om Forests for Biologica

Chapters 4 and 5 have established that the d
the primary cause of the ©poor classificatic

l earning (ML) model s. With classification a
numbecl @m§ses decrease in the age estimati on
seem to suggest that ML models wutilising 3D
number of <c¢classes to differentiate against
esti matfioorensnc anthropology is a binary <cl a
' iterature shows t hat ther e i s -sowmrrcentdrnyd |

-

oprietary software focusing aBi faprpdrysing
nt hropol ogi c(@$%antteocsh nidgwwesharBa uzek &t014t . Be
0l9a, 2AW1ligvaei rda Coel ho anet Qallrledt; e B2t B3d t.Orse
020; fed k ga0 2 O ; Kl al ese 2 02020 ; &Cazdz2 1, 2022;
Toneevta2a012.1; Melt a2e0b2n3y; e@®u2ad2.3; Vealts AT )T h e

approach used in the current thesis however

N N ©9 T

ML algorithms wusing the voageti matlt uers. aBhd enra
presented in this chapter therefore contridt
feasibilityeatutbkbi spporakh, in addition to

of whether 3D file types subtbaxatot heha&l MOl ap

in forensic anthropology sex estimations on

6. Background

Agaddeath estimation is an i mport anSta upearr aanmedt e
Wankmill er 2016 ; Ubel aker, ,Shdaend piut eantdhikuy
met hodol ogically challenging owing to human

classes that age(dashbeaddviTdABmansawuzd3ded, t
number of age bins could have contributed toc
Chapters 4 and 5 and created confounding va
(DL) algorithms chosen. TherefosechtaseMkKpt oF
suitable for ML classification taskscliansg he

requirement from the initial research questi
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pr
Bi
bi
an

ot

guirement i's simplified to a binary probl
esent ML approach to biological sex esti ma

ol ogical sex estimation is considered one
ol ogical profile of(BnudehkhtahdeMuhambhn2eo6fm
d Bruzek 2061t 12201K6r)i $shams the fundament al as
her parameters of the Dbiological profil e:

(Christensen and Passalacqua 20Q18Th eHaarcrciusroant

i d

an

-+
-

co
20
co
p e
by

tr

entification of human remains is therefore
d misclassification of Dbiological sex may
terventions and cr Mans s &t ama e it goauttd [Go2risg d
eviously (Cha&pkPer t e Secttiimaat i on of bi ol oc¢
thropology is based on sexual di mor phi sm i
|l vis accepted as the two nfoSscth eduiemo rgpbhOiBc) s
cul ar changes now acknowledged to have a

atudestz, Jantz and Dewldi s k2d lea;alKlexlpa se s2s0

mor phism can be i ncon(sUbsetleankte rb eatnwde ede Gaeggli
thods based on historical samples or speci
not be applicable to modern contexts. Ef
ve made =existing traditional nonmetric me

depopul a(tMoofmasdden and OxenhWanl déRsl &l 1 G- me z
nyhet Qa0l1.7; KIl al es .anHlowkovlieer ,20gli7vyen t he r ap
machine | earning and artificial I ntel |l ic
blished research which provide model s trai
om the contemporary padpnalgatnigo na ntdh rnmoudgenr nme
| | e¢ Bewaats 2a0l 1.9 a; dtu kalt2a0 ; Kl al eset2@aRkl@ad; Caoc
22; Mealtaza®@za3y)Mor phoPASSE is one such ML mo:
nducted by Klales and Cole (2017) wutilise:
l vis to train and develop a random forest
Cao et al (2G22a)dMyi svharcdt hudri | Mses nonmetr

aining, instead of entering the associated

i mages of specific regions of nonmetric tra

e.

g. ventralulpiud, set dor sal p
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This technical chapter seeks to develop a m:
estimation using an alternative approach to

data deriovendt é mpor ary sampl e r ep+aendgde rLteantdiowmne

popul ati ons, a 3D image file dataset i's use
random forest model. The approach wutilises a
skel et al tiesueéeoi eackl at her as potenti al f e
generate decision classifiers. Through this
to a binary classification, the empirical wo
feasi hutliiltiysionfg 3D i mage files in a forensic

whet her the data-cfiaaki rgseartcheqgmelsti on was

accuracy scores of the previous age cl assi fi

6. Materi al s

6. 2Ddata Overview

The data used was identical to the NIfTI dat
work carried out in the Decision Tree (DT) ¢
4 and Convolutional Neur al Net work (CNN) ex
t hi sptcera focuses on sex estimation, a new str

using the sex distribution of the NIfTI dat
training (70), validation (20), and test dat

6. 2E2peri ment al Set upof tHeBprdewa f ecanbhdons

To be able to train, tune, and test the algo
hi gher |l evel s of computing resources were n
chapter was the Random Forest, the three sep

i Chapt@Rectdi ovrerde. Zised. Foll owing the previous
3, 4, 5)I1, evenle phrigdir ammi ng | angudagvanPyRtolssmu m( \
and Draken@0@0®de integrated devel olpRmaeynbta ud nv i

200,9)was used to carry out the training, tun
algorithms i n t-lleiag nc lwast eurs.e dSctiokidarry out
experimentation on the Random Forests. The |
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i mpl emented in Pythemar 8. &nd wixtpler Sme ki ¢éd o

servers.
6. BMet hodol ogy

This section describes the methodology and t

undertaken.
6. 3War kfl ow

Using the wor kfClQhawtkestdi obed. B3n( Figure 4. 2),
was -precessed to form the NPY dataset whi ct

validation of DL model s. Finally, the train
accuracy were selected Woevademagoomodel test
6. 3La@abelling Strategy

One | abelling strategy was i mplemented for
classification is a binary classification ir

606 and 060106 were created for th&el)é.f emal ed an

Table 6.1 Class distribution after the labelling strategy for sex estimation was implemented.

Biological Sex Class label Number of Samples Class Ratio
Female 0 1698 0.549
Male 1 1395 0.451

6. 3M8@8chine Learning Algorithm

The machine | earning al gRanddm Rkacheebs tiad gtolii ¢
type is fuClhgptSdcatdiloerd 4.n3. The NPY files in
were used as input, where al/l 1048576 binari
feature to generate classifiers to split dat
from Chapter 5 hdegnmoenrs tcrlaatsesdi fa cati on perforn
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files as i nput, wi t h an overal/l I mpr ovemen

counterparts for age classification, the CNN
the operational restraints and computational
Chaptéeé would result in a |l engthy model devel

ThRandom Bogesti t hm was therefore selected as

the model can be fully explained and the tra
hype@arameters are adjusted would be | ess th
hour s.

6. 3TdniHygper parameters

To develop the RF with the highest cl assi fi
algorithm (hyperparameters) were systemati caé
was i mplemented Lbkbanoungphp@BPag&goXx@itlalhe RF

hyperparameters tunemaxinmunmmide pcthha,ptmirniweumn s
cl ass ween dg i tmb e r of efTshtei maeons ! ed descript
aforementioned hyperparChmaeptt@res t4dc am He 3f oThe

results can be seen in Section 6.4 bel ow.
6. Model Training and Validati on

A RF model for sex classification was traine
described i 8eChaptdr 34 The validation set \
classification accuracies of the trained mo
validation set wa s monitored, and the mode

adjust ment s t o t he hy perTpBldlaerhetl @ rws Ais s t aldl

hyperparametec$ asapaeteghme¢mger values, ther
number of hypemutaatainenserf oqprereach ML model . T
mi ni mum samwglres |lienaft ed ntuomble r 50,f aemrsdta lnfait mirtse c

to 25, 51, 101, 5nmdalx,i mluO0 ddaespwthnt e st hiect ed t o
classification perfor manceclaas st rvaesiegdhetpshn h RF n

tuni ngNovéer el agc etthall anced QHubsampl e
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Table 6.2 Machine learning algorithm, data labelling strategy, and hyperparameters tuned.

Machine Learning Data Labelling
: Hyperparameters
Algorithm Strategy
Number of Estimators,
Maximum depth,
Random Forest Biological Sex
Minimum samples leaf,
Class weight

6. 4Randdmrest Tuning

Fi gug.els6.gdhow the sex classification perform
validation set . The training and validati o
hyperpar ameber snf estimators, maxi muandept h,
class wernghtunmaxi MumHdeefptt hunrestricted, the
achieved by the RF model was 3743 Aaxidmumi |l e
depdihct ates how far a tree model is all owed
value, the deeptea dgrhew.t rlere dosi mplsso, the tr e
splits and capture more information about ¢t
value is | ow. However, this |l eads to poor m
unseen damaxiimunt hdse ptt ho | arge (overfitting)
(Pedr eego2@l.l1a; G®ron 2022)

Each figure in this subsection show the di
maXx i mum vdael puytehs of 10nuanber 3 ®,f @RFd@emd ®©d sat e
value. Some differences i n ancicnuirnwucm essa ncpalne sb e
andl ass wasghtjusted. I n gemiemiamymtha&mplnesg e
resulted in consistent decreases to trainimn
model s, whil eclaBangshsoghd t dal adpmedmut ati on

outperform itstelrpastwei Fhutr t dnaumb etrh e fi recsrt @ ans

resulted in small increases miadiidwmmi oaammlcer

andl ass weight.
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Maxi mum Dept h: 10

The RF modaki mmu mhodfe pX® showed the | east amo
accuracy variation when the hyperparameters
number of persadumaegedrasn i ncrease in validation
to mhei mum sampl eesbeatdvahudecreases to tre
i mproving validation accuradaay.s Bleotyledr bottithe
i mprovements and di minishments tonwanbiedatoif on
esti madather s owéstddati on accuracy attained by tl
the hyperpar amemiemismwmer ®amelted ol e@ardo,mdd@ cl as
number of esWhinmaet otrhse: h2i5g.hest wvalidation acc.!
was 0.8592 when the hypemimpamametsampl| esr ¢ ea &
we i godnmto,men@ umber of est(iFmagbuoyes: 1001

RandompForest: Sex Classification, Max Depth: 10
Class Weight: None Class Weight: balanced Class Weight: balanced_subsample
walidation Accuracy at
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Figure 6.1 Classification accuracy performance of sex classification RF model set to maximum
depth of 10. The performance differences were tracked as number of estimators, minimum
samples leaf, and class weight were adjusted.

Maxi mum Depth: 20

The RF modeaeki mi mhodfep2th showed the second hi
validation accuracy variation when the hype
The i ncrneuansbeeri nof eassulmaedr sn some | mpr ov e me
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accuracy, however, these I mprovements are n
estimators. The validation accuracy in this

of 501 trees as opposed to the avamil mibhemma x

sampl eantl eahacgasstweodyhded both increases a
validation accuracy. nmWhreirneuans stahhep Wwensc &lceadsfreasi n
accuracy, underfitting the model slightly. 1
this mo@eT9 WwWa3 when the hypempar mmemt sampie s el
1, cl assOnwgaagthumber of esWhimhé¢é ot e Bbghest
accuracy attained by this model was 0.860814
mi ni mum samples | ed@&fall ahapdluandber weif glts:it i mat o

(Fi gonehi s hyperpar ametmarx i acnunmb BRléegpttthesu bt ed i

highest wvalidation accuracy across all RF mo

RandompForest: Sex Classification, Max Depth: 20

Class Weight: None Class Weight: balanced Class Weight: balanced_subsample
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Figure 6.2 Classification accuracy performance of sex classification RF model set to maximum
depth of 20. The performance differences were tracked as number of estimators, minimum

samples leaf, and class weight were adjusted.
Maxi mum Depth: 30

The RF moma&xi murmtodfe p3tOh showed the greatest a
accuracy variation when the hyperparameters
number of pErsaduaddran i ncrease in validation
accuracy reaching its peak at an ensemble o
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mi ni mum sam@pl énaugrbeeaf of vastuiemapoonduced decr ea
training and validation accumadimusn sWhherl ess
at haomber of veadtuiematdoermonstrate a vadywissg ef
wei glhtowed both i mprovements and di minishment
at di hfuenbemt of gstei matwerses. validation accur :
model was 0.79612 when the miyypevuprmarsametl erss | w
class wao@mm@umber of esTthinsathoyrpser Rabr.amet er ¢
amaxi mum Je,ptrhesul ted in the | owest validati
in the tuWhegt pbabeghest validation accuracy
0.8592 when the hypernpianrianmuent esrasmpwl eerse Iseeatf :t ol ,
®al agaedlumber of est(iFmagdwrres: 1001

RandompForest: Sex Classification, Max Depth: 30
Class Weight: None Class Weight: balanced Class Weight: balanced_subsample
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Figure 6.3 Classification accuracy performance of sex classification RF model set to maximum
depth of 30. The performance differences were tracked as number of estimators, minimum

samples leaf, and class weight were adjusted.
Maxi mum Depth: 37

The RF modtaki mumhodfe p3 h showed the same amou

accuracy varmaaxtiinounm adfe p@2®% when the hyperpar

adjusted at 0.06311. This model s hmawsi nau ns i mi
depoh 30, where nhhebehanfegsotdmaedr an incre
validation accuracy. Howevernumihers @fead&st isme
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was set to 501, no further i mprovement was m
toni ni mum sammlceg e alseaf val i datniuamb eac cour ,aecsyt i arta
whil e the opposi t enuenibfeerc to fo cecautrismeatto rhisihgeh ¢ har

class wsweowdd both i mprovements and di minishi
across atnudnbfefrerodnté€bei matwess. val i dati on acc
this model was 0.7961 when tnhienihnyupne rspaan pal neest el

1, cl as sihhowieei ghiumber of esWhimh¢é ot e Bbghest

accuracy attained by this model was 0.8592
mi ni mum sampl es | eéad dmarngumb ears so fwee ggthRimgu o e s :
64)

RandomForest: Sex Classification, Max Depth: 37
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Figure 6.4 Classification accuracy performance of sex classification RF model set to maximum
depth of 37. The performance differences were tracked as number of estimators, minimum

samples leaf, and class weight were adjusted.

6. 4Ma@d®ler f or mance

To gain a further understanding of how the F

such as precision scores and confusion matr.

the metric which calcul ates how good the mod

ch ag&ul karni, Chong .anldc eBatoanrfsuesh o2n0 2na)t r i x i s

for classification accuracy, the matrix pro.
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fal se positives, true negativegdg,Kudrkdrfnal,s eC hnc
and Batarsehhe&O0f2iDOQures bel ow show the confus

of the best performing RF model , wvwtaerianuint s h
dept h: 20, mi ni mum sampl é@ésal aga@druinpercl as¢s
estimators: 501.

Fig®ébsehow the confusion matrix of the RF moc¢
opti mal hyperparameter combinati on. The mod
precision scores at 0.861 and 0.864 respect
high at O0.82%paecdi Oe8¥¥2 These scores show th
in classifying biological sex using the bin
slight inability to find all the true positi

RF Sex Classification Confusion Matrix

female -

Tue label

50

14.16%

fen':ale méle
Predicted label

Accuracy=0861
Precision=0.864
Recall=0.821
F1 Score=0.842

Figure 6.5 Confusion matrix of the best performing RF model for sex classification, the
accuracy of this model was 0.861, the precision score of this model was 0.864, the recall

score of this model was 0.821, and the F1 score was 0.842.
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A closer examination of the precié66bn sltowes
that the female class is more precisely ¢c¢cl a:

score is presented alongside a higher <cl ass

RF Sex Classification Precision Table

-10
Class Ratio | 0.45102 0.54898 0
-0.8

Precision Score - 08

male female

Figure 6.6 Precision score table of the best performing RF model for biological sex
classification. The precision scores were 0.8583

and 6femaled cl asses.

6. Model Testing

The RF mod el was retrained using t he be
hyperparameters identified in Section 6.4. 'V
of the classes may be slight, the findings p
data I msasluencd eiading to the model perfor mincg
samples than mal e. The data i mbal ance strat
therefore also implemented to examine whet he
mo d el cl as sirfmacnactei.o6r8T appehrefwo t he number of s a

classes of the training set after the diffe

applied. The test set was used to generate t

Figure 6.7 shows the classificati ombakahoemas

strategi es. Using the best hyperpar ameter C
0.00360 increase in accuracy when applied |
strategies applied to the model showed no i m
trend itedremed he test accuracy, except for

i mbal atnca&t egy showed a 0.0032 increase in ac:
the model t86&chheves®O accuracy.
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Table 6.3 Number of samples in each biological sex class before and after each data

imbalance strategy.

Number of Samples
Biological | Class
Custom Random Random
Sex | label | \one | sMoOTE _ |
SMOTE | Oversampling | Undersampling
Female 0 1698 | 1698 1800 1698 1395
Male 1 1395 | 1698 1800 1698 1395
The specific details of he RF 6&qgd eldadvaal
i mbal ancategy was applied to investigate
accuracy of the validation and test set.

Table 6.4 Data labelling strategy, hyperparameter permutations, and data imbalance
strategy combinations used for RF model testing.

Data Labelling Strategy

Hyperparameters

Data Imbalance Strategy

Biological Sex

Maximum depth: 20
Minimum samples leaf: 1
Class weight: d®alancedd

Number of Estimators: 501

None

SMOTE

Custom SMOTE

Random Oversampling

Random Undersampling
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RandomForestDataMitigation : SexClassification
Max Depth: 20, Minimum Samples Leaf: 1, Class Weight: "balanced", Number of Estimators: 501

- VIdatenA nan:'y
N Test Accuracy

Custom SMOTE RandomOversampling RandomUndersampling
Data Mitigation Strategy
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Figure 6.7 Classification accuracy performance of the sex classification RF model. The model
is set to fixed hyperparameters. The performance differences between the validation and test

sets were tracked as the data imbalance strategy is changed.
6. ModeEVal uati on

Il n this section, the confusion matrix and p
Oversampling strategy applied a6& phewenhed
confusion matrix of the RF model trained and

combinati on.

The model demonstrate high accuracy and pr ¢
respectively. The recall and F1 score are al
These scor e68 i:hoFw gtulraeet t he model again per
bi ol ogical sex using the binarized voxel as
find all the true positive samples. This is
tuning smbdgé development. While it is consi
increase across all four metrics when the Ran
Despite the application of the data i mbal anc

better performance when cl| as69i fsyhionwgs fae ma.l 1]
di fference in precision scores between ff emal

This suggests that the O6femaled class has st
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1048576 binari zed voxel s i n t he 3D NPY arr

precision score when classifying female samp

To examine this, a 3D feature map was plott
from this méd@). (Fhigurei sualisation shows m
features t hat wer e considered Il mportant by
classification. However, despite this, these

for further i nference.

Sex Classifciation ROS Confusion Matrix

female -

label

Tue

female male
Fredicted label

Accuracy=0 868
Precision=0.861
Recall=0.843
F1 Score=0.852

Figure 6.8 Confusion matrix of the RF model for sex classification with Random
Oversampling, the accuracy of this model was 0.868, the precision score of this model was

0.861, the recall score of this model was 0.843, and the F1 score was 0.852.
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Sex Classifciation ROS Precision Table

Test Class Ratio 0.5 0.5

Precision Score

male female

Figure 6.9 Precision score table of RF model for biological sex classification with Random
Oversampling. The precision scores were 0.86131

and 6femal ed cl asses.

Figure 6.10 A 3D plot of feature importance values from the biological sex classification RF

model with Random Oversampling applied, the plot serves as a saliency map.
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