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Abstract

The skills of a forensic anthropologist are often requested by medicolegal entities to
assist in the process of identifying unknown decedents in medicolegal cases. Obtaining
positive identifications requires efficiency and accuracy in the methods used in
estimating the biological profile, including the age, sex, population affinity, and stature of
the decedent. Current methods used in the United States are predominately based on
individuals of European and/or African descent, and as such, these methads do n
produce accurate estimates of the biological profil@dividualswho do not belong to
these groups as evidenlday this researchThe lack of variation in current methods is
problematic in the United States as there has been increased migratitredast
several decades. According to the Migration Policy Institute, the number of Asian
immigrants in the US increaség 2,597% from 1960 to 2014 thus representing 30% of
theUSforeigbbor n popul ati on. I n fact, gtowieg 6 Asi an
of any race category in the US. As Asian migration into the US continues to rise so does
the need to create and utilize populatspecific methods for estimating the biological
profile of unknown decedents. Concurrent with the need to accuestityate the
biological profile of unknown Asian decedents, is the need to appropriately situate Asian
skeletal and dental variation within a microevolutionary framework.

The current study presents a mifidiceted approach to answering these ndadsigh
an analysis of various datasets of the dentition and craiugt, current methods for
estimating ancestry and sex wereddsising Japanese and Asian samples. Based on the

results, it is clear thahesemethods do not accuratelgpresent the variatn present in



Japanese and Asian American individuals, and Japanese and Asian Alfeamiabas
were misclassified approximately ehalf of thetime. Second, the effects of genetic drift
and gene flow were tested in the study sampled the study samplegere found to
exhibit greater degrees of genetic drift. Third, variochine learningML ) techniques
were tested to assess their accuracies in estimating population affinity and sex. The
cranial nonmetric and macromorphoscadgdic analyses produced theorst results.
Overall, the population affinity ML analyses produced better results than the combined
population and sex analyses. Finally, the cranial and dental, metric and nonmetric
datasets were combined, and the populations were restructured irtbritad
geographic groups (African, Asian, and European) and testedM&ingchniques. The
results of this final analysis generally produced better results than when the datasets were
tested alone.

The results of this study indicate that larger sampiessof various Asian populations
are needed to better capture the range of variation in these groups. Additionally,
combining datasets and employilli. techniques can provide better estimates of
population affinity and sex than current methods, and as such, may be useful in forensic
caseworkFinally, the high levels of genetic drift observed in the results are consistent
with the relative degrees of ¢utal and geographic isolation experienced by the Japanese

and Asian American study samples.
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Background

Positive identificabn of unknown decedents is one of the primary goals of medicolegal
death investigations. Identification efforts can be complicated in routine investigations of
nortnatural deaths and even more so in the event of mass deaths, including natural
disasters sth as earthquakes and hurricanes, and mass casualties caused by plane crashes
and epidemics/pandemi¢Academy Standards Board 2018; Go et al. 201Rensic
anthropologists work with professionals in the medicolegal field to identify unknown
decedents in these cases. Positive scientific identification and presumptive identification
are two types of personal identification. Medical examiners ard@blehieve a positive
scientific identification when information gathered from a decedent uniguely matches the
information of the known individugChristensen and Anderson 201Bdrensic
anthropologists assist in the identification process by providing information that
contributes to a presurtige identification, which includes significant consistencies
between the decedent and the known information of the individual in question
(Christensen and Anderson 2018pecifically, forensic anthropologists estimate the
biological profile of the decedent, including their age, sex, statudey@pulation
affinity. Accurate estimas of each aspect of the biological profile are imperative as this
information is used to rule out potential matches from misgargons reports.
Thereforepased on the biological profjleerensic anthropologistsaa provide
information to make a presumptive identification, which can then be usedkiea

positive scientific identification.



Efficiency in obtaining positive scientific identifications requires accurate methods for
estimating the biological profil&€urrent methods used in the United States are
predominately based on individuals of European and/or African dgseensocial race
categories that correspond to White, Blaahkg African American) that largely reflect the
demographics of the skeletaference collections historically available for study and
research{Winburn et al. 2022)Therefore, these methods do not produce accurate
estimates of thbiological profile for individuals who do not belong to these population
groups. This lack of variation in current metheaisl reference samplesproblematic in
the United States as there has been increasing migfaéigrgene flowpver the last

seweral decades.

The Problem

Data from Asian populations will become more important in forensic casework in the
United States as immigration from regions of Asia continues to increase. In particular,
immigration from Eastern, South Eastern, South Centndl Vdestern Asia has risen by
2,597% since 196(Xong and Batalova 2016naking the Asian population the fastest
growing US populatiofHoeffel et al. 2012)Large US cities such as New York City and
Los Angeles have experienced particularly large inflofesigrants(Zong and Batalova
2016) The rapid increase in migration from Eastern, South Eastern, South Central, and
Western Asia since from 1960 has culminated in an Asian population that represents 30%
of theUS foreign-born populatior{Zong and Batalova 2016\s a result of migrationn

the US censushe racecategoryd A s iisame @f the fastest growing of any race



category inthe US; from 20102 0 t hA omAesHi amt egory i ncreas:
0Asian in Combinationd increased by 55. 5%,
increased by 38.6%JS Census Bureau 20 From 2000 to 201l theUS, the sek
identified Japanese population alone experienced an increase of up toHbfél et
al. 2012)

Underrepresentation of Asian populations, particularly regiaratountryspecific
Asian populations, in reference samples could negatively impact the identification
process of unknown decedents. In fact, as of February 2022, there are 290 unidentified
Asian individuals in the National Missing and Unidentified Persons System{isjam
database, representing a 15.9% increase from March 2020(slemé)s 2019)Medical
examinersd offices are a$dfaaseeinvpivengAsemot i ng i
Asiander i ved individuals. According to the Ki
2017 Annual Report, 8% of the Seattle Coun
(Hayes and Harruff 2017)n 20162011, Asiarindividualsaccounted for 18.73% of
deaths reported by the Office bietSan Francisco Chief Medical Examifidart 2014)
These figures highlight the significameed to grow regierand countryspecific Asian
reference samples and create and utilize populapegific methods for estimating the
biological profile of unknown Asian decedents.

Currently, there is a dearth of skeletal research for broad Asiamagiops, let alone
countryspecific Asian samples, creating a multiplicity of problems for forensic
identification efforts. This study addresshe current deficiency in forensic
anthropology reference samples by investigating skeletal and dental vamalepanese

and Asian American populations. Cranial nonmetric and macromorphoscopic, dental



morphology, craniometric, and odontometric dat@used to create more accurate
statistical models for estimating the population affinity and sex of East AsthBast

Asianderived individuals for use in forensic anthropological casework.

Current Methods to Estimate Population Affinity and Sex in Forensic Anthropology

In biologicalanthropology, thekeletal phenotypitraitsemployed to explore modern
human variationnclude the following four data types: craniometrics, cranial nonmetrics
and macromorphoscopics, odontometrics, and dental morphdégle numerous
studies have identified that the majority of variation oceutin populationge.g.,

(Hanihara and Ishida 2005; Jorde et al. 1995; Latter 1980; Lewontin 1972; Relethford
2002; Scott et al. 2018agn abundance of literature has found significant differences
betweerpopulations This betweespopulation variatiortan be used to distinguish
individuals for the purpose of forensic identificati@dgar 2013; Edgar 2014; Hefner

2009; Hefner et al. 2014; Jantz and Ousley 2005a; Jantz and Ousley 2005b; Pilloud et al.
2014; Scott et al. 2018a8tudies on human skeletal variation typically eaeh of the

four primary data types in isolation depending on what may be available, the type of data
in which the researcher is trained to collect, or the type of research questialgs)
investigation Isolating datasets can lead to the loss of inftionand an incomplete
understanding of the link between population history@mehotypic variationywhich can

lead to incomplete biological profile estimates and is thus problematic when seeking
positive identifications in forensic casework. This rede@roject proposes utilizing all

four data types as each can reveal different information about population history and the



microevolutionary forces that have shaped modern trait vari@wmcorporatingthese
four datasets, this project presents a hiolspproach to estimating the biological profile
and investigatingvhether combining the datasets wouldblest for estimating the
population affinity and sex of East Asian and Asian American individuals.

There is presently a dearth of researclskletal variation of modern Asian samples.
The only direct application of craniometric data to population affinity estinsdion
specific East Asian groups is found in Fordisc 3.1, a statistical software package that
estimates the sex and populationraffi of skeletal remains using discriminant function
analysigJantz and Ousley 2005a; Jantz and Ousley 20Cabjently, the Asian
populations included as reference samples in Fordisc 3.1 are limitdxihts€ (79
males), Japanese (84 males, 58 females), and Vietnamese (51(daatzsand Ousley
2005a) The limited availability of modern East Asian populations in the most utilized
software forancestryestimation in forensic anthropology highlights the degree of
underrepresentation of these populations in cuaeoéstryestimation methods. e
recent research has found thateesting craniometric reference samples in Fordisc 3.1
are failing to correctly classify Japanese, South Korean, and Thai individuals with
accuracy rates ranging from 2&08% for males and 26:53.3% for femaleg¢Dudzik and
Jantz 2016)Specifically,Dudzik and Jantz (2016pund that Hispanic individuals are
misclassifying as Japanese in Fordisc 3.1, which they attributed to the shared population
histories between these groupsatterson and Tallman (201&sodiscovered that current
cranial and postcranial metric sex estimation methods fail to accurately classify Native

American and Thai individuals.



While efforts are being made to create population affinity estimation methods using
cranial macromorphoscopic tra{tdefner 2018)the reference samples for these efforts
are still lacking substantial regiorand countryspecific Asian samples. Specifically,
the Macromorphoscopidatabank (MaMD) created yefner (2018)ncludes a large
Thai sample (= 908), but the Japanege= 15)and Chinesén = 59) samples are small
Further,the MaMD currently does not include any othbepulations from AsiaThe use
of dental data in modemmncestryestimation methods also shoargas that need
improvement. While odontometric data exist for some Asian populations, such as Japan,
South Korea, and Thailar{thanihara 2010; Hanihara and Ishida 2005; Pilloud et al.
2014) increasing these sample sizes could allow for populsatific estimations,
rather than broad biogeographic estimatijcaand thus advance curremcestry
estimation efforts. HanihaRa, a software progranafmestryestimation based on
odontometric data, is currently availalfkenyhercz et al. 2019t is stilllacking a
robust modern Asian reference sample, as many of the remains are of some antiquity.
Scott and colleagug2018a)created the webased application rASUDASd 6 Ol i vei r a
Coelho and Navega 2018that estimateancestryfrom dental morphological data.
While rASUDAS shows a promising future, it does have its linutegti The rASUDAS
program presently consolidates populations into broad biogeographic groups, and it was
developed primarily from archaeological samples. Additional studies are needed that
utilize modern samples for forensic use.
Individuals from differentegions and populations of Asia are often combined into a
singl e 6 As(REna BI0Iwhithentplies thiese populations are homogeneous

and have similar expressions of phenotypic skeletal morphology. Howexant re



research has highlighted the need for more robust reference samples and specifically the
need for more research in Agfao et al. 2019b)Such work is greatly need¢o better
understand global skeletal variation and improve methods used to estimate the biological
profile. While some research does exist from Asian countdest al. (2019bgxplain
that this research is not always anthropological or necessarily available to North
American researchers. As the Asian continent is incredibly diverse, it is important to
incorporate data from across this broad region ideno reference samples to improve
population affinity and sex estimation methods used by forensic anthropologists. For
example, nonmetric sex estimation methods developed on Asian samples and tested on
Japanese and Thai individuals have been found to dortpemethods developed by
Walker (2008andGarvin et al. (2014)ising Ewopean and Africapopulations
(Tallman 2019)Adams and Pilloud (201%jave also found sexual dimorphism within
Japanese dental measurements that suggests the need for peppktifio sex
estimation methods. Small or inappropriate reference samples are also problematic for
nortAsian groupslncreasing Asian sample sizes would illuminate variation within these
groups that could help to improve Asian and-#aman classifications for forensic
identifications.

Finally, current methods to estimatecestryoften lack investigation into the
microevolutionary impacts on the skeletal and dental traits in question(ieter
2009; Jantz and Ousley 2005b; Scott et al. 20T@a$ study is unique in its
considerations of the forensic angbitionary aspects of human skeletal and dental

variation. In addition to testing current estimation methods and available reference



samples on East Asian and Asian American skeletal collections, this study explores the

impact(s) of evolutionary forces.{g, genetic drift and gene flow) on these traits.

Critiques of Population Affinity within Forensic Anthropology

Recent critical discourse in the field has called into question the validity and necessity
of estimatingancestryBethard and DiGangi (202@Jiticized the use adincestry
estimationsspecifically the use of cranial morphological traisforensic anthropolgy
and question their necessity since (as #rgyé there is no straightforward evidence that
these estimat positively impact the identification efforts for unknown individuals in
forensic casework. They argue that, although terminology has changetino,
estimatingancestryremains a typological approatincategorizing humans, and they
guestion whether this process is actually contributing to the marginalization of
underrepresented groups. They also argueatiastryestimations and associated
research are not conducted from an evolutionary theorpgeige, and as such,
continue to perpetuate typology.

Stull and colleague020)respondedoBet har d and Di @aestyi 6 s c¢ al
estimationsStull etal. (2020) i sput ed Bet hard andnceBtiyGangi 6s
estimations are not necessary to the biological profile in medicolegal casework and
counter thatincesty estimations are needed in forensic casework toward the progress of
positive identifications of unknown decedenfthey further assert that there is no direct
evidence that these estimations are causing harm in the identification process, which was

postuhted byBethard and DiGangi (202@nd that many of the methods used in these



estimations are based on statistical yged and have been validated and shown to have
high accuracy rates.

In response to these discussidParsons (2021gnalyzed forensic case reports from
t hree medi c adestoeproada dataem tbesaccardcy rates of ancestry
estimates in actual casework. Her rese&wand that thencestryestimations were
accurae 99% of the time in resolved cases. Cases that reported individuals as admixed
(sic) and cases where multigdessibleancestryestimates were included were found to
be advantageous to thetimationaccura@es This research further highlights an
important point, that the accuracy rates of ancestry estimates could not be identified in
unresolved cases, and itgessiblethat the ancestry estimates are incorrect in these cases
and/or are not helping with the identification efforts. Therefore, these accuracy rates are
greatly inflated. FurtheParsons (20219autians that tiis work is not meanto validate
the use ofincestryestimationsn forensic caseworkndsuggest a cautiaus and thorough
approach tdorensic casewdx; including the methods used in analyses.

Echoing some sentiments in this critical discouRsessand Pilloud (2021gall for a
paradigm shift in the way in which forensic anthropologists study human variation. The
authors suggest abandoning the terate andancestry Instead, they arguer a shiftto
population affinityanalyses, which are groded in statistics and consider human
variation from the lens of evolutionary theory. Additionally, they argue for more
populationspecific reference samples to more appropriately represent the rangeani
variation that actually exist®illoud et al. (2021¥%uggest additional areas of change in
forensic anthropology, including explicitly defining the terms used in resdagcig

aware that these terms hold meaning and could further marginalize underrepresented



10

groups andcommunicating and working with stakeholders to more accurately represent
their interests

The current work strives to meet thesdls for reform by dehing the terms used in
this researchassessing the degree of variation within and among populations in this
analysis, and considering the influence of microevolutionary impacts on trait and

population variation.

TerminologyEmployed inThis Research

Following the recommendations proposed by Pilloud and collegg@024) major
terms employed in this research have been defined belmaitdgainclarity about the
meaning of words used in this woikl populationnames from the comparative
reference databases were chosen by their curators of those databases, and as such, that
terminology was not chosen by the current augéimat is used here as deferential to the
terms employed by decedents on their donation forms

Althoughracehas varied in definition over time, the current study adopts the following
definition from Tallman and colleagu€2021b)racesar e fAéevol ving soci a
and legal categories with roots in European colonial psesthat were born out of
oppressive and discriminatory policies and which have been used, both historically and
currently, to classify people based on characteristics that may include physical
appearance, cultural practice, language, nationality, ralipehavioral stereotypes,

and/ or g e n @heiciwrenhwornk doesangt genayally employ this term other than
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when it was used by existing institute(e.g.,0ne of theskeletal collections from which
the current study data were obtainesgd thedrmracein their documentation).

Social racerefers to the selidentity of an individual or group) of individuals related
to their heritage, ethnicity, nationality, language, and/or ancestry.

Ancestryy s def i ned as fnéas binalgenetigvagaaponthatal | y p
is often cont i nen t(Talmaryetall 202lbhis termanabedend e f i ne d
popularly useaince 199ZPilloud et al. 2021)o refer to biological variation that can be
used to distinguish between populatiasspart of the biological profil&he current
work does not generally gatoy this term other than when it was used by existing
institutions(e.g.,one of the skeletal collections from which the current study data were
obtained used the teramcestryin their documentatianThe termancestryis used when
discussing previous methods or research, if that is the term that was employed in that

publicatian/study.

Population affinityis defined by the American Academy of Forensic Sciences (AAFS)
Academy Standards Board (ASB) as AA measur
member ship) of biological similarity betwe
(Academy Standards Board 2022he termpopulation affinitywill be utilized
throughout this work as it best encompasses the range of variation within and between
populations that the current author is investigasiagvell as the histories of these
populations

Sexrefers to biological sex assigned at birth to includesraald femaléwhile
biological sex exists on a spectrum, #uglitionaltermassigned at births employed

here as these are the methods that currently exist toiassiaking a positive
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identification using skeletal data. While there is a growing testift to identify the
variation present in the biological expression of, sieis work is currently employing the
binary male and female as these terms were present in the demographic data of the
collection. Within this research, the teganderis not wsed, as gender identity and
gender expression of the individuals in the study collection was not recorded in the
demographic informatigrand these are separate from sex assigned at birth.

Asianis defined as any individuak group of individualsvho originated frona
country of regiorof Asia. The Asian continent is quite large and encompasses wide
variation in language, culture, and histofyhere possible, more specific terminolagy
used in this work, including but nbinited to, Japanese and Asian American.

Asianderivedrefers to any individual or group of individuals whose ancestors
originated from Asia. This terimasbeenusedto referto Indigenous peoples in the
Americas(Atkinson and Tallman 2019)

Asian Americamefers to ay individual or grougs) of individuals who either

originatedfrom Asiaand migrated to the US or was born in the US and whose immediate
family or ancestrswere from AsiaThe termAsian Americarforiginally hyphenated as

part oAmé®riscam Political Allianced) was

c

O |

Japanese, and other o6Oriental é (siec) actiwv

their voices in support of Black, Chicano, and Native liberation mover(éats) et al.

2022)
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Research Aims

This work seeks to better understand the range of skeletal and dental variation in Asian
populationsand assess the utility of this variation in forensic casewWwodugh four aims:
1) test the accuracy of existiagcestryand sex estimation methods and available
reference samples, 2) evaluate the impact of evolutionary processes on East Asian
skeletal taits through an examination of multiple datasgjsdentify skeletal and dental
variation among modern Asian populations that can be used in a medicolegal context, and
4) generate statistical models that will aid in the accurate estimation of sexédsaig

birth) and population affinity of unknown Asian decedents.

Significance

This project uniquely combines microevolutionary &mlogicalanthropological
approaches to investigating and understanding skeletal and dental trait variation. Further,
this research distinguishes itself by employing a novel methodological approach that
utilizes four differenskeletal and dentalata typeso capture the range of human
biological variation and assess the utility of this variatioforensicanthropology.
Combining all of these data types into a single project makes the results useful to a wider
range of researchers and professiorfaisther, this novel methodological approach can
more appropriately evaluate the role(s) each evolutionary force plays ketbtakand
dental metric and nonmetric datasets to provide a more holistic assessment of trait
variation. By contrast, relying on data and results from various existing publications that
studied different populations and different data typads to gaps the reference

samples and trait datasherenot all populations are represented and natrathial and
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dental, metric and nonmetric trait data are available for every popul@hen

information gleaned by studying existing publications thus resuls incomplete
understanding of the relationship between the evolutionary forces and each data type.
Each skeletal and dental data type reflects different genetic and/or evolutionary
influences; therefore, it is important to include all four data typessingle project.

This study also contributes to advancing anthropological knowledge by examining
phenotypic variation. The biological relationships between Japanese and Asian American
populations are mostkgxploredbased on archaeological and genetiada.g.(Barnes
2015; Horai et al. 1996While previous studies investigating the Asia have used skeletal
and dental datéBrace et al. 1989; Pietrusewsky 1992a; Pietrusewsky 198@nulti
data type study builds on published work. Utilizing all four data types provides additional
lines of evidence for comparison against published archaeological, genetic, and skeletal
data.

This project also providssignificant contributions to the medicolegal field and
forensic anthropology by creating a reference database of cranial and dental metric and
nonmetric data from the Japanese and Asian American groups used in this research. The
application of the craniand dental metric and nonmetric datasets from the same
individuals inthesesamples makes this research novel for its methodology but also for its
populations of focus. There is a glaring lack of modern Asian reference samples available
in forensic anthopology reference databases and statistical methods. By focusing on
Asian populations, this projeticreases Asian sample sizes that can be utilized in

forensic casework.
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Literature Revi ew

Biological Distance Analysis

Human phenotyip expression is the result of genes, culture, and the environment.
Environmental and cultural forces such as diet, socioeconomic status, stressors, mobility,
and mechanical loadings impact the human skeleton during growth and development and
throughout lie due to skeletal plasticity. Biological anthropologists study human skeletal
variation to understand the vast diversity in our species. Specifically, skeletal variation is
used in biodistance studies to estimate the amount of biological similarity (or
dissimilarity) within and between populations. Biodistance analyseskeletal and
dental phenotypic data as proxies for genotypic similariBeskstra et al. 1990; Hefner
2016; Stojanowski and Schillaci 2008Yhile identifying patterns based on cranial,
dental, and/or genetic data provides insight into biological similarities between
populations, explaining and understargihow these traits are affected by evolutionary
forces is equally important.

Populations evolve over time as microevolutionary changes occur that are largely
directed by gene flow, genetic drift, and natural seledqfidielke et al. 2011)Each of
these forces can create changes within populations that can be observed in the skeleton
(Falconer and Mackay 199@iodistance analyses draw on information gained from
population genetics, biology, and ecology to identify skeletal and dental traits that
indicate biological affinitieg¢Buikstra et al. 1990)Each of the variablggpically used in

biodistance studids direded by different genes and developmental processes and is
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responsible for different functions of the skeleton. Therefore, each is subject to different
evolutionary forces, and they can reveal different information about population history

and evolutionaryprocesses.

Datasets: Heritability and Evolution

Cranial nonmetrics and macromorphoscopics

Cranial nonmetric traits (i.e., cranial traits generally expressed as present or absent) are
particularly useful in biodistance analysis; however, less so in anessimation
methodgPink 2016) Cranial macromorphoscopic traits (i.e., traits related to cranial
shape and form that are visible in the skeleton and the Ifiather 2009}end to
perform better at estimating ancedtiflefner 2009 Hefner and Ousley 2014; Hefner et
al. 2014) Cranial macromorphoscopic traits cdscabe used in biodistance analyses,
though they are less discriminating (Hefner 2016). Thus, indicating that the two data sets
represent different parts of the genome and may illustrate different evolutionary
pathways. Further, the heritability of thesanial forms is not well understog@arson
2006; Pink et al. 2016%tudies for human cranial nonmetriaits have produced
heritability values of O (no genetic control) to 1.0 (complete genetic co{@alson
2006) For example, hypand hyperstotic traits are more influenced by environmental
factors than traits reladeto the passage of nerves and blood ve¢€alson 2006)in
regard tacranial form (i.e., morphoscopics), a recent studiblgikari et al. (2016)
found a significant association between five single nucleotide polymorphisms (SNPs) and

morphology of the lower face and nasal region. Overall, cranial nonmetric traits are
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thought to reflect geography and are thus useful for migration and population history

analysegNakashima et al. 2010; Pink et al. 2016)

Dental nonmetrics

Dental morphological traits are popular in biodistance studies for various reasons. Once
crown morphology has completed prior to eruption, it is not altered except as a result of
pathological conditions or we@iubbard et al. 2015; Paul and Stojanowski 201kb)
addition, dental nonmetric traits are consideredave higtheritahlity values and they
exhibit variation in their degree of expression across populatituizbard et al. 2015;

Scott and Turner 1997; Scott and Irish 2017; Scott et al. 2018a; Scott et al.. Bxbib)

et al. (2018bgassert that genetic drift has been the primary acting force of dental
nonmetric traits; yetylizoguchi (2013)argues that selection has played in a role in the
expression of some traifShis research demonstrates associations betwedalde

mor phol ogical wvariation (i.e., Carabell.i
blood-group systems. FurthaByyk et al. (2008kuggests positive selection forces have
acted on the ectodysplasin A receptor (EDAR) gene polymorphism. EDAR has been
linked to incisor shoveling andoth size, which suggests both are influenced by positive
selection(Kimura et al. 2009)Hlusko et al. (2018argue that pleiotropic selection during

the Beringian standstill may have played a large role in incisor shgvetiquency

throughout théAmericas

Craniometrics

Cranial measurements are known to be shaped by sexual dimorphism

(Mahakkanukrauh et al. 2015; Spradley and Jantz 284 dell as genes, culture, diet,
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masticatory force, and evolutigbudzik and Kolatorowicz 2016; Perez et al. 2009;

Relethford 1994; Relethford 2001; Relethford 2002; Relethford 2004; Relethford 2007;
Spradley 2006)While craniometric data have a moderate degree of heritabdélyQh 5 5 )

(Devor 1987; Sjgvold 1984) cr ani al form is plastic and c
envirorment(Dudzik and Kolatorowicz 2016; Spradley 2006yaniometrics are

generally considered selectively neutral on a global scale (Relethford 2002)e#dta

craniometric variation patterns occur according to geogréphgzik and Kolatorowicz

2016; Relethford 2009nd are thus useful for migrati¢Relethford and Blangero 1990)

and population history studigsv on Cr amon TaubadBytontastd Weave
von CramorTaubadel (2016found that mandibular variation between populations is

more subject to differences in diet and thus does not adhere to the neutral model of

evolution.

Odontometrics

Odontometrics have moderate to high heritabitalues(Pilloud and Kenyhercz 2016;
Townsend and Brown 1978&)ostly over 60%Dempsey and Townsend 2001; Hanihara
and Ishida 2005) Significant dental size reduction during the Neolithic likely resulted
from complex processes, includiagelaxation oselective pressures introduced with the
transition to agriculturéPinhasi and Meiklejohn 2011Again, like craniometrics,
odontometric variation exhibits patterns accordmtptge geographic populations
(Hanihara and Ishida 20Q5Nhis variation could be influenced by genetic drift, gene

flow, or selectior(Pilloud et al. 2014)
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Microevolutionary Forces in the Current Work

Studies similar to theurrent workhave posited that neutral fggeeflow, genetic drift,
and mutation) and neneutral (selection) evolutionary forces affect cranial and dental
metric and nonmetric data differenfiyon CramorTaubadel 2016)Research focusing
on craniomandibulajvon CramorTaubadel 2016and postcraniglSavell 2020)
variance across populations have found contributions of genetic drift, gene flow,
selection, and trait covariance in differing combinations. Based on biological distance
analyses of a large dataset, cranial metric and nonmetric traits seem to be onersteaf]|
by neutral forces, while dental metric and nonmetric traits may be influenced by both
neutral and nomeutral forcegHefner and Pilloud 2015 he samples usead the current
work include moderrdapanesélokyo, Japana nd Asi an AmeUS) can ( Haw.
individualsfrom agrcultural communities. As these samples are contemporaneous with
each other, share the same subsistence strateggdrieulture), are close in terms of
geographic distan¢cand are both from island chajrslective pressures may not
substantially diffe (Savell 2020) Therefore, assessing selective foraes t climate and
diet on these populations would be difficult but may be included in future research.
Further, while the varying climates of each respective region have likely helped to shape
each population, the population histories of these regiorikakethe greatest
contributing factor to regional trait variatigRathmann et al. 2017 herefore, this
project will focus on investigating the population histories of the study regions and the

neutral evolutionary forces (namely genetic drift and flow) that shaped them.



20

Population History

East Asians are offemo mbi ned i nto a single O6Asiand c
implies these populations are homogeneous and have similar expressions of phenotypic
skeletal morphology. However, these populations represent varied groups with complex
pasts. Addressing the pagtion histories and evolution of these populations is
imperative to a biodistance study of this region and to improving forensic anthropological
methods opopulation affinityand sex estimation. Further, there is a dearth of research
on this part of thavorld, which negatively impacts our ability to estimate the biological
profile of individualsfrom AsianpopulationsTo address these problems, the current
work explores theskeletal variation of Japanese and Asian Amenapulations through

a lens ofmicroevolution and assesses the utility of this variation in forensic casework

Japan

Our understanding of the population history of Japan has resulted from the combined
efforts of the scientific fields of genetics, archaeology, and biological anthropdlbgy
dual structure model (i.e., the admixture model) proposes that the modern Japanese
population can attribute their genetic structure to gene flow between the Yayoi (who
migrated to the Japanese archipelago from the Korean Peninsula around 300 BCE) and
Jomon (the original inhabitants of Japan since the Upper Paleofitsin)hara 1991,
Horai et al.1996; Jinam et al. 2015%ene flow and cultural diffusion likely occurred
slowly between these populations, eventually creatingltrelo Japanese. The Hondo

Japanese, al so referred to as the d6dmainl an
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population of the archipelago and descend from ancestors who inhabited the Honshu,
Shikoku, and Kyushu islands.

Unification and centralization werearly impossible in Japanese history due to the
varying geography of the more than 6,000 archipelago islands, which includes mountains,
forests, and a lack of long rivers that prevented communication andnade et al.

2015) As a result, centralized power did not truly exist in Japan until the Tokugawa or
Edo Period (CE 1606@868). Under shogunate rule, the population steadily rose to 30
million in 1720(Gordon 2013)The Japanese foreign policy during the Tokugawa can
largelybe summarized as a period of seclusitokugawa rulers feared the spread of
foreign religion into the local populace, thus isolating Japan for approximately 200 years
During this period there wa extensivelomesticgrowth, includingeconomic, cultural,
creative and population growth whi ch | ater contributed to 1
Revolution The Tokugawa was filled with increased urbanization, domestic trade, and
handcraftsintellectualprogress waslsoemphasized, including the study of astronomy,
Confucianism, mathematics, medicine, and enginedhtiger 2019). While the country
flourished for a peod, Japan began to experience a downfall. Extensive population
growth led to famine, the structural class system broke down, and the people began to
become unhappy with the government limitations. These domestic problems along with
the external influensefrom foreign powers, such as 48, Russia, and Europked to

the collapse of the Tokugawa, which was officially ended with the forceful entry of the
United States in 1853 hefall of theshogunatavasfollowed by the Meiji Restoration in
1868 whichreturned power to imperial rule and ushered in a time of modernization and

westernization for Japgordon 2013) Japands I ndustri-al Revol
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1890s and the entrance of modernity in 20th century Japan introduced opportunities for
globalization. Japan lacked raw materials, WwHead to a war with China over Korea in

the SineJapanese War of 18%56. Japan claimed victory, gaining control of Taiwan and
removing Chinese influence over Korea. In 1910, Japan annexed Korea under the guise
of providing protection and subsequently tohed Korea until 194%Gordon 2003)

The second Sindapanese War (19315) resulted in massive losses on both sides and

only ended when Japan surrendered to the Allied forces at the end of World War 1.
Allied forces subsequently occupied Japan from 122 and exerted efforts to

demilitarize and democratize Japan. Similar to its impressive economic growth in the late

1800s, Japands economy -WWIit(Gadors2008) si gni fi cant

Asians in America

The termAsian Americarencompasses vast number of populations from multiple
regions of Asia, including more than 40 national and language g(bigps2017) The
US Census term fathis social race categary 6 Asi an Ameri can Paci fi
includes more than 50 ethnic groups from West Asia to the Pacific Iqldad2021)
The history of Asian individualin North America began in the latef1€entury when
Filipino scoutfremd Spanistzshigrrivddendhe eoassofrhat is now
consideredCalifornia whenthe ship took refuge while repairing damages. As
demonstrated by this story, Asiangmations to theJS are rooted in the expansion of
colonial empires and conquests of capital(steu 2017)Hsu (2017)argues thathe
Americas served as a tool for European empires by providing physical, economic, and

political links and networks to further colonial expansi@orChi nosdé or sl aves
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including India, Japan, the Philippines, Bangladesh, and the Indonesian islands, represent
early Asianmigrationto North AmericaHsu 2017) These people weenslaved and
forcefully brought tothe Americas by the Spanish Empitia its efforts to expands
networks and territories.
Subsequent Asian migrations reached Hawai ¢
transformed from a primarily fishing economy to a hub for sugar plantations. Sugar
plantations required cheap (often free) labor, which was originally fulfilled by native
Hawai 6i ans. However, Hndigemque populatiors totdisease, e X p o
which devastated the native population. To fill this labor gap, thousands of Chinese
mi grants travelled to Hawai 0i as | aborers
Large Chinese migrations began in th& C&ntury and continued into thef1@entury
in the form of the O6coolie trade,d whereby
into migrating tothed a wa i &heUSaachlyear and were forced into providing free
labor; this practiceontinued from 1807 until it was bannedli®47. By the late 10
Century, the Chinese labor population had grown too large for plantation owners in
Hawai 6i t o man ag ebsequenthabegaratd solwinJapangse enigrantss u
for plantation work; Japanese migrants were only too willing to fulfill this need due to
unfair political and governmental pressure at h¢dsu 2017) More than one million
Japanese emigrated from Japan from the18itito the mid20" Centuries;
approxi mately one quarter of those- migrant
dominated sugar plantati workforce, the Japanese workforce was replaced by Korean
labor in an effort to stave off demands from the Japanese wdokersing a series of

strikes from 1901909 (Hsu 2017) This process was again repeated when the Korean
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workforce became too large, sparking the recruitment of Filipino migrant tegimning
in the 1910s

In addition to mass migratioriiom Asiafor the sugar plantatonwok f or ce i n Haw
Asian groups migrated to California in response to the gold ruske mid-1850s.
Chinese migrants who responded to the gold rush formed the primary workforce who
constructed the western portion of the Transcontinental Railroad. dgjgants who
arrived in North America early were able to secure business and management
opportunities, subsequent arrivals were forced into the labor force. Chinese, Japanese,
Filipino, and Korean migrants throughout the West served as much of the werkdorc
the construction and associated economic development of the waSt@rasu 2017)

Asian and Asiarderived populations expanded throughtweWS and today 22 million
Asian Americans live in thelS (Budiman and Ruiz 2021Nearly half of Asian
Americans reside in the western half of the country, and as of 2019, Asian Americans
compris@d57 % of the popul at ifranmregors of Asiahave 6 i . Mi gr
continued to today; approximately ehalf of Asian Americans were born outside the

(Budiman and Ruiz 2021)
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Material s

Study Samples

Datawerecollected from 97 adult individuals with available skulls and dentition from
two universities with modern donated skeletallections Tablel): Jikei University
School of Medicine (06Ji klabrash Ostealogigala n, n
Col | ect i-lmbrasi’)dddsed in the John A. Burns School of Medicine at the
Universityd Hawai 0i ( Un i Takelal). The Manhreabrash @steslogigdd )
Collection consists of more than 200 individu@ann et al. 2020)This research
employeda balanced sampling approach by using roughly equatimdale ratios from

each studpample

Table 1. Study samples.
Skeletal Collection Location Females Males Total
Jikei University School of Medicine Japan 13 19 32

MannLabrash Osteological Collection
Hawai'l,

(John A. Burns School dfledicine, United States 30 35 65
University of Hawai'i)
Total 43 54 97

Table 2. Selfidentified ethnicity/racésic) of the individuals from the Manbhabrash
Osteological Collection included in this research.
Selfldentified Ethnicity/Race Number Percentage

Japanese alone 56%
Korean alone 7%
Chinese alone 5%
Chinese and Hawaiian 5%
Hawaiian, Filipino, and Chinese 3%
Vietnamese alone 3%
Japanese and Caucasian 2%
Japanese and English 2%
Japanese and French 2%

w
w

P RPEPDNDNWOW®WLS
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Chinese and Japanese 2%

Chinese and Caucasian (Irish, English, Scottis
and American Indian

Filipino alone

Filipino and Caucasian

Hawaiian, Chinese, and Spanish

Hawaiian, Caucasian, Filipino, addpanese
Hawaiian, Chinese, and Caucasian

Hawaiian, Japanese, and Korean
Micronesian alone

Total

2%

2%
2%
2%
2%
2%
2%
2%

PR RPRRPRREPRELR P P

a
©

These collections were chosen for their accessibility, known demographics, and
geographic and cultural affiliations. The known demographics of the Jikei and Mann
Labrash individuals were provided by the ¢
collection utilizes the ternancestryas the categorical term for their curagaanpleof
Japanese individual$he Jikei University collection consists entirely of Japanese
individuals and that is the population term used for this sampMannLabrash
skeletalcollection employs the terethnicity/raceon its donation forms to maintain
consistency with the Hawai 6i Stateds Depar
Registration. Thethnicity/raceof each individual in the Manhabrash collection is self
reported ad not limited to one categoryéble2), Because the Manrbabrash sample
used in this work consists largely of individuals from East Asian populations who lived in
or were born in the US, this sample will be referred to in this reseads$iaas American
though this term is used with cauti@md it should be noted that the use of this term is
not meant to erase the unique cultural, historical, and biological aspects of these
individuals and groups. While the two skeletal collections use the troestryor
ethnicity/raceto describe humaniddogical variation, this project will use the term

population affinity which was defined in the Introduction. An anonymized number for
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each individual was provided by each institution and used to protect the privacy of these
individuals.

It should be nted that a total of 78% of the Mairabrash individuals were born in the
US, while the remaining 22% were foreifporn. The distinction betwednS- and
foreign-born was not made in the analyses within this project, but it may be included in

future work.

Comparative Samples

Comparative samples from the Ossenberg Cranial Nonmetric Traits Database
(Ossenberg 2013nd the Forensic Anthropology Data Bank (FBIntz and Moore
Jansen 1988)ere used for cranial nonmetric analyses. Data from the
Macromorphoscopic Databank (MaM[Mefner 2018were used in cranial
macromorphoscopianalysesTable3). Referamce samples from the rASUDAS program
(dé6Oliveira Coel btobectedydChridty VTuengran ldtgelt 8 b )
archaeological sampléScott et al. 2018ayere used for dental morphological analyses,
including the following populations from the rASUDAS program: American Arctic and
Northeast Siberia, Native American, East Asia, Southeast Asia and Polynesia, Australo
Melanesia and Micronesia, S@aharan Afica, and West Eus#a (Table4). Reference
data fromPilloud and Scott (201 @dndAdams and Pilloud (201%yere used in all other
dental morphology analysegable5). Reference samples from the Howell973 1989
1995 datasets and the FOBantz and Moordansen 1988)ere used for craniometric
analysesTable6). Finally, reference samples frdpiloud et al. (2014andPilloud and

Scott (2017)were used for odontometric analyséalfle?7).



Table 3. Cranial nonmetrics and macromorphoscopics datasets.

Population

Population

Location Females Males Total Source
Code Name
Al Amerindian ~ North America unknown unknown 100 Hefner (2018)
AMBL American U.S. 44 56 100  Hefner(2018)
Black
American
AMWH White u.sS. 44 55 99 Hefner (2018)
HH Hispanic U.S. 26 74 100 Hefner (2018)
Jantz and
B Black U.S. 24 36 60 Moore-Jansen
(1988)
Jantz and
WH White U.S. 57 86 143 Moore-Jansen
(1988)
Jantz and
H Hispanic U.S. 3 26 29 Moore-Jansen
(1988)
African Ossenberg
uUsB American u.sS. 27 33 60 (2013)
. Ossenberg
KEN Kenya East Africa 14 7 21 (2013)
. . Ossenberg
TAN Tanzania East Africa 31 16 47 (2013)
. Ossenberg
SUD Sudan North Africa 25 42 67 (2013)
Southern Southern Ossenberg
S Africa Africa 18 42 60 (2013)
. Ossenberg
GAB Gabon West Africa 3 3 6 (2013)
. Ossenberg
GHA Ghana West Africa 14 17 31 (2013)
L . Ossenberg
NIG Nigeria West Africa 13 15 28 (2013)
W West Japan Northeast Asia 106 161 267 Ossenberg
(2013)
: Ossenberg
HK Hokkaido Japan 87 102 189 (2013)
Aleutian NW Native Ossenberg
AL Islands American 198 197 395 (2013)
Arctic Native Gesnile
SAL South Alaska Americanand 282 261 543 9
(2013)
Greenland
Arctic Native
SLs St Lawrence )\ ojcanand 168 180 348  Ossenberg
Island Siberia (2013)
Greenland
Arctic Native Ossenber
NAL North Alaska  American and 196 218 414 (2013) 9

Greenland



CAR

EAR

ARM

AT

CAN

BV

Cz

GE

RU

HU

IND

SIE

NN

CHN

MON

SIB

NMV

ILL

NFL

Central Arctic

Eastern Arctic

Armenia

Aleutian
Islands

Canada

Bavaria
Czechoslovakia
Germany
Russia
Hungary
Iceland
India
Siena, Italy
Central Japan

North Japan

Northern North
Japan

North China
Mongolia
Siberia
Northern

Mississippi
Valley

lllinois

Newfoundland

Arctic Native
American and
Greenland
Arctic Native
American and
Greenland

Eurasia

Northwest
Native
American and
Greenland
Britain Eurasia
(19th C British
origin)

Eurasia
Eurasia
Eurasia
Eurasia
Eurasia
Eurasia
Eurasia
Eurasia
Northeast Asia
Northeast Asia

Northeast Asia

Continental
Northeast Asia
Continental
Northeast Asia
Continental
Northeast Asia
Northwest
Native
American and
Greenland
Northeast
Native
American and
Greenland
Northeast
Native

165

185

48

84

98

17

19

50

43

134

86

21

13

24

83

147

41

15

163

148

69

81

118

10

13

41

19

68

44

223

106

31

55

35

93

217

51

20

328

333

117

165

216

13

13

58

38

118

87

357

192

52

68

59

176

364

92

35

Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)
Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)

Ossenberg
(2013)

29



American and

30

Greenland
Northeast
. Native Ossenberg
ONT Ontario American and 34 29 63 (2013)
Greenland
Northwest
North Pacific Native Ossenberg
NFE Coast American and = R “A) (2013)
Greenland
Southwest
Native Ossenberg
PEC Pecos American and 81 71 152 (2013)
Greenland
Northwest
. Native Ossenberg
PLN Plains American and 92 133 225 (2013)
Greenland
Northwest
Native Ossenberg
PLT Plateau American and 91 114 205 (2013)
Greenland
SouthAmerica
. Native Ossenberg
e il American and [ 2 <2 (2013)
Greenland
South America
: Native Ossenberg
PT Patagonia American and 2 10 12 (2013)
Greenland
South America
Terra del Native Ossenberg
Ui Fuego American and S € = (2013)
Greenland
. . Ossenberg
AU Australia South Pacific 21 29 50 (2013)
CHAT  Chatham Islanc South Pacific 9 11 20 Ossenberg
(2013)
. Ossenberg
MQ Marquesas South Pacific 14 37 51 (2013)
. Ossenberg
NZ New Zealand  South Pacific 20 24 44 (2013)
J Japanese Japan 13 19 32 This study
AA HEED Hawaii, U.S. 30 35 65 This study
American
Total 7395

Table 4. Dental morphology datasets in rASUDAS wiadised application.
Population Name Location/Group Name

Amer_lcan Arctic and Northeast Aleut, Inuit, Chukchi
Siberia




Native American
East Asia

Southeast Asia and Polynesia

AustraloMelanesia and Micronesia

Sub-Saharan Africa
West Eurasia

North American, Mesoamerican, South
American Indian

China, Japan, Mongolia
Insular and mainland Southeast Asia,
Polynesia
Australia, NewGuinea, big island
Melanesia, Micronesia
West Africa, East Africa, South Africa
Europe, North Africa, India

Table 5. Dental morphology datasets.

Population

31

Code Population Name Location Females Males Total Source
Adams and
JJ Japanese Japan 22 70 92 Pilloud
(2019)
. . Pilloud and
AW American White U.S. 115 200 316 Scott (2017)
. Pilloud and
AB American Black uU.S. 6 28 34 Scott (2017)
. . Pilloud and
SAB South African Black South Africa 100 229 333 Scott (2017)
. . Pilloud and
H Hispanic U.S. 4 14 18 Scott (2017)
South African . Pilloud and
SAW White South Africa 6 22 28 Scott (2017)
South African . Pilloud and
SAC Coloured South Africa 25 38 63 Scott (2017)
J Japanese Japan 15 19 34 This study
AA Asian American Hawail, U.S. 19 24 43 This study
Total 961
Table 6. Craniometric datasets.
Population - Population Location Females Males Total Source
Code Name
Jantz and
B Black u.S. 178 289 467 Moore-Jansen
(1988)
Jantz and
W White u.S. 630 1020 1650 Moore-Jansen
(1988)
. Jantz and
H Hispanic U Mexmq, 36 163 199 Moore-Jansen
Central America
(1988)
Native Jantz and
NAmM . North America 11 20 31 Moore-Jansen
American

(1988)



EA

NR

ZA

BE

EG

TE

DG

ZU

BU

AUS

TAS

TL

MK

BR

ES

AD

El

AR

Al

NJ

SJ

HA

AY

East and Southea:
Asia (Laos, Japan

Philippines,
East Asian China, Malaysia,
Vietnam,
Cambodia,
Polynesia/Hawai'i)
Norse Oslo, Norway
Zalavar Hungary
Berg Austria
Egypt Giza, Egypt
Teita Kenya
Dogon Mali
Zulu South Africa
Bushman South Africa
. Lower Murray
Australia River, Australia
Tasmania Tasmania
Tolai New Britain
Mokapu Hawai'i, U.S.
Buriat Siberia, Russia
Eskimo Greenland
Peru Peru
Andaman Andaman Islands

Easter Island
Arikara
Ainu
North Japan
South Japan
Hainan

Anyang

Easter Island

South Dakota,
u.S.

Hokkaido, Japan
Hokkaido, Japan
Kyushu, Japan
China

China

55

45

53

53

50

52

46

49

49

42

54

49

54

55

55

35

37

27

38

32

41

38

55

53

56

58

33

47

55

41

52

45

56

51

55

53

55

35

49

42

48

55

50

45

42

14

110

98

109

111

83

99

101

90

101

87

110

100

109

108

110

70

86

69

86

87

91

83

42

Jantz and
Moore-Jansen
(1988)

Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)
Howells (1973,
1989, 1995)

32
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Howells (1973,

AT Atayal Taiwan 18 29 47 1989, 1995)
A - Howells (1973,

PH Philippines Philippines 0 50 50 1989, 1995)
Howells (1973,

GU Guam Guam 27 30 57 1989, 1995)
o Howells (1973,

M Moriori Chatham Islands 51 57 108 1989, 1995)
' Howells (1973,

SM South Maori New Zealand 0 10 10 1989, 1995)
' Howells (1973,

NM North Maori New Zealand 0 10 10 1989, 1995)
. ) Howells (1973,

SC Santa Cruz California, U.S. 51 51 102 1989,1995)

AA Asian Hawaif, U.S. 20 28 48  Thisstudy

American

J Japanese Japan 15 19 34 This study

Total 4967

Table 7. Odontometric datasets.

Population Population

Location Females Males Total Source
Code Name
. Kenya, Somalia, Tanzania, Pilloud et al.
EAf EastAfrica Uganda 42 304 346 (2014)
Cameroon, Congo, Ethiopia,
Gabon, Gambia, Ghana Ashan
Sub Guinea, Ivory Coast, Lesotho,
Malawi, MozambiqueRwanda Pilloud et al.
SSA S;?ii;an South Africa Bushman, South 33 282 315 (2014)
African Hottentot, South Africa
Kaffir, South Africa Zulu,
Zambia, Zimbabwe
West Liberia, Nigeria, Senegal, Sierrs Pilloud et al.
s Africa Leone ol — 3 (2014)
Pilloud et al.
GUY Guyana Guyana 0 8 8 (2014)
. : Pilloud et al.
JAM Jamaica Jamaica 0 7 7 (2014)
EA East Asian China, Japan, Korea 51 197 248 P'”&%dli;a"
Bismarck Fiji, New Britain,
New CaledoniaNew Hebrides, Pilloud et al
MEL Melanesia New Ireland, Papua New 277 618 895 '
\ (2014)
Guinea, Santa Cruz, Solomon
Torres Strait
Caroline Islands, Caroline
Ponape, Carolingilbert .
MIC Micronesia Islands, Mariana Saipan, 25 73 98 P'”(Oz%dli)t al.

Mariana Tinian, Marshall
Islands



Alabama, Alaska, Arch Lake,
Arizona, Arkansas, California,
Colorado, Delaware, Florida,
Georgia, Horn Shelter, lllinois,
Kansas, Kentucky Indian Knoll,
Kentucky, Louisiana, Maryland

34

Native Michigan, Mississippi, Missouri, Pilloud et al.
el American Montana, Nebraska, Nevada, ek HEh [ (2014)
New Jersey, Bw Mexico, New
York, North Dakota, Ohio,
Oregon, Pennsylvania, South
Dakota, Tennessee, Texas, Ute
Virginia, Washington, West
Virginia, Wisconsin, Wyoming
Chatham Islands Moriori, Cook
Islands,Easter Islands, Gambie
. Islands, Hawai'i, Marquesas, Pilloud et al.
POL Polynesian New Zealand Maori, Samoa, 252 718 970 (2014)
Society Islands, Tonga, Tuamo
Islands
Bali, Borneo, Cambodia,
Celebes, Java, Laos, Lesser
Sunda, Macassar, Malacca,
Malay, Molucca, Myanmar, .
SEA S‘Z“stigf]aSt Negrito Philippines, Negrito 86 694 780 P'”&‘“(')dli)t 2l
Semang, Nicobar Islands,
Philippines, Sulu, Sumatra,
Sumbawa, Thailand, Timor,
Vietham
Albania, Austria, Belgium,
Bulgaria, Czech, Denmark,
Finland, France, Germany,
Greece, Herzegovina, Holland Pilloud et al.
E Europe Hungary, Italy, Lapp, Norway, 123 635 758 (2014)
Poland, Portugal, Romania,
Russia, Spain, Sweden,
Switzerland, Yugoslavia
SP  Spitalfields Spitalfields, England 102 195 297 Filloudetal
(2014)
South .
AfB African South Africa 62 94 156 [Filloudand
Scott (2017)
Black
European . Pilloud and
EW White South Africa 2 10 12 Scott (2017)
South .
C African SouthAfrica 7 16 23 Pilloud and
Scott (2017)
Coloured
J Japanese Japan 19 15 34 This study
AA Asian Hawai', U.S. 30 29 59 This study
American
Total 5916
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Met hods

Data Collection and Trait Lists

CranialNonmetric and Macromorphoscopic Data

Cranial macromorphoscopic data were collected followdeéner (2009andHefner
and Linde (2018)and cranial nonmetric data were collected followBsgry and Berry

(1967) Hauser and De Stefano (198anhdBuikstra and Ubelaker (1994)able8).

Table 8. Cranial nonmetric and macromorphoscopic traits collected.
(!Berry and Berry 19672Hauser and De Stefano 198Buikstra and Ubelaker 1994;
“Hefner 2009°Hefner and Linde 2018)

Supraorbital notch?3 Nasal aperture widfft Frontotemporal articulatioh?3
Supraorbital foramér?-3 Nasal bone contofi? Parietal notch ossiclé?
Infraorbital suturé?3 Nasal bone shape Asterionic ossicle?3

Multiple infraorbital Occipito-mastoid suture

foramind23 Nasal overgrowth? ossiclé-23

Zygomaticoefacial foramina?3®  Nasofrontal sutufe Divided hypoglossal cansd?

Condylar canaf?® Orbital shape }Accessorz)glesser palatine
oramert?

;'ﬁé‘jé%? f superior sagittal Postbregmatic depressitth Frontal foramin&?3

Foramen ovale incomplété? Posterior zygomatic tuberéle  Mylohyoid bridge 23

FelElmE] 32'205””‘ Supranasal sutute Accessory mental foraméh?®

incompleté*

Pterygespinous bridge?? Transverse palatine suttfe Inca boné?3

Pterygealar bridgé?3 Zygomaticomaxillary suture Sagittal ossich?3

Tympanic dehiscenéé? Lambdoid ossicl?3 Bregma ossicle?3

Auditory exostosis?® Parietal foramet?:? Apical boné??3

Anterior nasal spirfé Mastoid foramen numbgt3 Palatine torus?3

Inferior nasal apertufé Mastoid foramen location1,2,3 Mandibular toru§??

Interorbital breadth® Coronal ossicle?? Metopisnt-?3

Malar tuberclé® Epiptericossiclé?3 Pharyngeal fosé&-?>

Nasal aperture shape
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Dental Morphological Data

Data were recorded followin§cott and Turner (199/7)urner et al. (1991 Pilloud
(2018) Pilloud et al. (2018)andPerash et al. (2018Jable9). Data were recorded from
both sides of the dental arcade; when one antimere displayed a higher trait expression that
score was used in analyg@slloud etal. 2016; Scott 1977)raits obscured by énsive
crown wear were not scored. The breakpointSdatt and Irish (2017gndScott et al.
(2018b)were used to dichotomize or trichotomize data when necessary; raw data scores

were also explored to investigate population variation.

Table 9. Dental morphological traits collected,chhreakpoints used in analyses.

MAXILLA MANDIBLE
Ke Grades of Ke Grades of
Trait and Reference y Expression | Trait and Reference y Expression
Tooth : Tooth .
(Breakpoint) (Breakpoint)
Winging*? ull 0-3 (1+) Shoveling-2 0-7 (3+)
Labial convexity?2 ~ UIL  0-5 (24) r'?éztgl',f‘ccessory LC 0-5 (24)
Lateral incisor , 2
variants ul2 0-6 Lingual cusps LP2 0-3 (1+)
Shoveling2 ull 0-7 (3+) Tome's root? 0-5 (4+)
Double shoveling? ul1 0-6 (2+) Dental crowding 0-3 (1+)
Interruption 0, M, D, MD, 2
grooved? uli2 Med Groove patterh LM2 X, +, Y (Y)
Tuberculum dental¢  UI2 0-6 (2+) Cusp numbér 4-6 (4)
Mesial ridgé-? uc 0-3 (1+) Deflecting wrinklé-2  LM1 0-3 (2+)
Distal accessory . Lo >, LM1,
ridge-2 uc 0-5 (2+) Distal trigonid crest LM3 0-1(1)
: ul, . B LM1,
Diastema UG 0-2 (1+) Anterior fovea LM2 0-4 (2+)
Dental crowding 0-3 (1+) Protostylid-? LM1 0-7 (2+)
Accessory cuspg UP1 0-3 (1+) Cusp 52 LM2 0-5 (1+)
Uto-Aztecan 2 i
oremolaf? UP1 0-1(1) | Cusp6 LM1 0-5 (1+)
Metaconé? UM3 0-6 (3+) Molar crenulatiof LM2 0-2 (1+)
Hypoconé? UM2 0-6 (2+) Cusp #? 0-4 (1+)
Metaconulé? UM1 0-5 (1+) Enamel extensiodd  LM1 0-3 (2+)
Carabelli's traft? UM1 0-7 (5+) Root numbé'r? 1-3 (2+)



Parastylé?

Molar crenulatiof
Enamel extensioAg
Root numbeér?
Potato tooth
Pegshapé?
Odontomé?

Congenital absenéé

UMl

umM2
UMl
UP1

UM3

UP1,
upP2

UM3

0-6 (2+) Odontomé?

0-2 (1+)
0-3 (2+)
1-3 (2+)
0-2 (1+)
0-2 (1+)
0-1(1)
0-1(1)

Congenital absenéé

LP1,
LP2

LM3
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0-1 (1)
0-1 (1)

Craniometric Data

Craniometric landmark data were collected using a MicroScribe G2X digitizer. The

digitizer recorded 3D data points from which the computer software 3Skull calculated

interlandmark distancgdantz and Ousley 200560)able10).

Table 10. Cranial measurements collected.

Trait Name Description of Measurement Reference
Code
GOL Glabello-occipital Grgate;t length, from the_glabellar Howells (1973): 170
length region, in the median sagittal plane.
NOL  Nasiooccipital length Gre_atest cranial length in the med!ar Howells (1973): 171
sagittal plane, measured from nasior
BNL Basiorrnasion length Direct Iengtf;);)seitc\)/\r/]een e e Howells (1973): 172
BBH  Basionbregma height Distance fror(’?ek]:()irneegdma to basion, as Howells (1973): 172
Maximum cranial The maximum cranial breadth
XCB perpendicular to the median sagittal Howells (1973): 172
breadth i
plane (above supramastoid crests).
Maximumfrontal The maximum breadth at the corona
XFB suture, perpendicular to the median Howells (1973): 172
breadth
plane.
The minimum breadth across the
frontal, perpendicular to the median
- sagittal plane. Apply the caliper to the
WFB DA 1L points of maximum incurvature of the  Key (1983): 182

breadth

temporal line. Taken with the skull on
its base, with the face toward the
observer*



ZYB

AUB

ASB

BPL

NPH

NLH

JuB

NLB

MAB

MAL

MDH

OBH

OBB

DKB

NDS

Bizygomatic breadth

Biauricular breadth

Biasterionic breadth
Basionprosthion length

Nasionprosthion height

Nasal height

Bijugal breadth

Nasal breadth

Palate breadth, externe

External alveolar lengtt

Mastoid height

Orbital height

Orbital breadth

Interorbital breadth

Nasadacryal subtense

The maximum breadth across the
zygomatic arches, wherever found,
perpendicular to the median plane.

The least exterior breadth across the
roots of the zygomatic processes,
whereverfound.
Direct measurement from one asteric
to the other.

The facial length from prosthion to
basion, as defined.

Upper facial height from nasion to
prosthion, as defined.

The average height from nasion to th
lowest point on the border of the nas:
aperture on either side.

The external breadth across the malz

at the jugalia, i.e., at the deepest poir

in the curvature between the frontal ai
temporal process of the malars.

The distance between the anterior ed(
of the nasal aperture at its widest exte

The greatest breadth across the alvec
borders, wherever found, perpendicul
to the median plane.

The distance along the midplane fror
prosthion to alveolon Alveolon is
defined as the intersection of the

midplane and a line connecting the

posterior alveolar borders* Taken witl

the skull base up and a small stick

resting behind the 3rd molars to defin
alveolon.

The length of the mastoid process
below, and perpendicular to the eyar
plane in the vertical plane.

The height between the upper and low
borders of the lefbrbit, perpendicular
to the long axis of the orbit and
bisecting it.

Breadth from ectoconchion to dacryol
as defined, approximating the
longitudinal axis which bisects the orb
into equal upper and lowgarts.

The breadth across the nasal space ft
dacryon to dacryon.

The subtense from the deepest point
the profile of the nasal bones to the
interorbital breadth.
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Howells (1973): 173

Howells (1973): 173

Howells (1973): 174
Howells (1973): 174

Howells (1973): 174

Howells (1973): 175

Howells (1973): 175

Howells (1973): 176

Howells (1973): 176

Key (1983): 182

Howells (1973): 176

Howells (1973): 175

Howells (1973): 175

Howells (1973): 178

Howells (1973): 178



WNB

SIS

ZMB

SSS

FMB

NAS

EKB

DKS

IML

XML

MLS

WMH

GLS

Simotic chord (Least
nasal breadth)

Simoticsubtense

Bimaxillary breadth

Bimaxillary subtense

Bifrontal breadth

Nasiofrontal subtense

Biorbital breadth

Dacryon subtense

Malar length, inferior

Malar length, maximurr

Malar subtense

Cheek height, minimun

Glabella projection

The minimum transverse breadth acrc
the two nasal bones, or chord betwee
the nasemaxillary sutures at their
closest approach.

The subtense from the nasal bridge 1
the simotic chord, i.e., from the highe:
point in the transverse section which
at the deepest point in the nasal profil

The breadth across theaxillae, from
one zygomaxillare anterior to the othe

The projection or subtense from
subspinale to the bimaxillary breadth

The breadth across the fronkaine
between frontomalare anterior on eac
side, i.e., the most anterior point on tf

fronto-malar suture.

The subtense from nasion to the
bifrontal breadth.

The breadth across the orbits from
ectoconchion to ectoconchion.

The mean subtense from dacryon
(average of two sides) to the biorbita
breadth.

Thedirect distance from zygomaxillare

anterior to the lowest point of the zygc

temporal suture on the external surfac
on the left side.

Total direct length of the malar in a
diagonal direction, from thiewer end
of the zygetemporal suture on the
lateral face of the bone, to zygoorbital
the junction of the zygmaxillary
suture with the lower border of the
orbit, on the left side.

The maximum subtense frotie
convexity of the malar angle to the
maximum length of the bone, at the

level of the zygomaticofacial foramen
on the left side.
The minimum distance, in any
direction, from the lower border of the
orbit to the lower margin of the maxille
mesial to the masseter attachment, ¢
the left side.

The maximum projection of the midlin:
profile between nasion and
supraglabellare (or the point at whict
theconvex profile of the frontal bone
changes to join the prominence of thi

glabellar region), measured as a

subtense.

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):
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179

179

177

177

177

178

178

178

179

180

180

180

181



STB

FRC

FRS

FRF

PAC

PAS

PAF

OoCC

oCs

OCF

FOL

FOB

NAR

SSR

PRR

Breadth between the intersections, o
either side, of the coronal suture and t
Bistephanic breadth inferior temporal line marking the
origin of the temporal muscle (the
stephanion points).
The frontal chord, or direct distance
Frontal chord from nasion to bregma, taken in the
midplane and at the external surface

The maximum subtense, at the highe
point on the convexity of the frontal
bone in the midplane, to the nasion

bregma chord.

The distance along the nasibregma

chord, recorded from nasion, at whicl

the nasiorbregma, or frontal, subtens:
falls.

The external chord, or direct distanc
from bregma tdambda taken in the
midplane and at the external surface

The maximum subtense, at the highe

Nasiorrbregma
subtense (Frontal
subtense)

Nasionsubtense
fraction (Frontal
fraction)

Bregmalambda chord
(Parietal chord)

Bregmalambda ; : X
! point on the convexity of the parietal
subtense (Parietal g .
bones in the midplane, to theegma
subtense)
lambda chord.
Bregmasubtense The distance along the bregnamnbda_
! ; chord, recorded from bregma, at whic
fraction (Parietal .
) the bregmdambda, or parietal,
fraction)

subtense falls.
The external occipital chord, or direct
Lambdaopisthion distance from lambda to opisthion tak
chord (Occipital chord) in the midplane and at the external

surface.
Lambdaopisthion Themaximum subtense, at the most
subtense (Occipital  prominent point on the basic contour
subtense) the occipital bone in the midplane.
The distance along the lambda
Lambdasubtense Aol
fraction (Occipital oplsthlo_n chord, recordeq frqm lambd
) atwhich the lambdapisthion, or
fraction)

occipital, subtense falls.

Foramen magnum  The length from basion to opisthion, ¢
length defined.

Distance between the lateral margins
foramen magnum at the points of
greatest lateral curvature.

Foramen magnum
breadth

The perpendicular to the transmeata
axis from nasion.

The perpendicular to the transmeata
axis from subspinale.

The perpendicular to the transmeata
axis from prosthion.

Nasion radius
Subspinale radius

Prosthion radius
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Howells (1973): 173

Howells(1973): 181

Howells (1973): 181

Howells (1973): 181

Howells (1973): 182

Howells (1973): 182

Howells (1973): 182

Howells (1973): 182

Howells (1973): 182

Howells (1973): 183

Howells (1973): 181

Definition from
Buikstra and
Ubelaker (1994): 77,
originally defined by
Martin (1956)

Howells (1973): 183
Howells (1973): 183

Howells (1973): 183



DKR

ZOR

FMR

EKR

ZMR

AVR

BRR

VRR

LAR

OSR

BAR

MOW

UFBR

UFHT

NAA

The perpendicular to thteansmeatal
axis from the left dacryon.

The perpendicular to the transmeata
axis from the left zygoorbitale.

The perpendicular to the transmeata
axis from thdeft frontomalare anterior.

The perpendicular to the transmeata
axis from the left ectoconchion.
The perpendicular to the transmeata
axis from the lefzygomaxillare
anterior.

The perpendicular to the transmeata
Molar alveolus radius axis from the most anterior point on tr
alveolus of the left first molar.

Dacryon radius
Zygoorbitale radius
Frontomalare radius

Ectoconchion radius

Zygomaillare radius

The perpendicular to theansmeatal
axis from bregma. See Howells radiu
definitions for more information.

Bregma radius

The perpendicular to the transmeata
axis from the most distant point on th
parietals (including bregma or lambda

wherever found.

Vertex radius

The perpendicular to the transmeata
axis from lambda.

The perpendicular to the transmeata
axis from opisthion.

The perpendicular to theansmeatal
axis from basion.
The midorbital breadth between the
points, right and left, where the malar
maxillary sutures cross the lower
margins of the orbits. It is generally
advisable to mark the lower margins «
the orbits as pencil lines before locatir
the points.

Lambda radius
Opisthion radius

Basion radius

Mid-orbital width

Direct distance between the two
external points on the frontomalar
suture.

Upper facial breadth

The upper facial height on the skull.
The direct distance from nasion to
[Martin's] prosthion. With this
measurement, use the LOWEST poir
on the alveolar bone in theidline.

Upper facial height
(Alveolar pointnasion
height)

Of the facial triangle, the angle at
nasion, whose sides are basitasion
and nasiosprosthion.

Nasion angle (Basion
prosthion)
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Howells (1973): 183
Howells (1973): 183
Howells (1973): 183

Howells (1973): 184

Howells (1973): 184

Howells (1973): 184

Key (1983):182

Howells (1973): 183

Key 1983
Key 1983

Key 1983

Woo and Morant
(1934): 199

Definition from
Buikstra and
Ubelaker (1994): 75;
originally defined by
Martin (1956)

Definition from
Fordisc 3 Help File;
originally defined by
Hrdl il ka

Howells (1973): 184



PRA

BAA

NBA

BBA

SSA

NFA

DKA

NDA

SIA

FRA

PAA

OCA

Prosthion angle
(Basiontnasion)

Basion angle (Nasien
Prosthion)

Nasion angle (Basion
bregma)

Basion angl€¢Nasion
bregma)

Zygomaxillary angle

Nasionfrontal angle

Dacryal angle

Nasadacryal angle

Simotic angle

Frontalangle

Parietal angle

Occipital angle

Of the facial triangle, the angle at
prosthion, whose sides are basion
prosthion and nasieprosthion.

Of the facial triangle, the angle at
basion, whose sides dvasionnasion
and basiosprosthion.

The angle at nasion whose sides ar
basionnasion and nasiebregma (the
opposite side being basidmegma).
The angle at basion whose sides ar:
basiornasion and basiebregma (the
opposite side being the nasibregma
chord).

The angle at subspinale whose two
sides reach from this point to
zygomaxillare anterior left and right.

The angle at nasion who two sides ree
from this point to frontomalare, left ani
right.

The angle formed at dacryon by the
orbital breadth from ectochonion anc
the subtense from dacryon to biorbite

breadth; right and left angles added.

The angle formed at the midline of th:
nasal bones, whose sides reach fror
this point todacryon, left and right.

The angle at the midline of the nasa
bones, at their narrowest point, whos

sides reach to the end points of the
minimum breadth of the nasal bones

In the sagittal plane, the angle
underlying the curvature of the fronta
bone at its maximum height above th

frontal chord.

In the sagittal plane, the angle
underlying the curvature of the pariet:

bonesalong the sagittal suture, at its
maximum height above the parietal
chord.

In the sagittal plane, the angle

underlying the curvature of the occipiti
bone at its maximum height above th
occipital chord.

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):

Howells (1973):
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186
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Odontometric Data

Maximum tooth crown and cervical measurements were collected from the left side of
the dental arcades followiigoorrees (1957 Hillson (1996) andHillson et al. (2005)
using customized dental calipers designed by HillswhRitzgerald of University
College LondonTable1l). Antimeres were substituted when measurements from the left
side were unavailable due to a missimglamaged tooth. Teeth with excessive wear were

not measured.

Table 11. Dental measurements collected.

MAXILLA
Trait Code Tooth Measurement
Ull_crn_md Upper Incisor 1 (UI1) crown mesiodistal diameter
Ull_crn_bl Upperlincisor 1 (UI1) crown buccolingual diameter
Ul1l_crn_height Upper Incisor 1 (UI1) crown height
Ull_crx_md Upper Incisor 1 (UI1) cervical mesiodistal diameter
Ul1_crx_bl Upper Incisor 1 (UI1) cervical buccolingual diameter
uUl2_crn_md Upper Incisor UI12) crown mesiodistal diameter
Ul2_crn_bl Upper Incisor 2 (UI2) crown buccolingual diameter
Ul2_crn_height Upper Incisor 2 (U12) crown height
Ul2_crx_md Upper Incisor 2 (UI2) cervical mesiodistal diameter
Ul2_crx_bl Upper Incisor 2 (UI2) cervical buccolingual diameter
UC _crn_md Upper Canine (UC) crown mesiodistal diameter
UC_crn_bl Upper Canine (UC) crown buccolingual diameter
UC_crn_height Upper Canine (UC) crown height
UC crx_md Upper Canine (UC) cervical mesiodistal diameter
UC _crx_bl Upper Canine (UC) cervical buccolingual diameter
UP3 crn_md Upper Premolar 3 (UP3) crown mesiodistal diameter
UP3_crn_bl Upper Premolar 3 (UP3) crown buccolingual diameter
UP3_crn_height Upper Premolar 3 (UP3) crown height
UP3_crx_md Upper Premolar 3 (UP3) cervical mesiodistal diameter
UP3 crx_bl Upper Premolar 3 (UP3) cervical buccolingual diameter
UP4 crn_md Upper Premolar 4 (UP4) crown mesiodistal diameter
UP4 _crn_bl Upper Premolar 4 (UP4) crownbuccolingual diameter
UP4_crn_height Upper Premolar 4 (UP4) crown height
UP4_crx_md Upper Premolar 4 (UP4) cervical mesiodistal diameter
UP4 _crx_bl Upper Premolar 4 (UP4) cervical buccolingual diameter
UM1_crn_md Upper Molar 1 (UM1) crownmesiodistal diameter

UM1_crn_bl Upper Molar 1 (UM1) crown buccolingual diameter



UM1_crn_height

Upper Molar 1 (UM1)

crown height

UM1 crx_md Upper Molar 1 (UM1) cervical mesiodistal diameter
UM1_crx_bl Upper Molar 1 (UM1) cervicalbuccolingual diameter
UM2_crn_md Upper Molar 2 (UM2) crown mesiodistal diameter
UM2_crn_bl Upper Molar 2 (UM2) crown buccolingual diameter
UM2_crn_height Upper Molar 2 (UM2) crown height
UM2_crx_md Upper Molar 2 (UM2) cervical mesiodistaliameter
UM2_crx_bl Upper Molar 2 (UM2) cervical buccolingual diameter
UM3 _crn_md Upper Molar 3 (UM3) crown mesiodistal diameter
UM3_crn_bl Upper Molar 3 (UM3) crown buccolingual diameter
UMS3_crn_height Upper Molar 3 (UM3) crown height
UM3_crx_md Upper Molar 3 (UM3) cervical mesiodistal diameter
UM3 crx_bl Upper Molar 3 (UM3) cervical buccolingual diameter
MANDIBLE
Trait Code Tooth Measurement
LIZ_crn_md Lower Incisor 1 (LI1) crown mesiodistal diameter
LI1 _crn_bl LowerIncisor 1 (LI1) crown buccolingual diameter
LI1_crn_height Lower Incisor 1 (LI1) crown height
LI1_crx_md Lower Incisor 1 (LI1) cervical mesiodistal diameter
LI1_crx_bl Lower Incisor 1 (LI1) cervical buccolingual diameter
LI2_crn_md Lower Incisor 2(LI2) crown mesiodistal diameter
LI2_crn_bl Lower Incisor 2 (LI12) crown buccolingual diameter
LI2_crn_height Lower Incisor 2 (LI12) crown height
LI2_crx_md Lower Incisor 2 (LI2) cervical mesiodistal diameter
LI2_crx_bl Lower Incisor 2 (LI2) cervical buccolingual diameter
LC _crn_md Lower Canine (LC) crown mesiodistal diameter
LC_crn_bl Lower Canine (LC) crown buccolingual diameter
LC_crn_height Lower Canine (LC) crown height
LC_crx_md Lower Canine (LC) cervical mesiodistal diameter
LC_crx_bl Lower Canine (LC) cervical buccolingual diameter
LP3_crn_md Lower Premolar 3 (LP3) crown mesiodistal diameter
LP3 crn_bl Lower Premolar 3 (LP3) crown buccolingual diameter
LP3_crn_height Lower Premolar 3 (LP3) crown height
LP3_crx_md Lower Premolar 3 (LP3) cervical mesiodistal diameter
LP3_crx_bl Lower Premolar 3 (LP3) cervical buccolingual diameter
LP4_crn_md Lower Premolar 4 (LP4) crown mesiodistal diameter
LP4_crn_bl Lower Premolar 4 (LP4) crownbuccolingual diameter
LP4_crn_height Lower Premolar 4 (LP4) crown height
LP4 crx_md Lower Premolar 4 (LP4) cervical mesiodistal diameter
LP4 crx_bl Lower Premolar 4 (LP4) cervical buccolingual diameter
LM1_crn_md Lower Molar 1 (LM1) crownmesiodistal diameter
LM1_crn_bl Lower Molar 1 (LM1) crown buccolingual diameter
LM1_crn_height Lower Molar 1 (LM1) crown height
LM1 crx_md Lower Molar 1 (LM1) cervical mesiodistal diameter
LM1 crx_bl Lower Molar 1 (LM1) cervicalbuccolingual diameter
LM2_crn_md Lower Molar 2 (LM2) crown mesiodistal diameter
LM2_crn_bl Lower Molar 2 (LM2) crown buccolingual diameter
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LM2_crn_height Lower Molar 2 (LM2) crown height
LM2_crx_md Lower Molar 2 (LM2) cervical mesiodistaliameter
LM2_crx_bl Lower Molar 2 (LM2) cervical buccolingual diameter
LM3 crn_md Lower Molar 3 (LM3) crown mesiodistal diameter
LM3_crn_bl Lower Molar 3 (LM3) crown buccolingual diameter
LM3_crn_height Lower Molar 3 (LM3) crown height
LM3_crx_md Lower Molar 3 (LM3) cervical mesiodistal diameter
LM3 crx_bl Lower Molar 3 (LM3) cervical buccolingual diameter

Exploratory Data Analyses and Data Preprocessing

Summary statistics and exploratory data analyses were performed on the datasets
collected for this project to test for outliers, normality, and sexual dimorphism. As a
balanced sampling strategy was employed, effect size was not an issue. All analyses were
performed in Python 8/an Rossum 1995%)nless otherwise stated.

Prior to performing statistical analyses and implementing machaneire (ML)
techniques, features (i.e., trait variables) should be inspected and possibly manipulated to
appropriately apply statistical analyses or ML algorithms to the data. The process of
manipulating data is referred to as feature engineering. Aspideisture engineering
that apply to this project include handling outliers, feature scaling, categorical encoding,

and missing data imputation. Each of these processes will be discussed in this section.

Intraobserver Error

Because all data in this projegere collected by a single observer, only intraocbserver
error was calculated. Two rounds of observations were collected on approximately 10%
of the sample collected from the Mahabrash Osteological Collection. The two rounds
were collected at the begimg and end of the data collection period, separated by a

period of approximately one week for each data type.
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Nonmetric data were analCopenédb8) u€obhgnGehkanp]/
was calculated usg thecohen_kappa_scoffenction from themetricssubpackage of the

Scitkitlearnlibrary (Pedregosa et al. 201ih) Python. Binary traits and variables kit

unranked scores (i .e., nominal data) were
whil e quadratic weighted Cohendés kappa was
Cohenés kappa scores | ess than 0. Gre(i . e.,

removed from further analyséisandis and Koch 1977; McHugh 2012)

Metric data were analyzed for degree of replication using technical error of
measurement (TEMEQquationl). Technical error of measurement was chosen over
alternative statistical analyses, such as intraclass correlation coefficient (ICC), paired
samples-t est s, and Pmaeantscorneldtisn ceefficedt (r)coecause TEM is
more robust and performs the best for different sample sizes and errofRgpesurt
and Stephan 2018yhe TEM and relative TEM calculations were performed in Python
following Perini et al. (2005andFancourt and Stephan (2018)rst, the difference in
the first (i) and second ¢ rounds of measurements is calculated, whdemnotes the
ith subject. The results are then squared, and the squared values ard.stineme
summation is divided by two times the number of individuals or subjects (n) included in

the analysis.

Equation 1. Technical error of measurement.

TEM = Dimq(xg — X1)*
2n
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Relative or percent TEM{FEM or %TEM) is calculated bglividing TEM by the
variable average value (VAVEQuation2). The VAV is calculated by summing the first
and second rounds of observation for each subject and averaging this summed value. The

guotient of TEM/VAV is then multiplied by 100 to obtain %TEM.

Equation 2. Relative TEM.

lative TEM = TEM 100
relative =vav ¥

Following Weinberg et al. (2005)elative TEM values greater than 5% were

considered imprecise, and such variables were removed from the analysis.

Dichotomizing Data

The nonmetric dasets were dichotomized when necessary to match existing reference
data to perform statistical analyses related to assessing the accuracy of existing biological
profile estimation methods and reference samples. The cranial nonmetric data were
dichotomizedo match the Forensic Anthropology Data Bank and Ossenberg reference
databases. The dental morphology data were dichotoftrizedtomizedfor use in the
rASUDAS webbased applicatiofScott et al. 2018a) he dental morphology data were
dichobmized using the breakpoints provided Tralyle9). Breakpoints not already
established in the literature were determined by assessing the curredtstudg at a f or
variation using boxplots, which were generated usingtheetviZBertrand 2021)

package in Python.



48

Outliers

Univariate outliers in the metric datasets were detected using scatterplots and boxplots,
and the interquartile range (IQR) of each variable was calculated. Scatterplots, boxplots,
and IQR values were generated using3heetviiBertrand 2021andD-Tale packages
(Man Group Alpha Technology 202ih) Python. Multivariate outliers in the metric
datasets werdetected using Mahalanobis distanced édd their associatedvalues,
which were calculated in Python followilRyabhakaran (2019Human error outliers
were imputed with the median value prior to conducting further analyses. Outliers not
due to human errawere retained for analyses that aimed to assess variation or predict

group membership but were removed from all other analyses.

Normality

The metric datasets were tested for normal Gaussian distributions using histograms, Q
Q plots, and a Shapuwilks test of normality. Histograms and-Q plots were generated
usingthe SweetviZBertrand 2021andD-Tale packagegMan Group Alpha Technology
2021)in Python. Examples of plots with normally distributed data are showigimel
andFigure2. The ShapireVilks test for normall was performed using tlslapiro
function from thestatssubpackage of th&ciPylibrary in Python(Virtanen et al. 2020)

The craniometric Shapird/ilks test results by study sample are shawhable84,
while the ShapiréVilks results by sex are shownTiable85. The odontometric Shapho
Wilks results by study sample are showT able86, while theShapireWilks results by

sex are shown ifmable87.
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& qq — OLS Trendline

Figure 1. Q-Q plot of GOL (glabelleoccipital length) demonstrating amal
distribution.
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Figure 2. Histogram of NLH (nasal height) demonstrating a normal distribution.

Sexual Dimorphism

The nonmetric datasets were analy-zed for
square test of independence. Pearsonds chi

chisquarefrom thestatssubpackage of thgciPylibrary in Python(Virtanen et al. 2020)
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T he Pe arsgqguara @slts fohthe cranial and dental nonmetric datasets are shown
in Table88 andTable89, respectivelyin Appendix A

Metric data were first tested for equality of variances prior to investigating the data for
sexual dimgphism. A Levene test for homogeneity of variances between sexes was
performed using theevenefunction from the stats subpackage of the SciPy library in
Python(Virtanen et al. 2020)The Levee test results are shownTable90andTable
91, respectively.

Independent samplégests were then used to test the metric datasets for sexual
dimorphism.T-tests were implemented using thest_indfunction from thestats
subpackage of th&ciPylibrary in Python(Virtanen et al. 2020Because there were
some traits found to have unequal variances in the Levene test, equal variances were not
assumed when performing theests (i.e.equal_var=Fals¢. The percentage of sexual
dimorphism was measured for each trait using@bm et al. (187) equation(Equation

3).

Equation 3. Sexual dimorphism calculation frofarn et al. (1967)
Ao

YQ(JL)CQO&IGS(DIF]G ma P QDT[T[

Thet-test results and percentages of sexual dimorphism for the craniometric and

odontometric datasets are showTable92 andTable93, respectively.
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Feature Scaling

To mitigate scale differences between variables related to normality and sexual
dimorphism, feature scaling was performed on the metricptetato conducting further
analyses. Feature scaling refers to the process of normalizing and/or standardizing trait
data. Because some metric traits showedmmmal distributions and other variables
demonstrated sexual dimorphism, these datasets ulgjected to rounds of
normalization and standardization to assess the best method of feature scaling for each
dataset and variable.

Normalization (i.e., mirmax feature scaling) refers to the process of transforming
variables by recentering the data satttne transformed values range frovh (IGéron
2019) The process of mimax feature scaling utilizes the following formukg(ation

4):

Equation 4. Formula for transforming data using rmmax feature scaling.
X - Xmin

Xm.ax - Xmin

Xnorm -

Min-max feature scaling is appropriate for data that that are known to beonoally
distributed, but it also works well for normally distributed data.-kiaxfeature scaling
was performed using thdinMaxScalerfunction from thepreprocessingubpackage of
the Scikitlearnlibrary in Python(Pedregosa et al. 2011)

Standardization (i.e.-gcore standardization) is the process of recentering and scaling
the data while accounting for standard devia{leenner 2020; Géron 2019)

Standardization utilizes the following equatidyg(ation5):
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Equation 5. Formula for transforming data using standardization.
X—pu
(o)

X =

norm

XnormiS the standard score (i.e-seore) X is the observed valug,is the sample mean,
and G0 is the standard deviation of the sam
data are known to follow a normal, Gaussian distribution, and it is commonlyaised
mitigate sexual dimorphism in datasets. Standardization was performed using the
StandardScalefunction from thepreprocessingubpackage of thgcikitlearnlibrary in

Python(Pedregosa et al. 2011)

Encoding Categorical Variables

Encoding categorical variables is a form of feature engineering where categorical
variables, including nominal and ordinal variables, are encoded as dummy variables. This
process is necessary prior to implementing machine learning methods because is it
difficult for ML algorithms to understand categorical variables. Encoding categorical
variables into numeric dummy variables allows the algorithm to properly process the data
without losing any information. In this study, ehet encoding was used to encode
categorical variables. Or®ot encoding consists of creating binary vectors for each
unique class of the categorical variable. This method creat@sber of binary variables
based on the numbex) (of categories in the variab{gheng and Casari 2018jor
example, imagine a categorical variable for Country of Bwthgre possible input values

are France, Japan, Russia, and Bolivia.-@oteencoding would create four binary
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variables for each Country of Birth inpdiable12 below demonstrates how the original

variable, Country of Birth, would be encoded into new variables)(E

Table 12. Onehot encoding of a categorical variable consisting of four countries.

Country of E1 E2 Es E4
Birth (France) (Japan) (Russia) (Bolivia)
France Y 1 0 0 0
Japan Y 0 1 0 0
Russia Y 0 0 1 0
Bolivia Y 0 0 0 1

Onehot encoding was performed using Bakitlearnlibrary in Python(Pedregosa et
al. 2011) including theColumnTransformefunction from thecomposesuopackage and

the OneHotEncodefunction from thepreprocessingubpackage.

Intertrait Correlations

Correlation analyses test for linear relationships between varigbileta 2017)
Because some statistical analyses cannot handle intertrait correlations, the data used in
this research were analyzed for correlations between variables. Pairs of variables
determined to haveignificantly strong correlations were considered for removal from
further analyses. Removal of any variables was performed in such a way as to minimize
data loss and retain as many variables as possible for further analyses.
Nonmetric data were analyzeslf i nt ertrait corr-lghati ons us
statistical measure of trait corrélations
correlation coef fi ci ekendaltadunctionfwomshestats | cul at e
subpackage of th&ciPylibrary in Python(Virtanen et al. 2020)Although there are no

clear rul es f or tbmBotech (B01Bstuigngge sKesn d ahlel & so | tl aoun
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0.10 is veodoywowedakisUw2wak29Ubs +maeddBe+risat e; Ub
strong , where negative values indicate a negatr inverse correlation and positive
values indicate a positive correlation.

The sexual d i mo r-lprésults for thK eranidl adnrebris and a u
macromorphoscopic dataset are showhable94. The Taub p-values are available in
Table95. The sexual di m4repultsifos the elifad modohologyd s T a u
dataset are shown Table96. The Taub p-values are available ifable97. Traits that
are denoted by a das!) (hclude traits where the scores did not vary, meaning the inputs
were constant; therefore, thendalltaufunction could not assess these traits for sexual

dimorphism. Thes#raits were removed from further analyses as they contained no

variation.
Metric data were analyzed for intertrait
coefficient (r). Pearsonods 3SweewaBertrand!|l cul at e

2021)andD-Tale(Man Group Alpha Technology 202f)ac k ages i n Pyt hon.
correlation coefficient measures the strength and direction of a linear relationship

between two variables and ranges frdnto 1, wherel indicates a negative correlation,

0 indicates no correlation, and 1 indicates atp@scorrelation(Nikita 2017; Pearson

1900) Thesummarned i ntertrait correlation results
coefficient for the craniometric and odontometric datasets are visualiEégluire3 and

Figure4, respectively. The full intertrait correlation TEM results for the craniometric and

odontometric datasets are showTable98 andTable99, respectively.

(
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Missing Data and Imputation Methods

missing values were set to zero,

Missing data were treated differently based on each analysis. The treatment of missing
data is also specified for each analysis in the results. Missing values were omitted or set
to zero in the pratatistical tratments so as not to disrupt the exploratory results. In cases

where it would make no mathematical difference,
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thereby essentially ignoring those values in the analysis. Trait variables with greater than
50% missing data we removed.

For statistical analyses that required no missing data, the data were imputed. After
removing variables with more than 50% missing data aiod @ imputation, the
following percentages of missing data were recorded in the datasets coletttisd i
study: 5.11% missing data in the cranial nonmetrics and macromorphoscopics dataset,
29.83% missing data in the dental morphology dataset, 5.49% missing data in the
craniometrics dataset, and 29.51% missing data in the odontometrics datagaij@ttis
includes multiple burgeoning datasets with varying degrees of missing data. Further,
while different imputation methods have been exploreldryyhercz and Passalacqua
(2016)andKenyhercz et al. (2019a)s i ng Howel | sé crani ometric
1989, 1995) and Hefner 6s dHefner 2089, Hemerand o mo r p
Ousley 2014)respectively, this research aimed to create consistency across datasets.
Therefore, Iterative imputation was used to impute missing data for each dataset for
separate analyses and to impute missing data irothbined dataset analyses. Iterative
imputation iterates through the dataset multiple times to improve imputations of missing
data and utilizes previously imputed values to be included in the model toward the
imputation of subsequent missing values. Itgeatmputations were performed using the

Iterativelmputerfunction from theScikitlearnlibrary in Python(Pedregosa et al. 2011)
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Statistical Analyses

Frequency Distributions

Frequencies of nemetric traits were calculated according to presence/absence and/or
degree of expression. Present/absent frequencies were calculated by dividing the sum of
the present scores by the total number of values ithédrtrait. As some traits included
multiple degrees of expression, each degree of expression was summed and divided by
the total number of values for that trait to calculate the frequency distribution for that

particular degree of expression.

Evolutionarylnfluences and Population Variation: Nonmetric Data

To test both the estimated population affinities of the study samples and the
contributions of evolutions forces on the samples, tetrachoric Mahalanobis distance
(TMD) and Rmatrix (Konigsberg 1990analyses were employed using the cranial
nonmetric and macromorphoscopic data as well as the dental morphological data.
Tetrachoric Mahalanobis distamestimates the dissimilarity values between the study
samples and comparative reference samples and calculates nonmetric trait distances while
correcting for intertrait correlatiofGodde 2013)The TMD-associated 47 values were
also calculated to investigate the amount of variation found among populations.
Multidimensional scaling (MDS) was used to visualize the TidBults and assess the
phenetic similarities between populations. The TMD andd&rix analyses were
performed using thEonigsberg (990) R workspace, which can be found at

http://faculty.las.illinois.edu/lylek/
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Evolutionary Influences and Population Variation: Metric Data

The effects of microevolutionary forces on gtedy samples were investigated using
various statistical treatments. Specifically, the contributions of gene flow and genetic
drift were measured in RMET using the craniometric and odontometric datasets. RMET
is a software designed to calculatenBtricesand genetic variation from quantitative
data. The Rmatrix method was developed biarpending and Ward (1988) assess
genetic similarity within and li&een populations using a variano@variance matrix of
standardized allele frequencig®elethford2007; Relethford 2016)T'he genetic distances
to the population centroid (withigroup variance) {) are displayed as diagonal elartse
in the Rmatrix. Higher  values represent higher amounts of genetic drift. The R matrix
isthen used to estimatel= whi ch i s osmtsticothat méasurgsithe 6 s F
variance among and within populations while considering evolutionary f@ioésinger
and Weir 2009; Relethford 200'HligherFst values reflecgreater degrees of variation
between populations, while lowegvalues reflect less variation (i.e., more gene flow)
between populationgelethford 2007)

The metric datasets were further analyzed for population variation using Discriminant
Function Analysis (DFA), also known as Linear Discriminant Analysis (LDAh@n
forensic discriminant function software Fordisc @lantz and Ousley 2005b)

Mahalanobis distances fDgenerated by Fordisc 3.1 were used to measure the distance
between the study individuals and the group centroids of the reference samples. The
reference samples for the craniometric data were those included in the Fordisc 3.1

software, and the odontomietreference samplé®illoud et al. 2014yvere imported into
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Fordisc 3.1 for this analysiResults of the DFArd ¥ analyses elucidated degrees of
variation within and among the study samples.

Principal component analysis (PC#jasalso performed in RMET.®A serves to
reduce the number of variables in the analysis to reduce the dimensions of the data while
simulaneously retaining as much information as possible about the cl{3tdifée
2002; Nikita 2017)PCA plots were used to visualize the Euclidean distances between
the populations in the analysis to assess the similarities and differences in {iiNikitzta
2017) and the PC loading values were analyzed to determine which traits were most

influential in assessing variation.

Classification

Machine learning methods have started to gain more popula@tythropology to
estimate population affinity and biological sex. However, most studies that employ ML
techniques focus on a few methods such as Random Forest Modeling and Naive Bayes.
This project tested many ML methods on the four data types in te@robs(i.e., cranial
nonmetrics and macromorphoscopics, dental morphology, craniometrics, and
odontometrics) to gauge which algorithms best suited the data. Each of the metric and
nonmetric datasetsastested individually and in combination to determine best ML

analysis

Logistic Regression

Logistic Regression is a form of regression that utilizes the independent variable to
predict the target (binary) variable; this method is based on a logistic (i.e., sigmoid)

curve. Instead of predicting a numericatcome, like in Linear Regression, Logistic
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Regression first calculates the probability of an outcome, such as group membership and
then uses that probability to assign a classification (e.g, 0 is not a member, 1 is a member)
(Fenner 2020)To identify group membership for the dependent variable, any probability
over 50% is classified as 1, while any probability less than 50% is classifigdasoh
2019)

Logistic Regression cla#ication was performed using thegisticRegressiofunction
from thelinear_modekubpackage of th&cikitlearnlibrary in Python(Pedregosa et al.
2011) TheC hyperparameter, which controls how well the model fits the training data,
was tuned. Th€ hyperparameter is a type of regigation parameter, meaning it avoids
unnecessarily complex models to reduce model overfitting. Overfitting arises when the
model fits too closely to the training data, resulting in a model that is essentially a replica
of the training data and is incapablehandling variation it did not learn during training,
thereby producing poor predictdtsedolter 2013)C values = 0.001, 0.01, 0.1, 1, 10,

100, and 1000 were tested.

Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) is a classification method that employs
dimensionality reduction and focuses on maximizing the separation between the known
groups in the analysis. LDA is also knoas Discriminant Function Analysis (DFA),
which is used in the popular forensic discriminant function software Fordigdahtz
and Ousley 2005b).inear Discriminant Analysis takes the information provided by the
input variables and reduces the number of dimensions by creating a new axis that 1)

maximizes the difference between the group means and 2) minimizes the amount of
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variation within each group (i.e., scattéanthopoulos et al. 2013t is important that
both criteria are met, otherwise the groups will not be well separated. Linear
Discriminant Analysis was perforrdaising theLinearDiscriminantAnalysigunction
from thediscriminant_analysisubpackage of th8cikitlearnlibrary in Python

(Pedregosa et al. 2011)

k-Nearest Neighbor

The kNearest Neighbor (N or KNN) method finds cases similar to the unknown
input case to assign group membership. The operator chooses the hyperparameter k,
which is the number of neighbors (k) to be used in the algorithm. TFhiv &lgaiithm
calculates the Euclidean distance from the unknown input case tandedst neighbors
and counts how many of those neighbors are in each category or group. The algorithm
then assigns the unknown input case to the group that had the most nundighlodrs
in the previous stefledolter 2013)k-Nearest Neighbor classification was performed
using theKNeighborsClassifiefunction from theneighborssubpackage of th&cikit
learnlibrary in Python(Pedregosa et al. 201Thek hyperparameter was tuned by

testing multiple values, including= 3, 5, 10, and 20, to produce the optimal model.

Support Vector Machine

The Support Vector Machine (SVM) method is a type of machine learning
classification technique that is intended for linearly separable data. The SVM algorithm
creates a hyperplane bet@n data points from different known categories to optimize
group separation. The maximum margin hyperplane (i.e., decision boundary) is located

equidistant between data points from each known category; these points are referred to as
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support vectors. ThBVM learns how to classify inputs into the known groups by
evaluating typical and atypical examples of each group. The support vectors represent
atypical examples of their respective groups and are graphically located furthest from
their respective groupeatroids and closest to the opposing support vector. The Support
Vector Machine model was built and executed usingsW€function from thesvm
subpackage of th8cikitlearnlibrary in Python(Pedregosa et al. 2011)ike with the
Logistic Regression modef, values = 0.001, 0.01, 0.1, 1, 10, 100, and 1000 were tested.
Thekernelhyperparameter was tuned using lihear andrbf options. Thdinear option
utilized the norkernelized SVM and is best for linearly separable data. By contract, the
rbf option refers to the Nonlinear or Kernel Support Vector Machine (nonlinear SVM or
kernel SVM), which is a nefinear transformation of a typical SVM. Whéhre data are

not linearly separable, the kernel method transforms or maps the data into a higher
dimensional (rdimensional) feature space where the data are linearly separable
(Xanthopoulos et al. 2013RBF is the acronym for radial basis function, which is a type
of kernelizdion and is good for data that use Euclidean distéficeng and Csari

2018) Applying the RBF or Gaussian kernel method to the SVM allows the algorithm to
project the data into an infinkgimensional space, making this technique a powerful

machine learning methdé&enner 2020)

Naive Bayes/Simple Bayesian Classifier

A Naive Bayes (NB) model is a simple Bayesian classifier that operates on the

assumption of conditial independence, meaning that variables eahalysis are not
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dependent on or correlated with each other. The Naive Bayes algorithm uses the

following equation Equation6) to predict the outcomeariable:

Equation 6. Naive Bayes equation.
P(X|G) - P(G)

P(X)

P(G|X) =

In this equationP(G|X)is the posterior probability of group members{®) given the
predictor(X), P(X|G)represents the likelihood or probability of predidsy given group
membershigG), P(G)is the probability of group membersHi@), andP(X)is the
priority probability of the predictofX) (Géron 2019) The Naive Bayes model was built
and executed using tli@aussianNBunction from thenaive_bayesubpackage of the

Scikitlearnlibrary in Python(Pedregosa et al. 2011)

Decision Trees

Classification Decision Trees are designed to predict the probability of a class outcome.
Decision Tree models perform a series of decisions (i.e., nodes) by testing the input
attributes until arriving at a terminal node (i.e., leaf). The model ultimatgitains
multiple terminal nodes, each of which is a class outcome. The classification Decision
Trees model was built and executed usingdbeisionTreeClassifiefunction from the
treesubpackage of th&cikitlearnlibrary in Python(Pedregosa et al. 2018nd the
criterion hyperparameter was setdntropy which measures the priority of independent

variables to use at the decision node to optimize irdtion gain.
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Random Forest Modeling

Random Forest Modeling (RFM) is a nonparameitictechnique that uses a training
set of the data to create predictor variables to render a classification (i.e., group
membership) using a series of classification t(ekegner et al. 2014)Random Forest
Modeling is a type of ensemble learning method, meaning multiple predictors are
combined to predict the outcome variafBron 2019)In the case of RFM, multiple
decision trees are aggregated to create the final prediction. Building a Randotn Fores
model follows these steps: 1) pick at randodata points from the training set; 2) build
the decision tree associated with thkegata points; 3) choose the number of trees you
want to build, and repeat steps 1 and 2 to create a forest of treasa4)efo data point,
each tree in the forest predicts the category to which the new data point belongs, where
the category with the majority vote wifisedolter 2013)It is important to note that each
decision tree built in the forest is created independent from the others.

The Random Forest model was built usingRamdomForestClassifidunction from
theensemblesubpackage of th&cikitlearnlibrary in Python(Pedregosa et al. 2011)
Then_estimatorandmax_deptthyperparameters were tuned. Theestimators
hyperparameter determines the number of estimators (or decision trees) will be built,
meaning this hyperparameter controls the width of the model; in this project, 5, 50, 100,
250, and 500 decision trees were tested.riie_depthyperparameter controlow
deep each individual decision tree can go, meaning the maximum depth controls the

depth of the modeMax_depthvalues of 2, 4, 8, 16, 32, and None were tested.
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Multilayer Perceptron

Multilayer Perceptron (MLP) is a type of Artificial Neural NetwoANN). Artificial
Neural Networks are used to choose the best prediction model from multiple models
created from predictor variabl@defner andOusley 2014)An MLP is a connected series
of nodeqGéron 2019)where each node layer represents a model or function. The
MLP6s series of nodes includes an input no
layer. The input layer contains the input variables that will be used tipiieel
outcome. Each node in the hidden layer represents a function or model, where each node
receives each input variable. Finally, the output layer contains the possible outcome
variables or output nodes. Information from each hidden layer node or maded to
predict the possibility of each output node.

TheMLP model was built using thglLPClassifierfunction from theneural_network
subpackage of th8cikitlearnlibrary in Python(Pedregosa et al. 201Theactivation
hidden_layer_sizdearning_ratehyperparameters were tuned. Euotivation
hyperparameter decides what type of nonlinearity is introduced to the hidden layer nodes
(i.e., the model) ptransforming the inputs. Thaetivationhyperparameter was tuned
using therelu, sigmoid andtanH functions. The Rectified Linear Unit (ReLU #lu)
activation function sets input values to 0 that are less than or equal to 0, but it does not
affect otler input valuegGéron 2019)thesigmoidfunction is an Shaped curve ranging
from O to 1, and th&anH function is a hyperbolic tangent curve that is alssh&ped but
ranges froml to 1(Géron 2019)Thehidden_layer_sizhyperparameter controls the
complexity of the model as it determines the number of hidden lay#rs model,

including the number of nodes in each laf@éron 2019)Thehidden_layer_size
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hyperparameter was tested using 3, 5, 10, 50, and 100 nodes within each hidden layer.
Finally, thelearning_ratehyperparameter determines the amount of time it takes to train
the algorithm to findte optimal solution (i.e., the model converges). The learning rate is
important because it affects whether the algorithm will find the optimal solution, how
well the algorithm retains the old data it learned, how it reacts to outliers, and how
quickly themodel learns, which if the learning rate is too long, can be computationally
expensivgGéron 2019) Thelearning_ratehyperparameter was tuned using the
constantinvscaling andadaptiveoptions. Theconstantoption maintains the same,
constant learning rate, while tivesscalingor inverse scaling option gradually decreases
the learning rate at each step as long as the training continues to decrease as well,
meaning that the training time continues to slowhasalgorithm converges on the

optimal model. Finally, thadaptiveoption maintains a constant learning rate while the
training loss continues to decrease; if the learning rate stops decreasing, it adapts by

decreasing the learning rate to adjust forldiss.

Classification Model Accuracy

Models were evaluated using accuracy rates, precision, recall, F1 scoregoland
crossval i dati on. Precision is a measure of
to its number of total (true and false)sgiove predictiongGéron 2019)Recall (i.e., true
positive rate or TPR) measures the number of true positives compared to the number of
true positives and false negativ@seron 2019)F1 scores represent the harmonic mean
of precision and recall (Géron 2019). Models performance in the form of accuracy,

precision, recalland F1 scores was calculated usingGhielSearchC\function from the

t
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model_selectiosubpackage of th8cikitlearnlibrary in Python(Pedregosa et al. 2011)
GridSearchC\{Grid Search Cross Validation) is useful for finding the best
hyperparameters for each model. For example, Grid Search can be used to find the
optimal number ok neighbors in a NN model or the ideal number of trees
(n_estimatorsin RFM and Gradient Boosted Trees models. In this wotflold cross
validation was used. The precision, recall, and F1 scores for each target group were also
generated for each model using thessification_reporfunction from themetrics

subpackage of th&ckit-learnlibrary in Python(Pedregosa et al. 2011)

Research Aims and Questions

This project seeks to understand the microevolution of Asian skeletdeatal metric
and nonmetric traits through an analysis of modern Japanese and Asian American
samples. As investigating the evolution of these traits is imperative to understanding
modern human variation before utilizing this variation in forensic casewberefore,
thegoalsof this project are twofold: 1) to achieve a comprehensive overview of cranial
and dental trait variation and evolution in Japanese and Asian American groups, and 2) to
guantify this variation to improve sex and population affiegyimates for unknown
Asian decedents within a medicolegal context and thus aid in positive identification. The

AimsandResearch Questions (Qfe) this project are shown ihable 13Error!

Reference source not foundand discussed in detail below.
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Table 13. Summary of research aims and questions.

Q1

Q2

Q3

Q4

Q5

Q6

Aim #1: Test accuracy of existing methods and reference samples
All four data typesDo currentancestryestimationmethods accurately classify Japanese ai
Asian American individuals?
Craniometrics and odontometrid3o current sex estimation methods accurately classify
Japanese and Asian American individuals?
Aim #2: Microevolution

Which microevolutionary processes have most influenced Japanese and Asian Americ:
cranial anddental traits?

Aim #3: Trait variation

Can Japanese and Asian American individuals be differentiated from global reference <
and from each other?

Aim #4: Machine learning models

Can machine learning statistical methods that incteflrence samples from Asia be used
accurately classify the Japanese and Asian American individuals in the study samples?
Would analyzing the combined cranial and dental metric and honmetric data using mac

learning statistical methods yield maecurate population affinity and sex (assigned at bil
estimations?

Aim #1: Test the accuracy of existiagcestryand sex estimation methods and available

reference samples.

The varied population histories of Japanese individuals and the Asian Americans in
Hawai 0i have | ikely resulted in unique
estimateancestryand sex will be inaccurate when applied to the reference samples i

currently available forensic anthropological methods. Cranial and dental metric and

nonmetric data will be used to evaluatecestryand sex estimation methods and

available global reference samples that are commonly used by forensic anthropologists in

medicolegal casework. The correct classification and misclassification rates of the study

samples will be calculated and analyzed.

t

r
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Research Question 1 (Q1): Do curramcestryestimation methods accurately classify

Japanese and Asian American individuals?

Four datasets, including cranial nonmetrics and macromorphoscopics, dental
morphology, craniometrics, and odontometrics, will be used to answer this question.
While the metric datasets are expected to perform better than the nonmetric datasets, all
of thedata types are predicted to produce relatively low correct classification rates using
current methods. This analysis should bring new insights into the levels of regional
diversity within Japan and the level of diversity resulting from migration to thieotJS
the Asian American sample. Further, this research question will provide concrete
arguments for the need for populatgpecific databases and methods to increase the

accuracy of biological profile estimations for Asian individuals.

Research Question(®2): Do current sex estimation methods accurately classify

Japanese and Asian American individuals?

This research question will test the ability of current methodgtectthe sexual
dimorphism in the datasets collected for this proj@oth metric datasets are expected to
correctly classify males more often than femdlesause Asian populations tend to
exhibit reduced sexual dimorphignK k can et al . 1998; King et
This research question should also produce support for the need for more population
specific reference samples. For the odontometric data, the additiowvichter
measurements expected to increase the accuracy of the classifications as these
measurements have been shown to be successfully in estimati#glaax and Pibud

2019)



71

Aim #2: Evaluate the impact of evolutionary processes on East Asian skeletal traits

through an examination of multiple datasets.

By using skeletal and dental samples from the same individuals (i.e., paired datasets), it
will be possible todst the level of congruence in the biological distance (i.e.,
biodistance) results between the four data types and elucidate which evolutionary forces
have most influenced each of them. While smeutral forces (i.e., selection due to
climate or diet) maynfluence these data typédefner and Pilloud 2015; von Cramon
Taubadel 2016)he process of answering this research question will focus on testing for
evidence of neutral evolution using all data (cranial and dental metric and nonmetric
data) collected from the same individuals within each sample.

A greaterappreciation for skeletal diversity in Asia will be achieved through a rich
integration of biological data with the known population histories of the study samples.
Although DNA can arguably be used to observe the influence of microevolutionary
forces on ppulations, research using DNA is expensive, time consuming, and
destructive. Additionally, DNA may not be able to provide equivalent information to that
produced by skeletal and dental data. For example, genetic studies often utilize only a
few loci or taits, which can result in misleading information about population
relationships because genetic drift can affect loci differdMiglke et al. 2011)By
contrast, the large number of skeletal and dental traits included in this research can more
accurately capture the degree of variation within and betpepunlations affected by
microevolutionary forces.

This research aim will present a unique approach to analyzing variation, which will

explore phenotype interactions via skeletal and dental data to gain insight into the
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microevolutionary forces that shapiese populations. The two study samples (Japanese
and Asian Americans) are expected to display differing patterns of affinity based on the
different datasets, as each type of data is subject to differing evolutionary forces. Further,
the unique populatiohistories of each study sample will be reflected in the biological
distance analyses depending on the dataset. An examination of the datasets together and
separately to explore population relationships will elucidate population history and
microevolutionay forces. This aim will utilize both metric and nonmetric analyses to 1)
observe the similarities and differences in the results produced by each data type, and 2)

present a holistic approach to this biodistance analysis.

Research Question #3 (Q3): Whieticroevolutionary processes have most influenced

Japanese and Asian American cranial and dental traits?

Answering this research question will provide significant arguments for the need for
multi-data type databases to investigate questegearding evolutionary processes in
regions of Asia. Statistical analyses will reveal gene flow as continuities between
geographically close samples; further, greater biological affinities will result in smaller
calculated distances (lowearvalues fromthe RMET Rmatrix analysis) between
samples. By contrast, genetic drift will be displayed as discontinuities in clusters.

The cranial nonmetric data are expected to more accurately reflect the population
histories of the two study populations compareth&ocranial macromorphoscopic data;
the former has been known to be better for biodistance analyses, while the latter is more
successful for estimatirgncestryHefner 2016; Pink 2016; Pink et al. 2016nvo

CramonTaubadel 2016)When analyzing the dental morphology data, the Japanese
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study sample is expected to exhibit a greater degree of genetic drift (hightras)

than the Asian American sample. The craniometric data are expettednost

influenced by gene flow. Greater biological affinities will result in smaller distances

(lower ri values) between samples. Finally, the odontometric data are expected to be most
influenced by genetic drift. Of the two study populations, the dggasample should

exhibit a greater degree of genetic drift (higheralues) than the Asian American

sample.

Aim #3: Identify skeletal and dental variation among modern Asian populations that can

be used in a medicolegal context.

This research aim seeks to identify the degree of variation within and among Japanese
and Asian American skeletal samples. While some work has explored human variation in
Asian populations looking specifically at cranial met{Bsace et al. 1990; Brace et al.

1989; Brace eal. 2001; Hanihara 1992; Hanihara 1938jJontometric¢Brace et al.

1990; Brace et al. 1989; Braetal. 2001; Hanihara 1992)ental morphologyTurner

1989; Turner 1987)xand cranial and postrranial morphologyGo et al. 2019b; Tallman
2017; Tallman 20160 research has included all four data types in-iatet intra

regional comparisons. For example, abundant research has focused on the dental
morphological variation in Asia thagd to the development of the Sinodonty/Sundadonty
model(Turner 1989) This model identifies two major dental patterns in Asia. East Asian
dentition is characterized by Sinodonty, which is considered a specialized dentition with
derived traits. By contrast, Southeast Asians are classifisdrazadont, meaning they

exhibit a more generalized dentiti@cott et al. 2018b)Craniometric analysis by
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Pietrusewsky (1992tupports this model but further separates North and East Asians
and North/East and Southeast Asidristrusewsky (1992kgrgues that the craniometric
distinctions observed between North and East Asians likely resulted frorelonm

situ evolution (i.e, genetic drift) in each of these regions. While the
Sinodonty/Sundadonty pattern broadly separates Asia into two groups, the craniometric
results further identify significant variation among these populations that has not been
fully explored using multid datasets simultaneously. This project will build on this

work by exploring cranial and dental variation in Japanese and Asian American groups.

Research Question #4 (Q4): Can Japanese and Asian American individuals be

differentiated from global refereneamples and from each other?

The varied population histories of the Japanese and Asian American study samples
have likely resulted in unique cranial and dental metric and nonmetric traits that can be
used to distinguish between the study samples and cativeareference samples. To
answer this question, the importance of individual traits in separating population groups
will be assessefbr each datasefor the cranial nonmetric and macromorphoscopic data,
Interorbital Breadth and Nasal Aperture Width avay behelpfulin distinguishing
between the samples Hgfner (2016¥ound these traits to be useful in distinguishing
between samples of American Blacksnerican Whites, and Hispanidy observing
these traitsd degrees of expression, it ma
samples and the neksian reference samples and potentially further identify regional
diversity between the two study populatioRer the dental morphology data, multiple

traits are expected to be useful in distinguishing the study samples from tAsiaon
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comparative samples, includimgisor Shoveling, whiclscott et al. (2018kpund to be
an identifying trait of Asian groupandhas been linked to selection pressikizoguchi

2013)

Aim #4: Generate statistical models that will aid in the accurate estimation of sex

(assigned at birth) and population affinity of unknown Asian decedents.

Best practices in forensic anthropology suggest including metric and nonmetric data
types in robust statistical analyses to produce accurate population affinity estimations
(Academy Standards Board 2022; SWGANTH 20RBd population differences should
be considered in sex estimatiddg€ademy Standards Board 2019; SWGANTH 2010)
Populationspecific datawill likely become more important in fensic casework as
migration (specifically from Asian countries) into the United States continues to increase.
This research aim seeks to provide a reference database from the study samples along
with comprehensive population affinity and sex estimatiodet®using the study

samples. These tools are meant to assist in forensic identification efforts.

Research Question #5 (Q5): Can machine learning statistical methods that include
reference samples from Asia be used to accurately classify the Japanestaand A

American individuals in the study samples?

As discussed previouslymany ML techniquebaveremairedunexploredn
anthropology This project explorea multitude of ML techniques to assess which
methods are optimal for human biological data. ML meéshihat evaluate intragroup and
intergroup variation, such as Linear Discriminant Function and Support Vector Machine,

are predicted to be most appropriate for answering this research question.
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Research Question #6 (Q6): Would analyzing the combined teamiadental metric
and nonmetric data using machine learning statistical methods yield more accurate

population affinity and sex (assigned at birth) estimations?

It is possible that combining the datasets (cranial nonmetrics and macromorphoscopics,
dentalmorphology, craniometrics, and odontometrics) will produce the best population
affinity and sex estimation models. However, the craniometric and odontometric data are
predicted to be the most informative in attaining models with high classificatiorasates

these datasets capture both population and sex variation.
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Result s

Intracbserver error
The cranial nonmetric and macromorphoscopic and dental morphology results of the

Cohenbés weighted and unwei ght ehlbwrkiigblea t es't

1l4andTablel5, respectivelyVar i abl es with | ow intraobseryv

kappa scores less than 0.6) were removed from further anéllysels and Koch 1977)

Tablel4.Cr ani al nonmetric and macromor phosco
intraobserver error.
Trait . n Cohen  Level of
Code Trait Name pairs Score Agreement Cohen Type
SAGB Sagittal ossicle 7 0 None Welghteq,
Quadratic
MFLoL  Mastoid foramen location L 7 0.160 None Unweighted
LBSO Lamb suture ossicle 7 0.364  Minimal Unweighted
MIEL Multlp_le infraorbital 7 0.462 Weak Welghteq,
foramina L Quadratic
SPS Supranasal suture 7 0.500 Weak Unweighted
ompr  Occipitomastoid suture 7 0588  Weak Unweighted
ossicle R
PBD Postbregmatic depression 7 0.588 Weak Unweighted
. . Weighted,
CIVL Pterygespinous bridge L 7 0.588 Weak Quadratic
. Weighted,
PTBR Pterygealar bridge R 7 0.588 Weak Quadratic
MFLoR  Mastoid foramen location R 7 0.611 Moderate Unweighted
SONL  Supraorbital notch L 7 0.650 Moderate Welghted,
Quadratic
P7TR Posterior zygomatic tubercle 7 0.677 Moderate Welghtet_j,
R Quadratic
OBS Orbital shape 7 0.696 Moderate Unweighted
LBLaR Lamb ossicle lateral R 7 0.696 Moderate Unweighted
CRBR  Coronal ossicle R 7 0.696 Moderate Unweighted
PFL Parietal foramen L 7 0.696 Moderate Unweighted
MVP Male vermiculate pattern 7 0.720 Moderate Unweighted
NBS Nasal bone shape 7 0.741  Moderate Unweighted
NFS Nasofrontal suture 7 0.741 Moderate Unweighted
NAS Nasal aperture shape 7 0.767 Moderate Unweighted
NAW Nasal aperture width 7 0.774  Moderate Welgiee:

Quadratic



HYPR

TPS
NBC

MTR

APFL

HYPL

SONR

MTL

APFR

INA

MIFR

PZTL

PNBR

LBLaL

LBML

LBMR

APIC

PHAR

PS

MANT

PFR

INCA

BREG

PNBL

OMBL

CRBL

EPBR

EPBL

Divided hypoglossal canal R

Transverse palatine suture

Nasal bone contour

Malar tubercle R

Accessory lesser palatine

foramen L

Divided hypoglossal canal L

Supraorbital notch R

Malar tubercle L

Accessory lessgralatine
foramen R

Inferior nasal aperture

Multiple infraorbital
foramina R

Posterior zygomatic tubercle

L

Parietal notch ossicle R
Lamb ossicle lateral L
Lamb ossicle medial L
Lamb ossicle medial R
Apical bone
Pharyngeal fossa
Palate shape
Mandibular torus
Parietal foramen R
Inca

Bregma ossicle

Parietal notch ossicle L

Occipito-mastoid suture
ossicle L

Coronal ossicle L
Epipteric ossicle R

Epipteric ossicle L

0.774

0.781
0.781

0.794

0.800

0.811

0.811

0.811

0.844

0.887

0.904

0.909

Moderate

Moderate
Moderate

Moderate
Strong
Strong
Strong
Strong
Strong

Strong

Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect

Weighted,
Quadratic
Unweighted
Unweighted
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic

Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted

Unweighted
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FTAR

ASTL

FTAL

PALT

ASTR

SSSF

NOR

SOFR

SOFL

IFSR

IFSL

ZFFR

ZFFL

CIVR

PTBL

TYMR

TYML

AUDR

AUDL

ANS

I0B

ZSR

ZSL

MFR

FSIL

FSIR

FOIL

Frontotemporal articulation
R

Asterionic ossicle L

Frontotemporal articulation
L

Palatine torus

Asterionic ossicle R

Flexure ofsuperior sagittal
sulcus

Nasal overgrowth R
Supraorbital foramen R
Supraorbital foramen L
Infraorbital suture R

Infraorbital suture L

Zygomaticefacial foramina
R
Zygomaticefacial foramina
L

Pterygespinous bridge R
Pterygealar bridge L
Tympanic dehiscence R
Tympanicdehiscence L
Auditory exostosis R
Auditory exostosis L
Anterior nasal spine

Interorbital breadth

Zygomaticomaxillary suture
R
Zygomaticomaxillary suture
L

Mastoid foramen number R

Foramen spinosum
incomplete L
Foramen spinosum
incomplete R

Foramen ovale incomplete L

Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
Almost
Perfect
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Unweighted
Unweighted
Unweighted
Unweighted
Unweighted
Unweighted

Unweighted

Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic
Weighted,
Quadratic

Unweighted
Unweighted

Unweighted
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FOIR Foramen ovaléncomplete R 7 1 Unweighted
Perfect
CCOL  Condylar canal L 7 1 Almost Unweighted
Perfect
CCOR Condylar canal R 7 1 Al Unweighted
Perfect
NOL Nasal overgrowth L 7 1 Almost Unweighted
Perfect
. Almost Weighted,
HIETE IRl v 1 Perfect Quadratic
Almost Weighted,
MENR  Accessory mental foramenF 7 1 Perfect Quadratic
R Almost Weighted,
MHBL Mylohyoid bridge L 7 1 Perfect Quadratic
. . Almost Weighted,
MHBR Mylohyoid bridge R 7 1 Perfect Quadratic
. Almost Weighted,
FFL Frontal foramina L 7 1 Perfect Quadratic
. Almost Weighted,
FFR Frontal foramina R 7 1 Perfect Quadratic
MFL Mastoid foramen number L 7 1 Almost Welghteq,
Perfect Quadratic
Almost Weighted,
MENL  Accessory mental foramenl 7 1 Perfect Quadratic
: Almost 3
TWIG Twigs 7 1 Perfect Unweighted
Tablel5.Dent al mor phol ogy Cohenb6s kappa
: n Cohen Level of
Trait Name pairs  Score Agreement Cohen Type
P_U LM1 _CARAB 4 0 None Weighted, Quadratic
P_U_RI2_ TUBDENT 4 0.429 Weak Unweighted
P_U LM2_ENEX 4 0.500 Weak Weighted, Quadratic
P_U_RI2_IGROOVE 4 0.556 Weak Unweighted
P_U LI2 SHOV 4 0.667 Moderate Weighted, Quadratic
P _U RC_SHOV 4 0.750 Moderate Weighted, Quadratic
P_U RI2_SHOV2 4 0.750 Moderate Weighted, Quadratic
P L RM3_CUSPNO 4 0.750 Moderate Weighted, Quadratic
P U LI1 SHOV2 4 0.750 Moderate Weighted, Quadratic
P U LM1 METCON 4 0.800 Strong Weighted, Quadratic
P_L LI2_DENCRO 4 0.800 Strong Weighted, Quadratic
P_L RP4 DENCRO 4 0.833 Strong Weighted, Quadratic
P_U RI1_ LABCON 4 0.833 Strong Weighted, Quadratic
P U LI1 LABCON 4 0.833 Strong Weighted, Quadratic
P U LM2 HYPCON 4 0.857 Strong Weighted, Quadratic
P_U RM2_HYPCON 4 0.857 Strong Weighted,Quadratic
P L RM1 ENEX 4 0.900 Strong Weighted, Quadratic
P L RC DAR 4 0.923  Almost Perfect Weighted, Quadratic
P L RI1_ ROOTNUM 4 1 Almost Perfect Weighted, Quadratic
P_L LM3 _CUSP7 4 1 Almost Perfect Weighted, Quadratic

r

es
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Results of the technical error or measurement (TEM) calculations for the craniometric
and odontometric data are providedimble16 andTablel17, respectivelyFollowing
Weinberg et al. (2005yariables with relatie TEM values greater than 5% were

removed from further analyses.
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Table 16. Craniometric TEM results for intraobserver error.

-Cr:rci;te Trait Name n pairs TEM Re(léj: .'IYEel\;lr)EM
SIA Simotic angle 4 35 32.558
AUB Biauricular breadth 4 21.375 16.332
Bregmasubtense fraction (Pariet:
PAF fraction) 4 6.375 15.134
BAR Basion radius 4 1.5 10.526
Nasionsubtense fraction (Frontal
FRF fraction) 4 3.375 8.517
Lambdasubtense fraction
OCF (Occipitalfraction) 4 2.25 5.294
OSR Opisthion radius 4 1.25 3.030
MDH Mastoid height 4 0.875 2.564
NAR Nasion radius 4 2.25 2.419
GLS Glabella projection 4 0.125 2.326
Bregmalambda subtense (Pariet:
PAS subtense) 4 0.375 2.098
NAS Nasiofrontal subtense 4 0.25 1.563
MAL External alveolar length 4 0.625 1.475
SIS Simotic subtense 4 0.0275 1.209
Lambdaopisthion subtense
OoCs (Occipital subtense) 4 0.25 1.163
XML Malar length, maximum 4 0.625 1.149
OCA Occipital angle 4 1 1.108
ZMR Zygomillare radius 4 0.75 1.079
DKS Dacryon subtense 4 0.125 1.053
PAA Parietal angle 4 1 1.000
MLS Malar subtense 4 0.125 0.952
FOB Foramen magnum breadth 4 0.25 0.787
DKR Dacryon radius 4 0.625 0.756
IML Malar length,inferior 4 0.25 0.741
NFA Nasionfrontal angle 4 1 0.690
FRA Frontal angle 4 0.625 0.657
NLB Nasal breadth 4 0.125 0.621
BAA Basion angle (NasioRrosthion) 4 0.25 0.621
Nasiorbregma subtense (Frontal
FRS subtense) 4 0.125 0.585
NAA Nasion angle (Basieprosthion) 4 0.375 0.574
WMH Cheek height, minimum 4 0.125 0.541
EKR Ectoconchion radius 4 0.375 0.518
FMR Frontomalare radius 4 0.375 0.483
PRR Prosthion radius 4 0.375 0.383
NPH Nasionprosthion height 4 0.25 0.370
MAB Palate breadth, external 4 0.125 0.356
Upper facial height (Alveolar
UFHT  pointnasion height) 4 0.25 0.352
FOL Foramen magnum length 4 0.125 0.346
DKA Dacryal angle 4 0.5 0.337
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Table 17. Odontometric TEM results for intraobserver error.

TraitCode %o TEM Re(tj(f?’gl\})EM
LP4_crn_height 7 0.69621 12.044
LP4_crx_bl 7 0.3355 8.026
UM2_crx_md 7 0.39424 5.482
LM1_crn_height 7 0.05655 1.728
LM2_crx_bl 7 0.11536 1.479
UM3_crn_height 7 0.02377 1.437
LI2_crn_height 7 0.06835 1.304
Ul2_crn_height 7 0.0911 1.095
UM1_crn_height 7 0.03658 0.954
Ul2_crn_md 7 0.04868 0.889
LP3_crx_md 7 0.04016 0.801
UM1_crx_bl 7 0.04566 0.782
LC_crn_height 7 0.04137 0.709
UM2_crn_height 7 0.03988 0.655
LI1_crn_height 7 0.0337 0.654
LM3_crn_bl 7 0.00978 0.644
LM1_crx_bl 7 0.05326 0.585
UMS3_crx_bl 7 0.00731 0.545
Ul2_crx_bl 7 0.02496 0.483
LI1_crx_bl 7 0.01785 0.458
LM3_crx_bl 7 0.00601 0.442
LM2_crn_height 7 0.02221 0.427
UM2_crx_bl 7 0.03616 0.408
UP4_crx_bl 7 0.0196 0.403
LI2_crx_md 7 0.01194 0.351
LM2_crn_bl 7 0.02479 0.334
UP3_crn_md 7 0.01667 0.327
UC_crx_bl 7 0.01813 0.317
UC crx_md 7 0.01407 0.282
LM3_crn_height 7 0.00286 0.278
LP4 crn_bl 7 0.0226 0.274
Ul1l_crx_bl 7 0.01396 0.247
LC crx_md 7 0.01106 0.244
LI2_crx_bl 7 0.01149 0.228
Ul1_crn_height 7 0.01992 0.213
UM3_crn_bl 7 0.00641 0.212
UM1_crx_md 7 0.00936 0.210
Ul1l_crx_md 7 0.01162 0.207
UC crn_bl 7 0.01454 0.207
LM1 crn_md 7 0.00984 0.204
UP3_crn_height 7 0.00964 0.197
LP4 crx_md 7 0.00848 0.196
UM2_crn_bl 7 0.01565 0.194
LP3 crn_bl 7 0.01489 0.192
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Aim #1: Test the accuracy of existin@ncestryand sex estimation methods and

available reference samples.

Research Question 1 (Q1): Do currantestryestimation methods accurately classify

Japanese and Asian American individuals?

Cranial nonmetrics anthacromorphoscopics

The cranial macromorphoscopic data from the study samples were input into the
hefneR( d 6 Ol i vei ra Co el &pplicadon.defndRusesg simp20 1 8 a)
Bayesian classifier algorithm based on theytafion frequencies ifHefner 2009)o
classify individuals into one of four populations: African, American Indian, Asian, or
European. The classification rates of the study data are shovabli@l8 below. Out of

97 individuals, only 16% were correctly classified as Asian.

Table 18. Cranial macromorphoscopancestryestimations using hefneR.
Percentage Percentage

Collection Population

Correct Incorrect
Mann-Labrash Asian American 65 18% 82%
Jikei University Japanese 32 19% 81%
Pooled Asian American & 97 19% 81%
Japanese

Dental morphology

The dental morphological data from the study samples were input into the rASUDAS
application. Like hefneR, rASUDAS applies a simple Bayesian (i.e., Naive Bayes)
classifier algorithm to classify individuals into one of seven groupsi@ele4 in the

Materials chapt@r The classification rates of the study data are showalite 19 below.
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Only 28 individuals were analyzed using rASUDASd 6 Ol i vei ra Coel ho
2018b)as the application requires each individual to have scores for at least 12 of the 21
traits to produce a classificati¢8cott et al. 2018a)Df these 28 individuals, 6n36%

overall were classified correctly.

Table 19. Dental morphologyncestryestimations using rASUDAS.
Percentage Percentage

Collection Population n Correct Incorrect
MannLabrash Asian American 4 100% 0%
Jikei University Japanese 24 25% 75%
Pooled Asian American & 28 36% 64%
Japanese

Craniometrics

The craniometric data from the study samples were input into the forensic discriminant
function software Fordisc 3(Jantz and Ousley 200583 ecall that individuals in the
Mann-Labrash Osteological Collection can identify as more than one population.
Therefore, estimates made by Fordisc that classfieiddividual with multiple seilf
identities into any of the seiflentified population affinities were considered correct. For
example, if an individual selflentified as Caucasian and Japanese and Fordisc classified
this person as either White or Japaméhbis classification was scored as correct.

The Fordisc correct classifications are summarizekhirie20 andTable21 below.

When using the modern FDB reference databaabl€20), only 33%of the Asian
American individuals and 50% of the Japanese individuals were correctly classified into
their appropriate selflentified populations. When using the modern FDB samples and

the Howells sampled éble21), accuracy rates increased to 42% for the Asian American

an



92

sample and 76% for the Japanese sample, indicating that the Howells reference database
may exhibit more biological similarities to tstudy samples than the FDB database

alone.

Table 20. Craniometricancestryestimations by collection using the FDB reference
database in Fordisc 3.1.

Collection Population n Percentage Percentage
Correct Incorrect
Mann-Labrash Asian American 48 33% 67%
Jikei University Japanese 34 50% 50%
Pooled Asian American & 82 40% 60%
Japanese

Table 21. Craniometricancestryestimations by collection using Howells and some FDB
references in Fordisc 3.1.
Percentage Percentage

Collection Population n

Correct Incorrect
MannLabrash Asian American 48 42% 58%
Jikei University Japanese 34 76% 24%
Pooled Asian American & 82 56% 44%
Japanese

Table22 andTable23 display the correct classifications for the study samples with the
specifc selfidentified population affinities of the Asian American sample to explore the
variety of identities within this sample. Individuals with two or more-gkdhtities
generally classified correctly as there was a higher probability of them be gorrectl
classified with more than one sdétdentifiedancestry Individuals who seldentified as

Korean, Burmese, or Viethamese were misclassified 100% of the time.



Table 22. Craniometricancestryestimations by specifiancestryusing the FDB
reference database in Fordisc 3.1.

Collection Population n Percentage  Percentage
Correct Incorrect
Mann-Labrash Chinese 1 0% 100%
Mann-Labrash Japanese 34 26% 74%
SIkeis Japanese 34  50% 50%
University
Mann-Labrash Korean 2 0% 100%
Mann-Labrash Burmese 1 0% 100%
MannLabrash Vietnamese 1 0% 100%
Mann-Labrash LEMEMESE £ 1 100% 0%
French
MannLabrash Hawailan, Ch_lnese. 0% 100%
and Spanish
Hawaiian,
MannLabrash Caucasian, Filipino, 1 100% 0%
and Japanese
MannlLabrash ~ Japaneseand 100% 0%
English
Mann-Labrash Gl e 100% 0%
Japanese
Caucasian,
Mann-Labrash Japanese, and 2 100% 0%
Hawaiian
MannLabrash Japanesc_a and 100% 0%
Caucasian
Hawaiian,
Mann-Labrash Japanese,and 1 0% 100%
Korean

Table 23.
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Craniometria@ancestryestimations by specifiancestryusing Howells and
some FDB references in Fordisc 3.1.
Collection Population n Pgrcentage percentage
orrect Incorrect
Mann-Labrash Chinese 1 0% 100%
Mann-Labrash Japanese 34 38% 62%
‘.]'ke' . Japanese 34 76% 24%
University
Mann-Labrash Korean 2 0% 100%
Mann-Labrash Burmese 1 0% 100%
Mann-Labrash Vietnamese 1 0% 100%
Mann-Labrash Japanese and Frenc 1 100% 0%
Mann-Labrash Hawaiian, Chmese, 1 0% 100%
andSpanish
Hawaiian,
MannLabrash Caucasian, Filipino, 1 100% 0%

and Japanese
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Mann-Labrash Japanese and Englis 1 100% 0%

Mann-Labrash Colnzee et 1 100% 0%
Japanese

MannLabrash C2ucasian, Japanes ., 100% 0%
and Hawaiian

Mannlabrash  Japaneseand 100% 0%
Caucasian

MannLabrash Hawaiian, Japanese ; 0% 100%
and Korean

Because the Japanese (Jikei University) sample was the single largest group, the
misclassifications were tallied and are showiable24 andTable25. Individuals in
this Japanese sample were most often misclassified as Guatemalan followed by Chinese
and then WhiteTable24) when using the modern FDB reference database, and they
were most often misclassified as White followed by Guatemalabl€é25) when using

the Howells database and some FDB samples.

Table 24. Craniometricancestrymisclassifications of Japanese individuals using the
FDB reference database in Fordisc 3.1.

Population Number  Percentage

26%
17%
17%
11%
11%
9%

Guatemalan
Chinese

White

American Indian
Hispanic
Vietnamese

w b~ b O O O

Table 25. Craniometricancestrymisclassifications of Japanese individuals using Howells
and some FDB references in Fordisc 3.1.

Population Number Percentage
White 9 31%
Guatemalan 6 21%
Guam 3 10%
Philippines 3 10%
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10%
7%
3%
3%
3%

Burmese

Ainu

Peru

Black

Atayal (Taiwan)

R R RPN W

Odontometrics

The odontometric data for the study samples were compared to a custom database in
Fordisc 3.1 based on odontometric data collected by T. Hanihara and published by
(Pilloud et al. 2014)which included maximum crown mesiodistal and buccolingual
measurements. The correct classificationsafarestryare shown irmable26. The Asian
American and Japanese study samples were correctly classified 41% and 44% of the

time, respectively.

Table 26. Odontometriancestryestimations by collection usy the Pilloud et al. (2014)
reference database in Fordisc 3.1.
Percentage Percentage

Collection Population n

Correct Incorrect
MannLabrash  Asian American 58 41% 59%
Jikei University Japanese 34 44% 56%
Pooled FEEMAMECEN 5y 58%
& Japanese

As with the craniometric Fordisc analysis, the odontometric correct classifications for
the specific selidentified populations were tallied and are showiable27. Similar to
the craniometric Fordisc results, the odontometric analysis showed higher accuracies for
individuals who seHldentified as more than one identity. Individuals who identified as

Korean, Viethamese, or Chinese were found to laaeeracy rates of 25%, 50%, and
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33%, respectively. The sallentified Japanese individuals in the Mdratbrash

collection were correctly identified using odontometric data 28% of the time.

Table 27. Odontometria@ancestryestimatons by specifi@ancestryusing the Pilloud et al.
(2014) reference database in Fordisc 3.1.

Collection Population n Percentage  Percentage
Correct Incorrect
Mann-Labrash Chinese 3 33% 67%
MannLabrash Japanese 32 28% 72%
Jikei University Japanese 34 44% 56%
MannLabrash Korean 4 25% 75%
MannLabrash Vietnamese 2 50% 50%
Mann-Labrash Micronesian 1 100% 0%
MannLabrash Filipino 1 100% 0%
Mann-Labrash Japanese and French 1 100% 0%
Mann-Labrash Japanese and English 1 100% 0%
MannLabrash Japanese and Caucasian 1 100% 0%
MannLabrash Chlnese,_Caucaslan, and 1 100% 0%
American Indian
Mann-Labrash Chinese and Hawaiian 3 0% 100%
Mann-Labrash Chinese and Japanese 1 0% 100%
MannLabrash Filipino and Caucasian 1 100% 0%
MannLabrash AREIELT, Chlnese, e 1 100% 0%
Spanish
Mann-Labrash I—!avx_/anan, Caucasian, 1 100% 0%
Filipino, and Japanese
MannLabrash Hawa||an,_F|I|p|no, and 2 50% 50%
Chinese
MannLabrash Hawaiian, Chl_nese, and 1 100% 0%
Caucasian
MannLabrash Hawaiian, Japanese, and 1 100% 0%

Korean
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Research Question 2 (Q2): Do current sex estimation methods accurately classify

Japanese and Asian American individuals?

Craniometrics

The craniometric data of the study samples were analyzedfi@ct sex classifications

using the FDB and Howells datasets. Overall, Asian American and Japanese males

classified correctly twice as often as females when using the modern FDB database for

comparisonTable28) and when the Howells dataset was includegb(e29).

Table 28. Craniometric sex estimations by collection using the FDB references in

Fordisc 3.1.
Females Males
Collection Population Percentage Percentage Percentage Percentage
Correct Incorrect Correct Incorrect
L - 20  45% 55% |28  93% 7%
Labrash American
Jikei Japanese |15  47% 53% |19  95% 506
University
Pooled Pooled 35 46% 54% 47 94% 6%

Table 29. Craniometric sex estimations by collection using Howells and some FDB

references in Fordisc 3.1.

Females Males
Collection Population Percentage Percentage Percentage Percentage
Correct Incorrect Correct Incorrect

b0 - 20  40% 60% |28  93% 7%
Labrash American

Jikei Japanese |15  80% 20% |19  95% 506
University

Pooled Pooled 35 57% 43% 47 94% 6%

Table30 andTable31 show the correct sex classifications when considering the

specific seHidentified populations of the Marirabrash individuals. Similar to the
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previous analyses, females were often misclassified, whereas males were almost always

correctly classified.

Table 30. Craniometric sex estimations by specific population using the FDB references

in Fordisc 3.1.
Females Males
Collection Population Percentage Percentage n Percentage Percentage
Correct Incorrect Correct Incorrect
Mann . o o
Labrash Chinese 1 0% 100% 0 N/A N/A
Mann Japanese |17  41% 59% |17  94% 6%
Labrash
e Japanese | 15 47% 53% | 19 95% 5%
University
Mann Korean 1 100% 0% 1 100% 0%
Labrash
LA ETI Burmese 0 N/A N/A 1 0% 100%
Labrash
Mann- Viethamese | 0 N/A N/A 1 100% 0%
Labrash
Mann Japanese and 1 100% 0% 0 N/A N/A
Labrash French
Mann Hawaiian,
Chinese,and | 0O N/A N/A 1 100% 0%
Labrash :
Spanish
Hawaiian,
Mann- Caucasian, 2 2
Labrash Filipino, and 0 N/A N/A 1 100% 0%
Japanese
Mann Japanese and o 0
Labrash English 0 N/A N/A 1 100% 0%
Mann Chinese and 0 N/A N/A 1 100% 0%
Labrash Japanese
Mann Caucasian,
Japanese, and| O N/A N/A 2 100% 0%
Labrash >
Hawaiian
AT Japanese and| N/A N/A 1 100% 0%
Labrash Caucasian
Mann Hawaiian,
Japanese, and| 0 N/A N/A 1 100% 0%
Labrash
Korean
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Table 31. Craniometric sex estimations by specific population using Howells and some
FDB references in Fordisc 3.1.

Females Males
. . Percentage Percentage Percentage Percentage
Collection Population Correct Incorrect n Correct Incorrect
e Chinese 1 0% 100% | O N/A N/A
Labrash
Mann Japanese |17  35% 65% |17  88% 12%
Labrash
y wliEl Japanese |15  80% 20% |19  95% 5%
niversity
Mann- Korean 1 100% 0% 1 100% 0%
Labrash
Mann 0 0
Labrash Burmese 0 N/A N/A 1 100% 0%
Mann Viethamese | 0 N/A N/A 1 100% 0%
Labrash
Mann Japanese and 1 100% 0% 0 N/A N/A
Labrash French
Mann Hawaiian,
Chinese,and | 0 N/A N/A 1 100% 0%
Labrash ;
Spanish
Hawaiian,
Mann- Caucasian, o o
Labrash Filipino, and 0 N/A N/A 1 100% 0%
Japanese
Mann- Japanese and o o
Labrash English 0 N/A N/A 1 100% 0%
Mann Chinese and 0 N/A N/A 1 100% 0%
Labrash Japanese
Mann Caucasian,
Japanese, and| 0 N/A N/A 2 100% 0%
Labrash >
Hawaiian
LA Japanese and| N/A N/A 1 100% 0%
Labrash Caucasian
Mann: Hawaiian,
Japanese, and| 0 N/A N/A 1 100% 0%
Labrash
Korean

Odontometrics

The odontometric data of the study samples were analyzed for correct sex
classifications using the Pilloud et al. (2014) dataset collected by T. Hanihara. Overall,
maleswere more often correctly classified than femalezb{e32). Japanese males were

correctly classified with 84% accuracy compared to Japanese fed@dés Asian
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American males and females showed more similar accuracy rates of 70% and 64%,

respectively.

Table 32. Odontometric sex estimations by collection using the Pilloud et al. (2014)
reference database in Fordisc 3.1.

Females Males
Collection  Population Percentage Percentage Percentage Percentage
Correct Incorrect Correct Incorrect

LA Asian o0 g 36% |30  70% 30%
Labrash American

Jikel Japanese | 15 40% 60% 19 84% 16%
University

Pooled Pooled 43 56% 44% 49 76% 24%

As with previously analyses, the sex classification results are presented using the

specific selidentified populations of the Marmabrash individualsTable33) to

appropriately represent the identities of these individuals and to better understand the

variation within this sample.

Table 33. Odontometric sex estimations by specific population using the Pilloud et al.
(2014) reference database in Fordisc 3.1.

Females Males

Collection Population Percentage Percentage Percentage Percentage

Correct Incorrect Correct Incorrect
ETT Chinese | 2 100% 0% 1 0% 100%
Labrash
Mann- Japanese | 16 63% 38% |16  69% 31%
Labrash
y Al Japanese | 15 40% 60% |19  84% 16%
niversity
Mann Korean | 3 67% 33% 1 100% 0%
Labrash
WEITIT Vietnamese| 1 100% 0% 1 100% 0%
Labrash
Mann — \ricronesian| 1 0% 100% | 0 N/A N/A
Labrash
MELL Filipino | 1 0% 100% | 0  NIA N/A
Labrash




Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Mann
Labrash

Japanese
and French

Japanese
and English
Japanese
and
Caucasian
Chinese,
Caucasian,
and
American
Indian
Chinese and
Hawaiian

Chinese and
Japanese
Filipino and
Caucasian
Hawaiian,
Chinese,
and Spanish
Hawaiian,
Caucasian,
Filipino,
and
Japanese
Hawaiian,
Filipino,
and Chineseg
Hawaiian,
Chinese,
and
Caucasian

Hawaiian,
Japanese,

and Korean

100%

N/A

N/A

0%

100%

N/A

N/A

N/A

N/A

100%

N/A

N/A

0%

N/A

N/A

100%

0%

N/A

N/A

N/A

N/A

0%

N/A

N/A

N/A

100%

100%

N/A

100%

0%

0%

100%

100%

0%

100%

100%

N/A

0%

0%

N/A

0%

100%

100%

0%

0%

100%

0%

0%
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Aim #2: Evaluate the impact of evolutionary processes on East Asian skeletal traits

through an examination of multiple datasets.

Research Question #33): Which microevolutionary processes have most influenced

Japanese and Asian American cranial and dental traits?

Cranial nonmetrics and macromorphoscopics

Tetrachoric Mahalanobis Distances were calculated for the cranial nonmetric and
macromorphoscopidata to assess the impact of microevolution on the study populations.
Only binary traits were able to be analyzed in the TMD analysis. The comparative
datasets in this analysis contain different traits with minimal, if any, overlap. Further, the
TMD analyss cannot handle large amounts of missing data, and imputation would be
inappropriate for this analysis. Therefore, the current study data, which consists of the
Japanese (J) and Asian American (AA) populations, were compared to each comparative
dataset (e., FDB from Jantz and Mocedansen (1988), Ossenberg from Ossenberg
(2013), and MaMD from Hefner (2018); s€able3 in the Materials chaptgseparaty
to maximize trait retention and variation.

The TMD results for the analysis including the FDB are shoviralrie34 andTable
35. The TMD Rmatrix results are shown rable34, where the study samples are
bolded. The Asian American sampienas 0.443, and the Japanese samplalue was
0.147. The two study samples exhibited the highest amounts of genetic drift in the
analysis. The FDB cranial nonmetric analy=ss$ value was 0.21@ &ble35), meaning
21.6% of variation exists among the groups, while 78.4% of variation exists within the

groups.
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Table 34. R-matrix results from the cranial nonmetric TMD analysis based on the FDB
comparative dataset and the study samples.

Population n Fii Standard Error
Asian American 65 0.443 0.022
Japanese 32 0.147 0.017
Black 60 0.307 0.019
White 143 0.105 0.007
Hispanic 29 0.076 0.013

Table 35. Fstresults from the cranial nonmetric TMD analysis based on the FDB
comparative dataset and the study samples.

Fst Standard Error
0.216 0.006

The TMD results for the analysis including the Ossenberg comparative dataset are
shown inTable36 andTable37. The TMD Rmatrix results are shown ifable36,
where the study samples are bolded. The Asian American saimyds 0.296, and the
Japanese samplevalue was 0.203. As with the analysis with the FDB comparative
dataset, the two stucbamples exhibited the highest amounts of genetic drift in the
analysis. The Ossenberg cranial nonmetric analysis Fst value indicates that 8.6% of

variation exists among the populations in the analysis.

Table 36. R-matrix resultsfom the cranial nonmetric TMD analysis based on the
Ossenberg comparative dataset and the study samples.

Population n i Standard Error

Asian American (AA) 65 0.296 0.027
Japanese (J) 32 0.203 0.031
Newfoundland (NFL) 35 0.197 0.037
Australia (AU) 50 0.153 0.022
Siena, Italy (SIE) 87 0.145 0.016
Ghana (GHA) 31 0.137 0.026
Patagonia (PT) 12 0.132 0.044

Canada (CAN) 216 0.120 0.010
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Czechoslovakia (CZ) 13 0.117 0.041
Southern Africa (S) 60 0.117 0.018
North China (CHN) 67 0.116 0.017
African American (USB) 60 0.115 0.018
Marquesas (MQ) 51 0.100 0.019
Tierra del Fuego (TF) 14 0.097 0.034
Germany (GE) 7 0.094 0.047
Chatham Island (CHAT) 20 0.093 0.029
Russia (RU) 13 0.092 0.034
Bavaria (BV) 7 0.082 0.043
Kenya (KEN) 21 0.076 0.026
Tanzania (TAN) a7 0.076 0.017
South Alaska (SAL) 543 0.075 0.005
Iceland (IC) 38 0.075 0.019
Pecos (PEC) 152 0.074 0.009
Mongolia (MON) 59 0.074 0.014
Plateau (PLT) 205 0.073 0.008
Central Arctic (CAR) 328 0.073 0.006
EasterrArctic (EAR) 333 0.070 0.006
Gabon (GAB) 6 0.070 0.044
Armenia (ARM) 117 0.069 0.010
Aleutian Islands (AL) 395 0.068 0.006
Hungary (HU) 58 0.068 0.014
Ontario (ONT) 63 0.067 0.015
St. Lawrence Island Siberia (SLS) 348 0.065 0.006
Nigeria (NIG) 28 0.062 0.020
Sudan (SUD) 67 0.062 0.012
North Alaska (NAL) 414 0.059 0.005
Chile (CH) 32 0.059 0.018
Northern Mississippi Valley (NMV) 364 0.058 0.006
lllinois (ILL) 92 0.056 0.011
North Pacific Coast (NPC) 428 0.053 0.005
Siberia (SIB) 176 0.052 0.007
Plains (PLN) 225 0.052 0.006
New Zealand (NZ) 44 0.051 0.014
Aleutian Islands (AT) 165 0.049 0.007
Hokkaido (HK) 189 0.043 0.006
North Japan (N) 192 0.040 0.006
Northern North Japan (NN) 55 0.038 0.012
Central Japan (C) 357 0.033 0.004
India (IND) 118 0.028 0.006
West Japan (W) 267 0.015 0.003
l10ssenberg (2013) spells this sample name as 6éTerra

6Tierra del Fuego. 6
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Table 37. Fstresults from the cranial nonmetric TMD analysis based on the Ossenberg
comparative dataset and the study samples.

Fst Standard Error
0.086 0.003

The TMD results for the cranial macromorphoscopic analysis including the MaMD
comparative dataset are showmable38 andTable39. The TMD Rmatrix results are
shown inTable38, where the studsamples are bolded. The Asian American sample r
was 0.182, and the Japanese samplalue was 0.166. Similar to the cranial nonmetric
analyses with the FDB and Ossenberg comparative datasets, the two study samples
exhibited high amounts of genetic drift, though the American Indian comparative sample
exhibited a higher degree of genetidtdri = 0.232). The MaMD cranial
macromorphoscopic analysis Fst value indicates that 13.0% of variation exists among the
populations in the analysis, which is more than the Ossenberg TMD analysis but less than

the FDB TMD analysis.

Table 38. R-matrix results from the cranial macromorphoscopic TMD analysis based on
the MaMD comparative dataset and the study samples.

Population n i Standard Error
American Indian 100 0.232 0.038
Asian American 65 0.182 0.035

Japanese 32 0.166 0.048

Hispanic 99 0.076 0.020
American White 99 0.068 0.018
American Black 100 0.055 0.016

Table 39. Fstresults from the cranial macromorphoscopic TMD analysis based on the
MaMD comparative dataset and the study samples.

Fst Standard Error

0.130 0.011
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The dental morphology data from the study samples and the Pilloud an@Baai

and Adams and Pilloud (2018pmparative datasetve r e

compared

us

(1990)R code for Tetrachoric Mahalanobis Distantiee TMD Rmatrix results are

shown inTable40, where the two study samples are bolded. Thalues are sorted in

descending order. The Japanese stndy sample exhibited the highestalue (r =

0.322), suggesting this sample has the highest amount of genetic drift in this analysis.

The Asian American study sample had ianalue of 0.172, which places it in the middle

of the groups in this comparison.

Table 40. R-matrix results from the dental morphology TMD analysis based on the
Pilloud and Scott (2019nd Adams and Pilloud (2018ymparative dates and the

study samples.

Population n Fii Standard Error
Japanese 34 0.322 0.017
South African Black 333 0.201 0.005
American White 316 0.183 0.005
Asian American 43 0.172 0.014
American Black 34 0.120 0.013
South African White 28 0.077 0.013
South African Coloured 63 0.074 0.007
Hispanic 18 0.057 0.012

The dental morphology TMDdrresults are shown ihable41. An Fstvalue of 0.151

indicates that 15.1% of variation exists among the groups in the analysis, with the

remaining variation within the groups, themselves.

ng

K
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Table 41. Fstresults from the dental morphology TMD analysis based on the Pilloud and
Scott (2017)and Adams and Pilloud (2018pmparative dataseand the study samples.

Fst Standard Error
0.151 0.003

Craniometrics

The craniometric data from the study samples and comparative datasets, including the
FDB and Howells datasets, were compared using th@afix method in RMET. TheR
matrix results are shown Fable42, where the two study samples are bolded. The r
values are sorted in descending order. The Japanese and Asian American study
populations exhibited the highestvalues (y = 0.201 and 0.170, respectively), indicating
these samples have the highest degrees of genetic drift of the populations campared

this analysis.

Table 42. R-matrix results from the craniometric RMET analysis based on the FDB and
Howells comparative datasets and the study samples.

Population n Biased i Unbiased i  Standard Error
Japanese (J) 34 0.201 0.187 0.013
Asian American (AA) 48 0.170 0.159 0.010
Zalavar (ZA) 98 0.124 0.119 0.006
Norse (NR) 110 0.116 0.112 0.005
Buriat (BR) 109 0.088 0.083 0.005
East Asian (EA) 14 0.049 0.013 0.010
Teita (TE) 83 0.044 0.038 0.004
South Maori (SM) 10 0.043 0 0.011
Philippines (PH) 50 0.038 0.028 0.004
Atayal (AT) 47 0.037 0.026 0.005
Berg (BE) 109 0.035 0.031 0.003
Mokapu (MK) 100 0.035 0.030 0.003
Egypt (EG) 111 0.032 0.027 0.003
Easter Island (EI) 86 0.031 0.026 0.003
Arikara (AR) 69 0.029 0.022 0.003
North Maori (NM) 10 0.029 0 0.009

Eskimo (ES) 108 0.028 0.024 0.003
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Santa Cruz (SC) 102 0.026 0.021 0.003
Native American (NA) 31 0.026 0.009 0.005
Moriori (MI) 108 0.023 0.018 0.002
Anyang (AY) 42 0.022 0.011 0.004
Peru (P) 110 0.021 0.016 0.002
Andaman (AD) 70 0.019 0.012 0.003
Ainu (Al) 86 0.019 0.013 0.002
Bushman (BU) 90 0.016 0.011 0.002
North Japan (NJ) 87 0.015 0.009 0.002
Tasmania (TAS) 87 0.014 0.008 0.002
Zulu (ZU) 101 0.014 0.009 0.002
South Japan (SJ) 91 0.013 0.008 0.002
Hainan (HA) 83 0.012 0.006 0.002
Australia (AUS) 101 0.012 0.007 0.002
Guam (GU) 57 0.012 0.003 0.002
Dogon (DG) 99 0.011 0.006 0.002
Tolai (TL) 110 0.009 0.005 0.002
Hispanic (H) 199 0.005 0.002 0.001
Black (B) 467 0.004 0.003 0.0005
White (W) 1650 0.001 0.001 0.0001

The craniometric RMET &t results are shown ifiable43. An Fstvalue of 0.038
indicates that 3.8% of variation exists among the populations in the analysis, with the

remaining variation within the populations, themselves.

Table 43. Fstresults from the craniometric RMET analysis based on the FDB and
Howells comparative datasets and the study samples.
Fst Unbiased Fst  Standard Error
0.038 0.030 0.001

Odontometrics

The odontometric data from the study samples and comparative datasets were
compared using the-Ratrix method in RMET. Because the two odontometric
comparative dataset contain different variables, two sets of analyses were performed in

RMET. First, the stdy samples were compared to the Pilloud et al. (2014) and Pilloud
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and Scott (2017) datasets using only crown mesiodistal and buccolingual diameters.
Second, the study samples were compared to the Pilloud and Scott (2017) dataset, which
included maximum cnen and cervical mesiodistal and buccolingual diameters as well as
crown height measurements.

The Rmatrix results for the odontometric RMET analysis that included only crown
mesiodistal and buccolingual diameters are showiraisie44, where the two study
samples are bolded. Thevalues are sorted in descending order. The Japanese sample
(ri = 0.041) was located between Guyana and Eamophite while the Asian American
sample (r=0.011) was located between Melanesia and Sub Saharan Africa. In this
analysis, the Spitalfields sample exhibited the greatest degree of genetic drift, while East

Africa exhibited the least.

Table 44. R-matrix results from the odontometric RMET analysis using crown

measurements.
Population n Biased fi Unb@sed Standard
Fii Error

Spitalfields (SP) 297 0.070 0.068 0.004
Jamaica (JAM) 7 0.052 0.000 0.023
Native American (NAm) 728 0.048 0.047 0.002
Guyana (GUY) 8 0.044 0.000 0.020
Japanese (J) 34 0.041 0.027 0.009
European White (EW) 770 0.037 0.037 0.002
Micronesia (MIC) 98 0.025 0.020 0.004
Polynesia (POL) 970 0.024 0.023 0.001
East Asian (EA) 248 0.020 0.018 0.002
SouthAfrican Coloured (AfC) 23 0.015 0.000 0.007
West Africa (WA) 182 0.015 0.012 0.002
Melanesia (MEL) 895 0.013 0.012 0.001
Asian American (AA) 59 0.012 0.003 0.004
Sub Saharan Africa (SSA) 315 0.011 0.010 0.002
Southeast Asian (SEA) 780 0.010 0.009 0.001
African Black (AfB) 156 0.010 0.006 0.002

East Africa (EAf) 346 0.006 0.005 0.001
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The odontometric RMET 4t results for the crown mesiodistal and buccolingual
diameter analysis are shownTiable45. An Fstvalue of 0.027 indicates that 2.7% of
variation exsts among the populations in the analysis, with the remaining variation

within the populations, themselves.

Table 45. Fstresults from the odontometric RMET analysis using crown measurements.
Fst  Unbiased st  Standard Error

0.027 0.018 0.002

The Rmatrix results for the second analysis that included crown and cervical
measurements are shownTiable46, where the two study samples amded. Their
values are sorted in descending order. The Japanes8.(33) and Asian American;(r
= 0.10) study populations exhibited the highest and lowestlues, respectively,
indicating these samples have the highest and lowest degremsetitglrift of the

populations compared in this analysis.

Table 46. R matrix results from the odontometric RMET analysis using crown and
cervical measurements.
Biased Unbiased Standard

Population n i i
Fii Fii Error
Japanese (J) 34 0.033 0.018 0.005
European White (EW) 12 0.032 0 0.009
South African Coloured (AfC) 23 0.022 0 0.005
South African Black (AfB) 156 0.011 0.008 0.001
Asian American (AA) 59 0.010 0.002 0.002

The odontometric RMET 4t results for the crown and cervical trait analysis are shown

in Table47. An Fstvalue of 0.021 indicates that 2.1% of variation exists among the
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populations in the analysis, with the remaining variation within the populations,

themselves.

Table 47. Fstresults from the odontometric RMET analysis using crown and cervical

measurements.
Fst Unbiased Fst Standard Error
0.021 0.006 0.001

Aim #3: Identify skeletal and dental variation among modern Asian populations

that can be used in a medicolegal context.

Research Question #4 (Q4): Can Japanese and Asian American individuals be

differentiated from globaleference samples and from each other?

Cranial nonmetrics and macromorphoscopics

The cranial nonmetric and macromorphoscopic data were analyzed for population and
trait variation using Konigsbergbds (1990)
used inthese analyses: FDB (Jantz and Medaasen (1988)), Ossenberg (Ossenberg
(2003), and MaMD (Hefner 2018). Because these datasets contain different traits, three
separate analyses were performed to maximize data retention as the TMD analysis cannot
handlemissing data.

The first cranial nonmetric TMD analysis compared the current study data to the FDB
dataset (Jantz and Moedansen 1988)lable48, Figure5, andTable49). The
Mahalanobis distances when using the FDB comparative dataset are sli@bie4s,

where the smalkt distances are italicized, and the largest distances are bolded for the



112

two study samples. The Asian American sample was most similar to the Japanese sample
and most dissimilar to the Black sample. The Japanese sample was most similar to the

Hispanic sample and most dissimilar to the Black sample.

Table 48. Cranial nonmetric tetrachoric Mahalanobis distances based on the FDB
comparative dataset and the study samples.

AAS"’.’m Japanese Black White Hispanic
merican

aslsl 0 29.068

American

Japanese  29.068 0

Black 82.205 45.158 0
White 52.318 25.094 16.795 0
Hispanic 46.278 16.320 22.299 8.024 0

The principal coordinates plot for the TMD analysis when using the FDB comparative
dataset is shown iRigure5. The Japanese sample is located in the lower right quadrant
of the plot, while the Asian American sample is in the upper right quadrant. Overall, the
two study samples are distinctly sepadd®m the comparative samples across Principal

Coordinate 1 (PC1), which accounts for 68.96% of the variance.
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Figure 5. Cranial nonmetric principal coordinates plot based on the FDB comparative
dataset and the study samples.
The cranial nonmetric trait frequencies when using the FDB comparative dataset are

shown inTable49. The most frequent traits for Asian AmericansRaéatine Torus
(PALT; 1.00), Mastoid Foramen Location (MFLo; 0.98), Mastoid Foramen Present (MF;
0.94), and Accessory Lesser Palatine Foramen (APF; 0.86). The most frequent traits
found in the Japanese sample include Mastoid Foramen Location (MFLo;”aééjal
Foramen (PF; 0.69), Supraorbital Foramen (SOF; 0.69), and Accessory Lesser Palatine

Foramen (APF; 0.56).
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Table 49. Cranial nonmetric trait frequencies based on the FDB comparative dataset and
the study samples.

Trait . Asian . . .
Code Trait Name American Japanese Black White Hispanic
APF Accessory lesser 0.86 056 022 032 019
palatine foramen
AST Asterionicossicle 0.13 0.06 0.12 0.10 0.15
BREG Bregma ossicle 0.04 0.00 0.00 0.04 0.00
CRB Coronal ossicle 0.57 0.03 0.40 0.44 0.19
EPB Epipteric bone 0.16 0.13 0.02 0.14 0.07
FTA Frontotemporal 0.00 003 009 003 004
articulation
HYP e 000 008 021 021
bridged or double
IFS Infraorbital suture 0.00 0.00 0.15 0.32 0.27
LBLa Lambdoid ossicle 0.52 016 029 041 023
lateral
LBM Lambdoid ossicle 031 019 027 032 022
medial
MANT Mandibular torus 0.56 0.06 0.13 0.33 0.20
MEN Accessory mental 0.05 009 007 004 008
foramen
ME [zEiEis] O 0.94 078 076 070 079
present
MFLo Mastoid foramen 0.98 094 050 036 063
location
MHB Mylohyoid bridge 0.42 0.13 0.11 0.11 0.04
MIF Multiple infraorbital 0.00 000 017 018  0.07
foramina
oyls el SIE g 003 013 006 023
ossicle
PALT Palatine torus 1.00 0.41 0.31 0.35 0.14
PF Parietal foramen 0.70 0.69 0.67 0.60 0.43
PNB Parietal notch bone 0.37 0.19 0.15 0.16 0.18
SOF Supraorbital foramen 0.38 0.69 0.12 0.26 0.28
TYM Tympanic dehiscence 0.00 0.00 0.12 0.05 0.14

The second cranial nonmetric TMD analysis compared the current study data to the
Ossenberg dataset (Ossenberg 2018ple50, Figure6, andTable51). The
Mahalanobis distances when using the Ossenberg comparative dataset are Jlaihn in
50, where the smallest distances are italicized, and the largest distances are bolded for the

two study samples. The Asian American sample was most similar to the Japanese sample
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and most dissimilar to the Armenian sample. The Japanese sample wasmiasto

the Asian American sample and most dissimilar to the North Japan sample.
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Table 50. Cranial nonmetric Mahalanobis distances based on the Ossenberg comparative dataset and the study samples.
AA J USB KEN TAN SUD S GAB GHA NIG W HK
Asian

American (AA) ¢ Gellit)
Japanese (J) | 4.769 0

Newfoundland
(NFL) 13.289 7.334 0
Australia (AU) | 8.387 5.239 2.956 0
Siena, Italy
(SIE) 10.941 8.581 2.819 1.364 0

Ghana (GHA) | 8.159 5.145 3.109 1.639 1.293 0
Patagonia (PT) | 8.930 7.412 3.880 1.242 1.700 1.833 0
Canada (CAN) | 10.870 9.685 3.752 3.493 2.535 4.243 4.913 0
Czec?gz')o"a"'a 12276 7.017 2169 2217 1815 1.619 2.065 4.305 0
Southern
Africa (S)
North China
(CHN)
African
American 9.063 7.459 2216 1.643 1401 2.055 1.708 2.140 2.852 3.091 1.556 0
(USB)
Marquesas
(MQ)
Tierra del
9.586 9.139 8.835 5.933 5510 4568 7.021 4.746 8.344 4.614 2.355 4.962
Fuego (TF)
Germany (GE) | 9.587 8.579 8.428 5.831 5.442 4360 7.236 4.390 8.213 4.031 1.942 5
Chatham 8.191 7.855 7.947 5.292 5436 4.394 5992 4.094 7.626 4.352 2.292 4.090
Island (CHAT)
Russia (RU) | 10.782 8.164 7.345 5.327 6.215 5.086 6.633 4555 8.110 4.496 2.704 4.676
Bavaria (BV) 9.242 7.858 7.390 5536 5.809 4.309 6.135 5.373 7.977 4,703 2.792 4.716
Kenya (KEN) | 11.609 6.536 3.312 5.124 5.244 4.436 7.663 4.288 6.739 3.793 1.487 3.181

T?{‘jﬁ?'a 8.469 7.544 7.507 4.664 5093 4.427 6221 3.942 8.419 4269 1.937 3.956

9.488 5.717 2.674 2.786 2.353 1.762 4.420 1.905 2.314 0

9.534 6.396 3.120 2540 1946 1961 4.394 1.764 3.851 1.640 0

11.459 10.187 7.855 4.624 4372 4851 6.136 4.058 8.590 4.885 2373 4.166




South Alaska
(SAL)
Iceland (IC)
Pecos (PEC)
Mongolia
(MON)
Plateau (PLT)
Central Arctic
(CAR)
Eastern Arctic
(EAR)

11.272

14.663
10.685

14.841
8.297
12.945

8.960

6.029

10.292
8.222

11.139
5.404
7.802

6.067

3.195

2.584
4.594

4.542
2.569
2.106

5.128

6.469

4.363
1.785

6.100
5.084
4.764

4.733

7.366

3.341
3.658

5.445
5.320
3.800

5.611

6.022

3.546
5.440

6.372
3.659
3.151

4.595

8.739

5.147
2.889

8.076
6.062
5.437

6.789

5.500

3.527
4.076

1.939
4.166
4.195

5.227

7.683

5.097
5.695

7.452
4.877
4.450

8.333

4.816

3.623
6.108

3.343
3.155
3.209

5.296

3.196

2.044
4.101

2.497
2.537
1.955

2.097

3.984

1.897
2.136

3.538
2.579
2.243

3.031
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Table 50. Continued.

AA J USB KEN TAN  SUD s GAB GHA NIG w HK
%‘Abg;‘ 8525 5752 2794 4.008 3.629 2342 5075 2610 4328 1779 0.886 2.074
A(rArge,\;‘;a 15117 10.253 4.866 7.978 8.007 7.537 11.009 5.839 9.905 6.172 3.274 5292
Aleutian
Islands | 9.218 6.433 3.697 3.209 2082 2231 5001 2436 4236 2171 0274 2.078
(AL)
H‘(ﬂ%"’)‘w 0471 7.075 3.381 3.375 2440 2687 5429 2701 5261 2686 0.456 1.824
?gm;’ 8.810 6.910 5385 4.882 4.099 3.061 5971 2359 5605 2106 1.237 3.341
St.
Lawrence
Island 13960 7.750 5.677 6.787 5783 5226 9692 4601 6.611 4.041 1740 4.933
Siberia
(SLS)
I\(III\IgleG”)a 10.672 5552 4.428 4558 4.449 4257 7.831 3528 5856 2974 1.111 3.890
?sugg? 7.277 6.001 6361 3966 3573 2255 3.770 5030 5213 4152 2191 3.174
North
Alaska | 10.876 8.657 5.369 3.500 4.155 4.132 4267 3.304 6361 3.660 2731 3.359
(NAL)
Chile (CH) | 8.325 8301 6.321 3.955 3991 3.030 4.399 2573 5443 2353 2421 3.120
Northern
M'f’/ilslg)'/pp' 14.086 11.053 7.683 7.821 8.068 9.464 12213 4.432 11569 4793 4987 7.783
(NMV)
II(I|IEE)IS 7180 6.612 6584 3.756 4.619 3233 5483 4582 7.213 3.333 2599 4.407
North
Fg‘:)‘:;;‘t: 10.457 8701 7.271 4.047 4350 4.136 5178 3.178 6.716 3582 2148 3.741

(NPC)
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Siberia
(SIB)
Plains
(PLN)
New
Zealand
(N2)
Aleutian
Islands
(AT)
Hokkaido
(HK)
North
Japan (N)
Northern
North
Japan (NN)
Central
Japan (C)
India (IND)
WestJapan
(W)

11.209

8.770

9.441

9.419

12.219

14.816

8.488

9.029
7.680
9.787

10.210

7.564

8.325

9.249

11.297

12.075

6.107

8.113
5.458
6.521

7.050

5.803

7.876

6.844

8.213

6.835

4.932

5.336
5.679
4.458

4.435

2.891

5.258

2.765

6.113

5.491

3.560

2.611
5.193
3.619

2.617

3.705

5.498

2.661

7.007

4.298

2.326

2.526
4.875
3.380

2.702

3.571

4.420

2.670

7.843

5.348

2.065

3.009
3.509
2.593

3.840

3.074

5.019

3.183

7.316

6.104

3.277

2.263
4.727
3.257

3.373

3.098

4.101

3.117

6.398

4.336

5.177

4.443
5.547
4.309

4.669

5.748

6.850

5414

11.639

8.220

2.370

4.327
4.659
4.203

3.776

3.725

4.366

3.526

8.038

5.026

3.845

5.532
5.174
4.431

2.410

2.839

3.306

2.177

4.769

3.393

4.151

3.190
3.102
2.067

3.149

2.597

4.196

2.531

4.866

4.275

3.583

1.545
2.866
1.971
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Table 50. Continued.
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AL  SAL SLS NAL CAR EAR ARM AT CAN BV cz GE
Marquesas (MQ) 0
Tierra del Fuego (TF) 1.458 0
Germany (GE) 1.541 0.280 0
Chatham Island (CHAT) | 1.753 0.302 0506 0
Russia (RU) 2.043 1481 1337 0901 O
Bavaria (BV) 1.893 0778 1.156 0550 0.680 O
Kenya (KEN) 4389 4916 4212 4635 458 4596 0
Tanzania (TAN) 0.741 0876 0.769 0.670 0718 0.768 3.675 0
South Alaska (SAL) 7.436 7.535 6.445 6.444 5811 6243 0.895 5591 0
Iceland (IC) 4844 6128 5056 5544 4317 5176 2598 4428 3127 O
Pecos (PEC) 4438 6961 7.010 5789 5715 6.373 5708 4942 6715 5460 O
Mongolia (MON) 3.934 5400 4202 4749 3.873 5439 2811 3.758 3.422 2142 5603 0
Plateau (PLT) 7723 6.325 5514 5199 5550 5443 2044 5504 1157 2974 6.834 4.148
Central Arctic (CAR) 4867 5452 4795 5117 5405 4964 1106 4796 1951 1.833 5701 2.861
Eastern Arctic (EAR) 4019 4816 3.943 4.055 3.350 3.797 1550 2477 1964 2433 5085 3.933
Gabon (GAB) 3.813 2904 2519 2.394 2777 2460 1244 2505 1.867 2177 5740 2.651
Armenia (ARM) 5.946 6518 6.162 6.423 6.414 6.170 0.769 5484 1813 4385 7.720 3.920
Aleutian Islands (AL) 2976 2587 2298 2.743 3.876 3.385 1.813 2.610 3.749 3.123 4.903 3.678
Hungary (HU) 3.142 3488 2910 3601 4338 3.998 1224 2813 2799 2218 4723 3.103
Ontario (ONT) 2683 1.997 1706 1599 1.970 2.024 2821 1534 4342 3409 6.755 2.889
St. Lawrence Island 6.266 5247 4265 5212 5633 6278 2041 5132 3551 4350 8.652 4.259
Siberia (SLS)
Nigeria (NIG) 4377 4242 3666 4284 5039 5129 1223 3.806 2891 4656 5797 3.819
Sudan (SUD) 2521 1513 1.986 1.335 2915 1518 4262 1950 6.491 5506 5460 6.685
North Alaska (NAL) 1.307 2460 2.629 1.883 1.074 1.390 4.677 1210 6219 3774 3.476 3.327
Chile (CH) 2390 2044 1.805 1.681 2428 2494 4974 1992 6.674 4451 5583 3.375




Table 50. Continued.
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AL SAL SIS NAL CAR EAR ARM AT CAN BV cz GE
Northern Mississippi 5.373 7.658 6.525 7.739 7.181 8221 5241 5633 6.288 7.221 7.655 3.132
Valley (NMV)
lllinois (ILL) 1731 2014 2311 2185 2.745 1.828 4.079 1479 6.345 5738 5620 5.487
North Pacific Coast (NPC) | 0.841 0.968 0.899 0.766 0.875 1335 4.867 0.717 7.125 4.673 4.401 3.409
Siberia (SIB) 2585 2.394 2580 2329 3.650 3.206 6.044 2876 9.010 4794 6.199 5.418
Plains (PLN) 1.671 2902 2803 1.967 1595 2.113 5194 1.390 6.528 3.901 2.886 3.581
New Zealand (NZ) 2287 1.689 1772 0.862 1.044 1274 5935 1353 7.467 5331 5720 4.545
Aleutian Islands (AT) 1.635 2006 1.821 1.818 2.165 2482 5901 1.628 8231 3.893 4.168 4.480
Hokkaido (HK) 1.827 4208 4.155 3.821 3493 3376 5.155 2314 6.657 5584 3.554 4.768
North Japan (N) 1.110 3.790 3.412 3.835 3.345 3552 5036 2349 7.527 3.617 5039 3.004
Northem(mf\’lr)th Japan | 5647 8645 8487 7.980 9.699 8852 7.064 8148 8594 6763 7.273 9.350
Central Japan (C) 4382 5524 5764 4952 6.925 6.107 4939 5076 7.211 5491 2.826 6.875
India (IND) 6.760 4.846 4.685 3.887 6.045 5162 4.152 5312 4896 5931 6.244 7.158
West Japan (W) 3502 3530 3.691 2703 3.363 2918 3.184 2986 4724 3562 4241 5.235




Table 50. Continued.
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RU HU IC IND  SIE C N NN CHN MON SIB  NMV
Plateau (PLT) 0
Central Arctic (CAR) 2.108 0
Eastern Arctic (EAR) 2.824 3.217 0
Gabon (GAB) 0961 1.319 2161 0
Armenia (ARM) 3547 2.380 3.358 2589 0
Aleutian Islands (AL) 2929 2252 2748 1321 3.693 0
Hungary (HU) 2498 1882 1.801 1.343 2776 0388 0
Ontario (ONT) 3.280 3224 3.018 0960 4702 1.808 2379 0
St. Lawrence Island
Siberia (SL9) 3.709 3337 3768 2602 3.925 1642 2222 2958 O
Nigeria (NIG) 3.416 2747 3.143 2109 2.753 0.886 1269 2775 0921 0
Sudan (SUD) 4913 3.812 4101 2.347 6.667 2065 3.107 2.018 5024 3884 0
North Alaska (NAL) 6.016 4519 4.049 2994 6272 3978 4.168 2432 7.343 5520 2946 O
Chile (CH) 4753 4326 5147 2266 6.947 3439 3.816 1597 6.387 5157 2712 1.873
Nor\tlgﬁlrgy'\é'l'\fl\sﬂ'\sg'pp' 8.012 6.856 6.846 6.055 6.177 5556 4.772 6.337 7.612 4701 10.031 5.909
lllinois (ILL) 5618 4.831 4.100 2.660 5.399 3238 3274 2429 7.099 4.460 2.382 1.876
North Pacific Coast (NPC) | 6.443 4.992 4.479 3.000 6.928 3.064 3.771 1.883 5568 4.402 2.236 0.920
Siberia (SIB) 6.768 4.722 6.021 3.422 8779 2736 3.939 1872 5396 5220 1518 3.115
Plains (PLN) 5.811 4.744 3.837 3.230 7.673 4.045 4296 2333 7.362 5751 2569 0.535
New Zealand (NZ) 6.141 5478 4981 3.110 8.362 4306 5311 1622 6655 6.028 1.898 1.329
Aleutian Islands (AT) 6.358 5425 4509 3511 8.608 3.117 3.475 2513 6596 5623 2468 1.725
Hokkaido (HK) 8.172 50623 4.045 5499 6.202 5520 4717 5931 9673 6.785 5024 2.240
North Japan (N) 8.243 4.077 4.909 4530 7.008 4214 4.066 3.592 7.395 5893 4.135 1.678
Northem(mr)th Japan | 5235 5725 7303 4.968 11.004 3.753 4787 4.965 6.209 5506 4.275 8.269
Central Japan (C) 5772 3914 5254 4264 7.247 3264 3.601 4784 6.637 4.894 2577 5038
India (IND) 3.022 3450 4718 2723 6.882 2676 3.685 3.670 3.752 3.645 2.068 6.756
West Japan (W) 3.840 2579 3.099 2072 5448 2417 3126 2111 4023 3708 1101 3.125




Table 50. Continued.

ILL NFL ONT NPC PEC PLN PLT CH PT TF AU CHAT MQ NZ
Chile (CH) 0
Northern
Mississippi Valley | 6.484 0
(NMV)
lllinois (ILL) 1759 5752 0
North Pacific
Const (\pG) | 1163 6084 2.086 0
Siberia (SIB) | 2.065 10.322 3.903 1.935 0
Plains (PLN) | 1.464 6.871 2.402 0965 2363 0
New Zealand (NZ) | 1.419 9.025 3.048 0.792 1.775 0.903 0
A'e““f‘:T')s'a”ds 1162 7.887 2468 0909 1.454 1129 1.697 0
Hokkaido (HK) | 5.104 5747 3.815 3.153 6.744 2780 4566 4.303 0O
North Japan (N) | 3.372 5.417 3.734 2.068 3.188 1.926 3.149 2723 2232 0
Northern North | ¢ oo 15818 7.461 7.966 4.019 6511 7.429 6.069 12.607 8.859 0
Japan (NN)
Central Japan (C) | 4.183 11.038 4.858 4.623 2.853 3.638 4.973 3505 6.113 5370 3.366 O
India (IND) 5076 12.302 6576 5437 3.760 5399 4557 5462 8.619 8032 3550 2.683 0
West Japan (W) | 3576 10.821 4.184 3.081 1.849 2469 2314 3.189 5536 4205 3.692 1.853 1589 0
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The principalcoordinates plot for the TMD analysis when using the Ossenberg
comparative dataset is shownFigure6. The Japanese and Asian American samples are
located in the lower right quadrant of the plot. Overall, the two study samples are

separated from the comparative samples, though not as distinctly separated as shown in

Figureb.
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Figure 6. Cranial nonmetric principal coordinates plot based on the Ossenberg
comparative dataset and the study samples.

The cranial nonmetric trait frequencies when using the Ossenberg comparative dataset

are shown imable51. The most frequent traits for Asian Americans are Mylohyoid

Bridge (MHB; 0.42), Supraorbital Foramen (SOF; 0.38), and Parietal Notch Bone (PNB;

0.37). The most frequent traits found ie thapanese sample include Supraorbital
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Foramen (SOF; 0.69), Pterygobasal (Pterygoalar) Spur or Bridge (PTB; 0.25), and

Parietal Notch Bone (PNB; 0.19).
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Table 51. Cranial nonmetric trait frequencies based on the Ossenberg comparative dataset and the study samples.

Trait Trait Name Asw';m Japanese Afrlcgn Kenya Tanzania  Sudan Sout'hern Gabon Ghana

Code American American Africa

AST Asterionic ossicle 0.13 0.06 0.15 0.19 0.22 0.19 0.22 0.33 0.35
Pterygospinous

CIvV bridge complete 0.00 0.00 0.02 0.00 0.00 0.00 0.02 0.00 0.00

(foramen of civinini)
Hypoglossal canal

HYP . 0.00 0.00 0.17 0.10 0.12 0.14 0.16 0.00 0.10
bridged or double
MEN Accessory mental ) 0.09 0.17 0.00 0.22 0.08 0.26 0.00 0.20
foramen
MHB Mylohyoid bridge 0.42 0.13 0.07 0.00 0.10 0.06 0.24 0.00 0.04
OMB Occipitomastoid 0.31 0.03 0.00 0.10 0.18 0.13 0.15 0.17 0.06
suture ossicle
PNB  Parietal notch bone  0.37 0.19 0.11 0.29 0.19 0.24 0.17 0.17 0.16
Pterygobasal
PTB (pterygoalar) spuror  0.15 0.25 0.35 0.43 0.40 0.36 0.42 0.33 0.55
bridge
SOF el 0.38 0.69 0.12 0.33 0.19 0.34 0.21 0.17 0.23
foramen
TYM Tympanic 0.00 0.00 0.17 0.24 0.38 0.20 0.16 0.33 0.17

dehiscence




Table 51. Continued.

St. Lawrence

Trait . Asian L West . Aleutian South
Code Trait Name American Japanese Nigeria Japan Hokkaido Islands Alaska Iglanq
Siberia
AST Asterionic ossicle  0.13 0.06 0.25 0.17 0.21 0.13 0.21 0.17
Pterygospinous
cIv bridgecomplete 0.00 0.00 0.00 0.04 0.04 0.04 0.04 0.05
(foramen of civinini)
Hyp  Hypoglossalcanal o, 0.00 0.09 0.14 0.22 0.24 0.19 0.24
bridged or double
MEN Accessory mental ) 0.09 0.00 0.12 0.21 0.12 0.09 0.08
foramen
MHB Mylohyoid bridge 0.42 0.13 0.00 0.07 0.18 0.27 0.09 0.08
OMB Occipito-mastoid 0.31 0.03 0.08 0.13 0.15 0.21 0.25 0.27
suture ossicle
PNB  Parietal notch bone  0.37 0.19 0.18 0.26 0.20 0.16 0.32 0.31
Pterygobasal
PTB (pterygoalar) spuror 0.15 0.25 0.50 0.18 0.23 0.12 0.08 0.13
bridge
SOF et 0.38 0.69 0.36 0.35 0.15 0.61 0.65 0.66
foramen
TYM Tympanic 0.00 0.00 0.22 0.31 0.17 0.55 0.36 0.29

dehiscence
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Table 51. Continued.
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Trait Trait Name Asian Japanese North Central Eastern Armenia Aleutian Canada Bavaria
Code American P Alaska Arctic Arctic Islands

AST Asterionic ossicle  0.13 0.06 0.19 0.08 0.09 0.11 0.09 0.07 0.00

Pterygospinous
CIv bridge complete 0.00 0.00 0.07 0.15 0.04 0.04 0.07 0.06 0.00
(foramen of civinini)
HYP Hypoglossal canal - 0.00 0.17 0.23 0.21 0.21 0.17 0.22 0.43
bridged or double
MEN Accessory mental ) 0.09 0.10 0.08 0.07 0.08 0.08 0.07 0.00
foramen
MHB Mylohyoid bridge 0.42 0.13 0.12 0.14 0.11 0.08 0.21 0.09 0.00
OMB Occipito-mastoid 0.31 0.03 0.22 0.10 0.10 0.03 0.18 0.01 0.00
suture ossicle
PNB  Parietal notch bone  0.37 0.19 0.27 0.23 0.23 0.15 0.22 0.13 0.14
Pterygobasal
PTB (pterygoalar) spuror  0.15 0.25 0.09 0.16 0.09 0.06 0.11 0.09 0.29
bridge
SOF el 0.38 0.69 0.58 0.58 0.57 0.37 0.58 0.25 0.14
foramen
TYM Tympanic 0.00 0.00 0.25 0.32 0.30 0.20 0.35 0.06 0.29

dehiscence
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Trait Trait Name AS|§1n Japanese Czechoslovakia Germany Russia Hungary Iceland India Slena,

Code American Italy

AST  Asterionic ossicle  0.13 0.06 0.17 0.17 0.15 0.17 0.03 0.17 0.17

Pterygospinous
cIv bridge complete ;1 0.00 0.08 0.14 0.00 0.02 0.08 0.03 0.03
(foramen of

civinini)

Hyp  Hypoglossal canal g o, 0.00 0.15 0.33 0.17 0.37 0.19 0.17 0.26

bridged or double

MEN ~ Accessory mental ) oo 0.09 0.00 0.00 0.00 0.10 0.00 0.04 0.06
foramen

MHB  Mylohyoid bridge  0.42 0.13 0.00 0.17 0.00 0.06 0.17 0.06 0.09

omg  Occipitomastoid g 5y 0.03 0.08 0.00 0.00 0.04 0.08 0.06 0.01

suture ossicle
PNB Parietal notch bone 0.37 0.19 0.17 0.00 0.23 0.07 0.22 0.19 0.19
Pterygobasal

PTB (pterygoalar) spur 0.15 0.25 0.23 0.29 0.15 0.13 0.08 0.13 0.02
or bridge

SOF S‘];'praorb'ta' 0.38 0.69 0.31 0.29 0.15 0.29 0.32 0.28 0.30
oramen

TYM Tympanic 0.00 0.00 0.23 0.29 0.00 0.16 0.17 0.16 0.28

dehiscence




Table 51. Continued.

Trait Trait Name Asian Japanese Central North Northern North Monaolia  Siberia
Code American P Japan Japan North Japan China g

AST Asterionic ossicle  0.13 0.06 0.17 0.12 0.18 0.17 0.18 0.18

Pterygospinous
cIv bridge complete 0.00 0.00 0.02 0.02 0.07 0.09 0.03 0.02
(foramen of civinini)
Hyp  Hypoglossalcanal o 0.00 0.10 0.16 0.10 0.10 0.07 0.12
bridged or double
MEN Accessory mental ) 0.09 0.15 0.12 0.03 0.11 0.15 0.11
foramen
MHB Mylohyoid bridge 0.42 0.13 0.04 0.08 0.07 0.00 0.04 0.08
OMB Occipito-mastoid 0.31 0.03 0.15 0.13 0.16 0.11 0.07 0.19
suture ossicle
PNB  Parietal notch bone  0.37 0.19 0.25 0.27 0.14 0.22 0.21 0.17
Pterygobasal
PTB (pterygoalar) spuror 0.15 0.25 0.13 0.13 0.14 0.10 0.10 0.07
bridge
SOF Uit 0.38 0.69 0.36 0.27 0.40 0.47 0.53 0.54
foramen
TYM Tympanic 0.00 0.00 0.29 0.27 0.28 0.24 0.24 0.22

dehiscence
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Table 51. Continued.

Trait Asian Northern North
Trait Name . Japanese Mississippi  lllinois  Newfoundland Ontario Pacific Pecos
Code American
Valley Coast
AST Asterionic ossicle 0.13 0.06 0.12 0.37 0.10 0.18 0.21 0.31
Pterygospinous
CIv bridge complete ) 5, 0.00 0.07 0.05 0.00 0.00 0.09 0.05
(foramen of
civinini)
Hyp  Hypoglossal canal g, 0.00 0.23 0.24 0.12 0.14 0.23 0.16
bridged or double
MEN ~ Accessory mental ) oo 0.09 0.10 0.04 0.11 0.03 0.12 0.09
foramen
MHB Mylohyoid bridge 0.42 0.13 0.30 0.22 0.30 0.27 0.20 0.08
omg  Occipitomastoid g 5y 0.03 0.07 0.24 0.05 0.10 0.21 0.38
suture ossicle
PNB Parietal notch bone 0.37 0.19 0.13 0.22 0.12 0.28 0.20 0.13
Pterygobasal
PTB (pterygoalar) spur 0.15 0.25 0.23 0.29 0.38 0.15 0.21 0.18
or bridge
SOF S‘];'praorb'ta' 0.38 0.69 0.46 0.46 0.50 0.57 0.64 0.41
oramen
TYM Tympanic 0.00 0.00 0.41 0.23 0.34 0.35 0.39 0.42

dehiscence
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Table 51. Continued.

Trait Asian Tierra
Trait Name : Japanese Plains Plateau Chile Patagonia del
Code American
Fuego
AST Asterionic ossicle 0.13 0.06 0.13 0.19 0.21 0.00 0.08
Pterygospinous
Clv bridge complete 0.00 0.00 0.10 0.13 0.06 0.00 0.00
(foramen of civinini)
e UmselemEl earel g e 0.00 0.20 0.19 0.24 0.40 0.38
bridged or double
MEN Accessory mental ) oo 0.09 0.11 0.07 0.11 0.25 0.13
foramen
MHB Mylohyoid bridge 0.42 0.13 0.36 0.17 0.22 0.50 0.25
omg  Occipitomastoid 4, 0.03 0.16 021 0.36 0.09 0.15
suture ossicle
PNB Parietal notch bone 0.37 0.19 0.11 0.12 0.31 0.11 0.00
Pterygobasal
PTB (pterygoalar) spuror 0.15 0.25 0.27 0.17 0.32 0.08 0.23
bridge
SOF STl 0.38 0.69 0.45 0.56 0.44 0.50 0.50
foramen
TYM Tympanic 0.00 0.00 0.28 0.25 0.38 0.33 0.54

dehiscence
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Table 51. Continued.

Trait Trait Name Asian Japanese Australia Chatham Marquesas New
Code American P Island q Zealand
AST Asterionic ossicle 0.13 0.06 0.22 0.37 0.27 0.17
Pterygospinous
CIv bridge complete 0.00 0.00 0.00 0.00 0.04 0.07
(foramen of civinini)
ppe UhpselEmElEEEl g 60 0.00 0.02 0.16 0.11 0.16
bridged or double
MEN Accessory mental ) oo 0.09 0.12 0.25 0.20 0.13
foramen
MHB Mylohyoid bridge 0.42 0.13 0.05 0.25 0.04 0.09
omg  Occipitomastoid 031 0.03 0.23 0.25 0.20 0.12
suture ossicle
PNB Parietal notch bone 0.37 0.19 0.10 0.15 0.15 0.10
Pterygobasal
PTB (pterygoalar) spuror  0.15 0.25 0.32 0.10 0.06 0.07
bridge
SOF SR ] 0.38 0.69 0.20 0.30 0.37 0.36
foramen
TYM Tympanic 0.00 0.00 0.15 0.20 0.04 0.21

dehiscence
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The final cranial macromorphoscopic TMD analysis compared the current study data to
the MaMD dataset (Hefner 2018)gble52, Figure7, andTable53). Because the TMD
analysis can only handle binary data, any macromaeqapc traits that could not be
dichotomized were removed from this analysis. The Mahalanobis distances when using
the MaMD comparative dataset are showiable52, where the smallest distances are
italicized, and the largest distances are bolded for the two study samples. The Asian
American sample was most similar to the Japanese sample and most dissimilar to the
American Indian sample. The Japanem@agle was most similar to the Asian American

sample and most dissimilar to the American Indian sample.

Table 52. Cranial macromorphoscopic Mahalanobis distances based on the MaMD
comparative dataset and the study samples.

AA J Al HH AMWH  AMBL

Asian American (AA) 0 1.050

Japanese (J) 1.050 0
American Indian (Al) 6.883 7.167 0

Hispanic (HH) 3.462 3.612 1.194 0

American White
(AMWH) 4147  3.205 1.103  0.987 0
American Black (AMBL) 1.693 1.309 3.617 2.107 1.478 0

The principal coordinates plot for the TMD analysis when using the MaMD
comparative dataset is shownFigure7. The Asian American samples is located in the
upper left quadrant of the plot, while the Japanese sample is in the lower left quadrant.
The two study samples are separated from the compasatiaples across PC1, which

accounts for 77.41% of the variance.
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Figure 7. Cranial macromorphoscopic Mahalanobis distances based on the MaMD
comparative dataset and the study samples.

The cranial macromorphoscopic trait freggies when using the MaMD comparative
dataset are shown Trable53. Only binary traits were retained for this analysis, including
Malar Tubercle (M7, Nasal Overgrowth (NO), Posterior Zygomatic Tubercle (PZT), and
Zygomaticemaxillary Suture (ZS). Overall, the Asian American and Japanese samples
exhibited high frequencies for each of these traits, with the lowest frequencies being 0.61
and 0.40 in thé&sian American and Japanese samples, respectively. ZS was the most

distinguishing trait when compared to the American Indian comparative sample (ZS =
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0.26), and the study samples generally had higher ZS frequencies than the other three

comparative samples

Table 53. Cranial macromorphoscopic trait frequencies based on the MaMD comparative
dataset and the study samples.

Trait Trait Name Asian Japanese American Hispanic American American

Code American Indian White Black

MT LU 1.00 0.97 0.73 0.91 0.74 0.95
tubercle

NO Nasal 0.61 0.40 0.60 0.69 0.46 0.27
overgrowth
Posterior

PZT zygomatic 0.95 1.00 0.98 1.00 0.98 0.97
tubercle
Zygomatice

ZS maxillary 0.93 0.97 0.26 0.55 0.63 0.80
suture

Dental morphology

The dental morphology data were also analyzed for population and trait variation using
Konigbergbés (1990) TMD R code. The Pilloud
the comparative dataset for this analysis. Unfortunately, the Japanese compangpiee s
from theAdams and Pilloud (201%ataset had to be removed from this analysis due to
the abundance of trait frequencies that were equal to zero.

The dental morphology TMD analysis results are showiable54, Figure8, and
Table55). The Mahalanobis distances are showmable54, where the smallest
distances are italicized, and the largest distances are bolded for the two study samples.

The Asian American sample was most similar to the Hispamplgaand most dissimilar
to the South African Black sample. The Japanese sample was most similar to the Asian

American sample and most dissimilar to the South African Black sample.
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Table 54. Dental morphology Mahalanobis distances.

AA J AW AB SAB H SAW SAC
Asian American (AA) 0 18.314
Japanese (J) 18.314 0

American White (AW) | 67.795 87.953 0
American Black (AB) | 75.830 100.271 45.531 0

South African Black | 1oz 985 139725 40.091 22.152 0

(SAB)
Hispanic (H) 16.217 48.169 61.785 31.652 50.643 0
South g&?’;‘ White | 10874 72770 52.258 27.884 46.516 13.213 O

South African

Coloured (SAC) 58.167 94.763 41.280 18.524 12.800 25.428 16.505 O

The principal coordinates plot for tkhental morphology TMD analysis is shown in
Figure8. The Asian American samples is located in the lower left quadrant of the plot,
while the Japanesammple is slightly higher in the upper left quadrant. The two study
samples are distinctly separated from the comparative samples across PC1, which

accounts for 61.04% of the variance.
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Figure 8. Dental morphology principal coordinates plot.

The dental morphology trait frequencies are showrainle55. The breakpoints for
each trait are inclied inTable9 in the Methods chapteFor the Asian American
sample, the highest frequencies (1.00) were UM1 Metacone (UM1_METCON), UM2
Metacone (UM2_MHECON), and LP4 Lingual CuspsR4_LINGSCP)The highest trait
frequencies (1.00) for the Japanese sample were UM1 Metacone (UM1_METCON),
UM2 Metacone (UM2_METCON), LP4 Lingual Cusps (LP4_LINGCSP), UM1
Hypocone (UM1_HYPCON), LM1 Cusp Number (LM1_CUSPNO) &mM1 Cusp 5

(LM1_CUSP5). However, these traits are also very common in the comparative datasets.
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Traits that seemed to distinguish the study samples from the comparative samples are
italicized. Overall, the Asian American and Japanese samples displayed hi
frequencies of Shoveling, Double Shoveling, Dental Crowding, and Enamel Extensions

compared to the reference samples.



Table 55. Dental morphology trait frequencies.

. Asian American  American SQUth . . SC.’Uth S(?Uth
Trait American Japanese White Black African Hispanic Afrlqan African
Black White Coloured
UM1_CARAB 0.00 0.11 0.09 0.09 0.08 0.07 0.09 0.12
UM2_ENEX 0.47 0.39 0.12 0.00 0.00 0.46 0.00 0.00
Ul2_GROOVE 0.10 0.20 0.32 0.28 0.17 0.25 0.23 0.25
UI1_WING 0.31 0.23 0.06 0.12 0.05 0.29 0.05 0.11
Ul1_LABCON 0.16 0.19 0.03 0.14 0.30 0.00 0.15 0.33
Ul1l_SHOoV 0.30 0.74 0.01 0.00 0.01 0.33 0.08 0.00
Ul2_SHOV 0.74 0.70 0.00 0.05 0.02 0.43 0.00 0.00
Ul1l_SHOV2 0.13 0.52 0.01 0.00 0.01 0.10 0.00 0.00
Ul2_SHOV2 0.04 0.03 0.00 0.00 0.01 0.14 0.00 0.00
UI1_IGROOVE 0.00 0.07 0.04 0.00 0.01 0.11 0.08 0.09
UI1_TUBDENT 0.43 0.19 0.40 0.29 0.43 0.22 0.09 0.46
UC_MESRIG 0.00 0.06 0.00 0.13 0.14 0.00 0.00 0.15
UC_DAR 0.46 0.30 0.43 0.48 0.62 1.00 0.25 0.63
UC_DIAST 0.04 0.12 0.03 0.11 0.10 0.00 0.00 0.00
UI2_DENCRO 0.43 0.48 0.17 0.00 0.05 0.00 0.33 0.05
UP4_DENCRO 0.58 0.55 0.15 0.00 0.01 0.00 0.25 0.11
UP3_ACCUP 0.20 0.03 0.14 0.43 0.03 0.20 0.13 0.09
UP4_ACCUP 0.00 0.00 0.14 0.48 0.07 0.10 0.14 0.07
UP3_UTOAZ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
UM1_METCON 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
UM2_METCON 1.00 1.00 0.96 1.00 0.99 0.85 1.00 0.98
UM1_HYPCON 0.96 1.00 1.00 1.00 1.00 1.00 1.00 1.00
UM2_HYPCON 0.89 0.85 0.62 0.83 0.76 0.54 0.63 0.78
UM1_METCONL 0.12 0.28 0.13 0.10 0.13 0.17 0.13 0.22
UM2_METCONL 0.06 0.09 0.29 0.33 0.26 0.08 0.18 0.24
UM2_CARAB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

141
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Table 55. Continued.

. Asian American ~ American SQUth . . SC.’Uth S(?Uth
Trait American Japanese White Black African Hispanic Afrlqan African
Black White Coloured
UM1_PARAST 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00
UM2_PARAST 0.00 0.00 0.02 0.04 0.01 0.00 0.00 0.00
UM1_MOLCR 0.20 0.32 0.04 0.08 0.06 0.00 0.00 0.05
UM1_ENEX 0.19 0.35 0.01 0.00 0.00 0.17 0.00 0.00
UM2_POTTH 0.08 0.00 0.04 0.00 0.04 0.08 0.13 0.08
UI2_PEGSH 0.00 0.03 0.02 0.13 0.02 0.20 0.00 0.00
UP3_ODONT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
UP4_ODONT 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.00
UI2_CONAB 0.00 0.03 0.01 0.00 0.00 0.00 0.00 0.00
UC_CONAB 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00
UM3_CONAB 0.00 0.00 0.29 0.04 0.08 0.22 0.00 0.10
LI1_SHOV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LI2_SHOV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LC_DAR 0.20 0.36 0.09 0.18 0.38 0.29 0.07 0.28
LP3_LINGCSP 0.63 0.79 0.89 0.27 0.82 0.71 0.61 0.79
LP4_LINGCSP 1.00 1.00 0.98 0.63 0.99 0.93 1.00 0.98
LI2_DENCRO 0.76 0.59 0.39 0.10 0.07 0.45 0.00 0.14
LM1_CUSPNO 0.92 1.00 0.13 0.00 0.03 0.08 0.00 0.04
LM2_CUSPNO 0.44 0.67 0.86 0.77 0.49 0.75 0.78 0.31
LM2_DEFWRKL 0.00 0.03 0.00 0.00 0.02 0.00 0.00 0.03
LM2_ANTFOV 0.45 0.87 0.64 0.60 0.73 0.44 0.40 0.38
LM1_PROSTYL 0.00 0.04 0.02 0.00 0.02 0.10 0.00 0.04
LM2_PROSTYL 0.00 0.00 0.00 0.00 0.04 0.00 0.00 0.06
LM1_CUSP5 0.92 1.00 0.86 1.00 0.97 0.91 1.00 0.94
LM2_CUSP5 0.47 0.69 0.13 0.19 0.51 0.25 0.22 0.66

LM1_CUSP6 0.42 0.25 0.08 0.42 0.07 0.00 0.00 0.05
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Table 55. Continued.

. Asian American  American SQUth . . SC.’Uth SC.’Uth
Trait American Japanese White Black African Hispanic Afrlqan African
Black White Coloured

LM2_CUSP6 0.06 0.13 0.01 0.10 0.06 0.00 0.06 0.13
LM2_MOLCR 0.40 0.45 0.16 0.27 0.32 0.13 0.00 0.36
LM2_CUSP7 0.00 0.00 0.00 0.00 0.20 0.08 0.11 0.16
LM1_ENEX 0.30 0.43 0.04 0.00 0.00 0.33 0.00 0.00
LM2_ENEX 0.48 0.39 0.19 0.10 0.01 0.15 0.23 0.02
LP3_ODONT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LP4_ODONT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LC_CONAB 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LP3_CONAB 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00
LM3_CONAB 0.00 0.00 0.32 0.04 0.05 0.08 0.00 0.07

LP4_DENCRO 0.74 0.65 0.22 0.00 0.05 0.08 0.00 0.09
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Craniometrics

The craniometric data were analyzed for population and combined population and sex
variation using the FDB (Jantz and Mog&nsen 1988) and Howells (1973, 1989, 1995)
datasets as comparisons.

The craniometric data were analyzed for population variasomgiuthe Rmatrix
analysis in RMET (Relethford 2007; Relethford 2016), which calculated the Mahalanobis
distances and associated Principal Coordinates. The Mahalanobis distances for the
craniometric population variation analysis are displayebhinie56, where the smallest
distance is italicized, and the largest distance is bolded for the two study populations. The
Asian American and Japanese samples are interestingly most similar to $iee Nor

comparative sample and most dissimilar to the Buriat sample.
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Table 56. Craniometric population variation Mahalanobis distances based on the FDB and Howells comparative datasets and the
study samples.

NR ZA BE TE DG ZU AUS TAS TL MK El
Norse (NR) 0
Zalavar (ZA) 0.155 0
Berg (BE) 0.144  0.092 0
Teita (TE) 0.192 0.174 0.050 0
Dogon (DG) 0.136 0.132 0.035 0.034 0
Zulu (ZU) 0.129 0.140 0.043 0.052 0.000 0
Australia (AUS) 0.129 0.137 0.042 0.049 0.007 0.008 0
Tasmania (TAS) 0.152 0.145 0.034 0.044 0.011 0.013 0.013 0
Tolai (TL) 0.142 0.149 0.045 0.041 0.010 0.011 0.012 0.011 0
Mokapu (MK) 0.183 0.174 0.061 0.061 0.040 0.044 0.027 0.033 0.033 0
Easter Island (EI) 0.169 0.161 0.052 0.054 0.031 0.039 0.040 0.035 0.029 0.067 0
Moriori (MI) 0.169 0.167 0.062 0.064 0.025 0.021 0.026 0.025 0.012 0.056 0.034
Arikara (AR) 0.173 0.178 0.070 0.053 0.030 0.031 0.033 0.023 0.016 0.063 0.034
Santa Cruz (SC) 0.169 0.169 0.066 0.072 0.028 0.026 0.030 0.025 0.023 0.061 0.019
Peru (P) 0.169 0.160 0.054 0.052 0.025 0.028 0.029 0.014 0.016 0.050 0.027

North Japan (NJ) 0.148 0.141 0.047 0.046 0.013 0.019 0.013 0.011 0.014 0.046  0.033
South Japan (SJ) 0.150 0.143 0.044 0.045 0.013 0.016 0.017 0.012 0.009 0.040 0.031

Hainan (HA) 0.143  0.139 0.042 0.045 0.010 0.012 0.007 0.013 0.010 0.037 0.024
Atayal (AT) 0.156 0.181 0.067 0.057 0.039 0.039 0.036 0.033 0.027 0.058 0.047
Philippines (PH) 0.147  0.152 0.064 0.068 0.035 0.042 0.040 0.040 0.027 0.045 0.041
Guam (GU) 0.141 0.131 0.037 0.034 0.007 0.011 0.011 0.012 0.000 0.0832 0.023
Egypt (EG) 0.160  0.163 0.043 0.027 0.030 0.038 0.039 0.030 0.031 0.062 0.041
Bushman (BU) 0.158 0.146 0.049 0.044 0.013 0.014 0.014 0.015 0.005 0.021 0.040
Andaman (AD) 0.165 0.146 0.042 0.048 0.016 0.019 0.018 0.012 0.012 0.034 0.031
Ainu (Al) 0.154  0.142 0.043 0.046 0.021 0.029 0.014 0.022 0.017 0.042 0.036
Buriat (BR) 0.230 0.218 0.133 0.138 0.099 0.102 0.081 0.100 0.083 0.032 0.145

Eskimo (ES) 0.179 0.155 0.052 0.055 0.033 0.036 0.023 0.026 0.031 0.015 0.064




Table 56. Continued.

NR ZA BE TE DG ZU AUS TAS TL MK El
Anyang (AY) 0.162 0.145 0.047 0.046 0.011 0.013 0.019 0.010 0.014 0.053 0.025
South Maori (SM) 0.133 0.155 0.043 0.045 0.013 0.009 0.019 0.008 0.000 0.037 0.021
North Maori (NM) 0.127  0.128 0.034 0.029 0.000 0.011 0.002 0.007 0.005 0.043 0.029
Black (B) 0.133 0.124 0.027 0.024 0.004 0.009 0.008 0.008 0.006 0.025 0.031
White (W) 0.123 0.116 0.028 0.086 0.007 0.010 0.007 0.008 0.005 0.025 0.025
Hispanic (H) 0.127 0.123 0.032 0.041 0.009 0.013 0.008 0.009 0.004 0.032 0.024
Native American (NA) 0.071  0.124 0.054 0.059 0.022 0.019 0.017 0.026 0.019 0.048 0.043
East Asian (EA) 0.132 0.145 0.045 0.058 0.018 0.024 0.011 0.023 0.017 0.051 0.049
Asian American (AA)  0.024  0.206 0.206 0.239 0.182 0.174 0.175 0.197 0.191 0.234 0.221
Japanese (J) 0.073 0.268 0.215 0.282 0.214 0.207 0.209 0.228 0.214 0.257 0.241
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Ml AR SC P NJ SJ HA AT PH GU EG BU
Moriori (MI) 0
Arikara (AR) 0.022 0
Santa Cruz (SC) 0.015 0.016 0
Peru (P) 0.023 0.016 0.021 0
North Japan (NJ) 0.026 0.026 0.025 0.015 0
South Japan (SJ) 0.011 0.032 0.023 0.017 0.012 0
Hainan (HA) 0.009 0.026 0.014 0.023 0.009 0.004 0
Atayal (AT) 0.034 0.044 0.051 0.040 0.039 0.031 0.033 0
Philippines (PH) 0.046 0.064 0.054 0.052 0.048 0.038 0.036 0.040 0
Guam (GU) 0.010 0.025 0.022 0.022 0.007 0.006 0.000 0.029 0.012 0
Egypt (EG) 0.054 0.050 0.047 0.045 0.040 0.028 0.036 0.049 0.062 0.035 0
Bushman (BU) 0.018 0.028 0.030 0.023 0.017 0.013 0.016 0.036 0.038 0.009 0.035 0
Andaman (AD) 0.028 0.027 0.033 0.012 0.016 0.016 0.022 0.042 0.027 0.011 0.040 0.018
Ainu (Al) 0.034 0.042 0.039 0.029 0.005 0.018 0.015 0.035 0.042 0.009 0.045 0.030
Buriat (BR) 0.115 0.120 0.119 0.106 0.096 0.097 0.099 0.115 0.101 0.090 0.131 0.066
Eskimo (ES) 0.042 0.047 0.045 0.033 0.029 0.027 0.028 0.065 0.053 0.025 0.059 0.021
Anyang (AY) 0.0212 0.019 0.015 0.009 0.003 0.013 0.012 0.027 0.054 0.010 0.040 0.017
South Maori (SM) 0.000 0.002 0.009 0.003 0.014 0.005 0.007 0.007 0.036 0.002 0.027 0.016
North Maori (NM) 0.021 0.023 0.024 0.020 0.000 0.010 0.002 0.030 0.037 0.003 0.026 0.019
Black (B) 0.023 0.026 0.027 0.018 0.012 0.010 0.011 0.031 0.033 0.006 0.019 0.005
White (W) 0.018 0.024 0.022 0.016 0.008 0.007 0.005 0.027 0.026 0.002 0.028 0.008
Hispanic (H) 0.017 0.020 0.020 0.007 0.007 0.009 0.008 0.032 0.032 0.004 0.035 0.011
Native American (NA) 0.037 0.035 0.039 0.034 0.021 0.028 0.020 0.022 0.046 0.022 0.043 0.026
East Asian (EA) 0.031 0.033 0.045 0.039 0.028 0.016 0.015 0.039 0.039 0.022 0.038 0.040
Asian American (AA) 0.217 0.221 0.208 0.217 0.196 0.198 0.189 0.212 0.198 0.188 0.208 0.207
Japanese (J) 0.250 0.243 0.249 0.251 0.228 0.220 0.221 0.229 0.227 0.225 0.232 0.237
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AD Al BR ES AY SM NM B W H NA EA AA J
Andaman (AD) 0
Ainu (Al) 0.017 0
Buriat (BR) 0.093 0.091 0
Eskimo (ES) 0.027 0.030 0.050 0
Anyang (AY) 0.025 0.017 0.111 0.041 0
South Maori (SM) 0.010 0.019 0.106 0.030 0.000 0
North Maori (NM) 0.011 0.002 0.098 0.038 0.000 0.000 0
Black (B) 0.013 0.018 0.079 0.020 0.014 0.009 0.004 0
White (W) 0.010 0.011 0.076 0.019 0.011 0.004 0.003 0.002 0
Hispanic (H) 0.010 0.013 0.083 0.020 0.006 0.001 0.002 0.006 0.002 0
Native American (NA) 0.032 0.030 0.094 0.048 0.024 0.009 0.010 0.018 0.013 0.018 0
East Asian (EA) 0.024 0.018 0.114 0.043 0.030 0.005 0.000 0.021 0.017 0.017 0.036 0
Asian American (AA) 0.218 0.206 0.270 0.231 0.217 0.183 0.175 0.181 0.171 0.178 0.125 0.189 0
Japanese (J) 0.239 0.229 0.307 0.251 0.241 0.213 0.203 0.214 0.201 0.207 0.152 0.194 0.172 0
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The craniometric Principal Coordinates (PCoA) plot is showfignre9 with a
zoomed in view of the lower left quadrant shown in detafligure10. The Asian
American and Japanese samples are located in the far right secdheffrigiure9 with
the Norse sample being the closest reference sample. Overall, the study samples are
distinctly separated from the comparative samples in this analysis along PC1, which

accounted for 38.1% olié variance.
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Figure 9. Craniometric population variation principal coordinates plot based on the
FDB and Howells comparative datasets and the study samples.
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Figure 10. Zoomed craniometric population variation principal coordinates plot based

on the BB and Howells comparative datasets and the study samples.

The craniometric data were also analyzed for population variation using Principal

Components Analysis (PCAFigurell). In this analysis, the first two principal

components accounted for 48.3% of the variation, though a total of six principal

components were needed to explain at least 80% of the variation. The Asian American

and Japanese saraplare again located in the upper right quadrant with a distinct

separation from the comparative samples with the exception of the Norse sample.
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Figure 11. Craniometric population variation PCA.

The summarized loading values for the craniometric population variation PCA are
provided inTable57. PC1 acounted for 29.4% of the variance and was most influenced
by Simotic Subtense (SIS).206), Nasion Radius (NARQ.202), and Biasterionic
Breadth (ASB:0.193). PC2 accounted for 18.9% of the variance and was most
influenced by Mastoid Height (MDH; 0.21,3izygomatic Breadth (ZYB; 0.208), and

Glabella Project (GLS; 0.207). Given these loading values, PC1 is most influenced by the
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morphology of the nose related facial flatness and breadth of the pgesior

cranium, while PC2 is most influenced by jeciions and overall facial breadth.

Table 57. Craniometric population variation PCA summarized loading values.

PC1 (29.4%) PC2 (18.9%)
NFA MDH
DKA 0.176 ZYB 0.208
NAA 0.174 GLS 0.207
ASB -0.193 BRA -0.133
NAR -0.202 NDS -0.136
SIS -0.206 DKB -0.163

The craniometric data were also analyzed for combined population and sex variation
using PCA with the FDB (Jantz and Moealansen 1988) and Howells (1973, 1989,
1995) datasets a®mparisons. In this analysis, the first two principal components
accounted for 53.8% of the variance; a total of six principal components were needed to
account for 80% of the variance. The craniometric population and sex variation PCA plot
is shown inFigurel2. Asian American Females (AA_F) and Japanese Females (J_F) are
in the lower right quadrant, while Asian American Males (AA_M) dapanese Males
(J_M) are in the lower left quadrant. Overall, female samples are found on the right side
of PC1, while males are located to the left of PC1. The study sample females and males
are spread across PC1, which accounts for 41.7% of the vandaticéttle vertical

difference among them across PC2 (12.1% of the variance).
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Figure 12. Craniometric population and sex variation PCA.
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The summarized loading values for the craniometric combined population and sex
variaion PCA are provided ifiable58. PC1 accounted for 41.7% of the variance and
was most influenced by Nasion Radius (NAR172), BasiorNasion Lengti(BNL,; -
0.170), and Dacryon Radius (DKRJ.168). PC2 accounted for 12.1% of the variance
and was most influenced by Basion Angle (Nagfvasthion) (BAA;-0.239), Nasion
Angle (BasionProsthion) (NAA; 0.235), and Nasion Angle (BasiBregma) (NBA;-
0.234) Given these loading values, PC1 is most influenced by the morphology of the

nose and medial eye orbit, while PC2 is most influenced by the angles connecting nasion,

basion, and bregma.

Table 58. Craniometric population and sgariation PCA summarized loading values.

PC1 (41.7%) PC2 (12.1%)
BBA NAA
NAA 0.047 BRA 0.229
NDA 0.046 NAS 0.183
DKR -0.168 XCB -0.176
BNL -0.170 NBA -0.234
NAR -0.172 BAA -0.239

Odontometrics

The odontometric data weamalyzed for population variation using therfatrix
analysis in RMET (Relethford 2007; Relethford 2016) with the Pilloud and Scott (2017)
and Pilloud et al. (2014) datasets as comparisons. Mahalanobis distances and associated
Principal Coordinates werelcalated in RMET. Because the Pilloud and Scott (2017)
and Pilloud et al. (2014) datasets contain different traits, twaaRix analyses were

performed to maximize trait retentiam. the first analysis, only crown mesiodistal and
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buccolingual measuremenivere compared using the Pilloud and Scott (2017) and
Pilloud et al. (2014) datasets. In the second analysis, crown and cervical measurements
were compared using the Pilloud and Scott (2017) dataset.

The results of the crown measurements analysis arensindvable59 andFigurel3.
The Mahalanobis distances for the odontometric population variation analysis are
displayed inTable59, where the smallest distance is italicized, and the largest distance is
bolded for the two study populations. The Asian American sample shows no measurable
distance from the following comparative samples: South African Coloured, South
African Black, European/White, East Africa, SBhharan Africa, and West Africa. The
Asian American sample is most dissimilar to the Spitalfields sample, a medieval
archaeological sample from Europe. The Japanese sample is most similar to the European

White sample and most dissimilar to the Spitalfields sample.



156

Table 59. Odontometric population variation Mahalanobis distances using crown measurements.

AA J AfC AfB EW SP EAf SSA  WAf
Asian American (AA) 0
Japanese (J) 0.005 0

South African Coloured (AfC)  0.000 0.010 0
South African Black (AfB) 0.000 0.008 0.000 0

European White (EW) 0.000 0.007 0.000 0.000 0
Spitalfields (SP) 0.100 0.126 0.074 0.102 0.104 0
East Africa (EAf) 0.000 0.025 0.000 0.000 0.001 0.089 0
Sub Saharan Africa (SSA) 0.000 0.016 0.001 0.000 0.004 0.118 0.004 0
West Africa (WAT) 0.000 0.009 0.003 0.001 0.002 0.122 0.007 0.001 0
Guyana (GUY) 0.009 0.059 0.010 0.010 0.007 0.099 0.004 0.000 0.018
Jamaica (JAM) 0.017 0.060 0.010 0.022 0.002 0.061 0.018 0.024 0.024
East Asian (EA) 0.028 0.058 0.032 0.035 0.018 0.063 0.029 0.046 0.043
Melanesia (MEL) 0.023 0.058 0.021 0.024 0.020 0.095 0.019 0.019 0.027
Micronesia (MIC) 0.037 0.061 0.024 0.033 0.022 0.113 0.031 0.033 0.037
Native American (NAm) 0.052 0.100 0.073 0.063 0.054 0.146 0.063 0.055 0.074
Polynesian (POL) 0.042 0.069 0.032 0.040 0.036 0.076 0.031 0.043 0.039
Southeast Asian (SEA) 0.018 0.049 0.016 0.026 0.007 0.068 0.020 0.032 0.031

Europe (E) 0.063 0.089 0.042 0.066 0.064 0.006 0.054 0.076 0.081




Table 59. Continued.

GUY JAM EA MEL MIC NAm POL SEA
Guyana (GUY) 0
Jamaica (JAM) 0.012 0
East Asian (EA) 0.026 0.015 0
Melanesia (MEL) 0.007 0.011 0.039 0
Micronesia (MIC) 0.027 0.002 0.045 0.017 0
Native American (NAmM) 0.000 0.070 0.071 0.046 0.068 0
Polynesian (POL) 0.036 0.026 0.026 0.025 0.033 0.085 0
Southeast Asian (SEA) 0.017 0.002 0.005 0.022 0.032 0.058 0.024 0
Europe (E) 0.058 0.033 0.041 0.061 0.076 0.103 0.055 0.041
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The odontometric PCoA plot for this analysis is showRigure13. The Asian
American and Japanese samples are located in the lower right quadrant of the plot. The
Japanese sample has no nearby neighboitg thle Asian American sample is closest to

the African Black and European White samples.

Population
0.20 M African Black (AfB)
NAm Asian American (AA)
Coloured (AfC)
East Africa (EAf)
) B East Asian (EA)
0.15 Europe (E)
European White (EW)
Guyana (GUY)
B Jamaica (JAM)
Japanese (J)
GUY B Melanesia (MEL)
Micronesia (MIC)
M Native American (NAm)
Polynesian (POL)

0.10

®)
& Fige MEL M Southeast Asian (SEA)
B Spitalfields (SP)
« MIC B Sub Saharan Africa (SSA)
I~ West Africa (WAS)
g ®
O JAM
0.00 EA
DEW SSA
E EAf AA
-0.05 SP o
aB 0.
AfC
-0.10
J

-0.25 -0.20 -0.15 -0.10 -0.05 0.00 0.05 0.10
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Figure 13. Odontometric population variation principal coordinates plot using crown
measurements.

The results of the RMET Hatrix crown and cervical measurements analysis are
shown inTable60 andFigurel4. The Mahalanobis distances for the odontometric
population variation analysis are displayed able60, where the smallest distance is

italicized, and the largest distance is bolded for the two study populations. The Asian
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American is most similar to the South African Coloured sample asd dissimilar to
the Japanese sample. The Japanese sample is most similar to the South African Black

sample and most dissimilar to the South African Coloured sample.

Table 60. Odontometric population variation Mahalanobis diseangsing crown and
cervical measurements.

: South South
Asian Japanese African African European

American Coloured Black White
Asian American 0 0.038
Japanese 0.038 0
South African 0.001 0.046 0
Coloured
South African Black 0.010 0.028 0.004 0
European White 0.003 0.035 0.020 0.033 0

The odontometric PCoA plot for this analysis is showRigure14. The Asian
Japanese sample is on the far left of the plot, while the Asian American sample is to the
far right. The study samples are distinctly separated from each other and all comparative

samples in this analysis.
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Figure 14. Odontometric population variation principal coordinates plot using crown and
cervical measurements.

The odontometric data were also analyzed for population variation using PCA with the
Pilloud and Scott (2017) and Pilloud et al. (2014) datasets as comparisons. As with the
RMET R-matrix analyses, two PCA analyses were performed to maximize trait retention.
In the first analysis, only crown mesiodistal and buccolingual measurements were
compared using the Pilloud and Scott (2017) and Pilloud et al. (2014) datasets. In the
second analysis, crown and cervical measurements were compared using the Pilloud and

Scott (2017) dataset.
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In the PCA crown measurements analysis, the first two princggaponents accounted
for 93.7% of the variancd-{gure15). The Asian American and Japanese samples are in
the lower left and lower riglquadrants, respectively. The Asian American sample is
closest to the European White sample, while the Japanese sample is distinctly separated

from all other samples.
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Figure 15. Odontometric population variation PCA plot using crown measurements.

The summarized loading values for the odontometric population variation PCAs when

using crown measurements with the Pilloud and Scott (2017) and Pilloud et al. (2014)
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datasets as compson are provided in the top half able61. PC1 accounted for 87.8%
of the variance and was most influenced by UI2 crown buccolingual diameteB(Uj12_
0.199), LM1 crown mesiodistal diameter (LM1_MiD;197), and LC crown mesiodistal
diameter (LC_MD:>0.197). PC2 accounted for 5.8% of the variance and was most
influenced by LI1 crown buccolingual diameter (LM1_BL; 0.501), LI2 crown
buccolingual diamter (LI12_BL; 0.394), and LC crown buccolingual diameter (LC_BL,;

0.335).

Table 61. Odontometric population variation PCA summarized loading values.
Crown Measurements

PC1 (87.8%) PC2 (5.8%)
LI1_BL 0146 LI1_BL
LI2_BL -0.172 LI2_BL 0.394
LC_BL -0.179 LC_BL 0.335
LC_MD -0.197 LI2_MD -0.233
LM1_MD -0.197 Ull_MD -0.258
Ul2_BL -0.199 LI1_MD -0.264
Crown and Cervical Measurements
PC1 (54.8%) PC2 (20.8%)

Ul2_crx_bl - LI1_crn_height -

Ul2_crx_md 0.162 UP3_crn_height = 133

UC_crn_md 0.162 LI2_crn_height g 127
UM2_crx_bl -0.074 Ull_crn_md -0.239
UMZ1_crx_bl -0.107 LM2_crn_bl -0.246
UM2_crn_height | g 137 UM2_crn_bl -0.253

Dental crown and cervical measurements wereaistyzed for population variation
using PCA with the Pilloud and Scott (2017) dataset as a comparison. In this analysis, the
first two principal components accounted for 75.6% of the varidfigargl6). The

Asian American and Japanese samples are in the upper left and upper right quadrants,
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respectively, with a distinct separation between the two study samples and all of the

comparative samples.
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Figure 16. Odontometric population variation PCA plot using crown and cervical
measurements.
The summarized loading values for the odontometric crown and cervical measurements
PCA for population variation are provided in the lower halfable61. PC1 accounted
for 54.8% of the variance and was most influenced by UI2 cervical buccolingual diameter
(UI2_crx_bl; 0.163), UI2 cervical mesiodistal diameter (Ul2_crx_md; 0.162), and UC

crown mesiodistal diameter (UC_crn_md; 0.162). PC2 account@d@% of the
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variance and was most influenced by UM2 crown buccolingual diameter (UM2_crn_bl,
0.253), LM2 crown buccolingual diameter (LM2_crn_401;246), and UI1 crown
mesiodistal diameter (Ul1_crn_md).239).

The odontometric data were also analyfmedcombined population and sex variation
using PCA with the Pilloud and Scott (2017) and Pilloud et al. (2014) datasets as
comparisons. Again, two PCA analyses were performed to maximize trait retention. In
the first analysis, only crown mesiodistal anattolingual measurements were compared
using the Pilloud and Scott (2017) and Pilloud et al. (2014) datasets. In the second
analysis, crown and cervical measurements were compared using the Pilloud and Scott
(2017) dataset.

In the PCA crown measurementsabysis, the first two principal components accounted
for 88.3% of the variancd-{gure17). The Asian American Males (AA_M), and Asian
American FemalefAA _F) are in the upper right quadrant. The Japanese Females (J_F)
are in the lower right quadrant, while the Japanese Males (J_M) are in the lower left
guadrant. Overall, female samples are found on the right side of PC1, while males are
mostly locatedd the left of PC1. The four study samples (AA_F, AA M, J F, and J_M)
do not closely cluster with any other samples, though they are also not clearly delineated

from other samples in the analysis.
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Figure 17. Odontometric population and sex variation PCA plot using crown
measurements.

The summarized loading values for the odontometric population variation PCAs when
using crown measurements with the Pilloud and Scott (2017) and Pilloud et al. (2014)
dataset as comparison are provided in the top halfaifle62. PC1 accounted for 83.5%
of the variance and was most influenced by LC crown mesiodistabtBaith C_MD;-

0.199), UC crown mesiodistal diameter (UC_MD;197), and LM1 crown mesiodistal
diameter (LM1_MD:-0.197). PC2 accounted for 4.8% of the variance and was most
influenced by LI2 crown mesiodistal diameter (LI2_MD; 0.342), LC crown buccolingua

diameter (LC_BL>0.337), and LI2 crown buccolingual diameter (L12_BQ;314).
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Table 62. Odontometric population and sex variation PCA summarized loading values.
Crown Measurements

PC1 (83.5%) PC2 (4.8%)
LI1_BL 0176 LI2_MD 0342
LI2_BL -0.177 LI1_MD 0.307
LC_BL -0.179 UP3_MD 0.256
LM1_MD -0.197 LI1_BL -0.279
UC_MD -0.197 LI2_BL -0.314
LC_MD -0.199 LC_BL -0.337
Crown and Cervical Measurements
PC1 (61.4%) PC2 (14.5%)
UM2_crn_height [50,0250  LI1_cmn_height

Ull_crn_md -0.060 UP3_crn_md 0.211
LP4_crn_bl -0.069 LI1_crx_md 0.197
UC_crx_bl -0.149 LM2_crn_height  _g 256
UM1_crx_md -0.151 Ull_crn_md -0.271

UP4_crn_height | -0.151 UM2_crn_height | _0.298

Dental crown and cervicaheasurements were analyzed for combined population and
sex variation using PCA with the Pilloud and Scott (2017) dataset for comparison. In this
analysis, the first two principal components accounted for 75.9% of the varkagass(

18). The four study samples in this analysis are in the upper half of the PCA plot and are

distinctly separated from all of the comparative samples.
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Figure 18. Odontometric population and sex variation PCA plot using crown and

cervical measurements.

The summarized loading values for the odontometric combined population sex

variation PCAs when using crown measurements with the Pilloud and Scott (2017) and

Pilloud et al. (2014) datasets as comparison are provided in the lower habile62.

PC1 accounted for 61.4% of the variance and was most influenced by UP4 crown height

(UP4_crn_height:0.151), UM1 cervical mesiodistal diameter (UM1_crx_n@d]51),

and UC cervical buccolingual diameter (UC_crx -Bl149). PC2 accounted for 14.5% of

the variance and was most influenced by UM2 crown height (UM2_crn_heig2@8),




168

UI1 crown mesiodistal diameter (Ul1_crn_m@;271), and LM2 crown height
(LM2_cm_height;-0.256).

Aim #4: Generate statistical models that will aid in the accurate estimation of sex
(assigned at birth) and population affinity of unknown Asian decedents.

All datasets were tested usi¥f techniques and assessed using accuracy, precision,
recall, and F1 scores. As previously discusaeduracyrefers to the number of true
predictions (whether positive or negativiejecisionrefers to the number of true positive
predictions divided by thtal number of positive predictions (Precision = true positives
/ true positives + false positive$§ecallis the measure of true positives divided by the
total number of predicted results (Recall = true positives / true positives + false
negatives). Fially, theF1 scoreis the harmonic mean of the precision and recall
measures; the F1 score is often used to measure the overall health of a classification
model. Because there were more than two targets/labels (i.e., dependent variable groups;
e.g., AsiamPAmerican Female, Asian American Male, Japanese Female, Japanese Male,
etc.) in each analysis, the average for precision, recall, and F1 score was set to
owei ghted, 6 which took into account i mbal a

Therefore, the @&ll score is identical to the accuracy score in each analysis.

Research Question #5 (Q5): Can machine learning statistical methods that include

reference samples from Asia be used to accurately classify the Japanese and Asian

American individuals in thetgdy samples?

Each data type was tested for population affinity (e.g., Asian American, Japanese) and

combined population affinity and sex (e.g., Asian American Female, Asian American
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Male, Japanese Female, Japanese Male) accuracy using ML techniques. The
hyperparameters of each ML technique were tuned as needed. The results and optimal
hyperparameters for each analysis are included below. The highest overall accuracy rates
for each analysis are bolded. Classification results in the form of F1 scoreare als
provided for all groups when testing population and combined population affinity and

sex. Remember that the F1 score is the harmonic mean of precision and recall, and is
therefore, comparable to if not better than accuracy. Because F1 scores foryjbesanal

used in Aim #1 were not available, those accuracy results will be compared to the F1
scores from the ML analyseSupport (n)columns represent the number of individuals in

the test set for each group being tested.

Cranial nonmetrics and macromorphaogics

The cranial nonmetric and macromorphoscopic ML results for population affinity
accuracy for all groups (n = 57) are showable63. Overall, he results are quite low.
Logistic Regression showed the highest accuracy (0.178); althduBHad the highest
F1 score (0.137). When compared to the population affinity estimation analysis using
hefneR Table18), the overall ML accuracies were approximately the same as those
produced by hefneR. However, it should be noted that that current analysis includes

cranial nonmetric traits in addition to crahmacromorphoscopic traits.

Table 63. Cranial nonmetrics and macromorphoscopiitsresults for all groups when
testing population.
DV: Population(n = 57)
ML Optimal
Code Hyperparameters
Logistic Regression LR Cc=01 0.178 0.122 0.178 0.132

ML Technique Accuracy Precision Recall F1
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Linear Discriminant | - 0154 0136 0154 0.136

Analysis
K-Nearest Neighbor KNN n_neighors = 20 0.122 0.105 0.122 0.107
SupportVector o1 ¢ = 1. kemel =rbf 0167 0102 0.167 0.114
Machine
Naive Bayes NB 0.058 0.056 0.058 0.047
Decision Trees DT 0.107 0.107 0.107 0.1
Random Forest ooy, max depth=8 .., g9 162 0095
Modeling n_estimators = 100

activation = logistic;

hidden_layer_sizes

= 50; learning_rate
= invscaling

Multilayer Perceptron MLP 0.177 0.13 0.177 0.137

The cranial nonmetric and macromorphoscopic ML F1 scores for all populations are
shown inTable64 (n = 57groupy, where the two study populationgdrolded. The
results for the two study samples were significantly better than the overall ML accuracy
rates Table63) and the hefneR classificatioseeTable18in Aim #1). For the Asian
American sample, Logistic Regression produced the highest F1 scores of 0.968. For the

Japanese sample, NaBayes produced the highest F1 score (0.842).

Table 64. Cranial nonmetrics and macromorphoscopiits F1 scores for all populations
when testing population.
DV: Population(n = 57)

Population o | pA KNN  SVM  NB DT RFM MLp Support
Code (n)
AA 0968 0727 0800 0857 0909 0500 0500 0903 15
Al 0.000 0.000 0.00 0.000 0000 0.000 0.000 0.000 1
AL 0170 0126 0130 0173 0000 0.139 0.139 0170 77

AMBL 0.632 0514 0.629 0.588 0.750 0.474 0.474 0.667 17
AMWH 0.636 0.545 0.667 0.667 0.651 0.474 0.474 0.650 17
ARM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 20

AT 0.000 0.000 0.083 0.000 0.000 0.022 0.022 0.000 36
AU 0.000 0.000 0.000 0.000 0.000 0.074 0.074 0.000 14
B 0.000 0.125 0.286 0.000 0.313 0.182 0.182 0.381 12
BV 0.000 0.000 0.000 0.000 0.016 0.000 0.000 0.000 2
C 0.173 0.116 0.081 0.144 0.000 0.118 0.118 0.179 69

CAN 0.119 0.165 0.095 0.122 0.000 0.136 0.136 0.140 38
CAR 0.092 0.098 0.110 0.043 0.000 0.071 0.071 0.063 69



CH
CHAT
CHN
Cz
EAR
GAB
GE
GHA

HH
HK
HU

ILL
IND

KEN
MON
MQ

NAL
NFL
NIG

NMV

NN

NPC

NZ

ONT
PEC
PLN
PLT

PT
RU

SAL
SIB
SIE
SLS
SUD
TAN
TF
USB

WH

0.000
0.000
0.000
0.000
0.000
0.000
N/A
0.000
0.000
0.400
0.135
0.000
0.000
0.000
0.000
0.533
0.000
0.000
0.000
0.040
0.098
0.000
0.000
0.332
0.000
0.078
0.000
0.000
0.093
0.295
0.000
0.000
0.000
0.000
0.257
0.048
0.000
0.040
0.000
0.000
0.000
0.000
0.000
0.514

0.154
0.000
0.000
0.000
0.121
0.000
0.000
0.066
0.235
0.324
0.087
0.000
0.000
0.160
0.061
0.700
0.000
0.000
0.000
0.031
0.092
0.000
0.000
0.355
0.000
0.035
0.087
0.000
0.100
0.227
0.039
0.000
0.000
0.000
0.239
0.034
0.000
0.048
0.000
0.000
0.000
0.100
0.029
0.600

0.000
0.000
0.000
0.000
0.064
0.000
N/A
0.000
0.000
0.364
0.023
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.068
0.076
0.000
0.000
0.266
0.000
0.050
0.000
0.000
0.034
0.092
0.000
0.000
0.000
0.000
0.167
0.102
0.000
0.084
0.000
0.000
0.000
0.000
0.000
0.488

0.000
0.000
0.000
0.000
0.000
0.000
N/A
0.000
0.000
0.462
0.047
0.000
0.000
0.000
0.000
0.533
0.000
0.000
0.000
0.000
0.045
0.000
0.000
0.245
0.000
0.103
0.000
0.000
0.000
0.156
0.000
0.000
0.000
0.000
0.263
0.000
0.000
0.048
0.000
0.000
0.000
0.000
0.000
0.580

0.000
0.000
0.074
0.000
0.000
0.000
0.000
0.044
0.174
0.286
0.000
0.000
0.154
0.000
0.000
0.842
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.010
0.000
0.000
0.000
0.000
0.058
0.000
0.000
0.000
0.000
0.000
0.000
0.296

0.000
0.000
0.000
0.000
0.090
0.000
0.000
0.000
0.143
0.250
0.000
0.118
0.000
0.074
0.176
0.267
0.000
0.000
0.000
0.087
0.089
0.000
0.000
0.135
0.000
0.113
0.000
0.000
0.033
0.067
0.000
0.000
0.000
0.000
0.153
0.083
0.080
0.080
0.000
0.000
0.000
0.000
0.029
0.222

0.000
0.000
0.000
0.000
0.090
0.000
0.000
0.000
0.143
0.250
0.000
0.118
0.000
0.074
0.176
0.267
0.000
0.000
0.000
0.087
0.089
0.000
0.000
0.135
0.000
0.113
0.000
0.000
0.033
0.067
0.000
0.000
0.000
0.000
0.153
0.083
0.080
0.080
0.000
0.000
0.000
0.000
0.029
0.222

0.000
0.000
0.000
0.000
0.043
0.000
N/A
0.000
0.000
0.486
0.130
0.000
0.000
0.000
0.000
0.737
0.000
0.000
0.000
0.033
0.069
0.000
0.000
0.295
0.000
0.052
0.000
0.000
0.102
0.309
0.040
0.000
0.000
0.000
0.259
0.040
0.000
0.043
0.000
0.000
0.000
0.000
0.000
0.554

14

75

N/A
10
10
21
32

19
28
11

12
12
41
75
10

72

72
10
11
36
44
46

~

11
126
28
20
56
14

N

58
22
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The cranial nonmetric and macromorphoscopic ML results for combined population
affinity and sex accuracy for all groups (n = 112) are showrable65. Again, the
results are generally podvlLP again showed the highest accuracy (0.098) and F1 score

(0.07).

Table 65. Cranial nonmetrics and macromorphoscopiltsresults for all groups when
testing population and sex combined.
DV: Population & Sex(n = 112)

ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR c=1 0.091 0.071 0.091 0.069
LinearDiscriminant ) 0.084 0077 0084 0.073
Analysis
K-Nearest Neighbor KNN n_neighors = 20 0.064 0.055 0.064 0.055
SupportVector g\, C=0.1kemel= 4495 5056 0095 0.057
Machine linear
Naive Bayes NB 0.024 0.032 0.024 0.02
Decision Trees DT 0.055 0.051 0.055 0.048
Random Forest — ppy,  max depth=8 4495 (058 0,005 0.054
Modeling n_estimators = 50

activation = logistic;

hidden_layer_sizes

= 100; learning_rate
= constant

Multilayer Perceptron MLP 0.098 0.062 0.098 0.07

The cranial nonmetric and macromorphoscopic ML F1 scores for all groups are shown
in Table66 (n = 112groups. The Support column represents the nundbendividuals
in the test set for each group being tested. The study samples (i.e., AA_F, AA M, J_F,
and J_M) are bolded. The results of this analysis were notably better than when
predicting the accuracies for all grougsble65). Naive Bayes performed the best for
predicting Asian American Females (F1 = 0.588), Asian American Males (F1 = 0.667),

Japanese Females (F1 = 0.333), and Japanese Male(615).
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Table 66. Cranial nonmetrics and macromorphoscopits F1 scores for all groups
when testing population and sex combined.

DV: Population & Sex(n =112)

Group LR LDA KNN SVM NB DT RFM MLp Support
Code (n)
AA_F 0400 0286 0500 0429 0588 0250 0500 0.429 8
AAM 0500 0333 0462 0471 0667 0.615 0625 0526 7
ALM 0000 0000 0.000 0.000 0.000 0.000 0000 0000 1
AL F 0094 0113 0074 0.120 0.000 0.088 0.000 0.110 43
ALM 0100 0026 0060 0.073 0.000 0.069 0050 0.026 34
AMBL F 0364 0286 0545 0444 0211 0182 0600 0333 5
AMBL M 0.385 0.286 0455 0560 0.143 0296 0414 0357 12
AMWH F  0.167 0.333 0.000 0167 0250 0000 0267 0.182 8
AMWH M  0.429 0.435 0.483 0500 0000 0240 0538 0519 9
ARM F 0000 0.000 0.000 0.000 0.000 0.00 0.000 0000 8
ARM_M  0.000 0.000 0.000 0.000 0.000 0.000 0000 0000 12
AT F 0000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 17
AT M  0.000 0000 0054 0000 0.000 0059 0.000 0.000 19
AU F 0000 0000 0000 0.000 0.000 0.222 0.000 0000 2
AU M 0000 0.000 0.00 0.000 0.000 0.087 0.000 0000 12
BV F 0000 0000 0.000 0.000 0.000 0000 0.000 0000 1
BV M 0000 0.000 0000 0.000 0.000 0.000 0.000 0000 1
BF 0000 0286 0000 0.000 0000 0000 0000 0000 5
B M 0000 0000 0000 0000 0.267 0.000 0.000 0105 7
CAN F 0047 0108 0045 0000 0.000 0033 0.000 0000 20
CANM 0110 0.140 0035 0.053 0000 0098 0.100 0095 18
CAR F 0034 0080 0026 0000 0000 0000 0.000 0030 32
CAR M 0044 0000 0077 0049 0000 0028 0041 0043 37
CHAT F 0000 0.111 0.000 0.000 0.000 0.000 0.00 0.000 3
CHAT M N/A 0000 0.000 N/A 0000 0000 NA NA NA
CHN_F 0000 0.000 0.000 0.000 0.000 0.00 0.000 0000 3
CHN_M 0000 0.000 0000 0.000 0000 0.000 0000 0.100 11
CHF 0000 0000 0000 0.000 0000 0.000 0000 0000 3
CH M 0000 0000 0000 0.000 0.00 0.000 0000 0.000 6
CZF NA NA NA NA 0000 NA NA NA NA
CZM 0000 0000 0000 0.000 0000 0.000 0000 0000 3
CF 0000 0000 0034 0000 0000 0.000 0000 0.000 25
C M 0092 0038 0090 0096 0000 0034 0080 0077 44
EAR F 0000 0112 0049 0000 0.000 0.122 0.00 0.000 46
EAR M 0040 0041 0.000 0.00 0000 0.042 0.000 0.037 29
GABF NA NA NA NA 0000 NA NA NA NA
GAB.M 0000 0.000 0.000 0.000 0.000 0.000 0.000 0000 1
GEF NA 0000 NA NA 0000 0000 NA NA  NA
GEM NA 0000 NA NA 0000 NA NA NA NA
GHA_F 0000 0.000 0.000 0.000 0059 0.000 0.000 0000 5



GHA_M
HH_F

0.000
0.182
0.429
0.036
0.065
0.000
0.000
N/A
0.167
0.000
0.000
0.000
0.000
0.000
0.217
0.286
0.200
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.077
0.000
0.000
0.000
0.000
0.059
0.155
0.000
0.000
0.000
0.133
0.000
0.000
0.000
0.056
0.000
0.000
0.000
0.069
0.000
0.158
0.000
0.043

0.045
0.154
0.364
0.000
0.000
0.000
0.000
0.000
0.167
0.000
0.000
0.000
0.000
0.100
0.200
0.222
0.333
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.088
0.000
0.000
0.000
0.000
0.120
0.148
0.000
0.000
0.000
0.088
0.154
0.000
0.000
0.056
0.000
0.000
0.000
0.125
0.061
0.138
0.000
0.067

0.000
0.000
0.333
0.000
0.048
0.000
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.065
0.000
0.000
0.000
0.000
0.119
0.110
0.000
0.000
0.000
0.034
0.000
0.000
0.000
0.069
0.000
0.000
0.083
0.000
0.000
0.078
0.000
0.000

0.000
0.000
0.313
0.000
0.000
0.000
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.200
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.030
0.000
0.000
0.000
0.000
0.000
0.131
0.000
0.000
0.000
0.090
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.132
0.000
0.000

0.000
0.286
0.000
0.000
0.000
0.000
0.000
0.000
0.071
0.013
0.000
0.000
0.000
0.000
0.000
0.333
0.615
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.182
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.118
0.000
0.000
0.192
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.059
0.000
0.000
0.000
0.000
0.089
0.080
0.000
0.000
0.057
0.063
0.000
0.000
0.000
0.000
0.000
0.000
0.080
0.000
0.000
0.000
0.000
0.000

0.000
0.000
0.483
0.000
0.000
0.000
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.200
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.047
0.000
0.000
0.000
0.000
0.000
0.199
0.000
0.000
0.065
0.056
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.088
0.000
0.000

0.000
0.182
0.480
0.000
0.053
0.000
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.204
0.286
0.000
N/A
0.000
0.000
0.000
0.000
0.000
0.000
0.079
0.000
0.000
0.000
0.000
0.000
0.180
0.000
0.000
0.000
0.133
0.000
0.000
0.000
0.045
0.000
0.000
0.067
0.067
0.000
0.203
0.000
0.049

14
13
19

N/A
10

(&)

11
17
11

N/A

~N Ol

10
43
32

N O

28
44

26
46

18
23

~

16
20
16
28
19
27
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PT_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1
PT_M 0.000 0.000 0.000 0.000 0.017 0.000 0.000 0.000 6
RU_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4
SAL_F 0.109 0.115 0.062 0.126 0.000 0.018 0.118 0.131 65
SAL_M 0.165 0.166 0.103 0.149 0.000 0.165 0.131 0.179 61
SIB_F 0.000 0.000 0.000 0.000 0.000 0.065 0.000 0.000 15

SIB_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 13
SIE_F 0.000 0.111 0.000 0.000 0.000 0.000 0.000 0.000 8
SIE_M 0.000 0.000 0.000 0.000 0.000 0.143 0.000 0.000 12
SLS_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 26
SLS_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 30
SUD_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 5
SUD_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 9
S F 0.000 0.200 0.000 0.000 0.000 0.000 0.000 0.000 4
S_ M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 7
TAN_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 7
TAN_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2
TF_F N/A  0.000 N/A N/A  0.000 N/A N/A N/A N/A
TF_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2
USB_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4
USB_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4
WH_F 0.105 0.111 0.462 0.429 0.286 0.000 0.000 0.308 8
WH_M 0.368 0.308 0.370 0.364 0.133 0.258 0.367 0.421 14
W_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 25
W_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 33

Dental morphology

The dental morphology ML results for population affinity accuracy for all populations
(n = 9groupg are shown iMable67. Overall, the results are low to modera.P

showed the highest accuracy (0.682) and F1 scores (0.626).

Table 67. Dental morphologWL results for all populations when testing population

alone.
DV: Population(n = 9)
ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR C=01 0.667 0.576 0.67 0.61
Linear Discriminant ) p 0615 0568 0615 0.584

Analysis



K-Nearest Neighbor KNN
Support Vector

Machine

Naive Bayes
Decision Trees
Random Forest

Modeling

SVM

NB
DT

RFEM

Multilayer Perceptron MLP

n_neighors = 20 0.594
C=1;kernel=rbf 0.672

0.255
0.583
max_depth = 8;
n_estimators = 25( Qe
activation =
logistic;

hidden_layer_sizes 0.682
= 50; learning_rate

= invscaling

0.512
0.577

0.557
0.568

0.579

0.592

0.594
0.672

0.255
0.583

0.672

0.682

0.537
0.614

0.256
0.565

0.615

0.626
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The dental morphology ML results for the two study populations are shovable68

(n =9groupg. MLP produced the highest F1 score (0.625) fortkian American

sample, while LDA produced the highest F1 score (0.714) for the Japanese sample. When

compared to the population affinity estimations produced by rASUOASI€19), the

current ML analyses outperformed rASUDAS (25% accuracy).

Table 68. Dental morphologWML F1 scores for all populations when testing population
alone.

DV: Population(n = 9)

Population | o |n  KNN SVM NB DT RFM MLp Support
Code (n)
AA 0.429 0.353 0.308 0.556 0.235 0.400 0.500 0.625 9
AB 0.000 0.000 0.000 0.000 0.213 0.200 0.000 0.000 8
AW 0.687 0.661 0.586 0.672 0.158 0.574 0.692 0.713 65
H 0.000 0.333 0.000 0.000 0.000 0.333 0.000 0.000 4
J 0.500 0.714 0.250 0.400 0.667 0.364 0.364 0.545 6
JJ 1.000 0.977 1.000 1.000 0.889 1.000 1.000 0.977 21
SAB 0718 0.644 0.642 0.740 0.145 0.634 0.731 0.718 62
SAC  0.000 0.000 0.000 0.000 0.244 0.174 0.000 0.000 12
SAW  0.000 0.000 0.000 0.000 0.093 0.000 0.000 0.000 5
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The dental morphology ML results for combined population affinity and sex accuracy
for all groups (n = 18) are shownTmable69. Overall, the resultare low. Linear SVM

and RFM tied with the highest accuracies (0.458) and F1 scores (0.381).

Table 69. Dental morphologML results for all groups when testing population and sex

combined.
DV: Population & Sex(n = 18)
ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR c=1 0.427 0.335 0.427 0.371
LinearDiscriminant ) 0401 0377 0401 0.377
Analysis
K-Nearest Neighbor KNN n_neighors = 10 0.37 0.277 0.37 0.312
SupportVector g\, C=0.1 kemel= 4,58 331 0458 0381
Machine linear
Naive Bayes NB 0.099 0.363 0.099 0.106
Decision Trees DT 0.365 0.38 0.365 0.362
REMEEH FOEES - MECEEPINES  ams gagy guse 004
Modeling n_estimators = 25(

activation = tanh;

hidden_layer_sizes

= 50; learning_rate
= invscaling

Multilayer Perceptron MLP 0.417 0.338 0.417 0.37

The dental morphology ML results for the female and male study samples are shown in
Table70 (n = 18groups. The results of this analysis were ovevabrse than when
predicting the accuracies for all groups ($able69). Decision Trees was the only ML
technique that produced an F1 score abowve 2167) for Asian American Females.
RFM produced the highest F1 score (0.400) for Asian American Males. None of the ML
techniques were able to accurately classify the single Japanese Female, and LDA

produced the highest F1 score (0.571) for JapanesesMal
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Table 70. Dental morphologWML F1 scores for all groups when testing population and
sex combined.

DV: Population & Sex(n = 18)

Group |\ DA  KNN SVM  NB DT REM MLp  Support
Code (n)
AA_F 0000 0000 0000 0000 0000 0.167 0000 0.000 5
AAM 0000 028 0167 0222 0000 0000 0400 0.286 4
AB_F 0000 0000 0000 0000 0000 0000 0.000 0.000 2
AB.M  0.000 0000 0000 0000 0.140 0.143 0.000 0.000 6

AW_F 0.059 0.146 0.122 0.000 0.129 0.238 0.000 0.051 22

AW_M 0.467 0.380 0.289 0.525 0.140 0.364 0500 0.437 43
H_F N/A 0.000 N/A N/A 0.000 0.000 N/A N/A 0
H_M 0.000 0.400 0.000 0.000 0.000 0.400 0.000 0.000 4
JJ_F 0.000 0.000 0.000 0.000 0.148 0.250 0.000 0.000 3
JI_M 0923 0.895 0.923 0923 0.200 0.824 0.923 0.923 18
J_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1
JM 0.400 0571 0.000 0.182 0.000 0.286 0.200 0.308 5

SAB_F 0.444 0400 0.000 0500 0.087 0.200 0.000 0.389 16
SAB_M 0525 0518 0597 0523 0.082 0.524 0559 0.557 46
SAC_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 5
SAC_M 0.000 0.000 0.000 0.000 0.194 0.143 0.000 0.000 7
SAW_F 0.000 1.000 0.000 0.000 0.000 0.000 0.000 0.000 1
SAW_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4

Craniometrics

Thecraniometric ML results for population affinity accuracy for all populations (n = 37
groupg are shown iMable71. Overall, the results are moderstehigh. LDA produced

the highest accuracy (0.789) and F1 scores (0.784).

Table 71. CraniometridVIL results for all populations when testing population alone.
DV: Population(n = 37)

ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR Cc=01 0.775 0.768 0.775 0.765
Linear Discriminant ) 0789 0788 0.789 0.784
Analysis
K-Nearest Neighbor KNN n_neighors = 10 0.628 0.588 0.628 0.581
Support Vector o\, C=0.L kemel = 2,0 o744 0746 0738
Machine linear

Naive Bayes NB 0.532 0.644 0.532 0.566
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Decision Trees DT 0.439 0.466 0.437 0.449
REMEEMIRIES ooy WEPCRIPU SINEITER ) 0653 0.648 0.607
Modeling n_estimators = 500

activation = logistic;

hidden_layer_sizes

= 100; learning_rate
= invscaling

Multilayer Perceptron MLP 0.767 0.767 0.767 0.762

The craniometric ML results for all populations are showhahle72 (n =37 groups.
MLP produced the highest F1 score (0.824) for the Asian American sample, while LDA
produced the highest F1 score (0.588) for the Japanese sample.

The current ML analysis wasmpared to the Fordisc population affinity estimation
analysis using the FDB reference databasdle20). For the Asian American sample,
thecurren ML analysis (F1 = 0.824 for MLP) out
(33% accuracyTable20). However, Fordisc and the current ML analysis perfarme
approximately the same for the Japanese sample (50% accufiatye20and F1 =
0.588 inTable72, respectively).

The current ML analysis was also compared to the Fordisc population affinity
estimation analysis using Howells and some FDB referefiedsg21). For the Asian
American sample, the current ML analysis (
LDA algorithm (42% accuracyfable21). For the Japanese sample, the current ML
analysis (F1 = 0.588 for LDA), which included all Howells and FDB references, did not
produce results as high as the specific comtmnaf Howells and some FDB samples in

Fordisc in this case (76% accura@gble21).

Table 72. CraniometridVIL results forall groups when testing population alone.
DV: Population (n = 37)
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Population o |\ hA KNN SVM NB DT RFM MLp Support
Code (n)

AA 0.750 0.400 0.200 0.667 0.308 0.000 0.000 0.824 9
AD 0.786 0.929 0.581 0.769 0.344 0.345 0.714 0.759 13

Al 0.813 0.857 0.452 0.645 0.350 0.111 0.400 0.759 16
AR 0.640 0.593 0.296 0.560 0.522 0.118 0.353 0.667 13
AT 0.286 0.500 0.222 0.286 0.000 0.000 0.364 0.267 4

AUS 0.872 0.850 0.744 0.718 0.800 0.278 0.864 0.865 21
AY 0.267 0.000 0.235 0.444 0.308 0.308 0.533 0.133 8
B 0.729 0.769 0.527 0.721 0.550 0.356 0.578 0.726 100
BE 0.789 0.744 0.387 0.756 0.526 0.140 0.579 0.744 22
BR 0.905 1.000 0.895 0.952 0.850 0.537 0.776 0.955 21
BU 0.909 0.938 0.867 0.889 0.788 0.545 0.857 1.000 16
DG 0.706 0.865 0.444 0.526 0.588 0.267 0.611 0.667 18

EA 0.000 0.400 0.000 0.286 0.154 0.000 0.000 0.667 1
EG 0.690 0.800 0.421 0.621 0.140 0.000 0.353 0.714 12
El 0.759 0.833 0.769 0.800 0.455 0.059 0.643 0.917 13

ES 0.978 0.978 0.909 0.952 0.780 0.615 0.840 0.955 22
GU 0.667 0.800 0.370 0.609 0.222 0.000 0.182 0.632 10

H 0.463 0.462 0.161 0.364 0.309 0.171 0.154 0.439 48
HA 0.389 0.381 0.133 0.500 0.340 0.242 0.222 0.316 21
J 0.429 0.588 0.182 0.267 0.444 0.000 0.182 0.533 10
Mi 0.780 0.780 0.512 0.700 0.591 0.118 0.583 0.789 19

MK 0.756 0.791 0.471 0.769 0.485 0.178 0.526 0.826 21
NAm 0.400 0.200 0.000 0.400 0.286 0.000 0.000 0.333 4

NJ 0.343 0.421 0.000 0.270 0.074 0.167 0.143 0.286 21
NM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1
NR 0.519 0.500 0.190 0.320 0.424 0.053 0.316 0.645 16

P 0.766 0.792 0.622 0.800 0.500 0.275 0.561 0.783 24

PH 0.353 0.455 0.143 0.250 0.174 0.000 0.133 0.200 12
SC 0.780 0.872 0.632 0.914 0.486 0.171 0.611 0.842 18
SJ 0.424 0.410 0.308 0.471 0.182 0.194 0.182 0.400 14
SM 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3
TAS 0.833 0.720 0.667 0.667 0.500 0.211 0.762 0.643 10

TE 0.750 0.813 0.462 0.714 0.296 0.353 0.435 0.759 16
TL 0.833 0.800 0.696 0.727 0.636 0.143 0.720 0.880 12
w 0.929 0.937 0.833 0.919 0.763 0.807 0.846 0.926 370
ZA 0.387 0.387 0.000 0.333 0.214 0.158 0.000 0.296 16
ZU 0.619 0.703 0.000 0.650 0.182 0.276 0.320 0.615 19

The craniometric ML results for combined population affinity and sex accuracy for all
groups (n = 70) are shownTrable73. Overall, the results are moderate. LDA produced

the highest accuracy (0.682) and F1 scores (0.681).
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Table 73. CraniometridVIL results for all groups when testing pigition and sex

combined.
DV: Population & Sex(n = 70)
ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR C=01 0.667 0.682 0.667 0.654
Linear Discriminant — r, \ 0.682 0.706  0.682 0.681
Analysis
K-Nearest Neighbor KNN n_neighors = 10 0.541 0.518 0.541 0.502
SupportVector gy, C=01 kemel= o) 0.65 064 0.633
Machine linear
Naive Bayes NB 0.514 0.565 0.514 0.525
Decision Trees DT 0.344 0.368 0.344 0.351
Random Forest max_depth = 32;
Modeling RFM n_esfimators = 500 0.56 0.527 0.56 0.516
activation = logistic;
Multilayer Perceptron MLp  nidden_layer_sizes —, o, 0.686 0.672 0.666

= 100; learning_rate
= invscaling

The craniometric ML results for all female and male samples are shovablia74 (n

= 70groups. Logistic Regression and Linear SVM tied for havihg highest F1 score

(0.667) for Asian American Females. Logistic Regression and Naive Bayes both

produced F1 scores of 0.400 for Asian American Males. Naive Bayes produced the best

for Japanese Females (F1 = 0.462), while Logistic Regression produceghihet F1

score of 0.500 for Japanese Males.

When compared to the sex estimation analyses in Foithadte28 andTable29), the

current ML analysis did not perform as well as the Fordisc analyses. These results could

be explained by the differences between the specific samples included in the Fordisc

analyses compared to the current ML analysis. Additionally, the numbsdivitiuals

tested in the Fordisc analyses was larger as some individuals from the Asian American
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and Japanese study samples were used in training the ML models, leaving a smaller

subsample for testing.

Table 74. CraniometridML F1scores for all groups when testing population and sex
combined.
DV: Population & Sex (n = 70)

Group o DA KNN SVM NB DT RFM MLp Support
Code (n)
AA_F 0667 0.444 0.000 0.667 0.286 0.000 0.000 0.500 5
AA M 0400 0.000 0.000 0.400 0.200 0.000 0.000 0.333 4
AD F 0556 0.500 0.625 0.500 0.714 0.250 0.667 0.571 5
AD M 0400 0.400 0.143 0.333 0.286 0.118 0.000 0.462 8
ALF 0556 0625 0.400 0.375 0.429 0.000 0.500 0.471 8
ALM  0.429 0.800 0.333 0.500 0.308 0.190 0.533 0.571 8
AR F 0250 0.545 0.000 0.364 0.333 0.000 0.000 0.182 7
AR M 0714 0429 0.421 0500 0.400 0.133 0.364 0.769 6
AT F 0500 0.286 0.154 0.167 0.000 0.000 0.400 0.250 2
AT M  0.286 0.000 0.143 0.167 0.000 0.200 0.000 0.000 2
AUS_F 0.625 0.533 0.533 0.667 0.824 0.333 0.800 0.533 8
AUS M 0.741 0.750 0.615 0.640 0.560 0.348 0.720 0.750 13
AY M 0500 0.167 0.200 0.421 0.400 0.250 0.435 0.533 8
BE F 0.522 0.545 0.429 0.545 0.455 0.348 0.500 0.545 10
BE M 0.583 0.500 0.500 0.636 0.571 0.100 0.316 0.609 12
BR_F 0.769 0.957 0.870 0.762 0.917 0.500 0.690 0.917 12
BR_.M 0.889 0.900 0.714 0.800 0.842 0.560 0.947 0.857 9
BU F 0526 0.632 0.588 0.556 0.600 0.500 0.632 0.462 7
BU M 0533 0.667 0.333 0.778 0.308 0.400 0.462 0.667 9
B F 0563 0.623 0.370 0.630 0.333 0.274 0.333 0.587 34
B M 058 0647 0.503 0.633 0.467 0.293 0.493 0.614 66
DG_F 0.750 0.842 0.286 0.824 0.667 0.400 0.632 0.706 10
DG_M 0.800 0.889 0.615 0.556 0.556 0.143 0.462 0.700 8
EAF NA NA NA 0000 0000 0.000 NA 0.000 O
EAM 0000 1.000 0.500 0.667 0.667 0.000 0.000 1.000 1
EG F 0706 0.667 0.471 0.737 0.400 0.444 0.286 0.778 9
EG M 0.500 0.545 0.000 0.400 0.100 0.000 0.000 0.667 3
ELF 0.833 0.889 0.800 0.909 0.909 0.000 0.667 0.800 5
ELM 0737 0.769 0.824 0.700 0.640 0.286 0.500 0.706 8
ES F 0880 0.870 0.909 0.917 0.857 0.522 0.815 0.870 11
ES M 0.800 0.900 0.818 0.727 0.870 0.526 0.846 0.857 11
GU_F 0.400 0500 0.333 0.333 0.600 0.000 0.571 0.333 4
GU M 0.364 0.571 0.316 0.286 0.000 0.200 0.000 0.308 6
HA F 0211 0235 0.000 0.190 0.211 0.111 0.222 0.333 11
HA M  0.429 0.421 0.308 0.429 0.211 0.095 0.000 0.429 10

I
.

0.000 0.000 0.000 0.000 0.103 0.200 0.333 0.000 5
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H_M 0.479 0.438 0.111 0.412 0.303 0.092 0.214 0.500 43
J_F 0.333 0.250 0.000 0.444 0.462 0.000 0.000 0.286 5
J_M 0.500 0.444 0.000 0.333 0.444 0.000 0.000 0.444 5
MI_F 0.696 0.762 0.500 0.750 0.609 0.242 0.636 0.857 11
MI_M 0.667 0.600 0.500 0.706 0.609 0.125 0.522 0.800 8

F 0.706 0.700 0.400 0.706 0.500 0.100 0.500 0.737 9
MK_M  0.692 0.640 0.500 0.583 0.455 0.087 0.500 0.667 12
NAm_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2

NAm_M 0.500 0.250 0.000 0.000 0.000 0.000 0.000 0.400 2
NJ F  0.154 0.444 0.000 0.200 0.133 0.125 0.308 0.154 11
NJ M  0.300 0.421 0.000 0.143 0.000 0.000 0.111 0.222 10
NM_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1
NR_F 0.364 0.429 0.167 0.429 0.267 0.200 0.000 0.286 8
NR_M 0.533 0.571 0.222 0.400 0.435 0.105 0.222 0.625 8
PH M 0.444 0.476 0.250 0.222 0.095 0.080 0.105 0.571 12
P F 0.692 0.690 0.583 0.636 0.516 0.476 0.621 0.636 12
P M 0.609 0.667 0.600 0.545 0.476 0.105 0.480 0.741 12
SC_F 0.615 0.818 0.615 0.609 0.696 0.240 0.583 0.696 10
SC_M 0.857 0.588 0.364 0.706 0.308 0.125 0.133 0.769 8
SJ F 0.200 0.471 0.250 0.118 0.200 0.111 0.118 0.261 8
SJ M 0.235 0.174 0.250 0.300 0.118 0.125 0.000 0.250 6
SM_M 0.000 0.000 0.000 0.000 0.000 0.500 0.000 0.000 3
TAS F 0500 0.615 0.667 0.500 0.571 0.250 0.615 0.462 7
TAS M 0.400 0.286 0.222 0.333 0.286 0.000 0.400 0.429 3
TE_F 0.706 0.750 0.286 0.333 0.167 0.471 0.429 0.588 8
TE_.M 0.800 0.714 0.364 0.444 0.625 0.000 0.400 0.571 8
TLF 0.800 0.875 0.667 0.750 0.778 0.200 0.667 0.737 8
TLM  0.571 0.750 0.500 0.333 0.444 0.167 0.600 0.750 4
W_F  0.797 0.836 0.646 0.814 0.599 0.524 0.654 0.825 138
W_ M 0.866 0.869 0.775 0.857 0.770 0.631 0.769 0.863 232
ZA_F 0.000 0.267 0.000 0.000 0.000 0.000 0.000 0.000 8
ZA_ M  0.462 0.353 0.000 0.182 0.000 0.000 0.000 0.333 8
ZU F 0.333 0.462 0.000 0.167 0.200 0.000 0.286 0.364 4
ZU M 0.300 0.381 0.000 0.286 0.240 0.091 0.500 0.455 15
Odontometrics

As with Aim #3 in this research, two sets of odontometric ML analyses were
performed: 1) crown mesiodistal and buccolingual measurements with the Pilloud and
Scott (2017) and Pilloud et al. (2014) datasets and the study samples and 2) crown and

cervical masurements with the Pilloud and Scott (2017) dataset and the study samples.
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The odontometric ML results for population affinity accuracy for all populations are
shown inTable75, where the crown measurements are on the left of each results column
(n = 18groupg, and the crown and cervical measurement results are on the right of each
results column (n = §roupy. Overall, the results are low ftre crown measurements

and moderate to high for the crown and cervical measurements. MLP produced the best
results for the crown measurements analysis (38.9% accuracy, F1 = 0.356), while Kernel
SVM produced the best results for the crown and cervical mevasats (75.4%

accuracy, F1 =0.721).
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Table 75. OdontometridvIL results for all populations when testing population alone.
(Left column: crown measurements= 18 Right column: crown and cervical measurements 5

ML Technique CNclJIEie Optimal Hyperparameters Accuracy Precision Recall F1
Logistic Regression LR c=1 CcC=0.1 0.383 0.737 0.352 0.699 0.383 0.737 0.352 0.71
L'”ea/:r?a'j;sri';“'”a”t LDA 0.377 0.596 0.356 0.626 0.377 0.596 0.35 0.604
K-Nearest Neighbor KNN n_neighors = 20 0.287 0.649 0.298 0.533 0.287 0.649 0.248 0.588

Support Vector o\, C=0.1; kernel = C=10,kermel = |, 375 5754 031 0726 0375 754 0324 0721

Machine linear rbf

Naive Bayes NB 0.205 0.474 0.226 0.608 0.205 0.474 0.195 0.523

Decision Trees DT 0.215 0.333 0.22 0.371 0.215 0.649 0.216 0.35

Random Eorest max_depth =32; max_depth = 8;

. RFM n_estimators = n_estimators = | 0.364 0.649 0.325 0.631 0.364 0.667 0.321 0.589
Modeling - -
500 100
activation = activation =
Multilaver logistic; logistic;
Percep);ron MLP hidden_layer_size! hidden_layer_size; 0.389 0.667 0.359 0.643| 0.389 0.741  0.356 0.605

= 50; learning_rate = 10; learning_rate
= constant = constant
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The odontometric ML F1 scores for all populations are shoWraole76 (n =5
groupsg; the two study samples are bolded. Because the crown and tervica
measurements produced far better results than crown measurements aldablé&Es,
only crown and cervical measurements were included in thigsis. Logistic
Regression produced the highest F1 score (0.727) for the Asian American sample, while
Kernel SVM produced highest F1 score (0.600) for the Japanese sample. When compared
to the population affinity estimation analysis in Fordisc using cnowsiodistal and
buccolingual measurements from Pilloud et al. (2014) Tadde26) for the Asian
American (41%Table26) and Japanese (44%able26) samples, the current crown and
cervical measurements Minalysis produced better results for both the Asian American
(F1 = 0.722 with LRTable76) and Japanese (F1 = 0.600 with Kernel S\ble76)
samples. These results indicate that crown and cervical measurements are better at

estimating both Asian Americans and Japanese individuals.

Table 76. OdontometridVIL F1 scores all populations when testing population alone
using crown and cervical measurements.
DV: Population(n = 5)

Population o |\ hA KNN SVM NB DT RFM MLp Support
Code (n)

AA 0.727 0.552 0.634 0.743 0.276 0.200 0.500 0.483 15
AfB 0.831 0.721 0.774 0.831 0.692 0.456 0.784 0.822 31
AfC 0.000 0.286 0.000 0.000 0.000 0.000 0.000 0.000 1
EW 0.000 0.000 0.000 0.000 0.154 0.000 0.000 0.000 3

J 0.545 0.500 0.000 0.600 0.533 0.400 0.250 0.250 7

The odontometric ML results for combined population affinity and sex accuracy for all

groups are shown ihable77, where the crown measurements arele left of each
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results column (n = 3groups, and the crown and cervical measurement results are on
the right of each results column (n =d@upg. Overall, the results are low for the

crown measurements and moderate for the crown and cervicalrereasts. MLP

produced the highest accuracy (29.1%) for the crown measurements, while Kernel SVM

performed the best for the crown and cervical measurements with an accuracy of 52.6%.
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Table 77. OdontometridviL results for all groups when testing population and sex combined.
(Left column: crown measurements=34; Right column: crown and cervical measurements10)

DV: Population & Sex

ML Technique CNcl)Iae Optimal Hyperparameters Accuracy Precision Recall F1
Logistic Regression LR CcC=0.1 0.286 0.491 0.25 0.539 0.286 0.491 0.239 0.475
Linear Discriminant | 1 , 0279 0281 0268 03 0279 0281 0248 0.28
Analysis
K-Nearest Neighboi KNN n_neighors = 20 0.214 0.474 0.205 0.423 0.214 0.474 | 0.17 0.438
SupportVector g\, C=Lkemel=" C=10kemel =" ,,; 555 0244 0543 027 0526 0233 0497
Machine linear rbf
Naive Bayes NB 0.177 0.368 0.238 0.423 0.177 0.368| 0.17 0.376
Decision Trees DT 0.149 0.386 0.151 0.41 | 0.149 0.386 | 0.148 0.391
Random Forest max_depth = 16; max_depth = 32;
. RFM n_estimators = n_estimators = 0.274 0.491 0.222 0.403 0.274 0.491 0.224 0.423
Modeling - -
250 500
activation = activation =
Multilaver logistic; logistic;
Percep);ron MLP hidden_layer_size! hidden_layer_size{ 0.291 0.509  0.237 0.468 | 0.291 0.509 | 0.242 0.471

= 50;learning_rate = 50; learning_rate
= invscaling = constant
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The odontometric ML F1 scores for all female and male samples are shdailé78
(n = 10groupg; the study samples are bolded. Because the crowvoeamical
measurements produced far better results than crown measurements aldabl&E8,
only crown and cervical measurements were includédisranalysis. Logistic
Regression produced the highest F1 score (0.750) for Asian American Females, while
Decision Trees produced the highest F1 score (0.556) for Asian American Males. All of
the ML techniques produced F1 scores of zero for the JapRepsdes. Logistic
Regression and Kernel SVM tied for producing the highest F1 score (0.286) for Japanese
Males. When compared to the sex estimation analysis in Fordisc using crown mesiodistal
and buccolingual measurements from Pilloud et al. (200a8)1€32) for the Asian
American Females (64%;able32) and Males (70%Table32) and Japanese Female
(40%; Table32) and Males (84%Table32), the current ML analysis produced better
results for Asian American Females (F1 = 0.750 with T&le78) and Males (F1 =
0.556 with DT;Table78) and far worse results for Japanese Females (all F1 scores = 0;
Table78) and Japanese Males (F1 = 0.286 with LR and Kernel Shétdte 78). These
results indicate that crown and cervical measurements are equally as good as crown
mesiodistal and buccolingual measurements for estimating Asian American Females and
Males, while crown mesiodistal and buccolingoedasurements are better for estimating

Japanese Females and Males.
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Table 78. OdontometridVIL F1 scores for all groups when testing population and sex
combined using crown and cervical measurements.

DV: Population & Sex(n = 10)

Group o DA KNN SVYM NB DT RFM MLP Support
Code (n)
AA_F 0750 0.400 0.706 0.667 0632 0364 0667 0706 7
AA_M 0.421 0471 0.250 0500 0.250 0.556 0.154 0381 8
AB_F 0538 0250 0.593 0.621 0571 0.308 0.593 0.640 15
AB_M 0541 0.333 0571 0541 0.308 0.606 0.583 0.579 16
AfC_F 0.000 0000 N/A N/A 0000 0000 NA NA 0
AfC_M 0.000 0.333 0.000 0.000 0.000 0.000 0.000 0.000 1
EWF NA NA NA NA NA NA NA NA 0
EW M 0.00 0.000 0.000 0.000 0.000 0.333 0.000 0.000 3
JF  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1
JM 0286 0.000 0.000 0.286 0250 0.000 0.000 0.000 6
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Research Question #6 (Q6): Would analyzing the combined cranial and dental metric and

nonmetric data using machine learning statistical methiedt$ more accurate population

affinity and sex (assigned at birth) estimations?

All datasets (cranial nonmetrics and macromorphoscopics, dental morphology,
craniometrics, and odontometrics) were combined into a single analysis and tested using
ML technigwes. The hyperparameters of each ML technique were tuned as needed. The
results and optimal hyperparameters for each analysis are included below. The highest
ML accuracy rate for each analysis is bolded. Not all populations were represented in all
four dataets. Therefore, the populations were restructured in this research question to
reduce the amount of imputation needed with the additional objective of more
appropriately representing the populations with data in each dataset. The populations for
the fourindividual datasets (cranial and dental metric and nonmetric) were listed out, and
only populations that were represented in each dataset were retained and then restructured
for this analysis. This process left three main groupings based on geograpbtgmn Afri
Asian, and European.

Cranial macromorphoscopic traits that were not binary or could not be dichotomized
(i.e., ANS, INA, 10B, MT, NAS, NAW, NBC, NBS, NFS, OBS, PTB, PZT, TPS, and
ZS) were removed from the analyses in this research question tchknaitrtount of
imputation needed for the other three datasets. Because the crown and cervical
measurements produced far better results than crown measurements alone (see Q5), only

crown and cervical measurements were included in this analysis.
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The ML resuls for population affinity accuracy for all populations (n gr8upg and

all datasets are shownTrable79. Overall, the results are moderately high. MLP

produced the best results with an accuracy rate of 77.3% and F1 score of 0.773.

Table 79. All datasets combined ML reks for all populations when testing population

alone.
DV: Population(n = 3)
ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR Cc=01 0.755 0.769 0.755 0.754
Linear Discriminant i, \ 0732 0749 0732 0.73
Analysis
K-Nearest Neighbor KNN n_neighors = 10 0.69 0.698 0.69 0.69
Support Vector g\ ¢ = 10; kernel =rbf  0.758  0.769  0.758 0.758
Machine
Naive Bayes NB 0.609 0.652 0.609 0.61
Decision Trees DT 0.685 0.69 0.685 0.685
Random Forest — ppy, - max_depth =32, 255 5765 0758 0.758
Modeling n_estimators = 500
activation = logistic;
Multilayer Perceptron MLP hidden_layer_sizes 0.773 0.783 0.773 0.773

= 50; learning_rate
= constant

The ML F1 scores for all populations are showitable80, where the study samples

are bolded. In this analysis the F1 scores for the three geagpgpulations (i.e.,

African, Asian, and European) were calculated. Additionally, a test set of each of the two

study samples was held out and tested for correct classification into the Asian group.

Logistic Regression, KNN, and MLP tied for the highess€&dres (1.0) for the Asian

American study sample, while LDA produced the highest F1 score (0.727) for the

Japanese study sample. The F1 scores for the geographic populations ranged reached

0.746, 0.763, and 0.796 for the African, Asian, and Europeangtams, respectively,

using MLP.
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Table 80. All datasets combined ML F1 scores for all populations when testing
population alone.
DV: Population

Population o |\ hA KNN SVM NB DT RFM MLp Support
Code (n)
Asian

; 1.000 0.000 1.000 0.000 0.000 0.769 0.000 1.000 8
American

Japanese 0.444 0.250 0.727 0.444 0.444 0.250 0.250 0.444 7
African 0.729 0.729 0.729 0.729 0.536 0.625 0.737 0.746 375
Asian 0.753 0.753 0.753 0.753 0.599 0.693 0.747 0.763 388
European 0.780 0.780 0.780 0.780 0.667 0.720 0.780 0.796 571

The ML results for combined population affinity and sex accuracy for all groups (n = 6)
are shown immable81. Overall, the results are moderate compared to the previous
analysis where population alone was estimatedTabk79), which could be attributed
to the large number of target groups in this analysis. MLP produced the highest accuracy

rate of 56.8% and an F1 score of 0.567.

Table 81. All datasets combined ML results for all groups when testing population and
sex combined.
DV: Population & Sex(n = 6)

ML Technique ML Optimal Accuracy Precision Recall F1
Code Hyperparameters
Logistic Regression LR Cc=0.1 0.57 0.644 0.57 0.562
Linear Discriminant | 0554 0581 0.554 0.557
Analysis
K-Nearest Neighbor KNN n_neighors = 10 0.48 0.493 0.48 0.484
Support Vector g\ c=1:kemel=rfb  0.567  0.665 0.567 0.55
Machine
Naive Bayes NB 0.403 0.469 0.403 0.403
Decision Trees DT 0.455 0.472 0.455 0.461
Random Forest max_depth = 32;
Modeling RFM n_estimators = 500 e Ol O ekl
activation =
Multilayer logistic;

MLP  hidden_layer_sizes 0.568 0.582 0.568 0.567
=100; learning_rate
= constant

Perceptron
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The ML F1 scores for all female and male groups are showahbte82 (n = 6 groups)
where the study samples are bolded. In this analysis the F¥ $optke six geographic
populations (i.e., African Females and Males, Asian Females and Males, and European
Females and Males) were calculated. Additionally, a test set of each of the study samples
was held out and tested for correct classification imceippropriate Asian Female or
Asian Male target group. None of the study sample females (Asian American Females,
Japanese Females) produced-nero F1 scores. By contrast, Asian American Males F1
scores for LDA, KNN, and MLP were 0.667, and Japanesedvilescores for LDA,

KNN, and MLP were 0.600. The F1 scores for the female geographic populations ranged
reached 0.500 (LR), 0.342 (MLP), and 0.635 (LR) for the African Females, Asian
Females, and European Females, respectively. The F1 scores for tigeoggéphic
populations ranged reached 0.629 (MLP), 0.552 (LDA), and 0.668 (SVM) for the African

Males, Asian Males, and European Males, respectively.

Table 82. All datasets combined ML F1 scores for all groups when testing papulati
and sex combined.
DV: Population & Sex (n = 6)

Support
(n)

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4

Group Code LR LDA  KNN SVM NB DT RFM MLP

Asian
American_F
Asian
American_M
Japanese_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4
Japanese_M 0.600 0.000 0.600 0.000 0.000 0.000 0.000 0.600 3
African_F 0.500 0.437 0.436 0.492 0.361 0.381 0.473 0.452 148
African_M 0.609 0.584 0.522 0.619 0.388 0.452 0.596 0.629 227
Asian_F 0.249 0.341 0.320 0.172 0.335 0.288 0.318 0.342 157
Asian_M 0.539 0.552 0.400 0.549 0.105 0.403 0.508 0.551 231
European_F 0.635 0.606 0.504 0.600 0.516 0.506 0.586 0.596 219

0.667 0.000 0.667 0.000 0.000 0.000 0.000 0.667 4
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European_M 0.666 0.660 0.594 0.668 0.585 0.587 0.666 0.667 352

Finally, Table83 shows the overall comparisons for the combined dataset (i.e., all
cranial and dental metric and nonmetric datasets) ML analyses\kesNL results
from the four individual datasets (i.e., cranial nonmetrics and macromorphoscopics;
dental morphology; craniometrics; odontometrics). The combined dataset ML analyses
when analyzing population and combined population and sex for allgfogpB o pul at i on
Al | Groups6 and O6Popul ation & Sex: All Gr o
results than the ML analyses using individual datasets. The combined dataset ML
analyses when studying population alone also produced better resthis $tudy
samples (i.e., Asian American and Japanese
analyses using individual datasets. The final combined ML analyses when estimating
combined population and sex produced mixed results; the combined datasets ML
analyses produced overall better results for the male study samples but produced worse
results for the female study samples compared to the ML analyses using individual

datasets.

Table 83. Combined dataset ML results comparedpecific dataset results.
Did the combined datasets perform better than the following?

Cranlal_ Dental Craniometrics Odontometrics
Nonmetrics morphology
Population: All Groups Yes Yes Equivalent Yes
Population: Study Equivalent Yes Yes Yes
Samples
Population & Sex: All No (within
Groups Yes Yes 10%) Yes
No (F);

Population & Sex: Study

EquivalentBetter No (F); Yes  No (F); Yes No (F); Yes
Samples

o (M) (M) (M)
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Di scussi on

The results of this work will be discussed accordinthé&r specific aims and research

guestions following a brief reflection on identity.

Identity

This dissertation sought to explore skeletal and dental variation in Asian groups,
including a modern Japanese sample from Tokyo and a moderdes#ified sample
from Hawai 6i. The former represented Japan
included individuals from various Asian gr
largely composed of seiflentified Japanese individuals. As a matter ofvemence, the
skeletal <collection from HawaiAdan Amedcan r ef er
though efforts were made where possible to honor the individuality of these people and
theirbackgroundsn this work (see Aim #1). The current autharognizes thaf\sian
Americanis a term that may be reductive with respect to the individual identities of these
people, though this is not the intenti@kamura (1998argues that the terdsian
Americani s not commonly wused in Hawai 0Ii by ind
preference is given to specific group identities, such as ChinesariKdagpanese, and
Filipino. He further asserts thAsian Americans a term used by academics, a privilege
and a truth that is reflected in and acknowledged by this study. This work originally
intended to study variations within and among Japanese, K@ed hai individuals to
better understand these groups and their histories but also to investigate and represent

their similarities and differences in an academic venue. This work deviated from this
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objective due to the current global health crises (@DW). Future work that include
and analyzemultiple groups from Asia and analyzed them as distinct populations would

be a progressive step toward honoring their unique identities.

Aim #1: Test the accuracy of existing@ncestryand sex estimation method and

available reference samples.

Research Question 1 (Q1): Do currantestryestimation methods accurately classify

Japanese and Asian American individuals?

This research question sought to examine the accuracy of existing statistical methods
and refeences databases for the Asian American and Japanese study samples with
respect tancestryand sex (assigned at birth). Cranial nonmetric and
macromorphoscopic, dental morphology, craniometric, and odontometric data for the
study samples were examined sapely using available methods. The cranial
macromorphoscopittom hefneR{ d 6 Ol i vei ra Coel praducadnd Nav e g:
overall poor accuracy rates for the currstoidy samples with pooled Asian American
and Japanese accuracy rates of 19% and 36%, respectively. While the trait methodology
(Hefner 2009) used to build the hefneR application has been tested agaiAsiaron
groups, including American White and AmexrcBlack populationglales and
Kenyhercz 2015and South African White, South African Black, and South African
Coloured groupg$ L 6 Ab b ® ¢ the hafheR applidatioh,)itself, has not been tested.

Further, hefneRar its trait scoring methodology have been tested using Asian groups
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prior to this study. Therefore, these results serve as the first validation of hefneR using
Asian samples.

The dental morphology results from rASUDASd 6 Ol i vei ra Coel ho and
produced similarly low accuracy results for the pooled Asian American ande3apan
samples (further referred t o(RH&)epregsent| e d 6)
the only published validation of the rASUDAS application. The authors noted that
Southeast Asians and Polynesians were consistently misclassified theiinitial
validation of the application, which had an overall accuracy rate of 51.8%. This
percentage represents the overall accuracy rate for the Naive Bayesian model. Further
testing of the application only included American Whites and SouthweiseNat
AmericangScott et al. 2018a)rhe 36% pooled accuracy rate for Asian American and
Japanese study samples represent the first external validation of this method using Asian
samples. Given the overall accuracy of rASUDAS from the applidatoon aut hor s, t h
current studyods results align with the per

The results of these cranial macromorphoscopic and dental morphology analyses
indicate that available methods and reference databases for nonmetric datasgis, t
sometimes vast, are currently unable to capture the range of variation that exists in these
study samples and may need expanded modern Asian reference samples. These methods
should be used with caution with individuals who may be from modern AstbAsian
derived groups.

The craniometric analyses produced better results from Fordisc (Jantz and Ousley
2005) than the nonmetric analyses, particularly when analyzed against the Howells

dataset (56% pooled accuracy) compared to the modern FDB datal®dseo@ed



199

accuracy). Accuracy rates improved when including the Howells dataset in the analyses,
suggesting thagither Howells dataset has older and larger samples or more Asian
samples thadre better able to capture the range of variation in the stauyles, and
thus are better able classify them, thansiimall sample ofmodern Asianndividuals (n =
14)in the FDB database. Recall that the Japanese individuals were most often
misclassified as Guatemalan when using the FDB comparative dataset anddtarate
was the second most frequent misclassification when using the Howells dataset. These
results echo the misclassification of Hispanic individuals as Asian, specifically Japanese,
from Dudzik and Jantz (2016Fo etal. (201924 | so f ound t hat O&Hi spar
second most common classification for Filipino individuals in Fordisc. The results of
these studies together with the current results suggest there are shared population
histories of Central American and Asian groups that persist in the size and shape of the
cranium.

The odontometriancestryestimates in Fordisc using the Pilloud et al. (2014) dataset
were accurate approximately 42% of the time for the pool study sampétsse fidsults
are superior to the cranial macromorphoscopic analysis for this research question and on
par with the dental morphology and craniometric analyses for Q1. However, the Pilloud
et al. (2014) dataset is skewed toward Asian populations, and tleensfs expected to
produce better accuracies than the other analyses.

The individuals in the Japanese and Asian American sampledbaamenpacted by
different geographic, biological, and cultural influenteanthe reference samples. The

failure of existing methods to accurately classify the study samples indicates the variation
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of the study samples, including their unique and vasegallation histories, have not be

captured by the reference datasets used in these methods.

Research Question 2 (Q2): Do current sex estimation methods accurately classify

Japanese and Asian American individuals?

While published validationfor ancestry @gmation methodsresparse, the are even
less validation publications for current sex estimation methodsrall, males (94%
accuracy) were correctly classified approximately twice as often as femalBg%#6
accuracy) for the pooled study samples waging craniometric data, though the
estimates were better for females when using the Howells dataset. Rhellapanese
Femalesample lad an 80% correct classification with the Howells dataset. These results
suggest that the Howells dataset is bettde to capture the range of sexual dimorphism
in the Asian American and Japanese study samples than the FDB database, especially for
Japanese Females. This difference could result from the temporal or size differences in
t he two dat ab atengpsrdly relaieg,dhke difteriercas betwedn the
analyses with the Howells and FDB datasets could be explained by variance in sexual
dimorphism in populations over time (e.@allman 2019)

Dudzik andJantz (2016) tested Japanese accuracy rates in Fordisc using the FDB
database. They found accuracy rates of 20.4% and 33.3% for Japanese Males and
Japanese Femal es, respectively. These resu
results (95% for Japaredales, 47% for Japanese Females). Notably, Dudzik and Jantz
(2016) collected data from different Japanese skeletal collections than the current study.

The disparity in the results between the current study and Dudzik and Jantz (2016) may
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also illuminatepotential cranial variation in Japanese groups that may make these
individuals difficult to classify depending on their origin and degree of genetic drift
and/or gene flow.

In the odontometric analysis of sex estimations, males (76% pooled accuracy) were
again classified correctly more often than females (56% pooled accuracy), though the gap
in pooled accuracy rates was significantly smaller in this analysis than when testing
craniometrics for sex estimation. This indicates that odontometrics may beabetter
estimating sex than craniometrics or specifically that the Pilloud et al. (2014)
odontometric dataset may exhibit greater degrees of sexual dimorphism than the FDB and
Howells datasets. It is also important to remember that the Pilloud et al. (20dgbtdat
skewed toward Asian groups, and thus may be particularly good for assessing variation in
Asian populations.

The Japanese Females (40% accuracy) and Males (84% accuracy) had a larger disparity
in accuracy rates than Asian American Females (64%acguand Males (70%
accuracy) in this odontometric analysis. The difference in females and males between the
Japanese and Asian American samples could be explained by temporal changes in sexual
dimorphism in populations. In this case, environmental diffees in Japan versus
Hawai 0i could have also contributed to the
study sampledt should also be noted that current binary sex categories in forensic
anthropology do not always reflect the rangéwian variatioamong sexes within or
among populations, which results in inaccurate estimations and erasure of individuals
who do not fall within this binary categorization of sex skeletally or with respect to their

selfidentified gende(Tallman et al. 2021a)
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Aim #2: Evaluate the impact of evolutionary processes on East Asian skeletal traits

through an examination of multiple datasets.

Research Question #3 (Q3): Which microevolutionary pseEshave most influenced

Japanese and Asian American cranial and dental traits?

In alignment with the call to reform proposed(Ross and Pilloud 2021this research
guestion analyzed the impact of evolutionary forces on the Japanese and Asian American
study samples to Iimprove our understanding
situate this variation whiin forensic anthropology. Specifically, Q3 investigated the
influence of genetic drift and gene flow on the skeletal and dental trait variation in the
Japanese and Asian American samples.

In the cranial nonmetric and macromorphoscopic TMD analyses, the American
and Japanese study samples exhibited the greatest degree of genéitie driffhest &
values in the analysesyith the exception of the MaMD analysis, where the American
Indian comparative sample had the most genetic drift. As expdbte results reflect
the geographic and subsequent genetic isolation experienced by Japanese and Asian
American individuals throughout their population histories, including geographic
isolation due to living on islands as well as cultural isolationlikety assortative
mating.These results also confirm the degree of isolation experienced by the Japanese
during the Tokugawa period when the island chain was shut off to external influence for
200 years.

The analysis with the study samples compared t©8senberg dataset demonstrated

the lowest percentage of among population variation (8.6&gjgesting more similarities
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shared among these populationsttidferences These results could be caused by the
traits in the analysis or by the mathematicshefc¢alculation, itself. For the former, the
cranial nonmetric traits in the Ossenberg analysis may exhibit more similarities across
populations than the cranial nonmetric traits in the FDB analysis, which hag aalle
of 21.6%. While this perentage is large, it does not reach the highest knewaafues
found in aboriginal group&avalli-Sforza et al. 1994Jor the latter possibility, the
Ossenberg analysis had the largest number of samples in the analysis comjbared to
FDB and MaMD analyses, which could have contributed to this analysis having the
lowest Fstvalue.Fstis commonly thought to be affected by sample @&tkaik 2012;
Willing et al. 2012) which could make iess sensitive to larger numbef samples in a
single analysis and, therefore, less capable of group separation.

In thedental morphology TMD analysis, the Japanese study sample exhibited the
greatest degree of genetic drift, while the Asian American sample fell in the middle. This
analysis indicates that the Japanese dent a
history of geographic and cultural isolatiofnother possibility ighat certain traits such
as incisor Shoveling retained trait dominafiEdgar and Ousley 2016 the Japanese
sample which is supported by the higher frequencies of Shoveling in the Japanese
sample compared to the Asian Antan sample (se€able55in the Results chaptery
comparison, the dent al mor phol ogy of Asi an
history to the degree of the Japanese sample or Asian American dental lomypéo
more sensitive to gene flow. These results suggest that cranial nonmetric traits are more

sensitive to the population histories of the study samples than dental morphology traits.
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Like the cranial nonmetric analyses, the Japanese and Asian Amglticly samples
exhibited the greatest degree of genetic drift in the craniomeimatix analysis.
Similar to the Ossenberg cranial nonmetric analysis, this analysis had a large number of
samples for comparison and produced o 3.8%. These resultarther suggest that
the calculation of &ris influenced by the number of samples in the analysis.

In the odontometric Rnatrix analysis using crown measurements, the Japanese and
Asian American study samples fell in the top-tinied and lower onghird of the
samples in terms of values, respectively. By comparison, the Japanese and Asian
American study samples in the crown and cervical measurements analysis exhibited the
greatest and lowest degrees of genetic drift, respectively. This finding sutiges
crown and cervical measurements may be more sensitive to microevolutionary forces
than crown measurements alone. Another consideration is sample size. The individual
sample sizes in the Pilloud et al. (2014) dataset (in crown measurements awalesis)
far larger than the Pilloud and Scott (2017) samplesTabk7 in the Materials
chapte), which served as the only comparative dataset iorth&n and cervical
measurements analysis. The larger sample sizes in the crown measurements analysis
seem to have captured more population variation and subsequently affected the
calculations. For example, the European sarffpden the Pilloud et al. 201dataset)n
the crown only analysis included 758 individuals, while the European \8dmt@le from
South Africa (from the Pilloud and Scott 2017 datasefuded only 12 individualésee
Table7 in the Materials chapterfhe European sample was found to be more impacted
by genetic drift than the European White sample in the crown measurements analysis.

Overall, the odontometricRatrix analyses sugdethat while crown and cervical
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measurements seem to be more impacted by microevolutionary forces, more balanced

samples sizes are needed to further support this conclusion.

Aim #3: ldentify skeletal and dental variation among modern Asian populations

that can be used in a medicolegal context.

Research Question #4 (Q4): Can Japanese and Asian American individuals be

differentiated from global reference samples and from each other?

Mahalanobis distances, PCoA plots, and trait frequencies were used eayralyp
separation related to population and trait variation in the nonmetric datasets. In the cranial
nonmetric and macromorphoscopic TMD analyses, the FDB and MaMD analyses were
better able to achieve group separation compared to the Ossenberg antadypzor
group separation in the Ossenberg analysis, as in the Ossenberg analysis in Q3, may be
associated with the large number of samples in the Ossenberg dataset and/or the
potentially low discriminatory power of the cranial nonmetric traits includetis
dataset. Notably in the Ossenberg analysis, the Japanese sample was found to be most
dissimilar (largestBv al ue) t o Ossenbergés North Japan
individuals born in the 1800s and early 1900s. This sample would normally be expecte
to align with the two study sampldse to their shared historigsarticularly with the
Japanese sample. Further, the trait frequencies for the study samples in the Ossenberg
analysis were relatively low. By comparison, the trait frequencies in the FDB and MaMD
analyses may be more related to population and, thust begihore informative. For

example, the Asian American and Japanese frequencies of Palatine Tori, Mastoid
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Foramina, and Accessory Lesser Palatine Foramina in the study samples within the FDB
analysis distinguish the study samples from the FDB comparaimplss, while the

traits in the Ossenberg analysis did not readily separate the study samples from the
comparative samples. Therefore, the Ossenberg dataset may not be ideal for assessing
population and trait variation in Asian and Asiderived groups.

The dental morphology traits in the TMD analysis were particularly successful at
establishing group separation, as shown in the PCoA plot for this analysis. As expected,
the study samples displayed higher frequencies of Shoveling and Double Shoveling than
the comparative samples. Enamel Extensions have also been documented to be most
common in East Asian and New World populations (Scott and Irish 2017), which was
confirmed in the current study samples with moderate frequencies of LM1 and LM2
Enamel ExtensiondNovel to this work is the distinguishing power of Dental Crowding in
the Asian American and Japanese samples versus the comparative samples. Dental
Crowding trait scoring was only recently standardized by Pilloud (2018), and this work
represents the firguantified study of Dental Crowing in Asian populations. The results
of this study show that upper and lower Incisal and Lateral Dental Crowding (i.e.,
Ul2_DENCRO, UP4_DENRCRO, LI2_DENCRO, and LP4_DENCRO) are useful traits
in distinguishing Asian and Aainrderived populationgMaier 2017)also found Dental
Crowding to be useful in group separation.

Mahalanobis distances, PCoA plots, and PCA analyses were used to analyze group
separation related to population, sex, and trait variation in the metric datasets. In the
craniometric population variation analyses, the Asian American and Japanese study

samples were significantly separated from all comparative samples, with the notable
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exception of the Norse sample. As the PC loading values of the PCA analysis indicated
that cranial measurements related to facial flatness most influenced variance on PC1 and
projections and facial breadth influenced PC2, it can be concluded that tlee Asiemn
American, and Japanese samples shared similarities in these craniofacial measurements.
The current findings of facial flathess and transversely projecting faces in the study
samples is supported by Hanihara (2000). While the significant differémtieese
morphological features between the study samples and the Asian comparative samples
was somewhat unexpected, these differences can be useful in specifically distinguishing
Asian Americans and modern Japanese individuals in a medicolegal context.

In the craniometric combined population and sex variation PCA, the Asian American
Females and Males and the Japanese Females and Males were not well separated from
the comparative samples, unlike in the craniometric population variation analysis.
Therefore it should be easier to separate populations than combined population and sex
groups in the subsequent ML analyses. Since there was a large number of groups in the
craniometric combined population and sex PCA analysis (n = 70), it is understandable
that goup separation would not be extremely clear. However, there are examples of
clustering according to geography and shared population histories. For example, the
Asian American Males and Japanese Males are located near the North Japan Males,
Hainan (ChinegeMale, and East Asian Male comparative samples in the lower left
guadrant (seBigurel2). The Asian American Females and Japanese Females are also
nearby the comparative samples for East Asian Females, Hainan (Chinese) Females,
North Japan Females, and South Japan Females in the lower right quadrant. Notably the

Asian American Female study sample is close to the East Asian Male sample, indicating
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redued sexual dimorphism, which has been documented in Asian populations (e.g.,
Tallman 2019). In the craniometric population variation PCA results, the craniometric
combined population and sex variation PCA PC1 loading values suggest that the
morphology of tle middle face, including shape and projection of the nose, is most
influential in group separation. While PC2 was most influenced by facial breadth and
projection measurements in the population variation analysis, the angles connecting
nasion, basion, arlregma were more influential in separating groups across PC2 in the
combined population and sex analysis. These results suggest that morphology and angles
of the connections between the facial skeleton and the neurocranium are useful in
distinguishing sex.

In the odontometric population variation analyses, crown measurements (mesiodistal
and buccolingual) and crown and cervical measurements were compared in separate
analyses. The PCoA plot of the crown measurememsiix analysis showed that the
Japanes sample was clearly separated from all other samples, while the Asian American
study sample was clustered with multiple comparative samples, including several African
samples. In the crown and cervical measurements R matrix, PCoA plot again showed the
Jaanese sample distinctly separated from all others across PC1, the Japanese and Asian
American samples had little separation across PC2. Therefore, crown and cervical
measurements were better at separating groups overall, but they were also superior in
identifying the shared histories of the study samples. In the odontometric population
variation PCA, crown and cervical measurements were again superior at group separation
compared to crown only measurements. The success of group separation when using the

crown and cervical measurements was specifically attributed to crown height and cervical
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measurements, which were not included in the crown measurements PCA. Further, the
crown measurement analyses included more groups than the crown and cervical analyses,
which likely attributed to the results. Also, including Asian comparative samples in the
crown and cervical measurements analysis would be useful in further exploring trait
variation within and between populations.

The odontometric data were also analyzedctombined population and sex variation
using PCA. Similar to the craniometric population and sex variation PCA results, the
odontometric analysis when using crown measurements was not able to distinctly
separate groups, possibly due to the number of griouiine analysis (n = 36). This
analysis also lacked clear geographic groupings. By contrast, the crown and cervical
measurements PCi = 12sample} was better able to separate the population/sex
groups. As with the odontometric population variation PDAalysis, variance of the
principal components was also most influenced by crown height and cervical
measurements. Taken together, the odontometric PCA results support utilizing crown and
cervical measurements for variation (population and combined pimpuéand sex)

analyses rather than using crown measurements alone.
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Aim #4: Generate statistical models that will aid in the accurate estimation of sex

(assigned at birth) and population affinity of unknown Asian decedents.

Research Question #§5): Can machine learning statistical methods that include

reference samples from Asia be used to accurately classify the Japanese and Asian

American individuals in the study samples?

This research question tested the accuracy and thus the validityoafsit. methods
in comparison to existing methods and reference databases for each dataset. The cranial
nonmetric and macromorphoscopic ML population analysis outperformed the existing
classification method (hefneR) for the Asian American and Japanegesaigles,
possibly due to the inclusion of cranial nonmetric traits in the analysis along with the
expanded sample sizes afforded by the FDB and Ossenberg reference databases. The
study samples also had better individual F1 scores in the populationxaambdesis than
when all groups were evaluated together using population and sex. However, the
substantial number of samples in the ML analyses where all groups were being evaluated
seemed to significantly decrease the distinguishing power of the ML ¢tee®miThese
results indicate that while specificity may be good as observed in the hefneR vs ML
comparison, there may also be such a thing as too much specificity (e.g., in the form of a
vast number of samples in a single analysis). For example, thel crammaetric and
macromorphoscopic ML analyses included the largest sample numbers (n = 70 for the
population analyses, n = 112 for the combined population and sex analyses) and produced
overall poor accuracy and F1 scores, especially in comparison tatheretric and

odontometric crown and cervical ML analys€ke level of heritability for cranial
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nonmetric traits cannot be excluded as a contributor to these low resuki$2016)

similarly found par classification results when testing the validity of using cranial
nonmetric data for ancestry estimation, which they concluded was due to the nature of the
cranial nonmetric data, itself. Furthéne cranial nonmetric and macromorphoscopic ML
analysedikely had too many target groups for their algorithms to distinguish, which may
also have contributed to the low correct classification results for all groups. Therefore,
finding a balance in specificity with the number of samples in a single comparative
analysis would be ideal. Notably, the cranial nonmetric and macromorphoscopic ML
analyses were able to correctly predict the population and combined population and sex
of the Asian American and Japanese study samples with overall moderate to high F1
scores suggesting that the comparative Asian and Adienived samples in the FDB,
Ossenberg, and MaMD databases together were useful in explaining the variation
observed in the study samples.

The dental morphology ML analyses produced overall far betterct@tesssification
results for all groups than the cranial nonmetric dataset, though the dental morphology
analyses had far fewer target groups in the analyses. However, the dental morphology
ML F1 scores for the Asian American study sample were on pathage produced by
the cranial nonmetric analyses. The dental morphology ML results were approximately
10-20 percentage points lower than the craniometric and odontometric crown and
cervical measurements ML analyses for population and combined populaticeya
The results of this analysis suggest that while dental morphological traits do have a

heritable componerfHubbard et al. 2015; Scott and Turner 1997; Scott et al. 2018b)
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this link may nobe as strong as other datasets (e.g., craniometrics and odontometrics,
forthcoming discussion).

The craniometric ML analyses produced the best results for population affinity
(accuracy = 78.9% for LDA) of all the datasets. Interestingly, the craniomelric M
analyses had a large number of target groups in the population (n = 30) and combined
population and sex (n = 70) analyses, which is approximately half the number of target
groups included in the cranial nonmetric and macromorphoscopic ML analyses. While
there are undoubtedly more samples in the cranial nonmetric analyses, the relatively large
number of target groups in the craniometric ML analyses paired with the moderately high
accuracy results for these analyses suggests that craniometric data aoe supemial
nonmetric data in assessing both population affinity and sex. Further, craniometric data
have been linked to genetic variation (mtDNA, @derrera et al. 201, geographic
patterning, and environmental influences, throughout the literature, incluelmgntin
(1972) Roseman and Weaver (200Relethford (2004)andSpradley and Stull (2018)
These linkages were also supported in the current analysis.

Finally, the odontometric ML analyses using crown and cervical measurements
produced the secorkst reults for population affinity (75.4% accuracy with SVM),
while the odontometric crown only ML analyses produced results (38.9% accuracy with
MLP) between the cranial nonmetric and dental morphology ML analyses. The
odontometric ML analyses for combined p&ation and sex were approximately 20
percentage points lower, which may be attributed to the doubled number of target groups

in the analysis. These results suggest there is a heritable com(feitleantl and
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Kenyhercz 2016; Townsend and Brown 198)t perhaps biological variation is better

explained with the addition of crown height and cervical measurements.

Research Question #6 (Q6): Would analyzing the combined cranial and dental metric and

nonmetric data using machine learning statistical methods yield more accurate population

affinity and sex (assigned at birth) estimations?

Remember that the populationsed in this research question were restructured into
geographic groupings (African, Asian, and European) due to the limited amount of data
for other populations across the four datasets. To reiterate, the purpose of this
restructuring was not to fit the sitamount of human variation intiee 3-group model,
but rather to properly represent the data in each dataset and reduce the amount of missing
data imputation. If all groups were retained for this analysis, a significant amount of
imputation would have lem required, which would have likely distorted the actual data
and the individuals they represent. More specifically, the amount of data imputation that
would have been required may have left with combined cranial/dental nonmetric/metric
dataset with morenputed data than actual data. Various populations would have
consisted of purely imputed data for some of the datasets. These considerations led to the
decision to restructure the data into broad geographic groupings. This work recognizes
the potential cliural erasure that could result from this decision, both erasure of total
groups and the cultural erasure caused by essentially masking the variation of smaller
groups with that of larger groups within the same geographic space, which could further

margiralize underrepresented groups. The current author hopes to increase samples sizes
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across the datasets in the future to avoid causing these crises to cultural and individual
identity, and the author recommends that other researchers do the same.

Overall, the population affinity ML analyses with combined datasets and restructured
populations produced moderately high results for all groups, while the combined
population and sex ML analyses produced moderate classification results for all groups.
With respectad the study samples, the results suggest that combining the datasets was
advantageous when estimating population, but the results were mixed when estimating
population and sex. Specifically, the study sample females were not more accurately
classified whernusing the combined datasets compared to the individual dataset ML
analyses in Aim #3. By comparison, the study sample males were more accurately
classified in the combined dataset ML analyses than in Aim #3. These results suggest
that larger samples sgéor Asian Americans and Japanese individuals are needed to be
capture the range of variation exhibited in these groups; specifically, more female data
are needed.

Future work in this avenue may consider two-naurtually exclusive options: 1)
estimatingpopulation affinity and sex separately and 2) a midtied approach to
estimations. For the first option, sex only estimations are likely to produce higher
accuracies because only two groups would be included in the analyses (i.e., male and
female), andhe current results suggest that estimating population alone can produce
moderately high accuracy rates. Combining population and sex seems to be problematic
as this approach increases the number of samples in the analyses and may make it more
difficult for the algorithm to distinguish between the groups. For the second option, a

multi-tiered approach could involve first estimating the broad geographic population
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affinity of an unknown individual followed by a more detailed estimation that includes
sampledrom that geographic region. This option could help to narrow down the specific
population affinity of the individual if desired, but it would not make this level of
specificity necessary to the analysis. This would allow the researcher to control the leve
of specificity and make the analysis more pliable and thus potentially more appropriate

for various uses in research and in forensic application.
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Concl usi ons

The current research undertook a mfdtieted and mukilataset (cranial and daht
metric and nonmetric) approach to understanding the population and sex variation in
Japanese and Asian American groups by addressing the following aims: 1) test the
accuracy of existing population affinity and sex estimation methods and available
reference samples, 2) evaluate the impact of evolutionary processes on East Asian
skeletal traits through an examination of multiple datasets, 3) identify skeletal and dental
variation among modern Asian populations that can be used in a medicolegal codtext, an
4) generate statistical models that will aid in the accurate estimation of sex (assigned at
birth) and population affinity of unknown Asian decedents.

For Aim #1, the present study found that current methods, particularly cranial
macromorphoscopics, faib accurately classify Japanese and Asian American
individuals with respect to ancestry. Additionally, Japanese and Asian American Females
were often misclassified as males. Therefore, the reference samples for Asian
populations, particularly for femalesged to be increased. Further research is also
needed to understand the degree of sexual dimorphism in Asian populations
geographically and temporally.

For Aim #2, the Japanese and Asian American study samples were generally found to
have high degrees gknetic drift, which was expected given their geograpbsitioning
as island populations along with cultuisdlation(i.e., likely assortative mating and their
unique population historiesJo better understand regional influences of genetic drift and

gene flow, it would be advantageous to increase sample sizes from various Asian groups.
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A deeper knowledge of the impact of these microevolutionary forces on populations from
different regions of Asia could further illuminate trait variation, which cauldirn assist

in forensic casework and would do due diligence to placing human variation within an
evolutionary framework.

For Aim #3, the current work found the Japanese and Asian American study samples to
be distinguishable from comparative referenaaas in the population variation PCAs.
However, the combined population and sex variation PCA results were less clear. The
number of samples in these analyses seemed to have reduced the distinguishing power of
the statistics; therefore, a large numbesarhples in a single analysis is not
recommended when studying human variation.

Finally, for Aim #4, combining the cranial and dental, metric and nonmetric datasets
into a single analysis while restructuring the populations into broad geographic groups
generally improved the accuracy of population affinity and combined population and sex
estimations for all groups. This approach also improved the estimation accuracy for
population affinity for the two study samples. However, the approach was not able to
accurately classify the females in the Japanese and Asian American study samples.
Similar to the results from Aim #1, these results suggest a need for larger female samples
from Asian populations and a deeper understanding of the sexual dimorphism in these
groups.

Overall, the results of this study show that a middle ground is needed in terms of the
number of populations in a single analy8iased on this researchmultitiered
approachs suggestedvhere the first level of analysis would serve to esen@oader

population affinity (e.g., European, African, Asian, Native American, Pacific
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Islander/Oceania) and the second level would dive deeper into the broad estimation and
include regional reference samples for comparison to provide afimexgrained
estimation (e.g., Asian American, Japanese, Chinese, Korean, Vietnamese).

This workalsoconsidered the implications of the terminology usethis projecto
describe human variation by clearly stating the definitions emplfmyexthd assumptions
of each term used in this research. Efforts were made teibelasive and accurate as
possible when choosing terminology, including identifying the study saraples
JapanesandAsian Americarand referring to human variation pspulation affinity To
re-iterate, the ternpopulation affinitywas chosen as opposed to similar termsrioe
andancestrybecausgopulation affinitypestencompasses the range of lamvariation
within and between populations in biodistaacalyses, including the biological,
cultural, and geographic implications from their historical p&st$ining and clarifying
terminology isnecessary to be transparent in how and why terms addasausevords
have meaning, and they mattespecially in research such as thiilsese steps are critical
to being a responsible anthropologist.

This researcipresented a unique and holistic approach to understanding skeletal and
dental variation byimultaneously investigating multiple datasets, testing current
methods, examining microevolutionary influences, and testing potential ML methods.
This approach could be applied to future investigations of human variation related to
population affinity andgex variation. The data collected in this project will be shared
with researchers upon request to include in other existing methods of population affinity

and sex estimation. These data may also be shared and included in existing databases,
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such as rASUDASScott et al. 2018a), hanihaRa (Kenyhercz et al. 2019b), and the

MaMD (Hefner 2018).
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Appendi x A

Table 84. ShapireWilks test results for normality for the craniometric datasets by study

sample.
Mann-Labrash Osteological Jikei University School of
Collection (Hawai'i) Medicine (Japan)
-Ic-;r:éte Shapiro statistic ~ p-value  Shapiro statistic ~ p-value
GOL 0.884 0.037 0.940 0.354
NOL 0.915 0.121 0.952 0.524
BNL 0.954 0.516 0.863 0.022
BBH 0.941 0.334 0.978 0.947
XCB 0.972 0.857 0.904 0.092
XFB 0.954 0.518 0.967 0.783
WFB 0.910 0.099 0.927 0.217
ZYB 0.943 0.352 0.917 0.148
ASB 0.976 0.918 0.935 0.293
BPL 0.892 0.050 0.958 0.621
NPH 0.962 0.661 0.925 0.207
NLH 0.949 0.442 0.980 0.963
JUB 0.953 0.500 0.870 0.027
NLB 0.952 0.490 0.936 0.300
MAB 0.945 0.387 0.911 0.122
MAL 0.941 0.331 0.977 0.933
MDH 0.918 0.138 0.968 0.809
OBH 0.834 0.006 0.931 0.249
OBB 0.921 0.155 0.924 0.193
DKB 0.968 0.774 0.988 0.997
NDS 0.947 0.415 0.922 0.182
WNB 0.940 0.321 0.864 0.022
SIS 0.949 0.446 0.973 0.883
ZMB 0.959 0.607 0.714 0.000
SSS 0.945 0.378 0.958 0.630
FMB 0.934 0.251 0.841 0.010
NAS 0.898 0.063 0.949 0.467
EKB 0.966 0.736 0.919 0.164
DKS 0.968 0.788 0.932 0.262
IML 0.987 0.995 0.962 0.694
XML 0.969 0.801 0.886 0.048
MLS 0.905 0.082 0.887 0.049
WMH 0.934 0.256 0.964 0.742
GLS 0.879 0.031 0.945 0.421
STB 0.968 0.781 0.963 0.721
FRC 0.937 0.285 0.954 0.558
FRS 0.969 0.806 0.907 0.102
PAC 0.948 0.426 0.936 0.298
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PAS 0.984 0.982 0.873 0.031
ocCC 0.959 0.606 0.963 0.716
OCS 0.886 0.039 0.930 0.245
FOL 0.961 0.643 0.946 0.424
FOB 0.925 0.177 0.907 0.106
NAR 0.981 0.964 0.909 0.113
SSR 0.975 0.897 0.921 0.174
PRR 0.953 0.510 0.972 0.865
DKR 0.978 0.931 0.922 0.184
ZOR 0.969 0.805 0.934 0.285
FMR 0.922 0.159 0.964 0.740
EKR 0.933 0.247 0.936 0.301
ZMR 0.973 0.871 0.926 0.210
AVR 0.977 0.927 0.943 0.391
BRR 0.947 0.414 0.941 0.357
VRR 0.921 0.152 0.967 0.780
LAR 0.908 0.092 0.940 0.344
OSR 0.936 0.275 0.917 0.149
MOW 0.935 0.264 0.936 0.302
UFBR 0.889 0.045 0.929 0.234
UFHT 0.990 0.999 0.958 0.621
NAA 0.927 0.193 0.913 0.129
PRA 0.957 0.571 0.968 0.813
BAA 0.875 0.026 0.925 0.201
NBA 0.956 0.565 0.972 0.867
BBA 0.915 0.120 0.976 0.922
BRA 0.945 0.377 0.940 0.354
SSA 0.963 0.692 0.963 0.723
NFA 0.899 0.064 0.924 0.199
DKA 0.958 0.594 0.944 0.399
NDA 0.982 0.971 0.944 0.399
FRA 0.960 0.634 0.972 0.867
PAA 0.926 0.187 0.965 0.746
OCA 0.919 0.141 0.955 0.573

Table 85. ShapiroWilks test results for normality for the craniometric datasets by sex.

Females Males
-Ic-:r(iljte Shapiro statistic p-value Shapiro statistic p-value
GOL 0.966 0.713 0.932 0.292
NOL 0.928 0.180 0.938 0.358
BNL 0.905 0.071 0.968 0.831
BBH 0.937 0.262 0.946 0.463
XCB 0.935 0.242 0.962 0.735
XFB 0.953 0.470 0.960 0.692
WFB 0.969 0.785 0.940 0.385




ZYB
ASB
BPL
NPH
NLH
JUB
NLB
MAB
MAL
MDH
OBH
OBB
DKB
NDS
WNB
SIS
ZMB
SSS
FMB
NAS
EKB
DKS
IML
XML
MLS
WMH
GLS
STB
FRC
FRS
PAC
PAS
ocCcC
OCS
FOL
FOB
NAR
SSR
PRR
DKR
Z0R
FMR
EKR
ZMR
AVR
BRR
VRR

0.939
0.980
0.974
0.941
0.917
0.859
0.960
0.937
0.961
0.958
0.937
0.899
0.973
0.910
0.908
0.976
0.939
0.964
0.927
0.962
0.967
0.965
0.958
0.887
0.868
0.957
0.916
0.941
0.952
0.949
0.949
0.878
0.974
0.916
0.938
0.936
0.954
0.982
0.968
0.982
0.950
0.963
0.952
0.945
0.968
0.965
0.940

0.275
0.947
0.861
0.296
0.115
0.012
0.605
0.255
0.618
0.564
0.254
0.055
0.855
0.087
0.081
0.906
0.281
0.681
0.171
0.635
0.745
0.705
0.568
0.034
0.016
0.540
0.108
0.296
0.465
0.409
0.408
0.025
0.873
0.111
0.273
0.251
0.491
0.972
0.756
0.971
0.419
0.658
0.452
0.348
0.765
0.707
0.289

0.934
0.948
0.852
0.957
0.979
0.952
0.957
0.903
0.953
0.953
0.904
0.908
0.963
0.860
0.969
0.952
0.931
0.868
0.940
0.932
0.957
0.937
0.952
0.973
0.886
0.942
0.947
0.934
0.940
0.953
0.884
0.976
0.976
0.873
0.962
0.973
0.951
0.961
0.951
0.963
0.980
0.942
0.961
0.969
0.965
0.936
0.916

0.315
0.499
0.019
0.638
0.958
0.552
0.641
0.105
0.566
0.566
0.112
0.127
0.750
0.024
0.838
0.551
0.279
0.031
0.387
0.288
0.632
0.345
0.554
0.906
0.058
0.407
0.479
0.309
0.388
0.568
0.055
0.935
0.939
0.038
0.727
0.904
0.539
0.718
0.537
0.752
0.967
0.414
0.704
0.849
0.773
0.332
0.169
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LAR 0.952 0.455 0.963 0.745
OSR 0.914 0.099 0.892 0.072
MOW 0.947 0.375 0.939 0.372
UFBR 0.930 0.198 0.903 0.106
UFHT 0.956 0.521 0.937 0.348
NAA 0.953 0.473 0.896 0.084
PRA 0.980 0.946 0.952 0.561
BAA 0.958 0.570 0.873 0.037
NBA 0.970 0.794 0.944 0.441
BBA 0.920 0.128 0.947 0.474
BRA 0.906 0.072 0.961 0.718
SSA 0.981 0.963 0.959 0.683
NFA 0.961 0.620 0.974 0.909
DKA 0.971 0.817 0.914 0.157
NDA 0.972 0.838 0.959 0.674
FRA 0.963 0.657 0.935 0.326
PAA 0.931 0.202 0.910 0.136
OCA 0.901 0.060 0.951 0.546

Table 86. ShapireaWilks test results for normality for the odontometric datasets by study

sample.
Mann-Labrash Osteological Jikei University School of
Collection (Hawai'i) Medicine (Japan)

Trait Code Shapiro statistic ~ p-value  Shapiro statistic ~ p-value
Ull_crn_md 0.965 0.325 0.983 0.926
Ul1_crn_bl 0.959 0.203 0.955 0.228
Ul1_crn_height 0.978 0.704 0.919 0.037
Ull_crx_md 0.984 0.842 0.862 0.001
Ul1l_crx_bl 0.956 0.120 0.980 0.788
Ul2_crn_md 0.956 0.139 0.973 0.617
Ul2_crn_bl 0.973 0.456 0.965 0.423
Ul2_crn_height 0.930 0.029 0.963 0.363
Ul2_crx_md 0.994 0.999 0.968 0.480
UI2_crx_bl 0.981 0.756 0.975 0.658
UC_crn_md 0.984 0.802 0.990 0.987
UC_crn_bhl 0.977 0.548 0.974 0.587
UC_crn_height 0.964 0.741 0.859 0.001
UC crx_md 0.987 0.905 0.974 0.617
UC_crx_bl 0.956 0.106 0.969 0.464
UP3_crn_md 0.965 0.533 0.987 0.942
UP3_crn_bl 0.979 0.728 0.977 0.685
UP3_crn_height 0.967 0.683 0.969 0.430
UP3_crx_md 0.969 0.421 0.977 0.682
UP3_crx_bl 0.961 0.449 0.972 0.510
UP4_crn_md 0.949 0.239 0.964 0.334
UP4_crn_bl 0.962 0.295 0.966 0.397




UP4_crn_height
UP4_crx_md
UP4 _crx_bl
UM1 crn_md
UM21 _crn_bl
UM1_crn_height
UM1 crx_md

UM1_crx_bl
UM2_crn_md
UM2_crn_bl
UM2_crn_height
UM2_crx_bl
UM3_crn_md
UM3_crn_bl
UM3_crn_height
UM3_crx_md
UMS3_crx_bl
LI1_crn_md
LI1_crn_bl
LI1_crn_height
LI1_crx_md
LI1_crx_bl
LI2_crn_md
LI2_crn_bl
LI2_crn_height
LI2_crx_md
LI2_crx_bl
LC _crn_md
LC_crn_bl
LC_crn_height
LC_crx_md
LC_crx_bl
LP3_crn_md
LP3 crn_bl
LP3_crn_height
LP3 crx_md
LP3 _crx_bl
LP4_crn_md
LP4_crn_bl
LP4 crx_md
LM1 crn_md
LM1_crn_bl
LM1_crn_height
LM1_crx_md
LM1_crx_bl
LM2_crn_md
LM2_crn_bl

0.929
0.976
0.968
0.974
0.980
0.939
0.833
0.858
0.926
0.962
0.954
0.978
0.954
0.785
0.881
0.981
0.920
0.986
0.984
0.930
0.951
0.972
0.981
0.978
0.985
0.953
0.974
0.962
0.980
0.963
0.976
0.991
0.965
0.986
0.974
0.977
0.969
0.974
0.961
0.851
0.935
0.962
0.964
0.951
0.980
0.975
0.971

0.074
0.683
0.562
0.870
0.773
0.088
0.001
0.001
0.100
0.320
0.197
0.806
0.775
0.029
0.233
0.970
0.430
0.856
0.765
0.137
0.072
0.444
0.569
0.487
0.926
0.051
0.392
0.092
0.521
0.666
0.377
0.969
0.154
0.818
0.667
0.472
0.441
0.547
0.184
0.000
0.215
0.452
0.616
0.189
0.833
0.760
0.554

0.949
0.559
0.978
0.984
0.973
0.982
0.952
0.986
0.988
0.967
0.968
0.983
0.866
0.837
0.839
0.861
0.850
0.985
0.926
0.963
0.961
0.958
0.966
0.982
0.931
0.973
0.944
0.972
0.925
0.985
0.985
0.965
0.973
0.976
0.964
0.975
0.941
0.968
0.979
0.758
0.955
0.709
0.964
0.962
0.985
0.969
0.972

0.126
0.000
0.773
0.897
0.571
0.854
0.201
0.950
0.963
0.391
0.446
0.891
0.008
0.003
0.007
0.020
0.011
0.933
0.049
0.382
0.321
0.315
0.438
0.898
0.045
0.641
0.150
0.555
0.032
0.921
0.927
0.426
0.582
0.655
0.329
0.599
0.072
0.417
0.743
0.000
0.263
0.000
0.441
0.381
0.949
0.483
0.566
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LM2_crn_height
LM2_crx_md
LM2_crx_bl
LM3_crn_md
LM3_crn_bl
LM3_crn_height
LM3_crx_md

LM3 crx bl

0.950
0.952
0.960
0.963
0.956
0.944
0.834
0.835

0.227
0.209
0.282
0.843
0.752
0.652
0.115
0.090

0.990
0.983
0.975
0.968
0.951
0.964
0.983
0.933

0.988
0.915
0.684
0.696
0.351
0.632
0.975
0.196

Table 87. ShapireWilks test results for normality for the odontometric datasets by sex.

Females Males

Trait Code Shapiro statistic p-value Shapiro statistic p-value
Uil _crn_md 0.977 0.766 0.981 0.813
Uil _crn_bl 0.965 0.404 0.975 0.585
Ul1_crn_height 0.945 0.138 0.952 0.164
Ul1 _crx_md 0.913 0.014 0.963 0.219
Ul1 crx_bl 0.949 0.116 0.973 0.485
Ul2_crn_md 0.929 0.041 0.974 0.541
Ul2_crn_bl 0.988 0.969 0.964 0.259
Ul2_crn_height 0.942 0.094 0.951 0.129
Ul2_crx_md 0.974 0.610 0.971 0.449
Ul2_crx_bl 0.971 0.520 0.976 0.597
UC crn_md 0.985 0.903 0.982 0.730
UC _crn_bl 0.981 0.812 0.958 0.136
UC_crn_height 0.990 0.997 0.958 0.333
UC crx_md 0.971 0.473 0.982 0.757
UC crx_bl 0.968 0.403 0.957 0.125
UP3 crn_md 0.973 0.674 0.966 0.393
UP3_crn_bl 0.962 0.305 0.965 0.300
UP3_crn_height 0.977 0.809 0.966 0.488
UP3 _crx_md 0.921 0.025 0.991 0.990
UP3_crx_bl 0.956 0.262 0.988 0.977
UP4 _crn_md 0.977 0.815 0.982 0.845
UP4 crn_bl 0.949 0.176 0.972 0.493
UP4_crn_height 0.970 0.670 0.968 0.392
UP4_crx_md 0.985 0.947 0.979 0.742
UP4 _crx_bl 0.985 0.974 0.986 0.945
UM1 crn_md 0.974 0.756 0.963 0.436
UM1 crn_bl 0.955 0.197 0.975 0.599
UM1_crn_height 0.971 0.605 0.954 0.166
UM1 crx_md 0.952 0.220 0.985 0.951
UM1_crx_bl 0.979 0.825 0.984 0.925
UM2_crn_md 0.960 0.387 0.963 0.386
UM2_crn_bl 0.950 0.147 0.935 0.053
UM2_crn_height 0.943 0.089 0.935 0.060
UM2_crx_bl 0.976 0.691 0.984 0.932
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LI1_crn_md 0.983 0.838 0.974 0.508
LI1_crn_bl 0.982 0.830 0.960 0.176
LI1_crn_height 0.974 0.807 0.974 0.691
LI1_crx_md 0.976 0.672 0.961 0.194
LI1_crx_bl 0.983 0.880 0.977 0.629
LI2_crn_md 0.957 0.140 0.973 0.387
LI2_crn_bl 0.978 0.691 0.976 0.546
LI2_crn_height 0.951 0.183 0.967 0.417
LI2_crx_md 0.970 0.421 0.970 0.333
LI2_crx_bl 0.982 0.808 0.986 0.916
LC_crn_md 0.980 0.721 0.978 0.503
LC_crn_bl 0.988 0.957 0.957 0.094
LC_crn_height 0.984 0.963 0.983 0.924
LC_crx_md 0.961 0.187 0.965 0.202
LC_crx_bl 0.986 0.897 0.969 0.309
LP3_crn_md 0.967 0.310 0.968 0.291
LP3_crn_bl 0.979 0.695 0.979 0.601
LP3_crn_height 0.977 0.739 0.986 0.946
LP3_crx_md 0.960 0.193 0.975 0.482
LP3_crx_bl 0.928 0.035 0.959 0.232
LP4_crn_md 0.970 0.467 0.962 0.244
LP4_crn_bl 0.972 0.513 0.984 0.817
LP4_crx_md 0.938 0.052 0.930 0.024
LM1_crn_md 0.913 0.048 0.973 0.745
LM1_crn_bl 0.968 0.594 0.974 0.680
LM1_crn_height 0.921 0.091 0.979 0.844
LM1_crx_md 0.924 0.056 0.987 0.961
LM1_crx_bl 0.965 0.499 0.980 0.823
LM2_crn_md 0.952 0.179 0.948 0.229
LM2_crn_bl 0.971 0.536 0.973 0.640
LM2_crn_height 0.978 0.759 0.915 0.030
LM2_crx_md 0.993 0.999 0.978 0.793
LM2_crx_bl 0.979 0.774 0.910 0.015

Table88. P e a r s osguame test bf independence for sexual dimorphism for the
cranial nonmetric and macromorphoscopic dataset.

-Ic-:r(iljte Trait Name CPh(??srg(Jgrsé p-value  Cramer's phi
SSSF Flexure of superior sagittal sulcus 1.872 0.600 0.140
ANS Anterior nasal spine 5.900 0.117 0.249
INA Inferior nasal aperture 2.167 0.705 0.150
IOB Interorbital breadth 0.876 0.646 0.096
NAS Nasal aperture shape 1.455 0.483 0.123
NAW Nasal aperture width 0.764 0.682 0.090
NBC Nasal bone contour 8.769 0.033 0.305

NBS Nasal bone shape 6.325 0.097 0.259



NFS
OBS
TPS
INCA
BREG
PALT
METO
MANT
SON
SOF
IFS
ZFF
cco
FOI
FsI
PTB
TYM
AUD
MT
NO
PZT
zs
LBM
LBLa
PF
MF
CRB
EPB
FTA
PNB
AST
OMB
HYP
APF
FF
MHB
MEN
MIF
CIV
MFLo
PHAR

Nasofrontal suture

Orbital shape

Transverse palatine suture
Inca bone

Bregma ossicle

Palatine torus

Metopism

Mandibular torus
Supraorbital notch
Supraorbital foramen
Infraorbital suture
Zygomaticefacial foramina
Condylar canal

Foramen ovale incomplete
Foramen spinosum incomplete
Pterygealar bridge
Tympanicdihiscence
Auditory exostosis

Malar tubercle

Nasal overgrowth

Posterior zygomatic tubercle
Zygomaticomaxillary suture
Lambdoid ossicle medial
Lambdoid ossicle lateral
Parietal foramen

Mastoid foramen number
Coronal ossicle

Epipteric ossicle
Frontotemporal articulation
Parietal notch ossicle
Asterionic ossicle
Occipito-mastoid suture ossicle
Divided hypoglossal canal

Accessory lesser palatine forame

Frontal foramina

Mylohyoid bridge
Accessory mental foramen
Multiple infraorbital foramina
Pterygespinous bridge
Mastoid foramen location
Pharyngeal fossa

5.795
4.615
3.804
0.829
1.422
2.746
0.820
0.040
2.242
1.746
6.922
2.473
0.088
0.661
1.903
1.644
1.968
1.626
1.610
0.554
2.861
1.521
0.534
0.668
4.482
12.331
0.970
0.353
0.661
0.014
1.819
0.058
6.192
3.691
0.213
5.421
0.070
0.575
3.620
1.933
1.540

0.215
0.100
0.283
0.363
0.233
0.098
0.365
0.842
0.524
0.418
0.031
0.480
0.767
0.416
0.386
0.440
0.374
0.444
0.657
0.457
0.414
0.467
0.465
0.414
0.106
0.006
0.325
0.552
0.416
0.905
0.177
0.810
0.185
0.450
0.899
0.067
0.791
0.902
0.306
0.748
0.215

0.247
0.219
0.207
0.102
0.131
0.170
0.092
0.021
0.152
0.134
0.270
0.160
0.030
0.083
0.141
0.130
0.143
0.130
0.129
0.077
0.172
0.129
0.091
0.091
0.217
0.358
0.109
0.071
0.090
0.012
0.144
0.030
0.254
0.195
0.047
0.236
0.027
0.077
0.195
0.143
0.127
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Table89. P e a r s osyuae test of independence for sexual dimorphism for the dental
morphology dataset.

Trait Code Cphﬁ?sfgggr?a p-value Cramer's phi
UG_DIAST 3.046 0.218 0.260
UM1_CARAB 4.513 0.608 0.328
UM2_ENEX 2.230 0.526 0.228
Ul2_IGROOVE 1.812 0.612 0.199
Ull_WING 3.166 0.367 0.230
Ull_LABCON 2.599 0.627 0.224
ul2_LIv 0.795 0.373 0.118
Ull_SHoV 6.467 0.373 0.371
Ul2_SHOV 6.703 0.349 0.343
UC_SHOV 1.365 0.850 0.151
Ull_SHOV2 1.559 0.816 0.178
Ul2_SHOV2 4.029 0.258 0.266
UC_SHOV2 2.916 0.405 0.217
Ull_IGROOVE 1.556 0.459 0.167
Ul1l_TUBDENT 0.991 0.911 0.157
UC_TUBDENT 5.177 0.395 0.301
UC_MESRIG 1.536 0.215 0.159
UC_DAR 1.865 0.868 0.186
UC_DIAST 2.288 0.319 0.195
Ul2_DENCRO 4.011 0.260 0.283
UP4_DENCRO 1.517 0.468 0.169
UP3_ACCUP 0.697 0.404 0.119
UM1_METCON 0.349 0.555 0.078
UM2_METCON 2.087 0.555 0.195
UM1 HYPCON 5.492 0.241 0.313
UM2_HYPCON 3.067 0.800 0.241
UM1_METCONL 3.981 0.264 0.285
UM2_METCONL 1.410 0.494 0.165
UM2_CARAB 1.211 0.546 0.147
UM1 MOLCR 0.034 0.853 0.029
UM1_ENEX 5.027 0.170 0.294
UM2_POTTH 1.631 0.202 0.166
Ul2_PEGSH 0.809 0.369 0.125
Ul2_CONAB 0.791 0.374 0.104
UC_CONAB 1.341 0.247 0.137
LI1_SHOV 1.437 0.488 0.157
LI2_SHOV 2.824 0.244 0.212
LC_DAR 6.546 0.162 0.336
LP3_LINGCSP 1.805 0.406 0.163
LP4_LINGCSP 1.601 0.449 0.162
LI2_DENCRO 1.800 0.615 0.164

LM1_CUSPNO 3.561 0.169 0.295
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LM2_CUSPNO 0.856 0.652 0.136
LM2_DEFWRKL 1.346 0.510 0.179
LM2_ANTFOV 2.663 0.447 0.255
LM1_PROSTYL 1.110 0.292 0.152
LM1_CUSPS 5.509 0.239 0.371
LM2_CUSPS5 4.946 0.293 0.335
LM1_CUSP6 1.666 0.645 0.204
LM2_CUSP6 3.024 0.388 0.256
LM2_MOLCR 1.232 0.267 0.178
LM1_ENEX 1.216 0.749 0.149
LM2_ENEX 1.380 0.710 0.152
LP4_DENCRO 1.015 0.602 0.121

Table 90. Levene test for homogeneity of variances for the craniometric dataset.

Trait Levene Trait Levene

Code statistic p-value Code statistic p-value
GOL 5.693 0.023 FRS 0.649 0.427
NOL 5.560 0.025 PAC 0.185 0.670
BNL 0.267 0.609 PAS 0.094 0.761
BBH 0.084 0.774 OocCccC 0.827 0.370
XCB 0.213 0.648 OCs 0.002 0.965
XFB 2.053 0.162 FOL 0.021 0.885
WFB 0.037 0.849 FOB 0.159 0.693
ZYB 1.086 0.306 NAR 0.323 0.574
ASB 0.005 0.943 SSR 0.146 0.705
BPL 0.057 0.814 PRR 0.087 0.770
NPH 1.581 0.218 DKR 0.782 0.383
NLH 1.762 0.194 ZOR 1.106 0.301
JUB 0.626 0.435 FMR 0.705 0.408
NLB 0.133 0.718 EKR 1.739 0.197
MAB 0.895 0.352 ZMR 0.040 0.843
MAL 0.508 0.481 AVR 0.133 0.718
MDH 0.769 0.387 BRR 1.345 0.255
OBH 1.218 0.278 VRR 4,917 0.034
OBB 4.033 0.053 LAR 2.000 0.167
DKB 0.141 0.710 OSR 0.193 0.664
NDS 0.114 0.738 MOW 0.049 0.826
WNB 0.045 0.834 UFBR 0.462 0.502
SIS 3.904 0.057 UFHT 1.946 0.173
ZMB 0.076 0.785 NAA 1.045 0.315
SSS 0.023 0.880 PRA 0.123 0.728
FMB 0.308 0.583 BAA 0.006 0.937
NAS 0.815 0.373 NBA 0.229 0.636
EKB 0.588 0.449 BBA 0.916 0.346
DKS 0.071 0.792 BRA 2.996 0.093
IML 0.384 0.540 SSA 0.111 0.741
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XML 0.145 0.706 NFA 0.352 0.557
MLS 0.048 0.829 DKA 0.102 0.751
WMH 0.089 0.767 NDA 0.011 0.916
GLS 0.770 0.387 FRA 0.947 0.338
STB 4.421 0.044 PAA 0.019 0.892
FRC 1.052 0.313 OCA 0.500 0.485

Table 91 Levene test for homogeneity of variances for the odontometric dataset.

Trait Code ;2\@35 p-value Trait Code sl,_ti\t/izgg p-value
Ul1l_crn_md 0.041 0.841 LI1_crn_md 0.698 0.406
Ul1_crn_bl 0.014 0.905 LI1_crn_bl 0.022 0.882
Ul1l_crn_height 0.012 0.913 LI1_crn_height 0.103 0.749
Ul1_crx_md 2.909 0.093 LI1_crx_md 0.188 0.666
Ul1_crx_bl 0.151 0.699 LI1_crx_bl 0.051 0.822
uUl2_crn_md 0.203 0.654 LI2_crn_md 1.990 0.162
Ul2_crn_bl 2.765 0.101 LI2_crn_bl 1.169 0.283
Ul2_crn_height 0.294 0.590 LI2_crn_height 0.025 0.876
Ul2_crx_md 0.484 0.489 LI2_crx_md 2.579 0.112
Ul2_crx_bl 0.513 0.477 LI2_crx_bl 0.025 0.875
UC_crn_md 0.613 0.436 LC_crn_md 1.403 0.240
UC_crn_bl 0.079 0.779 LC_crn_bl 0.050 0.823
UC_crn_height 0.007 0.936 LC_crn_height 4.288 0.044
UC_crx_md 0.077 0.782 LC crx_md 0.019 0.891
UC_crx_bl 1.305 0.257 LC_crx_bl 0.534 0.467
UP3 crn_md 0.939 0.337 LP3 _crn_md 0.213 0.645
UP3_crn_bl 0.388 0.535 LP3_crn_bl 2.003 0.161
UP3_crn_height 0.172 0.680 LP3_crn_height 0.646 0.425
UP3_crx_md 0.250 0.619 LP3 crx_md 3.158 0.079
UP3_crx_bl 0.503 0.481 LP3_crx_bl 0.205 0.652
UP4_crn_md 0.320 0.574 LP4_crn_md 0.179 0.674
UP4_crn_bl 0.459 0.501 LP4 crn_bl 1.055 0.308
UP4_crn_height 0.447 0.506 LP4 crx_md 0.035 0.852
UP4_crx_md 0.414 0.522 LM1_crn_md 0.003 0.957
UP4_crx_bl 0.002 0.966 LM1_crn_bl 0.589 0.446
UM1 crn_md 0.096 0.758 LM1 crn_height 0.033 0.858
UM1_crn_bl 0.044 0.835 LM1_crx_md 0.173 0.679
UM1_crn_height 0.205 0.653 LM1_crx_bl 1.924 0.171
UM1_crx_md 4.933 0.031 LM2_crn_md 0.071 0.791
UMZ1_crx_bl 2.522 0.118 LM2_crn_bl 3.898 0.053
UM2_crn_md 0.243 0.624 LM2_crn_height 0.512 0.477
UM2_crn_bl 0.818 0.369 LM2_crx_md 0.306 0.582
UM2_crn_height 1.111 0.296 LM2_crx_bl 3.344 0.072

UM2_crx_bl 1.540 0.220
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Table 92. Sexual dimorphism results for the craniometric dataset.

Trait t-statistic  p-value % Sexgal Trait t-statistic  p-value % Sexgal
Code Dimorphism Code Dimorphism
GOL -1.760 0.093 454 FRS -0.787 0.439 -1.52
NOL -1.446 0.163 3.71 PAC -2.436 0.022 3.65
BNL -2.706 0.012 6.18 PAS -2.959 0.006 5.57
BBH -3.858 0.001 5.12 OoCccC -0.762 0.452 3.13
XCB -1.437 0.161 2.77 OCS -0.591 0.559 5.71
XFB -1.521 0.141 2.84 FOL -1.798 0.082 4.09
WFB -1.022 0.315 1.77 FOB -2.008 0.053 5.05
ZYB -1.271 0.214 3.96 NAR -2.208 0.035 5.20
ASB -1.154 0.257 2.21 SSR -3.796 0.001 6.17
BPL -3.376 0.002 4.98 PRR -3.380 0.002 5.48
NPH -0.216 0.831 4.02 DKR -1.462 0.154 4.86
NLH -1.046 0.307 4.74 ZOR -1.767 0.087 4.27
JUB -1.187 0.245 3.09 FMR -1.750 0.090 4.03
NLB -1.619 0.116 2.18 EKR -1.938 0.062 4.40
MAB -2.817 0.010 4.97 ZMR -1.760 0.089 4.09
MAL -2.768 0.009 3.81 AVR -3.215 0.003 417
MDH -1.394 0.175 5.86 BRR -2.670 0.013 3.57
OBH 0.611 0.547 -0.26 VRR -2.697 0.013 3.35
OBB -0.211 0.835 2.84 LAR -0.455 0.654 1.85
DKB -1.002 0.325 2.10 OSR -2.485 0.019 6.19
NDS -2.139 0.041 12.66 MOW -1.578 0.125 1.59
WNB 0.272 0.787 -3.82 UFBR -1.108 0.277 2.38
SIS -1.197 0.244 21.22 UFHT -0.257 0.800 3.05
ZMB -0.080 0.937 1.40 NAA -1.239 0.226 -0.77
SSS -1.553 0.131 10.66 PRA -0.574 0.570 2.07
FMB -1.159 0.256 2.94 BAA 2.552 0.016 -1.70
NAS -0.990 0.331 10.48 NBA -1.698 0.099 0.48
EKB -1.018 0.317 2.54 BBA 1.917 0.064 -2.13
DKS 0.056 0.956 7.61 BRA -0.033 0.974 1.57
IML 0.042 0.967 417 SSA 1.388 0.176 -3.21
XML 0.658 0.515 3.81 NFA 0.727 0.474 -1.53
MLS -0.233 0.817 6.98 DKA -0.241 0.811 -0.80
WMH -0.322 0.750 5.14 NDA 1.523 0.138 -5.66
GLS -1.403 0.173 52.17 FRA -0.308 0.760 1.79
STB -0.115 0.909 0.53 PAA 2.709 0.011 -0.69
FRC -1.530 0.138 3.40 OCA 0.724 0.475 -2.22




Table 93. Sexual dimorphism results for the odontometric dataset.

Trait Code t-statistic p-value % SeXL.'aI Trait Code t-statistic p-value % Sexgal
Dimorphism Dimorphism

Ull_crn_md -2.345 0.022 3.27 LI1_crn_md 0.400 0.690 -0.67
Ul1_crn_bl -1.440 0.155 2.22 LI1_crn_bl -2.167 0.034 3.21
Ul1l_crn_height -1.088 0.281 2.37 LI1_crn_height  -1.277 0.208 3.23
Ull_crx_md -2.068 0.042 4.35 LI1_crx_md -2.337 0.022 4.42
Ul1_crx_bl -2.654 0.010 4.23 LI1_crx_bl -1.885 0.064 2.62
uUl2_crn_md -0.661 0.511 1.49 LI2_crn_md -0.406 0.686 0.58
Ul2_crn_bl -0.857 0.395 1.28 LI2_crn_bl -0.658 0.513 0.88
Ul2_crn_height -0.996 0.323 1.97 LI2_crn_height -0.708 0.481 1.27
Ul2_crx_md -1.288 0.202 3.20 LI2_crx_md -1.972 0.053 3.57
Ul2_crx_bl -1.589 0.117 2.35 LI2_crx_bl -1.971 0.053 2.73
UC_crn_md -2.970 0.004 4.31 LC_crn_md -4.493 0.000 6.50
UC_crn_bl -2.224 0.029 3.73 LC_crn_bl -4.239 0.000 4.79
UC crn_height -2.404 0.021 4.85 LC crn_height -4.259 0.000 8.58
UC crx_md -2.935 0.005 5.08 LC crx_md -5.938 0.000 10.08
UC_crx_bl -2.303 0.024 4.05 LC_crx_bl -4.911 0.000 7.13
UP3_crn_md -2.430 0.019 3.36 LP3_crn_md -2.214 0.030 3.09
UP3_crn_bl -1.809 0.075 2.64 LP3_crn_bl -1.040 0.302 1.47
UP3_crn_height -2.433 0.019 5.20 LP3_crn_height -3.100 0.003 5.35
UP3_crx_md -3.045 0.003 5.44 LP3_crx_md -4.252 0.000 6.73
UP3_crx_bl -1.883 0.065 3.03 LP3_crx_bl -2.722 0.008 4.62
UP4_crn_md -1.649 0.105 2.84 LP4_crn_md -2.494 0.015 3.57
UP4_crn_bl -1.935 0.058 2.86 LP4_crn_bl -2.933 0.004 3.20
UP4 _crn_height -2.149 0.036 4.77 LP4 crx_md -2.781 0.007 4.44
UP4_crx_md -1.456 0.151 2.55 LM1_crn_md -1.529 0.133 2.45
UP4_crx_bl -0.905 0.370 1.35 LM1_crn_bl -2.447 0.018 3.02
UM1_crn_md -1.777 0.082 2.83 LM1_crn_height -2.399 0.021 6.25
UM1_crn_bl -1.341 0.185 1.69 LM1_crx_md -2.758 0.008 4.52
UM1_crn_height -2.946 0.005 7.16 LM1_crx_bl -2.325 0.025 4.05
UM1_crx_md -3.475 0.001 5.63 LM2_crn_md -3.282 0.002 5.44
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UM1_crx_bl
UM2_crn_md
UM2_crn_bl
UM2_crn_height
UM2 crx_bl

-0.950
-2.242
-3.648
-4.384
-2.775

0.347
0.029
0.001
0.000
0.007

1.45
3.54
5.58
9.56
4.62

LM2_crn_bl
LM2_crn_height
LM2_crx_md
LM2_crx_bl

-3.814
-2.889
-3.082
-1.721

0.000
0.006
0.003
0.091

5.09
7.47
4.92
3.31
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Table94. K e n d a | -b i@salts Tomintertrait correlation for the cranial nonmetric and macromorphoscopic dataset.

Trait SSSF ANS INA 0B NAS NAW NBC NBS NFS OBS
SSSF 1 0.052 -0.093 0.036 -0.225 0.000 -0.003 -0.200 -0.119 0.010
ANS 0.052 1 0.326 -0.213 0.176 0.088 -0.066 0.023 0.064 0.188
INA -0.093 0.326 1 -0.016 -0.111 0.164 0.025 0.054 0.085 0.179
10B 0.036 -0.213 -0.016 1 0.139 0.349 -0.299 -0.337 0.079 -0.068
NAS -0.225 0.176 -0.111 0.139 1 0.176 -0.181 -0.111 0.153 0.288
NAW 0.000 0.088 0.164 0.349 0.176 1 -0.129 -0.071 0.003 0.048
NBC -0.003 -0.066 0.025 -0.299 -0.181 -0.129 1 0.266 0.047 0.073
NBS -0.200 0.023 0.054 -0.337 -0.111 -0.071 0.266 1 -0.097 0.058
NFS -0.119 0.064 0.085 0.079 0.153 0.003 0.047 -0.097 1 0.253
OBS 0.010 0.188 0.179 -0.068 0.288 0.048 0.073 0.058 0.253 1
TPS -0.076 -0.455 -0.118 0.304 -0.091 0.006 0.008 0.057 0.186 -0.216
INCA - - - - - - - - - -
BREG - - - - - - - - - -
PALT -0.116 0.249 -0.020 -0.545 0.275 -0.129 0.151 0.182 -0.087 0.206
METO -0.075 -0.076 0.250 0.170 -0.126 0.000 -0.187 0.166 -0.201 0.161
MANT -0.040 0.312 -0.089 -0.375 0.214 0.167 0.068 0.300 -0.153 0.150
SON -0.089 0.331 0.221 0.086 0.108 0.315 -0.028 -0.038 -0.081 0.034
SOF 0.174 -0.382 -0.184 0.108 -0.076 -0.193 0.000 -0.084 0.110 -0.129
IFS 0.009 -0.209 -0.250 0.138 0.222 -0.260 -0.243 -0.265 0.004 -0.164
ZFF 0.160 -0.147 0.038 0.245 0.030 0.037 -0.065 -0.337 -0.072 -0.013
CCO -0.052 -0.103 -0.108 -0.026 0.055 0.000 0.044 0.152 0.007 -0.315
FOI -0.107 -0.109 -0.010 0.074 0.048 0.000 0.041 0.040 0.000 -0.174
FSI 0.366 -0.126 -0.018 0.165 -0.191 0.000 -0.019 -0.170 -0.264 -0.071
PTB -0.118 -0.121 -0.030 -0.042 0.066 0.281 -0.005 -0.051 -0.148 -0.095
TYM 0.091 -0.009 0.024 0.237 0.019 0.000 -0.255 -0.006 0.185 -0.009
AUD - - - - - - - - - -
MT 0.015 -0.266 -0.246 0.185 0.160 0.086 0.049 -0.321 -0.109 -0.036
NO -0.044 0.043 0.099 0.059 0.029 0.000 -0.073 -0.193 -0.045 -0.115
PZT 0.040 -0.037 0.176 0.210 0.223 0.206 0.060 0.054 -0.126 0.060




Table 94. Continued.

Trait TPS INCA BREG PALT METO MANT SON SOF IFS ZFF
SSSF -0.076 - - -0.116 -0.075 -0.040 -0.089 0.174 0.009 0.160
ANS -0.455 - - 0.249 -0.076 0.312 0.331 -0.382 -0.209 -0.147
INA -0.118 - - -0.020 0.250 -0.089 0.221 -0.184 -0.250 0.038
10B 0.304 - - -0.545 0.170 -0.375 0.086 0.108 0.138 0.245
NAS -0.091 - - 0.275 -0.126 0.214 0.108 -0.076 0.222 0.030
NAW 0.006 - - -0.129 0.000 0.167 0.315 -0.193 -0.260 0.037
NBC 0.008 - - 0.151 -0.187 0.068 -0.028 0.000 -0.243 -0.065
NBS 0.057 - - 0.182 0.166 0.300 -0.038 -0.084 -0.265 -0.337
NFS 0.186 - - -0.087 -0.201 -0.153 -0.081 0.110 0.004 -0.072
OBS -0.216 - - 0.206 0.161 0.150 0.034 -0.129 -0.164 -0.013
TPS 1 - - -0.271 -0.195 -0.387 0.067 0.202 0.051 0.158
INCA - 1 - - - - - - - -
BREG - - 1 - - - - - - -
PALT -0.271 - - 1 -0.185 0.411 0.008 -0.337 0.071 -0.005
METO -0.195 - - -0.185 1 -0.076 0.059 -0.180 -0.067 -0.222
MANT -0.387 - - 0.411 -0.076 1 0.146 -0.417 -0.165 -0.292
SON 0.067 - - 0.008 0.059 0.146 1 -0.405 -0.233 0.195
SOF 0.202 - - -0.337 -0.180 -0.417 -0.405 1 0.131 0.109
IFS 0.051 - - 0.071 -0.067 -0.165 -0.233 0.131 1 0.228
ZFF 0.158 - - -0.005 -0.222 -0.292 0.195 0.109 0.228 1
CCO 0.206 - - -0.057 -0.205 -0.042 -0.052 0.117 0.007 -0.122
FOI 0.239 - - -0.030 -0.038 -0.109 0.085 0.097 -0.048 0.135
FSI 0.180 - - -0.198 -0.069 -0.014 0.130 -0.069 0.136 0.247
PTB -0.251 - - 0.054 0.263 0.209 0.169 -0.040 -0.166 -0.134
TYM 0.261 - - -0.175 -0.081 -0.075 0.251 0.156 0.283 0.376
AUD - - - - - - - - - -
MT -0.065 - - 0.000 0.000 0.088 0.055 -0.105 0.371 0.173
NO 0.029 - - -0.120 -0.150 -0.031 0.011 0.243 0.188 0.076
PZT -0.056 - - -0.078 0.016 -0.070 -0.105 -0.139 -0.192 -0.026
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Table 94. Continued.
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Trait CCO FOI FSI PTB TYM AUD MT NO PZT ZS LBM
SSSF -0.052 -0.107 0.366 -0.118 0.091 - 0.015 -0.044 0.040 0.162 0.406
ANS -0.103 -0.109 -0.126 -0.121 -0.009 - -0.266 0.043 -0.037 0.102 0.098
INA -0.108 -0.010 -0.018 -0.030 0.024 - -0.246 0.099 0.176 0.129 -0.090
10B -0.026 0.074 0.165 -0.042 0.237 - 0.185 0.059 0.210 0.224 -0.064
NAS 0.055 0.048 -0.191 0.066 0.019 - 0.160 0.029 0.223 -0.119 0.105
NAW 0.000 0.000 0.000 0.281 0.000 - 0.086 0.000 0.206 0.000 0.000
NBC 0.044 0.041 -0.019 -0.005 -0.255 - 0.049 -0.073 0.060 -0.044 0.101
NBS 0.152 0.040 -0.170 -0.051 -0.006 - -0.321 -0.193 0.054 -0.064 0.025
NFS 0.007 0.000 -0.264 -0.148 0.185 - -0.109 -0.045 -0.126 -0.328 -0.020
OBS -0.315 -0.174 -0.071 -0.095 -0.009 - -0.036 -0.115 0.060 -0.174 0.000
TPS 0.206 0.239 0.180 -0.251 0.261 - -0.065 0.029 -0.056 -0.277 -0.101
INCA - - - - - - - - - - -
BREG - - - - - - - - - - -
PALT -0.057 -0.030 -0.198 0.054 -0.175 - 0.000 -0.120 -0.078 -0.113 0.062
METO -0.205 -0.038 -0.069 0.263 -0.081 - 0.000 -0.150 0.016 0.106 -0.082
MANT -0.042 -0.109 -0.014 0.209 -0.075 - 0.088 -0.031 -0.070 0.029 -0.072
SON -0.052 0.085 0.130 0.169 0.251 - 0.055 0.011 -0.105 -0.020 -0.172
SOF 0.117 0.097 -0.069 -0.040 0.156 - -0.105 0.243 -0.139 0.154 0.035
IFS 0.007 -0.048 0.136 -0.166 0.283 - 0.371 0.188 -0.192 -0.130 0.029
ZFF -0.122 0.135 0.247 -0.134 0.376 - 0.173 0.076 -0.026 0.063 0.047
CCO 1 0.184 0.191 -0.238 -0.231 - -0.209 0.098 0.106 0.173 0.010
FOI 0.184 1 0.223 0.121 -0.116 - -0.154 0.251 0.023 0.152 0.170
FSI 0.191 0.223 1 -0.247 0.125 - 0.094 0.175 0.153 -0.062 -0.041
PTB -0.238 0.121 -0.247 1 -0.156 - 0.222 0.030 -0.041 0.028 -0.015
TYM -0.231 -0.116 0.125 -0.156 1 - 0.160 0.271 -0.276 -0.116 -0.103
AUD - - - - - 1 - - - - -
MT -0.209 -0.154 0.094 0.222 0.160 - 1 -0.068 -0.053 -0.160 -0.168
NO 0.098 0.251 0.175 0.030 0.271 - -0.068 1 -0.008 0.253 -0.216
PZT 0.106 0.023 0.153 -0.041 -0.276 - -0.053 -0.008 1 0.203 0.242




Table 94. Continued.

Trait LBLa PF MF CRB EPB FTA PNB AST OMB HYP
SSSF -0.067 0.075 -0.215 -0.156 -0.156 -0.075 0.039 -0.133 0.121 -0.133
ANS 0.166 0.002 -0.174 0.379 0.110 -0.250 0.302 0.018 0.171 0.036
INA 0.079 -0.164 0.144 0.210 0.167 -0.181 0.257 0.194 0.091 0.228
10B -0.130 0.099 -0.348 -0.193 -0.104 -0.067 -0.206 0.022 -0.321 0.234
NAS 0.230 -0.120 -0.241 -0.096 0.070 -0.126 0.006 -0.035 -0.224 0.037
NAW 0.000 0.000 0.000 0.000 -0.211 0.000 -0.294 0.000 0.000 0.144
NBC -0.073 -0.032 0.077 0.034 0.120 0.029 0.133 -0.205 0.149 -0.232
NBS 0.133 -0.184 0.131 -0.087 0.058 -0.111 0.043 -0.033 0.296 -0.056
NFS 0.059 0.016 -0.337 -0.104 -0.097 0.000 -0.091 0.255 -0.238 -0.050
OBS 0.111 -0.136 -0.143 0.252 0.105 0.161 0.161 -0.048 0.024 -0.015
TPS -0.101 -0.144 -0.091 -0.406 0.040 0.097 -0.244 0.083 -0.173 -0.053
INCA - - - - - - - - - -
BREG - - - - - - - - - -
PALT 0.190 -0.131 0.064 0.297 0.297 -0.185 0.043 0.060 0.254 -0.070
METO -0.082 0.084 0.220 -0.055 -0.055 -0.026 -0.095 -0.047 -0.047 0.319
MANT 0.093 -0.014 0.150 0.062 0.062 -0.076 0.031 -0.135 0.617 -0.138
SON -0.053 0.032 -0.055 0.123 -0.035 0.059 0.083 -0.075 -0.075 0.329
SOF -0.132 -0.024 0.024 -0.117 0.012 0.067 -0.073 0.120 -0.320 -0.072
IFS 0.003 0.127 -0.296 0.108 0.108 0.170 -0.107 0.303 -0.119 0.142
ZFF 0.007 -0.082 -0.080 0.031 0.316 0.094 0.111 -0.208 -0.081 0.114
CCO 0.271 0.123 0.074 -0.080 -0.254 -0.205 0.102 0.228 0.030 0.014
FOI -0.118 -0.102 -0.010 -0.079 0.305 -0.038 -0.137 -0.067 -0.067 0.265
FSI -0.041 0.085 -0.063 -0.144 0.090 0.380 0.075 -0.123 0.144 0.147
PTB -0.294 -0.054 0.199 -0.010 -0.010 -0.094 -0.340 0.045 -0.167 0.153
TYM -0.103 -0.091 -0.351 -0.169 0.032 0.305 -0.015 0.133 -0.145 0.353
AUD - - - - - - - - - -
MT -0.336 0.113 -0.207 -0.112 -0.112 0.215 -0.233 0.000 -0.255 0.130
NO -0.088 -0.112 0.072 0.026 0.196 0.175 -0.072 0.119 -0.074 0.304
PZT 0.242 0.039 0.047 -0.254 -0.114 0.016 0.138 -0.140 0.019 0.023
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Table 94. Continued.

Trait APF FF MHB MEN MIF Civ MFLo PHAR
SSSF -0.357 0.448 0.091 -0.177 -0.117 -0.100 -0.068 0.104
ANS 0.035 -0.262 0.088 -0.158 -0.081 0.086 -0.069 0.058
INA 0.067 -0.165 0.062 0.066 -0.051 0.028 0.175 0.433
0B -0.334 0.280 -0.003 -0.207 -0.064 -0.046 -0.029 0.174
NAS -0.163 0.179 0.139 0.004 0.070 -0.037 -0.186 0.135
NAW -0.068 0.000 0.152 -0.192 0.150 0.000 0.194 0.000
NBC 0.305 -0.064 0.241 0.309 0.079 0.289 0.122 0.080
NBS 0.421 -0.185 0.141 0.244 0.111 0.186 -0.042 0.021
NFS -0.039 0.167 -0.019 0.173 -0.107 0.329 -0.211 -0.281
OBS -0.159 0.111 0.037 0.038 -0.043 -0.002 0.181 0.027
TPS 0.099 0.081 -0.038 0.221 0.035 -0.020 -0.276 -0.037
INCA - - - - - - - -
BREG - - - - - - - -
PALT 0.243 -0.372 0.194 0.028 -0.067 0.224 0.098 -0.146
METO -0.187 -0.074 -0.081 -0.062 0.280 -0.146 0.190 0.229
MANT 0.285 -0.214 0.117 -0.179 -0.004 0.079 0.174 -0.047
SON 0.076 -0.436 0.003 -0.148 0.020 0.057 0.040 0.116
SOF -0.111 0.632 -0.046 0.043 -0.007 -0.035 -0.073 -0.083
IFS -0.298 0.212 -0.066 -0.095 -0.096 0.158 -0.201 -0.144
ZFF -0.136 0.024 -0.138 -0.226 -0.207 0.058 0.133 -0.014
CCO 0.229 0.083 0.020 0.303 0.102 -0.130 -0.178 0.112
FOI 0.010 -0.106 -0.116 -0.089 0.276 -0.017 -0.178 -0.164
FSI -0.309 -0.023 -0.045 -0.164 -0.127 -0.385 0.026 0.151
PTB 0.144 -0.102 0.246 -0.222 0.300 0.088 0.333 -0.050
TYM -0.086 0.094 0.184 -0.192 -0.298 0.202 -0.200 0.034
AUD - - - - - - - -
MT -0.134 0.015 -0.017 -0.102 -0.081 -0.026 0.115 0.000
NO 0.043 0.098 0.296 -0.047 0.056 0.117 -0.037 0.218
PZT -0.087 0.039 0.138 0.150 -0.049 -0.202 -0.054 0.493
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Table 94. Continued.

Trait SSSF ANS INA 10B NAS NAW NBC NBS NFS
ZS 0.162 0.102 0.129 0.224 -0.119 0.000 -0.044 -0.064 -0.328
LBM 0.406 0.098 -0.090 -0.064 0.105 0.000 0.101 0.025 -0.020
LBLa -0.067 0.166 0.079 -0.130 0.230 0.000 -0.073 0.133 0.059
PF 0.075 0.002 -0.164 0.099 -0.120 0.000 -0.032 -0.184 0.016
MF -0.215 -0.174 0.144 -0.348 -0.241 0.000 0.077 0.131 -0.337
CRB -0.156 0.379 0.210 -0.193 -0.096 0.000 0.034 -0.087 -0.104
EPB -0.156 0.110 0.167 -0.104 0.070 -0.211 0.120 0.058 -0.097
FTA -0.075 -0.250 -0.181 -0.067 -0.126 0.000 0.029 -0.111 0.000
PNB 0.039 0.302 0.257 -0.206 0.006 -0.294 0.133 0.043 -0.091
AST -0.133 0.018 0.194 0.022 -0.035 0.000 -0.205 -0.033 0.255
OMB 0.121 0.171 0.091 -0.321 -0.224 0.000 0.149 0.296 -0.238
HYP -0.133 0.036 0.228 0.234 0.037 0.144 -0.232 -0.056 -0.050
APF -0.357 0.035 0.067 -0.334 -0.163 -0.068 0.305 0.421 -0.039
FF 0.448 -0.262 -0.165 0.280 0.179 0.000 -0.064 -0.185 0.167
MHB 0.091 0.088 0.062 -0.003 0.139 0.152 0.241 0.141 -0.019
MEN -0.177 -0.158 0.066 -0.207 0.004 -0.192 0.309 0.244 0.173
MIF -0.117 -0.081 -0.051 -0.064 0.070 0.150 0.079 0.111 -0.107
Civ -0.100 0.086 0.028 -0.046 -0.037 0.000 0.289 0.186 0.329
MFLo -0.068 -0.069 0.175 -0.029 -0.186 0.194 0.122 -0.042 -0.211
PHAR 0.104 0.058 0.433 0.174 0.135 0.000 0.080 0.021 -0.281
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Table 94. Continued.

Trait OBS TPS INCA BREG PALT METO MANT SON SOF IFS
ZS -0.174 -0.277 - - -0.113 0.106 0.029 -0.020 0.154 -0.130
LBM 0.000 -0.101 - - 0.062 -0.082 -0.072 -0.172 0.035 0.029
LBLa 0.111 -0.101 - - 0.190 -0.082 0.093 -0.053 -0.132 0.003
PF -0.136 -0.144 - - -0.131 0.084 -0.014 0.032 -0.024 0.127
MF -0.143 -0.091 - - 0.064 0.220 0.150 -0.055 0.024 -0.296
CRB 0.252 -0.406 - - 0.297 -0.055 0.062 0.123 -0.117 0.108
EPB 0.105 0.040 - - 0.297 -0.055 0.062 -0.035 0.012 0.108
FTA 0.161 0.097 - - -0.185 -0.026 -0.076 0.059 0.067 0.170
PNB 0.161 -0.244 - - 0.043 -0.095 0.031 0.083 -0.073 -0.107
AST -0.048 0.083 - - 0.060 -0.047 -0.135 -0.075 0.120 0.303
OMB 0.024 -0.173 - - 0.254 -0.047 0.617 -0.075 -0.320 -0.119
HYP -0.015 -0.053 - - -0.070 0.319 -0.138 0.329 -0.072 0.142
APF -0.159 0.099 - - 0.243 -0.187 0.285 0.076 -0.111 -0.298
FF 0.111 0.081 - - -0.372 -0.074 -0.214 -0.436 0.632 0.212
MHB 0.037 -0.038 - - 0.194 -0.081 0.117 0.003 -0.046 -0.066
MEN 0.038 0.221 - - 0.028 -0.062 -0.179 -0.148 0.043 -0.095
MIF -0.043 0.035 - - -0.067 0.280 -0.004 0.020 -0.007 -0.096
Clv -0.002 -0.020 - - 0.224 -0.146 0.079 0.057 -0.035 0.158
MFLo 0.181 -0.276 - - 0.098 0.190 0.174 0.040 -0.073 -0.201
PHAR 0.027 -0.037 - - -0.146 0.229 -0.047 0.116 -0.083 -0.144
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Table 94. Continued.

241

Trait ZFF CCO FOI FSI PTB TYM AUD MT NO PZT ZS
ZS 0.063 0.173 0.152 -0.062 0.028 -0.116 - -0.160 0.253 0.203 1
LBM 0.047 0.010 0.170 -0.041 -0.015 -0.103 - -0.168 -0.216 0.242 0.069
LBLa 0.007 0.271 -0.118 -0.041 -0.294 -0.103 - -0.336 -0.088 0.242 0.069
PF -0.082 0.123 -0.102 0.085 -0.054 -0.091 - 0.113 -0.112 0.039 0.170
MF -0.080 0.074 -0.010 -0.063 0.199 -0.351 - -0.207 0.072 0.047 0.097
CRB 0.031 -0.080 -0.079 -0.144 -0.010 -0.169 - -0.112 0.026 -0.254 0.222
EPB 0.316 -0.254 0.305 0.090 -0.010 0.032 - -0.112 0.196 -0.114 0.046
FTA 0.094 -0.205 -0.038 0.380 -0.094 0.305 - 0.215 0.175 0.016 -0.337
PNB 0.111 0.102 -0.137 0.075 -0.340 -0.015 - -0.233 -0.072 0.138 0.263
AST -0.208 0.228 -0.067 -0.123 0.045 0.133 - 0.000 0.119 -0.140 -0.011
OMB -0.081 0.030 -0.067 0.144 -0.167 -0.145 - -0.255 -0.074 0.019 0.189
HYP 0.114 0.014 0.265 0.147 0.153 0.353 - 0.130 0.304 0.023 0.153
APF -0.136 0.229 0.010 -0.309 0.144 -0.086 - -0.134 0.043 -0.087 0.032
FF 0.024 0.083 -0.106 -0.023 -0.102 0.094 - 0.015 0.098 0.039 0.146
MHB -0.138 0.020 -0.116 -0.045 0.246 0.184 - -0.017 0.296 0.138 0.075
MEN -0.226 0.303 -0.089 -0.164 -0.222 -0.192 - -0.102 -0.047 0.150 -0.067
MIF -0.207 0.102 0.276 -0.127 0.300 -0.298 - -0.081 0.056 -0.049 -0.077
Clv 0.058 -0.130 -0.017 -0.385 0.088 0.202 - -0.026 0.117 -0.202 -0.031
MFLo 0.133 -0.178 -0.178 0.026 0.333 -0.200 - 0.115 -0.037 -0.054 0.069
PHAR -0.014 0.112 -0.164 0.151 -0.050 0.034 - 0.000 0.218 0.493 0.351




Table 94. Continued.

Trait LBM LBLa PF MF CRB EPB FTA PNB AST OMB
ZS 0.069 0.069 0.170 0.097 0.222 0.046 -0.337 0.263 -0.011 0.189
LBM 1 0.214 0.020 -0.191 0.038 -0.172 -0.082 0.138 -0.147 0.092
LBLa 0.214 1 0.141 0.164 0.247 -0.172 -0.082 0.574 -0.147 0.330
PF 0.020 0.141 1 -0.024 0.013 -0.310 0.084 0.079 -0.035 -0.035
MF -0.191 0.164 -0.024 1 -0.004 0.061 0.076 0.102 -0.233 0.306
CRB 0.038 0.247 0.013 -0.004 1 0.164 -0.055 0.382 0.220 0.220
EPB -0.172 -0.172 -0.310 0.061 0.164 1 -0.055 -0.005 -0.098 0.220
FTA -0.082 -0.082 0.084 0.076 -0.055 -0.055 1 -0.095 -0.047 -0.047
PNB 0.138 0.574 0.079 0.102 0.382 -0.005 -0.095 1 -0.170 0.271
AST -0.147 -0.147 -0.035 -0.233 0.220 -0.098 -0.047 -0.170 1 -0.083
OMB 0.092 0.330 -0.035 0.306 0.220 0.220 -0.047 0.271 -0.083 1
HYP -0.049 -0.069 0.003 -0.053 0.175 -0.074 0.210 0.091 0.259 -0.179
APF -0.189 -0.107 -0.246 0.318 0.030 0.161 -0.187 0.057 0.145 0.252
FF 0.257 0.104 -0.024 -0.219 -0.155 -0.155 -0.074 0.042 0.101 -0.132
MHB 0.048 0.231 -0.207 -0.069 0.032 0.032 -0.081 0.125 0.084 0.133
MEN -0.005 -0.005 -0.242 0.033 -0.130 -0.130 -0.062 0.126 0.177 -0.111
MIF 0.072 0.038 0.087 0.309 -0.050 -0.050 -0.096 -0.140 -0.171 0.000
Clv 0.069 -0.142 -0.044 -0.254 0.189 0.116 -0.146 -0.139 0.224 0.059
MFLo -0.254 -0.020 0.077 0.382 0.232 0.068 -0.124 0.119 -0.121 0.152
PHAR 0.045 0.045 -0.051 0.157 -0.239 -0.060 -0.115 0.332 0.000 0.000
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Table 94. Continued.

Trait HYP APF FF MHB MEN MIF Civ MFLo PHAR
ZS 0.153 0.032 0.146 0.075 -0.067 -0.077 -0.031 0.069 0.351
LBM -0.049 -0.189 0.257 0.048 -0.005 0.072 0.069 -0.254 0.045
LBLa -0.069 -0.107 0.104 0.231 -0.005 0.038 -0.142 -0.020 0.045
PF 0.003 -0.246 -0.024 -0.207 -0.242 0.087 -0.044 0.077 -0.051
MF -0.053 0.318 -0.219 -0.069 0.033 0.309 -0.254 0.382 0.157
CRB 0.175 0.030 -0.155 0.032 -0.130 -0.050 0.189 0.232 -0.239
EPB -0.074 0.161 -0.155 0.032 -0.130 -0.050 0.116 0.068 -0.060
FTA 0.210 -0.187 -0.074 -0.081 -0.062 -0.096 -0.146 -0.124 -0.115
PNB 0.091 0.057 0.042 0.125 0.126 -0.140 -0.139 0.119 0.332
AST 0.259 0.145 0.101 0.084 0.177 -0.171 0.224 -0.121 0.000
OMB -0.179 0.252 -0.132 0.133 -0.111 0.000 0.059 0.152 0.000
HYP 1 -0.030 -0.162 0.204 -0.115 0.039 0.150 0.000 0.211
APF -0.030 1 -0.351 0.167 0.307 0.110 0.257 0.106 0.099
FF -0.162 -0.351 1 0.123 0.010 -0.102 -0.062 -0.141 0.096
MHB 0.204 0.167 0.123 1 -0.010 0.085 0.229 0.037 0.293
MEN -0.115 0.307 0.010 -0.010 1 0.087 -0.091 -0.214 0.217
MIF 0.039 0.110 -0.102 0.085 0.087 1 -0.187 0.083 -0.070
Civ 0.150 0.257 -0.062 0.229 -0.091 -0.187 1 0.000 -0.186
MFLo 0.000 0.106 -0.141 0.037 -0.214 0.083 0.000 1 0.100
PHAR 0.211 0.099 0.096 0.293 0.217 -0.070 -0.186 0.100 1
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Table95. K e n d a | -b pvalueTesults for intertrait correlation for the cranial nonmetric and macromorphoscopic dataset.

Trait SSSF ANS INA 0B NAS NAW NBC NBS NFS OBS
SSSF 0.733 0.527 0.813 0.156 1.000 0.984 0.196 0.426 0.949
ANS 0.733 0.022 0.148 0.250 0.565 0.648 0.879 0.659 0.209
INA 0.527 0.022 0.912 0.452 0.263 0.859 0.704 0.541 0.213
10B 0.813 0.148 0.912 0.361 0.021 0.038 0.023 0.586 0.648
NAS 0.156 0.250 0.452 0.361 0.263 0.227 0.471 0.307 0.063
NAW 1.000 0.565 0.263 0.021 0.263 0.384 0.642 0.984 0.753
NBC 0.984 0.648 0.859 0.038 0.227 0.384 0.068 0.740 0.619
NBS 0.196 0.879 0.704 0.023 0.471 0.642 0.068 0.506 0.699
NFS 0.426 0.659 0.541 0.586 0.307 0.984 0.740 0.506 0.084
OBS 0.949 0.209 0.213 0.648 0.063 0.753 0.619 0.699 0.084
TPS 0.606 0.001 0.392 0.033 0.538 0.968 0.957 0.694 0.184 0.136
INCA = = = = = - = - = =
BREG - - - - - - - - - -
PALT 0.470 0.109 0.894 0.000 0.086 0.416 0.318 0.244 0.567 0.189
METO 0.641 0.625 0.093 0.270 0.433 1.000 0.217 0.286 0.186 0.303
MANT 0.805 0.044 0.551 0.015 0.182 0.294 0.653 0.054 0.311 0.340
SON 0.567 0.028 0.127 0.568 0.489 0.042 0.851 0.801 0.585 0.825
SOF 0.257 0.010 0.195 0.465 0.617 0.205 1.000 0.575 0.446 0.389
IFS 0.953 0.157 0.077 0.349 0.146 0.086 0.092 0.074 0.978 0.273
ZFF 0.309 0.331 0.792 0.104 0.849 0.814 0.659 0.027 0.627 0.932
CCO 0.745 0.505 0.467 0.864 0.734 1.000 0.770 0.330 0.963 0.045
FOI 0.504 0.484 0.947 0.630 0.764 1.000 0.786 0.799 1.000 0.268
FSI 0.023 0.416 0.902 0.284 0.233 1.000 0.901 0.276 0.082 0.652
PTB 0.456 0.428 0.840 0.782 0.678 0.074 0.973 0.742 0.323 0.540
TYM 0.567 0.954 0.870 0.120 0.902 1.000 0.088 0.968 0.216 0.952
AUD = = = = = - = - = =
MT 0.921 0.070 0.081 0.205 0.291 0.570 0.735 0.030 0.449 0.807
NO 0.784 0.780 0.506 0.704 0.855 1.000 0.630 0.215 0.764 0.462
PZT 0.797 0.802 0.219 0.156 0.148 0.179 0.680 0.719 0.386 0.691




Table 95. Continued.

Trait TPS INCA BREG PALT METO MANT SON SOF IFS ZFF
SSSF 0.606 - - 0.470 0.641 0.805 0.567 0.257 0.953 0.309
ANS 0.001 = = 0.109 0.625 0.044 0.028 0.010 0.157 0.331
INA 0.392 - - 0.894 0.093 0.551 0.127 0.195 0.077 0.792
I0B 0.033 = = 0.000 0.270 0.015 0.568 0.465 0.349 0.104
NAS 0.538 - - 0.086 0.433 0.182 0.489 0.617 0.146 0.849
NAW 0.968 = = 0.416 1.000 0.294 0.042 0.205 0.086 0.814
NBC 0.957 - - 0.318 0.217 0.653 0.851 1.000 0.092 0.659
NBS 0.694 = = 0.244 0.286 0.054 0.801 0.575 0.074 0.027
NFS 0.184 - - 0.567 0.186 0.311 0.585 0.446 0.978 0.627
OBS 0.136 - = 0.189 0.303 0.340 0.825 0.389 0.273 0.932
TPS - - 0.070 0.192 0.010 0.644 0.157 0.720 0.280
INCA = = = = = = = = =
BREG - - - - - - - - -
PALT 0.070 - = 0.255 0.011 0.959 0.030 0.646 0.973
METO 0.192 - - 0.255 0.640 0.707 0.245 0.666 0.162
MANT 0.010 = = 0.011 0.640 0.354 0.007 0.286 0.066
SON 0.644 - - 0.959 0.707 0.354 0.007 0.120 0.207
SOF 0.157 - - 0.030 0.245 0.007 0.007 0.374 0.470
IFS 0.720 - - 0.646 0.666 0.286 0.120 0.374 0.130
ZFF 0.280 - - 0.973 0.162 0.066 0.207 0.470 0.130
CCO 0.169 - - 0.724 0.206 0.794 0.741 0.450 0.963 0.442
FOI 0.109 = = 0.853 0.816 0.503 0.591 0.532 0.757 0.396
FSI 0.229 - - 0.221 0.670 0.930 0.411 0.656 0.377 0.120
PTB 0.090 - - 0.737 0.101 0.193 0.279 0.793 0.276 0.393
TYM 0.078 - - 0.276 0.612 0.639 0.107 0.307 0.064 0.017
AUD = = = = = = = = = =
MT 0.649 - - 1.000 1.000 0.565 0.714 0.472 0.011 0.250
NO 0.848 - - 0.461 0.355 0.849 0.946 0.117 0.223 0.633
PZT 0.697 - - 0.618 0.917 0.652 0.490 0.350 0.195 0.863
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Table 95. Continued.

Trait CCO FOI FSI PTB TYM AUD MT NO PZT ZS LBM
SSSF 0.745 0.504 0.023 0.456 0.567 - 0.921 0.784 0.797 0.307 0.011
ANS 0.505 0.484 0.416 0.428 0.954 = 0.070 0.780 0.802 0.506 0.528
INA 0.467 0.947 0.902 0.840 0.870 - 0.081 0.506 0.219 0.382 0.547
I0B 0.864 0.630 0.284 0.782 0.120 = 0.205 0.704 0.156 0.141 0.679
NAS 0.734 0.764 0.233 0.678 0.902 - 0.291 0.855 0.148 0.454 0.512
NAW 1.000 1.000 1.000 0.074 1.000 = 0.570 1.000 0.179 1.000 1.000
NBC 0.770 0.786 0.901 0.973 0.088 - 0.735 0.630 0.680 0.771 0.504
NBS 0.330 0.799 0.276 0.742 0.968 = 0.030 0.215 0.719 0.678 0.874
NFS 0.963 1.000 0.082 0.323 0.216 - 0.449 0.764 0.386 0.028 0.897
OBS 0.045 0.268 0.652 0.540 0.952 - 0.807 0.462 0.691 0.261 1.000
TPS 0.169 0.109 0.229 0.090 0.078 - 0.649 0.848 0.697 0.061 0.500
INCA = = = = - = = - = - =
BREG - - - - - - - - - - -
PALT 0.724 0.853 0.221 0.737 0.276 - 1.000 0.461 0.618 0.481 0.701
METO 0.206 0.816 0.670 0.101 0.612 - 1.000 0.355 0.917 0.507 0.611
MANT 0.794 0.503 0.930 0.193 0.639 = 0.565 0.849 0.652 0.855 0.657
SON 0.741 0.591 0.411 0.279 0.107 - 0.714 0.946 0.490 0.898 0.275
SOF 0.450 0.532 0.656 0.793 0.307 - 0.472 0.117 0.350 0.314 0.820
IFS 0.963 0.757 0.377 0.276 0.064 - 0.011 0.223 0.195 0.395 0.851
ZFF 0.442 0.396 0.120 0.393 0.017 - 0.250 0.633 0.863 0.687 0.768
CCO 0.257 0.239 0.138 0.150 - 0.173 0.547 0.498 0.281 0.951
FOI 0.257 0.169 0.451 0.468 = 0.317 0.122 0.881 0.342 0.295
FSI 0.239 0.169 0.124 0.437 - 0.541 0.279 0.326 0.698 0.802
PTB 0.138 0.451 0.124 0.326 - 0.145 0.853 0.792 0.858 0.927
TYM 0.150 0.468 0.437 0.326 - 0.293 0.092 0.073 0.463 0.519
AUD = = = = - = - = - =
MT 0.173 0.317 0.541 0.145 0.293 - 0.658 0.722 0.294 0.274
NO 0.547 0.122 0.279 0.853 0.092 - 0.658 0.960 0.115 0.184
PZT 0.498 0.881 0.326 0.792 0.073 - 0.722 0.960 0.188 0.121
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Table 95. Continued.

Trait LBLa PF MF CRB EPB FTA PNB AST OMB HYP
SSSF 0.676 0.633 0.144 0.331 0.331 0.641 0.809 0.406 0.453 0.383
ANS 0.284 0.987 0.221 0.015 0.476 0.107 0.052 0.908 0.271 0.806
INA 0.596 0.261 0.294 0.159 0.263 0.225 0.085 0.193 0.543 0.107
I0B 0.398 0.512 0.014 0.211 0.500 0.666 0.181 0.887 0.038 0.111
NAS 0.152 0.443 0.101 0.549 0.663 0.433 0.970 0.828 0.163 0.806
NAW 1.000 1.000 1.000 1.000 0.184 1.000 0.065 1.000 1.000 0.342
NBC 0.629 0.829 0.579 0.824 0.429 0.849 0.381 0.177 0.325 0.108
NBS 0.393 0.228  0.362 0.579 0.711 0.477 0.783 0.833 0.058 0.708
NFS 0.698 0.914 0.015 0.490 0.522 1.000 0.549 0.092 0.116 0.727
OBS 0.480 0.374  0.318 0.107 0.502 0.303 0.305 0.760 0.879 0.917
TPS 0.500 0.325  0.507 0.007 0.790 0.515 0.102 0.581 0.246 0.708
INCA = = = = = = = - = -
BREG - - - - - - - - - -
PALT 0.240 0.409 0.669 0.067 0.067 0.255 0.793 0.713 0.118 0.652
METO 0.611 0.597 0.139 0.735 0.735 0.871 0.557 0.773 0.773 0.038
MANT 0.565 0.931 0.313 0.702 0.702 0.640 0.847 0.405 0.000 0.370
SON 0.737 0.834  0.703 0.434 0.823 0.707 0.600 0.633 0.633 0.028
SOF 0.394 0.875  0.869 0.449 0.940 0.663 0.636 0.438 0.039 0.626
IFS 0.985 0.399 0.036 0.484 0.484 0.270 0.487 0.049 0.442 0.334
ZFF 0.966 0.599 0.581 0.844 0.047 0.554 0.483 0.191 0.610 0.448
CCO 0.095 0.440 0.620 0.621 0.118 0.206 0.529 0.159 0.851 0.929
FOI 0.467 0.520  0.947 0.628 0.060 0.816 0.400 0.679 0.679 0.086
FSI 0.802 0.595 0.671 0.374 0.579 0.019 0.643 0.448 0.376 0.340
PTB 0.067 0.732 0.177 0.951 0.951 0.559 0.034 0.781 0.298 0.317
TYM 0.519 0.564  0.017 0.291 0.843 0.057 0.927 0.409 0.367 0.020
AUD = = = = = = = - = -
MT 0.029 0.452 0.142 0.467 0.467 0.163 0.129 1.000 0.098 0.374
NO 0.587 0.482 0.629 0.872 0.228 0.280 0.655 0.464 0.647 0.049
PZT 0.121 0.799 0.744 0.103 0.463 0.917 0.375 0.369 0.901 0.875
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Table 95. Continued.

Trait APF FF MHB MEN MIF Civ MFLo PHAR
SSSF 0.018 0.004 0.567 0.270 0.447 0.516 0.651 0.517
ANS 0.809 0.085 0.567 0.309 0.589 0.562 0.634 0.706
INA 0.634 0.259 0.675 0.659 0.722 0.842 0.211 0.004
I0B 0.021 0.064 0.985 0.181 0.666 0.759 0.843 0.260
NAS 0.279 0.255 0.380 0.980 0.651 0.811 0.217 0.400
NAW 0.650 1.000 0.333 0.228 0.327 1.000 0.195 1.000
NBC 0.032 0.669 0.107 0.041 0.588 0.048 0.393 0.600
NBS 0.004 0.227 0.362 0.119 0.461 0.216 0.776 0.892
NFS 0.783 0.261 0.897 0.254 0.462 0.024 0.139 0.064
OBS 0.280 0.473 0.809 0.808 0.776 0.987 0.218 0.863
TPS 0.481 0.580 0.799 0.140 0.809 0.887 0.050 0.803
INCA = = = - - - = -
BREG - - - - - - - -
PALT 0.110 0.020 0.226 0.864 0.668 0.152 0.522 0.367
METO 0.219 0.641 0.612 0.701 0.072 0.348 0.213 0.157
MANT 0.061 0.179 0.465 0.269 0.982 0.611 0.253 0.771
SON 0.606 0.005 0.983 0.348 0.897 0.707 0.788 0.461
SOF 0.446 0.000 0.762 0.784 0.960 0.813 0.617 0.592
IFS 0.040 0.162 0.667 0.540 0.517 0.286 0.165 0.351
ZFF 0.363 0.877 0.378 0.154 0.174 0.706 0.374 0.928
CCO 0.132 0.604 0.902 0.062 0.511 0.404 0.243 0.491
FOI 0.946 0.504 0.468 0.583 0.077 0.915 0.244 0.311
FSI 0.042 0.884 0.781 0.313 0.417 0.014 0.867 0.353
PTB 0.340 0.517 0.121 0.167 0.052 0.569 0.027 0.754
TYM 0.567 0.550 0.245 0.231 0.054 0.190 0.185 0.832
AUD = = = - - - = -
MT 0.354 0.921 0.910 0.509 0.582 0.860 0.426 1.000
NO 0.776 0.541 0.065 0.770 0.722 0.452 0.808 0.179
PZT 0.553 0.797 0.370 0.336 0.745 0.177 0.712 0.002
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Table 95. Continued.

Trait SSSF ANS INA 0B NAS NAW NBC NBS NFS OBS
ZS 0.307 0.506 0.382 0.141 0.454 1.000 0.771 0.678 0.028 0.261
LBM 0.011 0.528 0.547 0.679 0.512 1.000 0.504 0.874 0.897 1.000
LBLa 0.676 0.284 0.596 0.398 0.152 1.000 0.629 0.393 0.698 0.480
PF 0.633 0.987 0.261 0.512 0.443 1.000 0.829 0.228 0.914 0.374
MF 0.144 0.221 0.294 0.014 0.101 1.000 0.579 0.362 0.015 0.318
CRB 0.331 0.015 0.159 0.211 0.549 1.000 0.824 0.579 0.490 0.107
EPB 0.331 0.476 0.263 0.500 0.663 0.184 0.429 0.711 0.522 0.502
FTA 0.641 0.107 0.225 0.666 0.433 1.000 0.849 0.477 1.000 0.303
PNB 0.809 0.052 0.085 0.181 0.970 0.065 0.381 0.783 0.549 0.305
AST 0.406 0.908 0.193 0.887 0.828 1.000 0.177 0.833 0.092 0.760
OMB 0.453 0.271 0.543 0.038 0.163 1.000 0.325 0.058 0.116 0.879
HYP 0.383 0.806 0.107 0.111 0.806 0.342 0.108 0.708 0.727 0.917
APF 0.018 0.809 0.634 0.021 0.279 0.650 0.032 0.004 0.783 0.280
FF 0.004 0.085 0.259 0.064 0.255 1.000 0.669 0.227 0.261 0.473
MHB 0.567 0.567 0.675 0.985 0.380 0.333 0.107 0.362 0.897 0.809
MEN 0.270 0.309 0.659 0.181 0.980 0.228 0.041 0.119 0.254 0.808
MIF 0.447 0.589 0.722 0.666 0.651 0.327 0.588 0.461 0.462 0.776
CIv 0.516 0.562 0.842 0.759 0.811 1.000 0.048 0.216 0.024 0.987
MFLo 0.651 0.634 0.211 0.843 0.217 0.195 0.393 0.776 0.139 0.218
PHAR 0.517 0.706 0.004 0.260 0.400 1.000 0.600 0.892 0.064 0.863

249



Table 95. Continued.

Trait TPS INCA BREG PALT METO MANT SON SOF IFS ZFF
ZS 0.061 = = 0.481 0.507 0.855 0.898 0.314 0.395 0.687
LBM 0.500 - - 0.701 0.611 0.657 0.275 0.820 0.851 0.768
LBLa 0.500 = = 0.240 0.611 0.565 0.737 0.394 0.985 0.966
PF 0.325 - - 0.409 0.597 0.931 0.834 0.875 0.399 0.599
MF 0.507 = = 0.669 0.139 0.313 0.703 0.869 0.036 0.581
CRB 0.007 - - 0.067 0.735 0.702 0.434 0.449 0.484 0.844
EPB 0.790 = = 0.067 0.735 0.702 0.823 0.940 0.484 0.047
FTA 0.515 - - 0.255 0.871 0.640 0.707 0.663 0.270 0.554
PNB 0.102 - = 0.793 0.557 0.847 0.600 0.636 0.487 0.483
AST 0.581 - - 0.713 0.773 0.405 0.633 0.438 0.049 0.191
OMB 0.246 = = 0.118 0.773 0.000 0.633 0.039 0.442 0.610
HYP 0.708 - - 0.652 0.038 0.370 0.028 0.626 0.334 0.448
APF 0.481 - = 0.110 0.219 0.061 0.606 0.446 0.040 0.363
FF 0.580 - - 0.020 0.641 0.179 0.005 0.000 0.162 0.877
MHB 0.799 - = 0.226 0.612 0.465 0.983 0.762 0.667 0.378
MEN 0.140 - - 0.864 0.701 0.269 0.348 0.784 0.540 0.154
MIF 0.809 = = 0.668 0.072 0.982 0.897 0.960 0.517 0.174
CIv 0.887 - - 0.152 0.348 0.611 0.707 0.813 0.286 0.706
MFLo 0.050 - - 0.522 0.213 0.253 0.788 0.617 0.165 0.374
PHAR 0.803 - - 0.367 0.157 0.771 0.461 0.592 0.351 0.928
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Table 95. Continued.

Trait CCO FOI FSI PTB TYM AUD MT NO PZT ZS LBM
ZS 0.281 0.342 0.698 0.858 0.463 = 0.294 0.115 0.188 0.665
LBM 0.951 0.295 0.802 0.927 0.519 - 0.274 0.184 0.121 0.665
LBLa 0.095 0.467 0.802 0.067 0.519 = 0.029 0.587 0.121 0.665 0.188
PF 0.440 0.520 0.595 0.732 0.564 - 0.452 0.482 0.799 0.280 0.901
MF 0.620 0.947 0.671 0.177 0.017 = 0.142 0.629 0.744 0.508 0.199
CRB 0.621 0.628 0.374 0.951 0.291 - 0.467 0.872 0.103 0.167 0.817
EPB 0.118 0.060 0.579 0.951 0.843 = 0.467 0.228 0.463 0.773 0.290
FTA 0.206 0.816 0.019 0.559 0.057 - 0.163 0.280 0.917 0.036 0.611
PNB 0.529 0.400 0.643 0.034 0.927 - 0.129 0.655 0.375 0.101 0.395
AST 0.159 0.679 0.448 0.781 0.409 - 1.000 0.464 0.369 0.948 0.366
OMB 0.851 0.679 0.376 0.298 0.367 = 0.098 0.647 0.901 0.238 0.572
HYP 0.929 0.086 0.340 0.317 0.020 - 0.374 0.049 0.875 0.316 0.749
APF 0.132 0.946 0.042 0.340 0.567 - 0.354 0.776 0.553 0.834 0.215
FF 0.604 0.504 0.884 0.517 0.550 - 0.921 0.541 0.797 0.353 0.106
MHB 0.902 0.468 0.781 0.121 0.245 - 0.910 0.065 0.370 0.635 0.766
MEN 0.062 0.583 0.313 0.167 0.231 - 0.509 0.770 0.336 0.676 0.976
MIF 0.511 0.077 0.417 0.052 0.054 = 0.582 0.722 0.745 0.619 0.644
CIv 0.404 0.915 0.014 0.569 0.190 - 0.860 0.452 0.177 0.840 0.656
MFLo 0.243 0.244 0.867 0.027 0.185 - 0.426 0.808 0.712 0.648 0.095
PHAR 0.491 0.311 0.353 0.754 0.832 - 1.000 0.179 0.002 0.029 0.782
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Table 95. Continued.

Trait LBLa PF MF CRB EPB FTA PNB AST OMB HYP
ZS 0.665 0.280 0.508 0.167 0.773 0.036 0.101 0.948 0.238 0.316
LBM 0.188 0.901 0.199 0.817 0.290 0.611 0.395 0.366 0.572 0.749
LBLa 0.374 0.270 0.128 0.290 0.611 0.000 0.366 0.042 0.654
PF 0.374 0.869 0.934 0.051 0.597 0.619 0.826 0.826 0.986
MF 0.270 0.869 0.981 0.682 0.611 0.493 0.118 0.040 0.710
CRB 0.128 0.934 0.981 0.311 0.735 0.018 0.176 0.176 0.256
EPB 0.290 0.051 0.682 0.311 0.735 0.976 0.547 0.176 0.630
FTA 0.611 0.597 0.611 0.735 0.735 0.557 0.773 0.773 0.173
PNB 0.000 0.619 0.493 0.018 0.976 0.557 0.296 0.095 0.554
AST 0.366 0.826 0.118 0.176 0.547 0.773 0.296 0.607 0.093
OMB 0.042 0.826 0.040 0.176 0.176 0.773 0.095 0.607 0.245
HYP 0.654 0.986 0.710 0.256 0.630 0.173 0.554 0.093 0.245
APF 0.482 0.100 0.023 0.844 0.289 0.219 0.706 0.340 0.098 0.836
FF 0.515 0.879 0.134 0.332 0.332 0.641 0.791 0.528 0.407 0.284
MHB 0.151 0.187 0.639 0.843 0.843 0.612 0.436 0.599 0.409 0.180
MEN 0.976 0.128 0.827 0.424 0.424 0.701 0.437 0.275 0.495 0.455
MIF 0.809 0.571 0.031 0.748 0.748 0.537 0.371 0.272 1.000 0.792
CIv 0.363 0.772 0.076 0.226 0.455 0.348 0.371 0.151 0.703 0.312
MFLo 0.896 0.607 0.006 0.128 0.654 0.416 0.436 0.427 0.320 1.000
PHAR 0.782 0.750 0.292 0.141 0.713 0.480 0.041 1.000 1.000 0.171
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Table 95. Continued.

Trait APF FF MHB MEN MIF Civ MFLo PHAR
ZS 0.834 0.353 0.635 0.676 0.619 0.840 0.648 0.029
LBM 0.215 0.106 0.766 0.976 0.644 0.656 0.095 0.782
LBLa 0.482 0.515 0.151 0.976 0.809 0.363 0.896 0.782
PF 0.100 0.879 0.187 0.128 0.571 0.772 0.607 0.750
MF 0.023 0.134 0.639 0.827 0.031 0.076 0.006 0.292
CRB 0.844 0.332 0.843 0.424 0.748 0.226 0.128 0.141
EPB 0.289 0.332 0.843 0.424 0.748 0.455 0.654 0.713
FTA 0.219 0.641 0.612 0.701 0.537 0.348 0.416 0.480
PNB 0.706 0.791 0.436 0.437 0.371 0.371 0.436 0.041
AST 0.340 0.528 0.599 0.275 0.272 0.151 0.427 1.000
OMB 0.098 0.407 0.409 0.495 1.000 0.703 0.320 1.000
HYP 0.836 0.284 0.180 0.455 0.792 0.312 1.000 0.171
APF 0.019 0.268 0.044 0.452 0.079 0.460 0.516
FF 0.019 0.436 0.950 0.504 0.685 0.346 0.547
MHB 0.268 0.436 0.952 0.584 0.138 0.808 0.068
MEN 0.044 0.950 0.952 0.577 0.559 0.161 0.181
MIF 0.452 0.504 0.584 0.577 0.212 0.573 0.651
CIv 0.079 0.685 0.138 0.559 0.212 1.000 0.233
MFLo 0.460 0.346 0.808 0.161 0.573 1.000 0.511
PHAR 0.516 0.547 0.068 0.181 0.651 0.233 0.511
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Table96. K e n d a | -b i@salts Tomintertrait correlation for the dental morphology dataset.

Trait UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE UI1l_WING UI1_LABCON ul2_LIv
UG_DIAST 1 -0.137 -0.278 -0.137 0.189 0.048 -0.057
UM1_CARAB -0.137 1 -0.032 0.034 0.041 -0.262 -
UM2_ENEX -0.278 -0.032 1 -0.045 0.030 -0.223 -
UI2_IGROOVE -0.137 0.034 -0.045 1 0.035 -0.298 -0.061
UI1_WING 0.189 0.041 0.030 0.035 1 -0.033 -0.085
UI1_LABCON 0.048 -0.262 -0.223 -0.298 -0.033 1 -0.130
ul2_LIv -0.057 - - -0.061 -0.085 -0.130 1
Ull_SHOV -0.138 0.137 0.305 0.139 -0.092 -0.142 -0.208
Ul2_SHOV -0.366 0.073 0.277 0.212 -0.001 -0.178 -0.038
UC_SHOV -0.160 0.195 0.110 0.143 0.139 -0.242 0.185
Ul1l_SHOV2 -0.096 0.216 0.265 0.237 -0.052 -0.145 -0.050
Ul2_SHOV2 -0.025 0.154 0.107 0.182 0.236 -0.121 -0.124
UC_SHOV2 0.127 0.027 -0.118 0.055 0.174 -0.171 -0.103
Ul1_IGROOVE -0.061 0.055 -0.138 0.296 0.124 -0.029 -0.027
UlI1l_TUBDENT -0.160 -0.059 -0.139 0.311 0.202 -0.022 -0.167
UC_TUBDENT -0.075 0.017 -0.137 0.251 -0.001 0.238 -0.123
UC_MESRIG -0.089 -0.132 -0.033 0.233 -0.111 0.090 -0.026
UC_DAR 0.191 -0.008 0.251 -0.097 0.048 -0.026 -0.143
UC_DIAST 0.206 0.269 -0.071 -0.092 -0.159 -0.036 -0.039
Ul2_DENCRO -0.023 0.151 0.070 0.256 0.253 0.070 -0.125
UP4_DENCRO 0.061 0.046 -0.007 0.091 -0.040 -0.016 0.205
UP3_ACCUP -0.071 - 0.129 0.135 -0.143 -0.239 -0.043
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON -0.137 0.150 -0.041 -0.085 0.135 0.063 0.070
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Table 96.Continued.

Trait Ull_SHOV UI2_SHOV UC_SHOV Ull_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_IGROOVE
UG_DIAST -0.138 -0.366 -0.160 -0.096 -0.025 0.127 -0.061
UM1_CARAB 0.137 0.073 0.195 0.216 0.154 0.027 0.055
UM2_ENEX 0.305 0.277 0.110 0.265 0.107 -0.118 -0.138
UI2_IGROOVE 0.139 0.212 0.143 0.237 0.182 0.055 0.296
UlI1_WING -0.092 -0.001 0.139 -0.052 0.236 0.174 0.124
UI1_LABCON -0.142 -0.178 -0.242 -0.145 -0.121 -0.171 -0.029
ul2_LIv -0.208 -0.038 0.185 -0.050 -0.124 -0.103 -0.027
Ull_SHOV 1 0.473 0.331 0.572 0.194 -0.008 0.233
Ul2_SHOV 0.473 1 0.228 0.230 0.332 0.101 0.051
UC_SHOV 0.331 0.228 1 0.171 0.354 0.222 0.190
Ul1l_SHOV2 0.572 0.230 0.171 1 0.430 0.117 0.044
Ul2_SHOV2 0.194 0.332 0.354 0.430 1 0.390 0.117
UC_SHOV2 -0.008 0.101 0.222 0.117 0.390 1 -0.098
Ul1_IGROOVE 0.233 0.051 0.190 0.044 0.117 -0.098 1
UlI1l_TUBDENT 0.011 0.143 0.201 -0.046 0.048 0.083 -0.156
UC_TUBDENT 0.244 0.046 0.198 0.105 0.189 0.032 0.218
UC_MESRIG 0.251 0.290 -0.027 0.212 0.037 0.034 -0.038
UC_DAR 0.059 -0.009 0.005 -0.107 0.158 0.237 0.034
UC_DIAST 0.139 -0.103 0.030 0.104 -0.108 0.038 -0.057
Ul2_DENCRO 0.181 0.165 -0.160 0.157 0.254 0.268 0.162
UP4_DENCRO -0.234 -0.260 -0.172 0.023 -0.265 -0.075 -0.218
UP3_ACCUP 0.000 0.089 -0.049 -0.108 -0.059 0.051 -0.062
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON -0.142 0.066 0.232 -0.325 0.219 -0.071 0.100
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Table 96.Continued.
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Trait UI1_TUBDENT UC_TUBDENT UC_MESRIG UC_DAR UC_DIAST UI2_DENCRO UP4_DENCRO
UG_DIAST -0.160 -0.075 -0.089 0.191 0.206 -0.023 0.061
UM1_CARAB -0.059 0.017 -0.132 -0.008 0.269 0.151 0.046
UM2_ENEX -0.139 -0.137 -0.033 0.251 -0.071 0.070 -0.007
Ul2_IGROOVE 0.311 0.251 0.233 -0.097 -0.092 0.256 0.091
UI1_WING 0.202 -0.001 -0.111 0.048 -0.159 0.253 -0.040
Ul1_LABCON -0.022 0.238 0.090 -0.026 -0.036 0.070 -0.016
uUl2_LIV -0.167 -0.123 -0.026 -0.143 -0.039 -0.125 0.205
Ull_SHOV 0.011 0.244 0.251 0.059 0.139 0.181 -0.234
Ul2_SHOV 0.143 0.046 0.290 -0.009 -0.103 0.165 -0.260
UC_SHOV 0.201 0.198 -0.027 0.005 0.030 -0.160 -0.172
Ull_SHOV2 -0.046 0.105 0.212 -0.107 0.104 0.157 0.023
Ul2_SHOV2 0.048 0.189 0.037 0.158 -0.108 0.254 -0.265
UC_SHOV2 0.083 0.032 0.034 0.237 0.038 0.268 -0.075
Ul1_IGROOVE -0.156 0.218 -0.038 0.034 -0.057 0.162 -0.218
UI1_TUBDENT 1 0.254 0.050 -0.078 0.036 -0.063 0.003
UC_TUBDENT 0.254 1 0.217 0.066 -0.138 0.058 -0.073
UC_MESRIG 0.050 0.217 1 -0.085 -0.057 0.259 0.084
UC_DAR -0.078 0.066 -0.085 1 0.172 0.239 0.046
UC_DIAST 0.036 -0.138 -0.057 0.172 1 -0.220 -0.064
UlI2_DENCRO -0.063 0.058 0.259 0.239 -0.220 1 0.099
UP4_DENCRO 0.003 -0.073 0.084 0.046 -0.064 0.099 1
UP3_ACCUP 0.190 0.070 -0.063 0.120 -0.092 -0.109 0.164
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.073 0.115 -0.156 -0.062 -0.219 0.159 -0.193
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Table 96.Continued.

Trait UP3_ACCUP UP4_ACCUP UP3_UTOAZ UM1_METCON UM2_METCON UM1_HYPCON UMZ2_HYPCON
UG_DIAST -0.071 - - -0.137 -0.094 0.117 0.031
UM1_CARAB - - - 0.150 -0.194 0.187 0.019
UM2_ENEX 0.129 - - -0.041 0.115 0.023 -0.021
Ul2_IGROOVE 0.135 - - -0.085 0.084 0.126 0.067
UI1_WING -0.143 - - 0.135 -0.101 0.198 -0.016
Ul1_LABCON -0.239 - - 0.063 0.056 -0.054 -0.061
uUl2_LIV -0.043 - - 0.070 -0.080 0.139 0.148
Ull_SHOV 0.000 - - -0.142 0.082 -0.350 -0.242
Ul2_SHOV 0.089 - - 0.066 0.136 -0.013 0.135
UC_SHOV -0.049 - - 0.232 -0.079 0.140 -0.036
Ull_SHOV2 -0.108 - - -0.325 -0.019 -0.246 -0.249
Ul2_SHOV2 -0.059 - - 0.219 0.037 0.196 0.055
UC_SHOV2 0.051 - - -0.071 -0.032 0.158 0.129
Ul1_IGROOVE -0.062 - - 0.100 0.053 0.030 -0.198
UI1_TUBDENT 0.190 - - 0.073 0.126 0.093 0.214
UC_TUBDENT 0.070 - - 0.115 -0.220 0.035 0.010
UC_MESRIG -0.063 - - -0.156 0.076 -0.160 0.097
UC_DAR 0.120 - - -0.062 -0.034 0.125 0.049
UC_DIAST -0.092 - - -0.219 0.100 -0.047 -0.040
Ul2_DENCRO -0.109 - - 0.159 0.075 0.149 0.008
UP4_DENCRO 0.164 - - -0.193 -0.097 0.219 0.112
UP3_ACCUP 1 - - 0.112 0.207 -0.077 0.131
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.112 - - 1 -0.035 0.196 0.141
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Table 96.Continued.

Trait UM1_METCON UM2_METCON UM2_CARA UM1_PARAS UMZ2_PARAS UM1_MOLC UM1_ENE
L L B T T R X
UG_DIAST -0.199 -0.082 -0.115 - - 0.285 -0.169
UM1_CARAB 0.153 0.081 0.033 - - 0.232 0.192
UM2_ENEX 0.098 -0.082 0.126 - - 0.180 0.329
UlI2_IGROOVE -0.036 -0.108 -0.108 - - -0.076 0.247
UI1_WING 0.091 -0.034 0.023 - - 0.467 -0.051
Ul1_LABCON 0.069 -0.030 0.043 - - 0.261 -0.097
ul2_LIv -0.085 -0.032 -0.038 - - -0.112 -
Ull_SHOV -0.078 0.014 0.009 - - 0.081 0.308
Ul2_SHOV -0.171 -0.034 0.079 - - -0.075 0.124
UC_SHOV 0.024 -0.059 -0.059 - - 0.161 0.252
Ul1l_SHOV2 -0.179 -0.204 -0.055 - - 0.008 0.362
Ul2_SHOV2 -0.099 -0.059 -0.022 - - 0.113 0.132
UC_SHOV2 -0.091 -0.045 0.028 - - -0.045 -0.130
Ul1_IGROOVE -0.121 -0.046 -0.045 - - 0.120 -0.173
UI1_TUBDENT -0.053 -0.099 0.162 - - 0.275 0.151
UC_TUBDENT 0.201 0.190 0.133 - - 0.346 0.144
UC_MESRIG -0.120 -0.064 -0.060 - - -0.105 0.174
UC_DAR 0.033 0.007 0.110 - - -0.030 -0.199
UC_DIAST -0.180 -0.089 -0.084 - - -0.216 -0.062
Ul2_DENCRO 0.026 0.076 0.127 - - 0.206 0.096
UP4_DENCRO 0.041 -0.082 0.018 - - -0.035 0.105
UP3_ACCUP 0.179 -0.076 -0.060 - - 0.256 -0.195
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCO
N 0.140 -0.054 0.115 - - 0.247 -0.094




Table 96.Continued.

Trait UM2_POTTH UI2_PEGSH UP3_ODONT UP4_ODONT UI2_CONAB UC_CONAB UM3_CONAB
UG_DIAST 0.283 -0.060 - - 0.406 -0.058
UM1_CARAB -0.141 - - - 0.190 0.262
UM2_ENEX -0.254 - - - -0.030 -0.177
Ul2_IGROOVE -0.102 -0.068 - - - -
UI1_WING 0.363 -0.085 - - -0.076 -0.076
Ul1_LABCON 0.134 -0.128 - - -0.124 -0.124
uUl2_LIV -0.029 1.000 - - - -0.018
Ull_SHOV -0.167 -0.210 - - 0.147 0.046
Ul2_SHOV 0.033 -0.053 - - - -0.038
UC_SHOV 0.042 0.189 - - -0.123 0.215
Ull_SHOV2 -0.198 -0.067 - - 0.208 -0.052
Ul2_SHOV2 0.086 -0.132 - - - -0.124
UC_SHOV2 0.183 -0.113 - - 0.221 -0.092
Ul1_IGROOVE -0.043 -0.029 - - -0.026 -0.026
UI1_TUBDENT 0.314 -0.167 - - -0.156 0.170
UC_TUBDENT 0.173 -0.129 - - -0.116 -0.116
UC_MESRIG -0.040 -0.029 - - -0.024 -0.024
UC_DAR 0.230 -0.152 - - -0.126 0.022
UC_DIAST -0.055 -0.037 - - 0.450 0.450
Ul2_DENCRO - -0.136 - - - -0.122
UP4_DENCRO 0.101 0.216 - - 0.056 0.194
UP3_ACCUP -0.040 -0.044 - - -0.043 -0.043
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - - -
UM1_METCON 0.067 0.068 - - -0.289 0.063
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Table 96.Continued.

Trait LI1_SHOV  LI2_SHOV LC_DAR LP3_LINGCSP LP4_LINGCSP LI2_DENCRO LM1_CUSPNO
UG_DIAST -0.192 -0.067 -0.132 -0.055 -0.145 -0.162 0.361
UM1_CARAB 0.196 0.225 -0.032 0.212 0.150 -0.042 0.066
UM2_ENEX -0.063 0.159 0.120 -0.188 -0.053 -0.048 0.061
Ul2_IGROOVE 0.060 0.096 -0.065 -0.026 0.107 0.002 0.134
UI1_WING 0.097 0.040 0.111 0.064 0.008 -0.006 0.153
Ul1_LABCON -0.037 -0.031 0.177 0.061 0.050 0.167 0.087
uUl2_LIV - - - 0.017 -0.161 0.015 -0.097
Ull_SHOV 0.475 0.387 0.205 0.066 -0.023 -0.212 0.017
Ul2_SHOV 0.188 0.292 0.086 -0.080 0.158 0.064 -0.176
UC_SHOV 0.424 0.290 0.215 0.227 0.157 -0.022 0.035
Ull_SHOV2 0.441 0.391 0.203 0.005 -0.169 -0.181 -0.156
Ul2_SHOV2 0.314 0.242 0.184 -0.006 0.142 0.070 0.112
UC_SHOV2 0.178 0.168 -0.001 0.119 0.080 0.038 0.127
Ul1_IGROOVE 0.082 -0.157 -0.126 0.156 0.164 0.161 -0.143
UI1_TUBDENT -0.052 0.136 0.177 0.103 -0.141 0.110 -0.187
UC_TUBDENT 0.253 0.259 0.205 0.257 0.220 -0.065 0.161
UC_MESRIG 0.062 0.208 0.020 -0.112 -0.042 -0.099 0.108
UC_DAR -0.326 -0.125 0.059 0.147 -0.016 0.119 0.309
UC_DIAST -0.049 -0.049 0.046 0.037 -0.017 -0.204 0.040
Ul2_DENCRO 0.076 0.314 0.181 -0.003 0.029 0.110 0.227
UP4_DENCRO -0.415 -0.065 -0.292 0.110 -0.076 0.084 0.099
UP3_ACCUP -0.100 -0.071 -0.108 -0.073 0.154 0.251 0.158
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.020 0.032 0.160 0.166 0.135 0.263 0.386

260



Table 96.Continued.

Trait LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
UG_DIAST -0.091 -0.108 0.321 -0.078 -0.194
UM1_CARAB 0.186 0.229 -0.124 - 0.125
UM2_ENEX 0.154 -0.184 -0.153 - -0.291
Ul2_IGROOVE 0.188 0.043 0.000 0.373 0.060
UI1_WING 0.020 0.006 0.061 -0.092 -0.411
Ul1_LABCON 0.080 0.060 0.292 -0.139 0.125
uUl2_LIV -0.159 -0.061 -0.025 -0.025 0.175
Ul1l_SHOV 0.209 -0.081 0.197 0.244 0.055
Ul2_SHOV -0.150 -0.245 -0.162 0.246 0.000
UC_SHOV 0.110 -0.162 0.294 0.053 0.052
Ull_SHOV2 0.238 0.235 0.367 0.145 0.176
Ul2_SHOV2 0.019 0.103 0.253 0.056 -0.141
UC_SHOV2 0.027 0.075 0.163 -0.108 -0.308
Ul1_IGROOVE -0.045 -0.074 0.094 -0.037 0.103
UI1_TUBDENT 0.071 0.151 -0.083 0.104 0.294
UC_TUBDENT 0.224 0.253 0.324 0.144 0.229
UC_MESRIG 0.092 -0.057 0.177 -0.034 -0.029
UC_DAR -0.012 -0.038 -0.083 -0.163 -0.121
UC_DIAST 0.131 0.139 0.186 -0.049 0.047
Ul2_DENCRO 0.143 -0.024 0.089 0.120 -0.151
UP4_DENCRO -0.101 0.041 -0.070 -0.151 0.221
UP3_ACCUP 0.064 -0.087 -0.218 -0.040 -0.103
UP4_ACCUP - - - - -
UP3_UTOAZ - - - - -
UM1_METCON -0.013 -0.094 0.008 0.080 -0.049
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Table 96. Continued.

Trait LM2_CUSP5 LM1_CUSP6 LM2_CUSP6 LM2_MOLCR LM2_CUSP7 LM1_ENEX LM2_ENEX
UG_DIAST -0.077 0.265 -0.133 0.050 - -0.017 -0.010
UM1_CARAB 0.179 0.162 -0.024 0.056 - 0.063 0.039
UM2_ENEX -0.138 0.101 0.273 0.025 - 0.262 -0.013
Ul2_IGROOVE 0.325 0.023 -0.044 -0.037 - 0.117 0.065
UI1_WING 0.090 0.322 -0.065 0.303 - 0.033 0.141
Ul1_LABCON 0.008 0.009 0.161 0.070 - -0.037 -0.028
uUl2_LIV -0.151 -0.113 -0.061 -0.152 - 0.149 -0.157
Ull_SHOV 0.181 -0.139 0.066 0.262 - 0.346 0.015
Ul2_SHOV -0.178 -0.119 -0.103 0.159 - 0.117 0.104
UC_SHOV 0.027 0.067 -0.029 0.413 - 0.147 -0.113
Ull_SHOV2 0.200 -0.257 0.107 0.167 - 0.301 -0.083
Ul2_SHOV2 -0.010 0.139 -0.020 0.358 - 0.104 0.060
UC_SHOV2 -0.035 0.112 0.113 0.254 - 0.062 0.078
Ul1_IGROOVE 0.069 -0.166 -0.089 0.063 - -0.204 0.063
UI1_TUBDENT 0.159 -0.206 -0.163 0.410 - -0.013 0.101
UC_TUBDENT 0.239 0.025 0.006 0.264 - 0.131 -0.065
UC_MESRIG 0.139 0.026 -0.058 0.210 - 0.192 -0.153
UC_DAR -0.189 0.246 0.297 0.168 - -0.103 -0.082
UC_DIAST 0.060 0.011 0.101 0.047 - -0.079 -0.171
Ul2_DENCRO 0.127 0.116 0.117 -0.079 - 0.125 0.130
UP4_DENCRO -0.116 -0.035 -0.068 -0.300 - 0.033 0.030
UP3_ACCUP -0.072 0.139 0.221 -0.158 - -0.151 0.203
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON -0.083 0.325 -0.046 0.021 - -0.233 0.267
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Table 96.Continued.

Trait LP3_ODONT LP4_ODONT LC_CONAB LP3 CONAB LM3_CONAB LP4 _DENCRO
UG_DIAST - - - - - 0.023
UM1_CARAB - - - - - 0.122
UM2_ENEX - - - - - 0.133
UI2_IGROOVE - - - - - 0.051
UIL_WING - - - - - 0.122
UI1_LABCON - - - - - -0.158
uI2_LIV - - - - - -0.017
Ul1_SHOV - - - - - -0.199
UI2_SHOV - - - - - -0.078
UC_SHOV - - - - - 0.108
Ul1_SHOV2 - - - - - 0.034
UI2_SHOV2 - - - - - 0.183
UC_SHOV2 - - - - - 0.063
UI1_IGROOVE - - - - - 0.232
UI1_TUBDENT - - - - - -0.055
UC_TUBDENT - - - - - -0.093
UC_MESRIG - - - - - -0.231
UC_DAR - - - - - 0.153
UC_DIAST - - - - - -0.028
UI2_DENCRO - - - - - 0.126
UP4_DENCRO - - - - - 0.022
UP3_ACCUP - - - - - 0.079
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - - -
UM1_METCON - - - - - 0.066
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Table 96.Continued.

Trait UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE UIL WING UI1_LABCON  UI2_LIV
UM2_METCON -0.094 -0.194 0.115 0.084 -0.101 0.056 -0.080
UM1_HYPCON 0.117 0.187 0.023 0.126 0.198 -0.054 0.139
UM2_HYPCON 0.031 0.019 -0.021 0.067 -0.016 -0.061 0.148

UM1_METCONL -0.199 0.153 0.098 -0.036 0.091 0.069 -0.085
UM2_METCONL -0.082 0.081 -0.082 -0.108 -0.034 -0.030 -0.032
UM2_CARAB -0.115 0.033 0.126 -0.108 0.023 0.043 -0.038
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.285 0.232 0.180 -0.076 0.467 0.261 -0.112
UM1_ENEX -0.169 0.192 0.329 0.247 -0.051 -0.097 -
UM2_POTTH 0.283 -0.141 -0.254 -0.102 0.363 0.134 -0.029
UI2_PEGSH -0.060 - - -0.068 -0.085 -0.128 1.000
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.406 0.190 -0.030 - -0.076 -0.124 -
UC_CONAB -0.058 0.262 -0.177 - -0.076 -0.124 -0.018
UM3_CONAB - - - - - - -
LI1_SHOV -0.192 0.196 -0.063 0.060 0.097 -0.037 -
LI2_SHOV -0.067 0.225 0.159 0.096 0.040 -0.031 -
LC_DAR -0.132 -0.032 0.120 -0.065 0.111 0.177 -
LP3_LINGCSP -0.055 0.212 -0.188 -0.026 0.064 0.061 0.017
LP4_LINGCSP -0.145 0.150 -0.053 0.107 0.008 0.050 -0.161
LI2_DENCRO -0.162 -0.042 -0.048 0.002 -0.006 0.167 0.015
LM1_CUSPNO 0.361 0.066 0.061 0.134 0.153 0.087 -0.097
LM2_CUSPNO -0.091 0.186 0.154 0.188 0.020 0.080 -0.159
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Table 96.Continued.

Trait UIL_SHOV UI2_SHOV UC_SHOV Ull_SHOV2 UI2_SHOV2 UC_SHOV2 Ul1l_IGROOVE
UM2_METCON 0.082 0.136 -0.079 -0.019 0.037 -0.032 0.053
UM1_HYPCON -0.350 -0.013 0.140 -0.246 0.196 0.158 0.030
UM2_HYPCON -0.242 0.135 -0.036 -0.249 0.055 0.129 -0.198

UM1_METCONL -0.078 -0.171 0.024 -0.179 -0.099 -0.091 -0.121
UM2_METCONL 0.014 -0.034 -0.059 -0.204 -0.059 -0.045 -0.046
UM2_CARAB 0.009 0.079 -0.059 -0.055 -0.022 0.028 -0.045
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.081 -0.075 0.161 0.008 0.113 -0.045 0.120
UM1_ENEX 0.308 0.124 0.252 0.362 0.132 -0.130 -0.173
UM2_POTTH -0.167 0.033 0.042 -0.198 0.086 0.183 -0.043
Ul2_PEGSH -0.210 -0.053 0.189 -0.067 -0.132 -0.113 -0.029
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.147 - -0.123 0.208 - 0.221 -0.026
UC_CONAB 0.046 -0.038 0.215 -0.052 -0.124 -0.092 -0.026
UM3_CONAB - - - - - - -
LI1_SHOV 0.475 0.188 0.424 0.441 0.314 0.178 0.082
LI2_SHOV 0.387 0.292 0.290 0.391 0.242 0.168 -0.157
LC_DAR 0.205 0.086 0.215 0.203 0.184 -0.001 -0.126
LP3_LINGCSP 0.066 -0.080 0.227 0.005 -0.006 0.119 0.156
LP4_LINGCSP -0.023 0.158 0.157 -0.169 0.142 0.080 0.164
LI2_DENCRO -0.212 0.064 -0.022 -0.181 0.070 0.038 0.161
LM1_CUSPNO 0.017 -0.176 0.035 -0.156 0.112 0.127 -0.143
LM2_CUSPNO 0.209 -0.150 0.110 0.238 0.019 0.027 -0.045
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Table 96.Continued.

Trait UIL_TUBDENT UC_TUBDENT UC_MESRIG UC_DAR UC_DIAST UI2 DENCRO UP4 DENCRO
UM2_METCON 0.126 -0.220 0.076 -0.034 0.100 0.075 -0.097
UM1_HYPCON 0.093 0.035 -0.160 0.125 -0.047 0.149 0.219
UM2_HYPCON 0.214 0.010 0.097 0.049 -0.040 0.008 0.112

UM1_METCONL -0.053 0.201 -0.120 0.033 -0.180 0.026 0.041
UM2_METCONL -0.099 0.190 -0.064 0.007 -0.089 0.076 -0.082
UM2_CARAB 0.162 0.133 -0.060 0.110 -0.084 0.127 0.018
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.275 0.346 -0.105 -0.030 -0.216 0.206 -0.035
UM1_ENEX 0.151 0.144 0.174 -0.199 -0.062 0.096 0.105
UM2_POTTH 0.314 0.173 -0.040 0.230 -0.055 - 0.101
Ul2_PEGSH -0.167 -0.129 -0.029 -0.152 -0.037 -0.136 0.216
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB -0.156 -0.116 -0.024 -0.126 0.450 - 0.056
UC_CONAB 0.170 -0.116 -0.024 0.022 0.450 -0.122 0.194
UM3_CONAB - - - - - - -
LI1_SHOV -0.052 0.253 0.062 -0.326 -0.049 0.076 -0.415
LI2_SHOV 0.136 0.259 0.208 -0.125 -0.049 0.314 -0.065
LC_DAR 0.177 0.205 0.020 0.059 0.046 0.181 -0.292
LP3_LINGCSP 0.103 0.257 -0.112 0.147 0.037 -0.003 0.110
LP4_LINGCSP -0.141 0.220 -0.042 -0.016 -0.017 0.029 -0.076
LI2_DENCRO 0.110 -0.065 -0.099 0.119 -0.204 0.110 0.084
LM1_CUSPNO -0.187 0.161 0.108 0.309 0.040 0.227 0.099
LM2_CUSPNO 0.071 0.224 0.092 -0.012 0.131 0.143 -0.101
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Table 96.Continued.

Trait UP3_ACCUP UP4 ACCUP UP3_UTOAZ UM1_METCON UM2_METCON UM1 _HYPCON UM2_HYPCON
UM2_METCON 0.207 - - -0.035 1 -0.199 0.257
UM1_HYPCON -0.077 - - 0.196 -0.199 1 0.249
UM2_HYPCON 0.131 - - 0.141 0.257 0.249 1
UM1_METCONL 0.179 - - 0.140 -0.244 0.181 -0.062
UM2_METCONL -0.076 - - -0.054 -0.238 0.095 0.091
UM2_CARAB -0.060 - - 0.115 0.141 0.087 0.257
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.256 - - 0.247 -0.153 0.196 -0.097
UM1_ENEX -0.195 - - -0.094 -0.131 0.110 -0.038
UM2_POTTH -0.040 - - 0.067 -0.047 0.129 0.150
Ul2_PEGSH -0.044 - - 0.068 -0.087 0.137 0.152
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB -0.043 - - -0.289 0.160 -0.110 0.000
UC_CONAB -0.043 - - 0.063 -0.080 0.129 0.146
UM3_CONAB - - - - - - -

LI1_SHOV -0.100 - - 0.020 -0.103 -0.216 -0.147
LI2_SHOV -0.071 - - 0.032 -0.199 -0.030 0.111
LC_DAR -0.108 - - 0.160 -0.115 -0.087 -0.105
LP3_LINGCSP -0.073 - - 0.166 -0.230 0.060 0.141
LP4_LINGCSP 0.154 - - 0.135 0.121 0.077 0.140
LI2_DENCRO 0.251 - - 0.263 -0.114 0.351 -0.072
LM1_CUSPNO 0.158 - - 0.386 -0.013 0.242 0.129
LM2_CUSPNO 0.064 - - -0.013 0.040 -0.024 -0.149




Table 96.Continued.
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Trait UM1I_METCON UM2_METCON UM2_CARA UMI_PARAS UM2_PARAS UMI_MOLC  UMI1_ENE
L L B T T R X
UM2_METCON -0.244 -0.238 0.141 - - -0.153 -0.131
UM1_HYPCON 0.181 0.095 0.087 - - 0.196 0.110
UM2_HYPCON -0.062 0.091 0.257 - - -0.097 -0.038
UM1_METCON
L 1 0.558 0.059 - - 0.196 0.131
UM2_METCON
L 0.558 1 0.241 - - 0.006 0.072
UM2_CARAB 0.059 0.241 1 - - 0.030 0.154
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.196 0.006 0.030 - - 1 0.062
UM1_ENEX 0.131 0.072 0.154 - - 0.062 1
UM2_POTTH - -0.057 0.269 - - - -0.171
UI2_PEGSH -0.081 -0.023 -0.032 - - -0.117 -
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB -0.078 -0.040 -0.042 - - -0.105 0.068
UC_CONAB -0.078 -0.040 -0.042 - - -0.105 0.068
UM3_CONAB - - - - - - -
LI1_SHOV 0.006 0.167 -0.033 - - 0.208 0.339
LI2_SHOV -0.131 -0.037 0.098 - - 0.074 0.421
LC_DAR 0.128 0.010 -0.148 - - 0.082 0.148
LP3_LINGCSP -0.103 0.235 -0.160 - - 0.246 -0.043
LP4_LINGCSP 0.072 0.067 -0.025 - - 0.083 -0.175
LI2_DENCRO 0.356 -0.051 -0.161 - - 0.191 -0.036
LM1_CUSPNO 0.364 0.190 -0.087 - - 0.132 -0.031
LM2_CUSPNO 0.340 0.166 -0.095 - - 0.227 0.206
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Table 96.Continued.

Trait UM2_POTTH UI2_PEGSH UP3_ODONT UP4 ODONT UI2_ CONAB UC_CONAB UM3_CONAB
UM2_METCON -0.047 -0.087 - - 0.160 -0.080 -
UM1_HYPCON 0.129 0.137 - - -0.110 0.129 -
UM2_HYPCON 0.150 0.152 - - 0.000 0.146 -
UM1_METCONL - -0.081 - - -0.078 -0.078 -
UM2_METCONL -0.057 -0.023 - - -0.040 -0.040 -
UM2_CARAB 0.269 -0.032 - - -0.042 -0.042 -
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR - -0.117 - - -0.105 -0.105 -
UM1_ENEX -0.171 - - - 0.068 0.068 -
UM2_POTTH 1 -0.030 - - -0.025 -0.025 -
UI2_PEGSH -0.030 1 - - - -0.020 -
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB -0.025 - - - 1 -0.014 -
UC_CONAB -0.025 -0.020 - - -0.014 1 -
UM3_CONAB - - - - - - -

LI1_SHOV -0.156 - - - 0.076 -0.134 -
LI2_SHOV 0.093 - - - 0.068 0.068 -
LC_DAR 0.149 - - - -0.108 0.062 -
LP3_LINGCSP -0.098 0.025 - - -0.158 0.175 -
LP4_LINGCSP -0.065 -0.169 - - 0.098 0.101 -
LI2_DENCRO 0.161 0.011 - - -0.144 -0.144 -
LM1_CUSPNO - -0.100 - - -0.083 -0.086 -
LM2_CUSPNO -0.178 -0.156 - - 0.080 0.083 -
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Table 96.Continued.

Trait LIL_SHOV LI2 SHOV  LC_DAR LP3 _LINGCSP LP4 LINGCSP LI2_ DENCRO LM1_CUSPNO
UM2_METCON -0.103 -0.199 -0.115 -0.230 0.121 -0.114 -0.013
UM1_HYPCON -0.216 -0.030 -0.087 0.060 0.077 0.351 0.242
UM2_HYPCON -0.147 0.111 -0.105 0.141 0.140 -0.072 0.129

UM1_METCONL 0.006 -0.131 0.128 -0.103 0.072 0.356 0.364
UM2_METCONL 0.167 -0.037 0.010 0.235 0.067 -0.051 0.190
UM2_CARAB -0.033 0.098 -0.148 -0.160 -0.025 -0.161 -0.087
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.208 0.074 0.082 0.246 0.083 0.191 0.132
UM1_ENEX 0.339 0.421 0.148 -0.043 -0.175 -0.036 -0.031
UM2_POTTH -0.156 0.093 0.149 -0.098 -0.065 0.161 -
Ul2_PEGSH - - - 0.025 -0.169 0.011 -0.100
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.076 0.068 -0.108 -0.158 0.098 -0.144 -0.083
UC_CONAB -0.134 0.068 0.062 0.175 0.101 -0.144 -0.086
UM3_CONAB - - - - - - -
LI1_SHOV 1 0.595 0.260 0.049 0.062 -0.152 -0.151
LI2_SHOV 0.595 1 0.297 0.103 -0.009 -0.043 -0.070
LC_DAR 0.260 0.297 1 0.028 -0.036 0.023 0.019
LP3_LINGCSP 0.049 0.103 0.028 1 0.211 -0.006 0.176
LP4_LINGCSP 0.062 -0.009 -0.036 0.211 1 -0.005 -0.173
LI2_DENCRO -0.152 -0.043 0.023 -0.006 -0.005 1 0.036
LM1_CUSPNO -0.151 -0.070 0.019 0.176 -0.173 0.036 1
LM2_CUSPNO 0.350 0.214 0.428 0.029 0.066 0.088 0.158
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Table 96.Continued.

Trait LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
UM2_METCON 0.040 -0.216 -0.019 -0.092 - -0.163
UM1_HYPCON -0.024 0.193 -0.042 -0.152 - 0.026
UM2_HYPCON -0.149 0.079 -0.232 -0.255 - 0.151

UM1_METCONL 0.340 -0.197 0.030 -0.086 - -0.213
UM2_METCONL 0.166 -0.112 -0.177 -0.054 - -0.076
UM2_CARAB -0.095 -0.096 -0.180 -0.036 - 0.163
UM1_PARAST - - - - - -
UM2_PARAST - - - - - -
UM1_MOLCR 0.227 0.162 0.096 -0.132 - -0.163
UM1_ENEX 0.206 0.094 0.213 0.208 - 0.099
UM2_POTTH -0.178 -0.053 -0.036 - - -
UI2_PEGSH -0.156 -0.063 -0.037 -0.027 - 0.174
UP3_ODONT - - - - - -
UP4_ODONT - - - - - -
UI2_CONAB 0.080 -0.050 0.172 -0.021 - -0.048
UC_CONAB 0.083 -0.051 -0.158 -0.022 - 0.163
UM3_CONAB - - - - - -
LI1_SHOV 0.350 0.171 0.406 0.243 - 0.085
LI2_SHOV 0.214 0.212 0.369 0.267 - 0.165
LC_DAR 0.428 -0.041 0.302 0.248 - 0.073
LP3_LINGCSP 0.029 0.192 0.104 -0.199 - 0.203
LP4_LINGCSP 0.066 -0.132 0.033 0.096 - 0.044
LI2_DENCRO 0.088 -0.207 0.029 -0.154 - 0.239
LM1_CUSPNO 0.158 0.029 0.275 -0.083 - -0.295
LM2_CUSPNO 1 0.023 0.216 0.084 - -0.014
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Table 96. Continued.

Trait LM2_CUSP5 LM1_CUSP6 LM2_CUSP6 LM2 MOLCR LM2_CUSP7 LM1_ENEX LM2_ENEX
UM2_METCON -0.018 -0.076 0.150 0.093 - -0.200 0.048
UM1_HYPCON 0.051 0.393 -0.065 0.045 - 0.006 0.103
UM2_HYPCON -0.094 0.054 -0.132 -0.181 - -0.085 0.120
UM1_METCONL 0.341 0.518 0.185 -0.208 - 0.039 0.268
UM2_METCONL 0.386 0.189 -0.119 -0.295 - 0.137 0.059
UM2_CARAB 0.013 -0.106 -0.116 0.140 - 0.120 0.060
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.238 0.213 -0.206 0.537 - 0.017 0.182
UM1_ENEX 0.222 -0.052 -0.089 -0.082 - 0.423 -0.333
UM2_POTTH -0.163 - -0.055 0.191 - 0.055 0.121
Ul2_PEGSH -0.151 -0.117 -0.064 -0.158 - 0.165 -0.167
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.119 -0.099 -0.051 -0.143 - 0.131 0.095
UC_CONAB 0.029 -0.102 -0.052 -0.140 - -0.135 -0.144
UM3_CONAB - - - - - - -

LI1_SHOV 0.317 -0.173 0.089 0.264 - 0.432 -0.038
LI2_SHOV 0.000 -0.206 0.115 0.069 - 0.452 -0.082

LC_DAR 0.194 -0.011 0.392 -0.114 - 0.053 -0.090
LP3_LINGCSP 0.041 0.031 -0.152 0.094 - -0.178 -0.219
LP4_LINGCSP 0.200 -0.054 -0.274 0.086 - -0.037 0.069
LI2_DENCRO -0.020 0.123 0.138 -0.069 - -0.300 0.119
LM1_CUSPNO 0.061 0.852 0.201 -0.045 - -0.169 0.102
LM2_CUSPNO 0.594 0.146 0.568 0.062 - 0.051 -0.150
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Table 96.Continued.

Trait LP3_ODONT LP4 ODONT LC_CONAB LP3 CONAB LM3_CONAB LP4 DENCRO
UM2_METCON - - - - - 0.033
UM1_HYPCON - - - - - 0.229
UM2_HYPCON - - - - - -0.039

UM1_METCONL - - - - - 0.053
UM2_METCONL - - - - - -0.067
UM2_CARAB - - - - - 0.077
UM1_PARAST - - - - - -
UM2_PARAST - - - - - -
UM1_MOLCR - - - - - -0.093
UM1_ENEX - - - - - 0.041
UM2_POTTH - - - - - -0.006
UI2_PEGSH - - - - - -0.010
UP3_ODONT - - - - - -
UP4_ODONT - - - - - -
Ul2_CONAB - - - - - -0.012
UC_CONAB - - - - - -0.153
UM3_CONAB - - - - - -
LI1_SHOV - - - - - 0.056
LI2_SHOV - - - - - 0.028
LC_DAR - - - - - -0.036
LP3_LINGCSP - - - - - -0.118
LP4_LINGCSP - - - - - -0.031
LI2_DENCRO - - - - - 0.242
LM1_CUSPNO - - - - - 0.131
LM2_CUSPNO - - - - - 0.161




Table 96.Continued.

Trait UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE UI1L_WING UIl_LABCON  UI2_LIV
LM2_DEFWRKL -0.108 0.229 -0.184 0.043 0.006 0.060 -0.061
LM2_ANTFOV 0.321 -0.124 -0.153 0.000 0.061 0.292 -0.025
LM1_PROSTYL -0.078 - - 0.373 -0.092 -0.139 -0.025
LM2_PROSTYL - - - - - - -
LM1_CUSP5 -0.194 0.125 -0.291 0.060 -0.411 0.125 0.175
LM2_CUSP5 -0.077 0.179 -0.138 0.325 0.090 0.008 -0.151
LM1_CUSP6 0.265 0.162 0.101 0.023 0.322 0.009 -0.113
LM2_CUSP6 -0.133 -0.024 0.273 -0.044 -0.065 0.161 -0.061
LM2_MOLCR 0.050 0.056 0.025 -0.037 0.303 0.070 -0.152
LM2_CUSP7 - - - - - - -
LM1_ENEX -0.017 0.063 0.262 0.117 0.033 -0.037 0.149
LM2_ENEX -0.010 0.039 -0.013 0.065 0.141 -0.028 -0.157
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4_DENCRO 0.023 0.122 0.133 0.051 0.122 -0.158 -0.017
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Table 96.Continued.

Trait UIlL_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 Ul1l_IGROOVE
LM2_DEFWRKL -0.081 -0.245 -0.162 0.235 0.103 0.075 -0.074
LM2_ANTFOV 0.197 -0.162 0.294 0.367 0.253 0.163 0.094
LM1_PROSTYL 0.244 0.246 0.053 0.145 0.056 -0.108 -0.037
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.055 0.000 0.052 0.176 -0.141 -0.308 0.103
LM2_CUSP5 0.181 -0.178 0.027 0.200 -0.010 -0.035 0.069
LM1_CUSP6 -0.139 -0.119 0.067 -0.257 0.139 0.112 -0.166
LM2_CUSP6 0.066 -0.103 -0.029 0.107 -0.020 0.113 -0.089
LM2_MOLCR 0.262 0.159 0.413 0.167 0.358 0.254 0.063
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.346 0.117 0.147 0.301 0.104 0.062 -0.204
LM2_ENEX 0.015 0.104 -0.113 -0.083 0.060 0.078 0.063
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4 DENCRO -0.199 -0.078 0.108 0.034 0.183 0.063 0.232
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Table 96.Continued.
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Trait UIL_TUBDENT UC_TUBDENT UC _MESRIG UC_DAR UC_DIAST UI2_ DENCRO UP4 _DENCRO
LM2_DEFWRKL 0.151 0.253 -0.057 -0.038 0.139 -0.024 0.041
LM2_ANTFOV -0.083 0.324 0.177 -0.083 0.186 0.089 -0.070
LM1_PROSTYL 0.104 0.144 -0.034 -0.163 -0.049 0.120 -0.151
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.294 0.229 -0.029 -0.121 0.047 -0.151 0.221
LM2_CUSP5 0.159 0.239 0.139 -0.189 0.060 0.127 -0.116
LM1_CUSP6 -0.206 0.025 0.026 0.246 0.011 0.116 -0.035
LM2_CUSP6 -0.163 0.006 -0.058 0.297 0.101 0.117 -0.068
LM2_MOLCR 0.410 0.264 0.210 0.168 0.047 -0.079 -0.300
LM2_CUSP7 - - - - - - -
LM1_ENEX -0.013 0.131 0.192 -0.103 -0.079 0.125 0.033
LM2_ENEX 0.101 -0.065 -0.153 -0.082 -0.171 0.130 0.030
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4 DENCRO -0.055 -0.093 -0.231 0.153 -0.028 0.126 0.022




Table 96.Continued.
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Trait UP3_ACCUP UP4_ACCUP UP3 UTOAZ UM1_METCON UM2_METCON UMI1_HYPCON UM2_HYPCON
LM2_DEFWRKL -0.087 - -0.094 -0.216 0.193 0.079
LM2_ANTFOV -0.218 - 0.008 -0.019 -0.042 -0.232
LM1_PROSTYL -0.040 - 0.080 -0.092 -0.152 -0.255
LM2_PROSTYL - - - - - -
LM1_CUSP5 -0.103 - -0.049 -0.163 0.026 0.151
LM2_CUSP5 -0.072 - -0.083 -0.018 0.051 -0.094
LM1_CUSP6 0.139 - 0.325 -0.076 0.393 0.054
LM2_CUSP6 0.221 - -0.046 0.150 -0.065 -0.132
LM2_MOLCR -0.158 - 0.021 0.093 0.045 -0.181
LM2_CUSP7 - - - - - -
LM1_ENEX -0.151 - -0.233 -0.200 0.006 -0.085
LM2_ENEX 0.203 - 0.267 0.048 0.103 0.120
LP3_ODONT - - - - - -
LP4_ODONT - - - - - -
LC_CONAB - - - - - -
LP3_CONAB - - - - - -
LM3_CONAB - - - - - -
LP4 DENCRO 0.079 - 0.066 0.033 0.229 -0.039




Table 96.Continued.
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Trait UM1_METCON UM2_METCON UM2_CARA UM1_PARAS UM2 PARAS UM1_MOLC UMI1_ENE
L L B T T R X
LM2_DEFWRK
L -0.197 -0.112 -0.096 - - 0.162 0.094
LM2_ANTFOV 0.030 -0.177 -0.180 - - 0.096 0.213
LM1_PROSTYL -0.086 -0.054 -0.036 - - -0.132 0.208
LM2_PROSTYL - - - - - - -
LM1_CUSP5 -0.213 -0.076 0.163 - - -0.163 0.099
LM2_CUSP5 0.341 0.386 0.013 - - 0.238 0.222
LM1_CUSP6 0.518 0.189 -0.106 - - 0.213 -0.052
LM2_CUSP6 0.185 -0.119 -0.116 - - -0.206 -0.089
LM2_MOLCR -0.208 -0.295 0.140 - - 0.537 -0.082
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.039 0.137 0.120 - - 0.017 0.423
LM2_ENEX 0.268 0.059 0.060 - - 0.182 -0.333
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4 DENCRO 0.053 -0.067 0.077 - - -0.093 0.041




Table 96.Continued.

Trait UM2_POTTH UI2_PEGSH UP3 ODONT UP4 ODONT UI2_CONAB UC_CONAB UM3_CONAB
LM2_DEFWRKL -0.053 -0.063 - - -0.050 -0.051
LM2_ANTFOV -0.036 -0.037 - - 0.172 -0.158
LM1_PROSTYL - -0.027 - - -0.021 -0.022
LM2_PROSTYL - - - - - -
LM1_CUSP5 - 0.174 - - -0.048 0.163
LM2_CUSP5 -0.163 -0.151 - - 0.119 0.029
LM1_CUSP6 - -0.117 - - -0.099 -0.102
LM2_CUSP6 -0.055 -0.064 - - -0.051 -0.052
LM2_MOLCR 0.191 -0.158 - - -0.143 -0.140
LM2_CUSP7 - - - - - -

LM1_ENEX 0.055 0.165 - - 0.131 -0.135
LM2_ENEX 0.121 -0.167 - - 0.095 -0.144
LP3_ODONT - - - - - -
LP4_ODONT - - - - - -
LC_CONAB - - - - - -
LP3_CONAB - - - - - -
LM3_CONAB - - - - - -
LP4_DENCRO -0.006 -0.010 - - -0.012 -0.153
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Table 96.Continued.
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Trait LIL_SHOV  LI2. SHOV  LC_DAR  LP3_LINGCSP LP4 LINGCSP LI2_ DENCRO LM1_CUSPNO
LM2_DEFWRKL 0.171 0.212 -0.041 0.192 -0.132 -0.207 0.029
LM2_ANTFOV 0.406 0.369 0.302 0.104 0.033 0.029 0.275
LM1_PROSTYL 0.243 0.267 0.248 -0.199 0.096 -0.154 -0.083
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.085 0.165 0.073 0.203 0.044 0.239 -0.295
LM2_CUSP5 0.317 0.000 0.194 0.041 0.200 -0.020 0.061
LM1_CUSP6 -0.173 -0.206 -0.011 0.031 -0.054 0.123 0.852
LM2_CUSP6 0.089 0.115 0.392 -0.152 -0.274 0.138 0.201
LM2_MOLCR 0.264 0.069 -0.114 0.094 0.086 -0.069 -0.045
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.432 0.452 0.053 -0.178 -0.037 -0.300 -0.169
LM2_ENEX -0.038 -0.082 -0.090 -0.219 0.069 0.119 0.102
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4 DENCRO 0.056 0.028 -0.036 -0.118 -0.031 0.242 0.131




Table 96.Continued.

Trait LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
LM2_DEFWRKL 0.023 1 0.140 -0.061 0.054
LM2_ANTFOV 0.216 0.140 1 -0.017 0.000
LM1_PROSTYL 0.084 -0.061 -0.017 1 -0.048
LM2_PROSTYL - - - - -
LM1_CUSP5 -0.014 0.054 0.000 -0.048 1
LM2_CUSP5 0.594 0.131 0.129 0.140 -0.043
LM1_CUSP6 0.146 -0.017 0.221 -0.099 -0.433
LM2_CUSP6 0.568 -0.119 0.104 -0.055 -0.060
LM2_MOLCR 0.062 0.187 0.327 -0.149 -0.122
LM2_CUSP7 - - - - -
LM1_ENEX 0.051 0.195 -0.010 0.139 -0.077
LM2_ENEX -0.150 0.034 -0.282 0.101 -0.236
LP3_ODONT - - - - -
LP4_ODONT - - - - -
LC_CONAB - - - - -
LP3_CONAB - - - - -
LM3_CONAB - - - - -
LP4_DENCRO 0.161 0.052 0.256 -0.163 0.215
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Table 96.Continued.

Trait LM2_CUSP5 LMI1_CUSP6 LM2 _CUSP6 LM2 MOLCR LM2_CUSP7 LML _ENEX LM2_ENEX
LM2_DEFWRKL 0.131 -0.017 -0.119 0.187 - 0.195 0.034
LM2_ANTFOV 0.129 0.221 0.104 0.327 - -0.010 -0.282
LM1_PROSTYL 0.140 -0.099 -0.055 -0.149 - 0.139 0.101
LM2_PROSTYL - - - - - - -
LM1_CUSP5 -0.043 -0.060 -0.122 - -0.077 -0.236
LM2_CUSP5 0.005 0.057 - 0.281 -0.003
LM1_CUSP6 0.206 0.052 - -0.167 0.147
LM2_CUSP6 0.005 0.206 -0.147 - -0.171 -0.126
LM2_MOLCR 0.057 0.052 -0.147 - 0.000 -0.042
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.281 -0.167 -0.171 0.000 - _&
LM2_ENEX -0.003 0.147 -0.126 -0.042 - -0.075

LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB - - - - - - -
LP4_DENCRO 0.110 0.168 0.195 0.044 - -0.168 -0.138
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Table 96 Continued.

Trait LP3_ODONT LP4_ ODONT LC CONAB LP3 CONAB LM3_CONAB LP4 DENCRO
LM2_DEFWRKL - - - - - 0.052
LM2_ANTFOV - - - - - 0.256
LM1_PROSTYL - - - - - -0.163
LM2_PROSTYL - - - - - -
LM1_CUSP5 - - - - - 0.215
LM2_CUSP5 - - - - - 0.110
LM1_CUSP6 - - - - - 0.168
LM2_CUSP6 - - - - - 0.195
LM2_MOLCR - - - - - 0.044
LM2_CUSP7 - - - - - -
LM1_ENEX - - - - - -0.168
LM2_ENEX - - - - - -0.138
LP3_ODONT - - - - - -
LP4_ODONT - - - - - -
LC_CONAB - - - - - -
LP3_CONAB - - - - - -
LM3_CONAB - - - - - -
LP4_DENCRO - - - - - 1




Table97. K e n d a | -b pvalueTesults for intertrait correlation for the dental morphology dataset.

Trait Code UG_DIAST UM1_CARAB UMZ2_ENEX UI2_IGROOVE UI1_WING Ul1_LABCON ul2_LIv
UG_DIAST 0.415 0.113 0.393 0.190 0.741 0.714
UM1_CARAB 0.415 0.840 0.848 0.782 0.098 -
UM2_ENEX 0.113 0.840 0.788 0.838 0.153 >
Ul2_IGROOVE 0.393 0.848 0.788 0.802 0.041 0.673
Ul1l_WING 0.190 0.782 0.838 0.802 0.798 0.523
Ul1_LABCON 0.741 0.098 0.153 0.041 0.798 0.345
ul2_LIV 0.714 = - 0.673 0.523 0.345
Ull_SHOV 0.342 0.390 0.043 0.323 0.475 0.279 0.131
Ul2_SHOV 0.008 0.602 0.044 0.105 0.992 0.150 0.752
UC_SHOV 0.271 0.163 0.424 0.309 0.258 0.066 0.151
Ull_SHOV2 0.499 0.171 0.083 0.089 0.678 0.247 0.705
Ul2_SHOV2 0.865 0.294 0.460 0.193 0.061 0.355 0.331
UC_SHOV2 0.380 0.850 0.411 0.702 0.163 0.194 0.435
Ul1_IGROOVE 0.688 0.726 0.369 0.044 0.343 0.828 0.843
Ul1l_TUBDENT 0.326 0.731 0.399 0.057 0.163 0.878 0.278
UC_TUBDENT 0.601 0.905 0.311 0.074 0.991 0.070 0.343
UC_MESRIG 0.560 0.371 0.822 0.119 0.393 0.510 0.846
UC_DAR 0.190 0.952 0.078 0.510 0.707 0.851 0.288
UC_DIAST 0.178 0.068 0.622 0.535 0.229 0.793 0.777
Ul2_DENCRO 0.885 0.359 0.644 0.088 0.067 0.618 0.374
UP4_DENCRO 0.704 0.760 0.963 0.553 0.766 0.912 0.142
UP3_ACCUP 0.679 - 0.419 0.419 0.339 0.117 0.782
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.383 0.299 0.794 0.596 0.317 0.659 0.631
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Table 97.Continued.

Trait Code Ull_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 Ul2_SHOV2 UC_SHOV2 UI1l_IGROOVE
UG_DIAST 0.342 0.008 0.271 0.499 0.865 0.380 0.688
UM1_CARAB 0.390 0.602 0.163 0.171 0.294 0.850 0.726
UM2_ENEX 0.043 0.044 0.424 0.083 0.460 0.411 0.369
Ul2_IGROOVE 0.323 0.105 0.309 0.089 0.193 0.702 0.044
Ul1l_WING 0.475 0.992 0.258 0.678 0.061 0.163 0.343
Ul1_LABCON 0.279 0.150 0.066 0.247 0.355 0.194 0.828
ul2_LIV 0.131 0.752 0.151 0.705 0.331 0.435 0.843
Ull_SHOV 0.000 0.008 0.000 0.135 0.954 0.080
Ul2_SHOV 0.000 0.051 0.055 0.004 0.398 0.681
UC_SHOV 0.008 0.051 0.172 0.003 0.058 0.145
Ull_SHOV2 0.000 0.055 0.172 0.001 0.359 0.739
Ul2_SHOV2 0.135 0.004 0.003 0.001 0.002 0.377
UC_SHOV2 0.954 0.398 0.058 0.359 0.002 0.463
Ul1_IGROOVE 0.080 0.681 0.145 0.739 0.377 0.463
Ul1l_TUBDENT 0.938 0.304 0.155 0.748 0.742 0.567 0.291
UC_TUBDENT 0.059 0.695 0.088 0.411 0.124 0.790 0.098
UC_MESRIG 0.064 0.018 0.823 0.112 0.771 0.785 0.780
UC_DAR 0.651 0.943 0.965 0.420 0.210 0.048 0.806
UC_DIAST 0.303 0.401 0.807 0.438 0.403 0.767 0.680
Ul2_DENCRO 0.196 0.192 0.227 0.257 0.057 0.052 0.255
UP4_DENCRO 0.100 0.038 0.176 0.868 0.044 0.567 0.125
UP3_ACCUP 1.000 0.528 0.723 0.474 0.682 0.720 0.691
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.322 0.612 0.075 0.022 0.109 0.592 0.492
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Table 97.Continued.

Trait Code UI1_TUBDENT UC_TUBDENT UC_MESRIG UC_DAR UC_DIAST UI2_DENCRO UP4_DENCRO
UG_DIAST 0.326 0.601 0.560 0.190 0.178 0.885 0.704
UM1_CARAB 0.731 0.905 0.371 0.952 0.068 0.359 0.760
UM2_ENEX 0.399 0.311 0.822 0.078 0.622 0.644 0.963
Ul2_IGROOVE 0.057 0.074 0.119 0.510 0.535 0.088 0.553
Ul1l_WING 0.163 0.991 0.393 0.707 0.229 0.067 0.766
Ul1_LABCON 0.878 0.070 0.510 0.851 0.793 0.618 0.912
ul2_LIV 0.278 0.343 0.846 0.288 0.777 0.374 0.142
Ull_SHOV 0.938 0.059 0.064 0.651 0.303 0.196 0.100
Ul2_SHOV 0.304 0.695 0.018 0.943 0.401 0.192 0.038
UC_SHOV 0.155 0.088 0.823 0.965 0.807 0.227 0.176
Ull_SHOV2 0.748 0.411 0.112 0.420 0.438 0.257 0.868
Ul2_SHOV2 0.742 0.124 0.771 0.210 0.403 0.057 0.044
UC_SHOV2 0.567 0.790 0.785 0.048 0.767 0.052 0.567
Ul1_IGROOVE 0.291 0.098 0.780 0.806 0.680 0.255 0.125
Ul1l_TUBDENT 0.078 0.741 0.597 0.814 0.688 0.986
UC_TUBDENT 0.078 0.080 0.581 0.262 0.663 0.557
UC_MESRIG 0.741 0.080 0.508 0.662 0.068 0.530
UC_DAR 0.597 0.581 0.508 0.179 0.086 0.730
UC_DIAST 0.814 0.262 0.662 0.179 0.110 0.624
Ul2_DENCRO 0.688 0.663 0.068 0.086 0.110 0.477
UP4_DENCRO 0.986 0.557 0.530 0.730 0.624 0.477
UP3_ACCUP 0.241 0.613 0.666 0.393 0.529 0.490 0.269
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.632 0.393 0.265 0.638 0.122 0.294 0.183
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Table 97.Continued.

287

Trait Code UP3_ACCUP UP4_ACCUP UP3_UTOAZ UM1_METCON UM2_METCON UM1_HYPCON UMZ2_HYPCON
UG_DIAST 0.679 = 0.383 0.552 0.457 0.835
UM1_CARAB - - 0.299 0.196 0.202 0.896
UM2_ENEX 0.419 = 0.794 0.405 0.875 0.873
Ul2_IGROOVE 0.419 - 0.596 0.585 0.426 0.649
Ul1l_WING 0.339 = 0.317 0.458 0.143 0.900
Ul1_LABCON 0.117 - 0.659 0.696 0.706 0.646
ul2_LIV 0.782 = 0.631 0.569 0.334 0.266
Ull_SHOV 1.000 - 0.322 0.561 0.014 0.066
Ul2_SHOV 0.528 - 0.612 0.286 0.921 0.258
UC_SHOV 0.723 - 0.075 0.549 0.275 0.772
Ull_SHOV2 0.474 = 0.022 0.892 0.082 0.057
Ul2_SHOV2 0.682 - 0.109 0.781 0.146 0.663
UC_SHOV2 0.720 - 0.592 0.814 0.229 0.314
Ul1_IGROOVE 0.691 - 0.492 0.714 0.834 0.142
Ul1l_TUBDENT 0.241 - 0.632 0.416 0.534 0.151
UC_TUBDENT 0.613 - 0.393 0.091 0.790 0.933
UC_MESRIG 0.666 = 0.265 0.585 0.245 0.458
UC_DAR 0.393 - 0.638 0.804 0.348 0.711
UC_DIAST 0.529 - 0.122 0.466 0.738 0.759
Ul2_DENCRO 0.490 - 0.294 0.602 0.312 0.950
UP4_DENCRO 0.269 = 0.183 0.489 0.120 0.400
UP3_ACCUP - 0.451 0.170 0.600 0.354
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - -
UM1_METCON 0.451 = 0.805 0.140 0.302




Table 97.Continued.
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Trait Code UM1_METCONL UMZ2_METCONL UM2_CARAB UM1_PARAST UM2_PARAST UM1_MOLCR UMI1_ENEX
UG_DIAST 0.230 0.618 0.475 0.128 0.264
UM1_CARAB 0.304 0.609 0.829 0.167 0.167
UM2_ENEX 0.533 0.575 0.375 0.308 0.018
Ul2_IGROOVE 0.837 0.498 0.498 0.686 0.103
Ul1l_WING 0.528 0.808 0.869 0.004 0.696
Ul1_LABCON 0.652 0.842 0.768 0.130 0.475
ul2_LIV 0.588 0.831 0.796 0.519 =
Ull_SHOV 0.606 0.924 0.949 0.629 0.024
Ul2_SHOV 0.221 0.801 0.549 0.628 0.317
UC_SHOV 0.862 0.669 0.660 0.293 0.046
Ull_SHOV2 0.231 0.156 0.703 0.961 0.008
Ul2_SHOV2 0.495 0.678 0.873 0.491 0.302
UC_SHOV2 0.516 0.755 0.838 0.773 0.310
Ul1_IGROOVE 0.437 0.758 0.760 0.487 0.209
Ul1l_TUBDENT 0.743 0.536 0.314 0.128 0.304
UC_TUBDENT 0.149 0.162 0.314 0.026 0.246
UC_MESRIG 0.414 0.663 0.674 0.523 0.189
UC_DAR 0.811 0.962 0.428 0.852 0.124
UC_DIAST 0.223 0.534 0.548 0.195 0.641
Ul2_DENCRO 0.868 0.615 0.386 0.246 0.502
UP4_DENCRO 0.789 0.577 0.901 0.836 0.441
UP3_ACCUP 0.235 0.623 0.695 0.124 0.177
UP4_ACCUP - - - - -
UP3_UTOAZ - - - - -
UM1_METCON 0.313 0.718 0.429 0.122 0.479




Table 97.Continued.

Trait Code UM2_POTTH UI2_PEGSH UP3_ODONT UP4_ODONT UI2_CONAB UC_CONAB UM3_CONAB
UG_DIAST 0.074 0.706 > > 0.006 0.696
UM1_CARAB 0.352 - - - 0.189 0.070
UM2_ENEX 0.076 = - > 0.835 0.210
Ul2_IGROOVE 0.512 0.656 - - - -
Ul1l_WING 0.008 0.538 > > 0.547 0.547
Ul1_LABCON 0.353 0.364 - - 0.353 0.353
ul2_LIV 0.838 0.000 . . > 0.894
Ull_SHOV 0.237 0.136 - - 0.269 0.732
Ul2_SHOV 0.797 0.677 = = - 0.752
UC_SHOV 0.750 0.163 - - 0.316 0.079
Ull_SHOV2 0.163 0.627 - . 0.110 0.689
Ul2_SHOV2 0.523 0.323 - - - 0.325
UC_SHOV2 0.173 0.417 = = 0.076 0.462
Ul1_IGROOVE 0.766 0.838 - - 0.847 0.847
Ul1l_TUBDENT 0.045 0.278 = = 0.291 0.251
UC_TUBDENT 0.187 0.342 - - 0.345 0.345
UC_MESRIG 0.775 0.838 > > 0.854 0.854
UC_DAR 0.091 0.282 - - 0.317 0.863
UC_DIAST 0.687 0.799 - - 0.000 0.000
Ul2_DENCRO - 0.347 - - - 0.374
UP4_DENCRO 0.468 0.140 - - 0.673 0.140
UP3_ACCUP 0.789 0.779 - - 0.766 0.766
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - - -
UM1_METCON 0.639 0.646 . > 0.032 0.641
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Table 97.Continued.

Trait Code LI1_SHOV LI2_SHOV LC_DAR LP3_LINGCSP LP4_LINGCSP LI2_DENCRO LM1_CUSPNO
UG_DIAST 0.225 0.661 0.380 0.698 0.350 0.280 0.057
UM1_CARAB 0.212 0.157 0.827 0.129 0.302 0.782 0.695
UM2_ENEX 0.676 0.284 0.417 0.171 0.717 0.742 0.723
UI2_IGROOVE 0.681 0.510 0.649 0.853 0.473 0.986 0.496
Ull_WING 0.473 0.761 0.385 0.600 0.948 0.965 0.352
UI1_LABCON 0.796 0.822 0.185 0.632 0.718 0.213 0.615
ul2_LIVv = = = 0.893 0.241 0.913 0.574
Ull_SHOV 0.001 0.004 0.128 0.603 0.868 0.102 0.922
Ul2_SHOV 0.139 0.018 0.483 0.484 0.203 0.593 0.257
UC_SHOV 0.001 0.020 0.080 0.055 0.218 0.856 0.822
Ul1l_SHOV2 0.001 0.003 0.124 0.968 0.218 0.163 0.350
Ul2_SHOV2 0.019 0.064 0.153 0.961 0.278 0.576 0.485
UC_SHOV2 0.179 0.184 0.992 0.323 0.540 0.755 0.431
Ul1_IGROOVE 0.566 0.252 0.350 0.225 0.241 0.227 0.409
Ull_TUBDENT 0.741 0.363 0.244 0.472 0.356 0.456 0.323
UC_TUBDENT 0.052 0.041 0.098 0.031 0.086 0.597 0.305
UC_MESRIG 0.661 0.123 0.879 0.369 0.754 0.445 0.510
UC_DAR 0.017 0.338 0.640 0.231 0.904 0.345 0.052
UC_DIAST 0.723 0.713 0.725 0.766 0.902 0.112 0.807
Ul2_DENCRO 0.610 0.028 0.206 0.983 0.837 0.419 0.194
UP4_DENCRO 0.004 0.630 0.033 0.384 0.574 0.521 0.554
UP3_ACCUP 0.529 0.643 0.465 0.602 0.303 0.085 0.350
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.892 0.821 0.248 0.204 0.332 0.048 0.021
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Table 97.Continued.

Trait Code LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
UG_DIAST 0.586 0.551 0.066 0.662 > 0.286
UM1_CARAB 0.253 0.181 0.444 - - 0.437
UM2_ENEX 0.328 0.273 0.332 = > 0.076
Ul2_IGROOVE 0.264 0.812 1.000 0.039 - 0.751
Ul1l_WING 0.893 0.971 0.693 0.549 > 0.009
Ul1_LABCON 0.604 0.721 0.069 0.396 - 0.459
ul2_LIV 0.306 0.720 0.875 0.874 > 0.288
Ull_SHOV 0.159 0.616 0.194 0.127 - 0.739
Ul2_SHOV 0.284 0.110 0.261 0.085 - 1.000
UC_SHOV 0.445 0.303 0.040 0.720 - 0.732
Ull_SHOV2 0.117 0.156 0.021 0.360 > 0.278
Ul2_SHOV2 0.897 0.520 0.094 0.711 - 0.361
UC_SHOV2 0.852 0.635 0.272 0.479 - 0.047
Ul1_IGROOVE 0.775 0.661 0.560 0.816 - 0.535
Ul1l_TUBDENT 0.664 0.390 0.619 0.575 - 0.107
UC_TUBDENT 0.112 0.096 0.023 0.328 - 0.128
UC_MESRIG 0.546 0.728 0.247 0.825 > 0.854
UC_DAR 0.938 0.815 0.580 0.274 - 0.437
UC_DIAST 0.370 0.380 0.212 0.749 - 0.761
Ul2_DENCRO 0.358 0.886 0.574 0.448 - 0.367
UP4_DENCRO 0.502 0.798 0.650 0.331 > 0.164
UP3_ACCUP 0.686 0.607 0.173 0.811 - 0.530
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - - -
UM1_METCON 0.934 0.579 0.962 0.617 > 0.759




Table 97.Continued.

Trait Code LM2_CUSP5 LM1_CUSP6 LM2_CUSP6 LM2_MOLCR LM2_CUSP7 LM1_ENEX LM2_ENEX
UG_DIAST 0.633 0.143 0.437 0.792 > 0.911 0.948
UM1_CARAB 0.249 0.319 0.886 0.750 - 0.669 0.787
UM2_ENEX 0.361 0.549 0.086 0.882 > 0.072 0.923
Ul2_IGROOVE 0.046 0.905 0.798 0.850 - 0.458 0.657
Ul1l_WING 0.530 0.042 0.671 0.070 > 0.807 0.272
Ul1_LABCON 0.958 0.959 0.311 0.689 - 0.801 0.835
ul2_LIV 0.313 0.498 0.702 0.391 - 0.288 0.237
Ull_SHOV 0.208 0.397 0.661 0.109 - 0.016 0.906
Ul2_SHOV 0.190 0.427 0.471 0.317 - 0.356 0.386
UC_SHOV 0.844 0.657 0.842 0.010 - 0.255 0.363
Ull_SHOV2 0.176 0.115 0.489 0.335 > 0.034 0.528
Ul2_SHOV2 0.943 0.369 0.892 0.032 - 0.434 0.632
UC_SHOV2 0.800 0.473 0.448 0.123 - 0.639 0.539
Ul1_IGROOVE 0.646 0.321 0.578 0.722 - 0.155 0.639
Ul1l_TUBDENT 0.319 0.253 0.332 0.025 - 0.935 0.498
UC_TUBDENT 0.077 0.867 0.965 0.094 - 0.309 0.598
UC_MESRIG 0.340 0.871 0.710 0.221 - 0.156 0.241
UC_DAR 0.183 0.111 0.050 0.311 - 0.431 0.517
UC_DIAST 0.671 0.945 0.500 0.774 - 0.556 0.179
Ul2_DENCRO 0.393 0.493 0.462 0.651 - 0.388 0.341
UP4_DENCRO 0.422 0.828 0.661 0.070 - 0.811 0.819
UP3_ACCUP 0.638 0.403 0.175 0.378 - 0.315 0.154
UP4_ACCUP - - - - - - -
UP3_UTOAZ - - - - - - -
UM1_METCON 0.584 0.044 0.777 0.907 . 0.104 0.050
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Table 97.Continued.

Trait Code | LP3_ODONT LP4_ODONT LC_CONAB LP3 CONAB LM3_CONAB LP4 _DENCRO
UG_DIAST - - - - - 0.872
UM1_CARAB - - - - - 0.380
UM2_ENEX - - - - - 0.326
UI2_IGROOVE - - - - - 0.709
UIL_WING - - - - - 0.318
UI1_LABCON - - - - - 0.215
uI2_LIV - - - - - 0.895
UlL_SHOV - - - - - 0.116
Ul2_SHOV - - - - - 0.500
UC_SHOV - - - - - 0.359
Ul1_SHOV2 - - - - - 0.787
Ul2_SHOV?2 - - - - - 0.127
UC_SHOV2 - - - - - 0.600
Ul1_IGROOVE - - - - - 0.072
Ul1_TUBDENT - - - - - 0.701
UC_TUBDENT - - - - - 0.429
UC_MESRIG - - - - - 0.062
UC_DAR - - - - - 0.211
UC_DIAST - - - - - 0.820
UI2_DENCRO - - - - - 0.330
UP4_DENCRO - - - - - 0.860
UP3_ACCUP - - - - - 0.566
UP4_ACCUP - - - - - -
UP3_UTOAZ - - - - - -
UM1_METCON - - - - - 0.608
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Table 97.Continued.

Trait Code UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE UIl_WING UI1L_LABCON  Ui2_LIV
UM2_METCON 0.552 0.196 0.405 0.585 0.458 0.696 0.569
UM1_HYPCON 0.457 0.202 0.875 0.426 0.143 0.706 0.334
UM2_HYPCON 0.835 0.896 0.873 0.649 0.900 0.646 0.266

UM1_METCONL 0.230 0.304 0.533 0.837 0.528 0.652 0.588
UM2_METCONL 0.618 0.609 0.575 0.498 0.808 0.842 0.831
UM2_CARAB 0.475 0.829 0.375 0.498 0.869 0.768 0.796
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.128 0.167 0.308 0.686 0.004 0.130 0.519
UM1_ENEX 0.264 0.167 0.018 0.103 0.696 0.475 -
UM2_POTTH 0.074 0.352 0.076 0.512 0.008 0.353 0.838
Ul2_PEGSH 0.706 . . 0.656 0.538 0.364 0.000
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.006 0.189 0.835 - 0.547 0.353 -
UC_CONAB 0.696 0.070 0.210 . 0.547 0.353 0.894
UM3_CONAB - - - - - - -
LI1_SHOV 0.225 0.212 0.676 0.681 0.473 0.796 -
LI2_SHOV 0.661 0.157 0.284 0.510 0.761 0.822 -
LC_DAR 0.380 0.827 0.417 0.649 0.385 0.185 -
LP3_LINGCSP 0.698 0.129 0.171 0.853 0.600 0.632 0.893
LP4_LINGCSP 0.350 0.302 0.717 0.473 0.948 0.718 0.241
LI2_ DENCRO 0.280 0.782 0.742 0.986 0.965 0.213 0.913
LM1_CUSPNO 0.057 0.695 0.723 0.496 0.352 0.615 0.574
LM2_CUSPNO 0.586 0.253 0.328 0.264 0.893 0.604 0.306
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Table 97.Continued.

Trait Code UIL_SHOV UI2_SHOV UC_SHOV Ull_SHOV2 UI2_SHOV2 UC_SHOV2 Ull_IGROOVE
UM2_METCON 0.561 0.286 0.549 0.892 0.781 0.814 0.714
UM1_HYPCON 0.014 0.921 0.275 0.082 0.146 0.229 0.834
UM2_HYPCON 0.066 0.258 0.772 0.057 0.663 0.314 0.142
UM1_METCONL 0.606 0.221 0.862 0.231 0.495 0.516 0.437
UM2_METCONL 0.924 0.801 0.669 0.156 0.678 0.755 0.758
UM2_CARAB 0.949 0.549 0.660 0.703 0.873 0.838 0.760
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.629 0.628 0.293 0.961 0.491 0.773 0.487
UM1_ENEX 0.024 0.317 0.046 0.008 0.302 0.310 0.209
UM2_POTTH 0.237 0.797 0.750 0.163 0.523 0.173 0.766
Ul2_PEGSH 0.136 0.677 0.163 0.627 0.323 0.417 0.838
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.269 - 0.316 0.110 - 0.076 0.847
UC_CONAB 0.732 0.752 0.079 0.689 0.325 0.462 0.847
UM3_CONAB - - - - - - -

LI1_SHOV 0.001 0.139 0.001 0.001 0.019 0.179 0.566

LI2_SHOV 0.004 0.018 0.020 0.003 0.064 0.184 0.252

LC_DAR 0.128 0.483 0.080 0.124 0.153 0.992 0.350
LP3_LINGCSP 0.603 0.484 0.055 0.968 0.961 0.323 0.225
LP4_LINGCSP 0.868 0.203 0.218 0.218 0.278 0.540 0.241
LI2_DENCRO 0.102 0.593 0.856 0.163 0.576 0.755 0.227
LM1_CUSPNO 0.922 0.257 0.822 0.350 0.485 0.431 0.409
LM2_CUSPNO 0.159 0.284 0.445 0.117 0.897 0.852 0.775




Table 97.Continued.

Trait Code UIL_TUBDENT UC_TUBDENT UC _MESRIG UC _DAR UC DIAST UI2_ DENCRO UP4 DENCRO
UM2_METCON 0.416 0.091 0.585 0.804 0.466 0.602 0.489
UM1_HYPCON 0.534 0.790 0.245 0.348 0.738 0.312 0.120
UM2_HYPCON 0.151 0.933 0.458 0.711 0.759 0.950 0.400

UM1_METCONL 0.743 0.149 0.414 0.811 0.223 0.868 0.789
UM2_METCONL 0.536 0.162 0.663 0.962 0.534 0.615 0.577
UM2_CARAB 0.314 0.314 0.674 0.428 0.548 0.386 0.901
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.128 0.026 0.523 0.852 0.195 0.246 0.836
UM1_ENEX 0.304 0.246 0.189 0.124 0.641 0.502 0.441
UM2_POTTH 0.045 0.187 0.775 0.091 0.687 - 0.468
Ul2_PEGSH 0.278 0.342 0.838 0.282 0.799 0.347 0.140
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.291 0.345 0.854 0.317 0.000 - 0.673
UC_CONAB 0.251 0.345 0.854 0.863 0.000 0.374 0.140
UM3_CONAB - - - - - - -
LI1_SHOV 0.741 0.052 0.661 0.017 0.723 0.610 0.004
LI2_SHOV 0.363 0.041 0.123 0.338 0.713 0.028 0.630
LC_DAR 0.244 0.098 0.879 0.640 0.725 0.206 0.033
LP3_LINGCSP 0.472 0.031 0.369 0.231 0.766 0.983 0.384
LP4_LINGCSP 0.356 0.086 0.754 0.904 0.902 0.837 0.574
LI2_DENCRO 0.456 0.597 0.445 0.345 0.112 0.419 0.521
LM1_CUSPNO 0.323 0.305 0.510 0.052 0.807 0.194 0.554
LM2_CUSPNO 0.664 0.112 0.546 0.938 0.370 0.358 0.502
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Table 97.Continued.

Trait Code UP3_ACCUP UP4 ACCUP UP3_UTOAZ UM1_METCON UM2_METCON UM1 _HYPCON UM2_HYPCON
UM2_METCON 0.170 - - 0.805 0.149 0.034
UM1_HYPCON 0.600 - - 0.140 0.149 0.057
UM2_HYPCON 0.354 - - 0.302 0.034 0.057
UM1_METCONL 0.235 - - 0.313 0.094 0.193 0.650
UM2_METCONL 0.623 - - 0.718 0.078 0.509 0.472
UM2_CARAB 0.695 - : 0.429 0.282 0.535 0.039
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.124 - - 0.122 0.349 0.198 0.527
UM1_ENEX 0.177 - - 0.479 0.328 0.396 0.766
UM2_POTTH 0.789 - - 0.639 0.722 0.351 0.230
Ul2_PEGSH 0.779 - - 0.646 0.548 0.344 0.263
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.766 - - 0.032 0.226 0.409 1.000
UC_CONAB 0.766 ] ] 0.641 0.545 0.332 0.243
UM3_CONAB - - - - - - -

LI1_SHOV 0.529 - - 0.892 0.463 0.130 0.276

LI2_SHOV 0.643 - - 0.821 0.145 0.832 0.398

LC_DAR 0.465 - - 0.248 0.405 0.519 0.422
LP3_LINGCSP 0.602 - - 0.204 0.073 0.643 0.250
LP4_LINGCSP 0.303 - ] 0.332 0.381 0.576 0.287
LI2_DENCRO 0.085 - - 0.048 0.393 0.008 0.575
LM1_CUSPNO 0.350 - - 0.021 0.937 0.147 0.395
LM2_CUSPNO 0.686 - - 0.934 0.787 0.878 0.288
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Trait Code UM1_METCON UM2_METCON UM2_CARA UM1_PARAS UM2_PARAS UMI1_MOLC  UMI_ENE
L L B T T R X
UM2_METCON 0.094 0.078 0.282 - - 0.349 0.328
UM1_HYPCON 0.193 0.509 0.535 - - 0.198 0.396
UM2_HYPCON 0.650 0.472 0.039 - - 0.527 0.766
UM1_METCON
L 0.000 0.686 - - 0.218 0.344
UM2_METCON
L 0.000 0.082 - - 0.971 0.608
UM2_CARAB 0.686 0.082 - - 0.858 0.257
UM1_PARAST - - - - - -
UM2_PARAST - - - - - -
UM1_MOLCR 0.218 0.971 0.858 - - 0.693
UM1_ENEX 0.344 0.608 0.257 - - 0.693
UM2_POTTH - 0.680 0.044 - - - 0.201
Ul2_PEGSH 0.609 0.880 0.831 - - 0.510 -
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.584 0.773 0.754 - - 0.513 0.591
UC_CONAB 0.584 0.773 0.754 - - 0.513 0.591
UM3_CONAB - - - - - - -
LI1_SHOV 0.970 0.258 0.821 - - 0.222 0.012
LI2_SHOV 0.387 0.797 0.487 - - 0.664 0.002
LC_DAR 0.388 0.944 0.286 - - 0.616 0.253
LP3_LINGCSP 0.453 0.083 0.225 - - 0.114 0.729
LP4_LINGCSP 0.623 0.647 0.861 - - 0.603 0.188
LI2_DENCRO 0.013 0.717 0.232 - - 0.242 0.780
LM1_CUSPNO 0.026 0.244 0.597 - - 0.491 0.850
LM2_CUSPNO 0.030 0.276 0.529 - - 0.199 0.166
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Table 97.Continued.

Trait Code UM2_POTTH UI2_PEGSH UP3_ODONT UP4 ODONT UI2_ CONAB UC_CONAB UM3_CONAB
UM2_METCON 0.722 0.548 - - 0.226 0.545 -
UM1_HYPCON 0.351 0.344 - - 0.409 0.332 -
UM2_HYPCON 0.230 0.263 - - 1.000 0.243 -
UM1_METCONL - 0.609 - - 0.584 0.584 -
UM2_METCONL 0.680 0.880 - - 0.773 0.773 -
UM2_CARAB 0.044 0.831 - - 0.754 0.754 -
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR - 0.510 - - 0.513 0.513 -
UM1_ENEX 0.201 - - - 0.591 0.591 -
UM2_POTTH 0.835 - - 0.851 0.851 -
Ul2_PEGSH 0.835 : . . 0.889 :
UP3_ODONT - - - - - -
UP4_ODONT - - - - - -
UI2_CONAB 0.851 - - - 0.906 -
UC_CONAB 0.851 0.889 . . 0.906 :
UM3_CONAB - - - - - -

LI1_SHOV 0.271 - - - 0.559 0.302 -

LI2_SHOV 0.502 - - - 0.588 0.588 -

LC_DAR 0.278 - - - 0.385 0.616 -
LP3_LINGCSP 0.445 0.852 - - 0.179 0.139 -
LP4_LINGCSP 0.645 0.243 - - 0.450 0.444 -
LI2_ DENCRO 0.217 0.935 - - 0.220 0.224 -
LM1_CUSPNO - 0.566 - - 0.594 0.587 -
LM2_CUSPNO 0.236 0.328 - - 0.580 0.572 -
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Table 97.Continued.

Trait Code LIL_SHOV LI2 SHOV LC_DAR LP3 _LINGCSP LP4 LINGCSP LI2_ DENCRO LM1_CUSPNO
UM2_METCON 0.463 0.145 0.405 0.073 0.381 0.393 0.937
UM1_HYPCON 0.130 0.832 0.519 0.643 0.576 0.008 0.147
UM2_HYPCON 0.276 0.398 0.422 0.250 0.287 0.575 0.395

UM1_METCONL 0.970 0.387 0.388 0.453 0.623 0.013 0.026
UM2_METCONL 0.258 0.797 0.944 0.083 0.647 0.717 0.244
UM2_CARAB 0.821 0.487 0.286 0.225 0.861 0.232 0.597
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.222 0.664 0.616 0.114 0.603 0.242 0.491
UM1_ENEX 0.012 0.002 0.253 0.729 0.188 0.780 0.850
UM2_POTTH 0.271 0.502 0.278 0.445 0.645 0.217 -
Ul2_PEGSH - - . 0.852 0.243 0.935 0.566
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.559 0.588 0.385 0.179 0.450 0.220 0.594
UC_CONAB 0.302 0.588 0.616 0.139 0.444 0.224 0.587
UM3_CONAB - - - - - - -
LI1_SHOV 0.000 0.046 0.696 0.654 0.201 0.392
LI2_SHOV 0.000 0.018 0.400 0.949 0.711 0.690
LC_DAR 0.046 0.018 0.818 0.788 0.850 0.911
LP3_LINGCSP 0.696 0.400 0.818 0.086 0.958 0.247
LP4_LINGCSP 0.654 0.949 0.788 0.086 0.968 0.288
LI2_DENCRO 0.201 0.711 0.850 0.958 0.968 0.826
LM1_CUSPNO 0.392 0.690 0.911 0.247 0.288 0.826
LM2_CUSPNO 0.025 0.162 0.006 0.834 0.658 0.546 0.333
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Table 97.Continued.

Trait Code LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
UM2_METCON 0.787 0.169 0.902 0.554 - 0.283
UM1_HYPCON 0.878 0.237 0.790 0.349 - 0.871
UM2_HYPCON 0.288 0.596 0.095 0.079 - 0.293

UM1_METCONL 0.030 0.241 0.849 0.596 - 0.174
UM2_METCONL 0.276 0.482 0.251 0.736 - 0.621
UM2_CARAB 0.529 0.548 0.235 0.821 - 0.294
UM1_PARAST - - - - - -
UM2_PARAST - - - - - -
UM1_MOLCR 0.199 0.370 0.577 0.491 - 0.378
UM1_ENEX 0.166 0.552 0.155 0.166 - 0.523
UM2_POTTH 0.236 0.739 0.813 - - -
Ul2_PEGSH 0.328 0.715 0.824 0.869 . 0.299
UP3_ODONT - - - - - -
UP4_ODONT - - - - - -
UI2_CONAB 0.580 0.746 0.243 0.884 - 0.747
UC_CONAB 0.572 0.743 0.290 0.883 . 0.278
UM3_CONAB - - - - - -
LI1_SHOV 0.025 0.311 0.012 0.136 - 0.607
LI2_SHOV 0.162 0.199 0.020 0.095 - 0.318
LC_DAR 0.006 0.806 0.048 0.108 - 0.652
LP3_LINGCSP 0.834 0.202 0.461 0.160 - 0.162
LP4_LINGCSP 0.658 0.407 0.826 0.528 . 0.779
LI2_DENCRO 0.546 0.187 0.845 0.306 - 0.125
LM1_CUSPNO 0.333 0.865 0.091 0.594 - 0.046
LM2_CUSPNO 0.881 0.132 0.603 - 0.930




Table 97.Continued.

Trait Code LM2_CUSP5 LMI1_CUSP6 LM2_CUSP6 LM2_MOLCR LM2_CUSP7 LM1_ENEX LM2_ENEX
UM2_METCON 0.901 0.631 0.317 0.575 - 0.149 0.712
UM1_HYPCON 0.737 0.016 0.691 0.793 - 0.968 0.445
UM2_HYPCON 0.485 0.719 0.353 0.245 - 0.514 0.316
UM1_METCONL 0.024 0.001 0.247 0.230 - 0.796 0.056
UM2_METCONL 0.008 0.239 0.440 0.077 - 0.344 0.663
UM2_CARAB 0.926 0.514 0.447 0.403 . 0.395 0.648
UM1_PARAST - - - - - - -
UM2_PARAST - - - - - - -
UM1_MOLCR 0.158 0.252 0.252 0.004 - 0.924 0.251
UM1_ENEX 0.118 0.744 0.553 0.620 - 0.001 0.009
UM2_POTTH 0.255 - 0.717 0.252 - 0.692 0.347
UI2_PEGSH 0.331 0.489 0.694 0.378 - 0.262 0.229
UP3_ODONT - - - - - - -
UP4_ODONT - - - - - - -
UI2_CONAB 0.390 0.520 0.727 0.379 - 0.301 0.436
UC_CONAB 0.834 0.512 0.724 0.394 - 0.292 0.237
UM3_CONAB - - - - - - -

LI1_SHOV 0.034 0.324 0.570 0.140 - 0.002 0.770

LI2_SHOV 1.000 0.233 0.455 0.691 - 0.001 0.517

LC_DAR 0.196 0.945 0.013 0.515 - 0.690 0.490
LP3_LINGCSP 0.759 0.832 0.284 0.546 - 0.155 0.062
LP4_LINGCSP 0.165 0.731 0.076 0.603 . 0.788 0.595
LI2_DENCRO 0.888 0.454 0.347 0.681 - 0.020 0.322
LM1_CUSPNO 0.692 0.000 0.221 0.799 - 0.251 0.500
LM2_CUSPNO 0.000 0.358 0.000 0.694 - 0.734 0.265
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Table 97.Continued.

Trait Code LP3_ODONT LP4 ODONT LC_CONAB LP3 CONAB LM3_CONAB LP4 DENCRO
UM2_METCON - - - - - 0.796
UM1_HYPCON - - . . = 0.073
UM2_HYPCON - - - - - 0.744

UM1_METCONL - - - - - 0.698
UM2_METCONL - - - - - 0.616
UM2_CARAB - - - . . 0.551
UM1_PARAST - - - - - -
UM2_PARAST - - - - - -
UM1_MOLCR - - - - - 0.549
UM1_ENEX - - - - - 0.736
UM2_POTTH - - - - - 0.963
UI2_PEGSH - : : . . 0.943
UP3_ODONT - - - - - -
UP4_ODONT - - - - - -
Ul2_CONAB - - - - - 0.914
UC_CONAB : : : . - 0.187
UM3_CONAB - - - - - -
LI1_SHOV - - - - - 0.656
LI2_SHOV - - - - - 0.820
LC_DAR - - - - - 0.767
LP3_LINGCSP - - - - - 0.292
LP4_LINGCSP - : : . = 0.800
LI2_DENCRO - - - - - 0.033
LM1_CUSPNO - - - - - 0.387
LM2_CUSPNO - - - - - 0.239




Table 97.Continued.

Trait Code UG_DIAST UM1_CARAB UM2 _ENEX UI2_IGROOVE UI1L_WING UI1_LABCON  UI2_LIV
LM2_DEFWRKL 0.551 0.181 0.273 0.812 0.971 0.721 0.720
LM2_ANTFOV 0.066 0.444 0.332 1.000 0.693 0.069 0.875
LM1_PROSTYL 0.662 . . 0.039 0.549 0.396 0.874
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.286 0.437 0.076 0.751 0.009 0.459 0.288
LM2_CUSP5 0.633 0.249 0.361 0.046 0.530 0.958 0.313
LM1_CUSP6 0.143 0.319 0.549 0.905 0.042 0.959 0.498
LM2_CUSP6 0.437 0.886 0.086 0.798 0.671 0.311 0.702
LM2_MOLCR 0.792 0.750 0.882 0.850 0.070 0.689 0.391
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.911 0.669 0.072 0.458 0.807 0.801 0.288
LM2_ENEX 0.948 0.787 0.923 0.657 0.272 0.835 0.237
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : - - - - - -
LP4 DENCRO 0.872 0.380 0.326 0.709 0.318 0.215 0.895
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Table 97.Continued.

Trait Code UIl_SHOV UI2_SHOV UC_SHOV UIl_SHOV2 UI2_SHOV2 UC_SHOV2 Ull_IGROOVE
LM2_DEFWRKL 0.616 0.110 0.303 0.156 0.520 0.635 0.661
LM2_ANTFOV 0.194 0.261 0.040 0.021 0.094 0.272 0.560
LM1_PROSTYL 0.127 0.085 0.720 0.360 0.711 0.479 0.816
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.739 1.000 0.732 0.278 0.361 0.047 0.535
LM2_CUSP5 0.208 0.190 0.844 0.176 0.943 0.800 0.646
LM1_CUSP6 0.397 0.427 0.657 0.115 0.369 0.473 0.321
LM2_CUSP6 0.661 0.471 0.842 0.489 0.892 0.448 0.578
LM2_MOLCR 0.109 0.317 0.010 0.335 0.032 0.123 0.722
LM2_CUSP7 - - - - - - -

LM1_ENEX 0.016 0.356 0.255 0.034 0.434 0.639 0.155

LM2_ENEX 0.906 0.386 0.363 0.528 0.632 0.539 0.639
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -

LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : : - - - - -
LP4_DENCRO 0.116 0.500 0.359 0.787 0.127 0.600 0.072
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Table 97.Continued.

Trait Code UIL_TUBDENT UC_TUBDENT UC _MESRIG UC _DAR UC_DIAST UI2 DENCRO UP4 DENCRO
LM2_DEFWRKL 0.390 0.096 0.728 0.815 0.380 0.886 0.798
LM2_ANTFOV 0.619 0.023 0.247 0.580 0.212 0.574 0.650
LM1_PROSTYL 0.575 0.328 0.825 0.274 0.749 0.448 0.331
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.107 0.128 0.854 0.437 0.761 0.367 0.164
LM2_CUSP5 0.319 0.077 0.340 0.183 0.671 0.393 0.422
LM1_CUSP6 0.253 0.867 0.871 0.111 0.945 0.493 0.828
LM2_CUSP6 0.332 0.965 0.710 0.050 0.500 0.462 0.661
LM2_MOLCR 0.025 0.094 0.221 0.311 0.774 0.651 0.070
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.935 0.309 0.156 0.431 0.556 0.388 0.811
LM2_ENEX 0.498 0.598 0.241 0.517 0.179 0.341 0.819
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : - - - - - -
LP4_DENCRO 0.701 0.429 0.062 0.211 0.820 0.330 0.860
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Table 97.Continued.

Trait Code UP3_ACCUP UP4_ACCUP UP3 UTOAZ UM1_METCON UM2_METCON UMI1_HYPCON UM2_HYPCON
LM2_DEFWRKL 0.607 ] ] 0.579 0.169 0.237 0.596
LM2_ANTFOV 0.173 - - 0.962 0.902 0.790 0.095
LM1_PROSTYL 0.811 : : 0.617 0.554 0.349 0.079
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.530 - - 0.759 0.283 0.871 0.293
LM2_CUSP5 0.638 - - 0.584 0.901 0.737 0.485
LM1_CUSP6 0.403 - - 0.044 0.631 0.016 0.719
LM2_CUSP6 0.175 - - 0.777 0.317 0.691 0.353
LM2_MOLCR 0.378 - - 0.907 0.575 0.793 0.245
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.315 : : 0.104 0.149 0.968 0.514
LM2_ENEX 0.154 - - 0.050 0.712 0.445 0.316
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : : - - - - -
LP4 DENCRO 0.566 - - 0.608 0.796 0.073 0.744
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Trait Code UM1_METCON UM2_METCON UM2_CARA UM1_PARAS UM2 PARAS UM1_MOLC UMI1_ENE
L L B T T R X
LM2_DEFWRK
L 0.241 0.482 0.548 - - 0.370 0.552
LM2_ANTFOV 0.849 0.251 0.235 - - 0.577 0.155
LM1_PROSTYL 0.596 0.736 0.821 . - 0.491 0.166
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.174 0.621 0.294 - - 0.378 0.523
LM2_CUSP5 0.024 0.008 0.926 - - 0.158 0.118
LM1_CUSP6 0.001 0.239 0.514 : . 0.252 0.744
LM2_CUSP6 0.247 0.440 0.447 - - 0.252 0.553
LM2_MOLCR 0.230 0.077 0.403 - - 0.004 0.620
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.796 0.344 0.395 : - 0.924 0.001
LM2_ENEX 0.056 0.663 0.648 - - 0.251 0.009
LP3_ODONT . . : : . . :
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : : : : = = :
LP4 DENCRO 0.698 0.616 0.551 - - 0.549 0.736




Table 97.Continued.

Trait Code UM2_POTTH UI2_PEGSH UP3 ODONT UP4 ODONT UI2_ CONAB UC_CONAB UM3_CONAB
LM2_DEFWRKL 0.739 0.715 ] ] 0.746 0.743
LM2_ANTFOV 0.813 0.824 - - 0.243 0.290
LM1_PROSTYL : 0.869 - - 0.884 0.883
LM2_PROSTYL - - - - - -
LM1_CUSP5 - 0.299 - - 0.747 0.278
LM2_CUSP5 0.255 0.331 - - 0.390 0.834
LM1_CUSP6 - 0.489 - - 0.520 0.512
LM2_CUSP6 0.717 0.694 - - 0.727 0.724
LM2_MOLCR 0.252 0.378 - - 0.379 0.394
LM2_CUSP7 - - - - - -

LM1_ENEX 0.692 0.262 . . 0.301 0.292

LM2_ENEX 0.347 0.229 - - 0.436 0.237
LP3_ODONT - - - - - -
LP4_ODONT - - - - - -

LC_CONAB - - - - - -
LP3_CONAB - - - - - -
LM3_CONAB : : . . g g
LP4 DENCRO 0.963 0.943 - - 0.914 0.187
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Table 97.Continued.

Trait Code LIL_ SHOV LI2. SHOV  LC_DAR LP3_LINGCSP LP4_LINGCSP LI2_ DENCRO LM1_CUSPNO
LM2_DEFWRKL 0.311 0.199 0.806 0.202 0.407 0.187 0.865
LM2_ANTFOV 0.012 0.020 0.048 0.461 0.826 0.845 0.091
LM1_PROSTYL 0.136 0.095 0.108 0.160 0.528 0.306 0.594
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.607 0.318 0.652 0.162 0.779 0.125 0.046
LM2_CUSP5 0.034 1.000 0.196 0.759 0.165 0.888 0.692
LM1_CUSP6 0.324 0.233 0.945 0.832 0.731 0.454 0.000
LM2_CUSP6 0.570 0.455 0.013 0.284 0.076 0.347 0.221
LM2_MOLCR 0.140 0.691 0.515 0.546 0.603 0.681 0.799
LM2_CUSP7 - - - - - - -
LM1_ENEX 0.002 0.001 0.690 0.155 0.788 0.020 0.251
LM2_ENEX 0.770 0.517 0.490 0.062 0.595 0.322 0.500
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -
LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : : - - - - -
LP4_DENCRO 0.656 0.820 0.767 0.292 0.800 0.033 0.387
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Table 97.Continued.

Trait Code LM2_CUSPNO LM2_DEFWRKL LM2_ANTFOV LM1_PROSTYL LM2_PROSTYL LM1_CUSP5
LM2_DEFWRKL 0.881 0.349 0.720 - 0.733
LM2_ANTFOV 0.132 0.349 0.914 - 1.000
LM1_PROSTYL 0.603 0.720 0.914 s 0.747
LM2_PROSTYL - - - - -
LM1_CUSP5 0.930 0.733 1.000 0.747 -
LM2_CUSP5 0.000 0.362 0.344 0.355 - 0.769
LM1_CUSP6 0.358 0.918 0.164 0.520 - 0.003
LM2_CUSP6 0.000 0.440 0.475 0.732 - 0.701
LM2_MOLCR 0.694 0.258 0.036 0.408 - 0.471
LM2_CUSP7 - - - - - -
LM1_ENEX 0.734 0.218 0.948 0.312 - 0.585
LM2_ENEX 0.265 0.815 0.040 0.475 - 0.102
LP3_ODONT - - - - - -
LP4_ODONT - - - - - -
LC_CONAB - - - - - -
LP3_CONAB - - - - - -
LM3_CONAB : - - - - -
LP4_DENCRO 0.239 0.726 0.066 0.246 - 0.136
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Table 97.Continued.

Trait Code LM2_CUSP5 LM1_CUSP6 LM2 CUSP6 LM2_MOLCR LM2_CUSP7 LM1_ENEX LM2_ENEX
LM2_DEFWRKL 0.362 0.918 0.440 0.258 - 0.218 0.815
LM2_ANTFOV 0.344 0.164 0.475 0.036 - 0.948 0.040
LM1_PROSTYL 0.355 0.520 0.732 0.408 . 0.312 0.475
LM2_PROSTYL - - - - - - -
LM1_CUSP5 0.769 0.003 0.701 0.471 - 0.585 0.102
LM2_CUSP5 0.911 0.969 0.705 - 0.048 0.981
LM1_CUSP6 0.911 0.204 0.762 . 0.249 0.326
LM2_CUSP6 0.969 0.204 0.363 - 0.258 0.359
LM2_MOLCR 0.705 0.762 0.363 - 1.000 0.785
LM2_CUSP7 - - - - - -

LM1_ENEX 0.048 0.249 0.258 1.000 - 0.548

LM2_ENEX 0.981 0.326 0.359 0.785 - 0.548
LP3_ODONT - - - - - - -
LP4_ODONT - - - - - - -

LC_CONAB - - - - - - -
LP3_CONAB - - - - - - -
LM3_CONAB : - - - - - -
LP4_DENCRO 0.400 0.256 0.162 0.773 - 0.165 0.231
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Table 97.Continued.

Trait Code LP3_ODONT LP4 ODONT LC_CONAB LP3_CONAB LM3_CONAB LP4 DENCRO
LM2_DEFWRKL ] ] ] ] ] 0.726
LM2_ANTFOV - - - - - 0.066
LM1_PROSTYL : . . . . 0.246
LM2_PROSTYL - - - - - -
LM1_CUSP5 - - - - - 0.136
LM2_CUSP5 - - - - - 0.400
LM1_CUSP6 : . : . . 0.256
LM2_CUSP6 - - - - - 0.162
LM2_MOLCR - - - - - 0.773
LM2_CUSP7 - - - - - -
LM1_ENEX : . : . . 0.165
LM2_ENEX - - - - - 0.231
LP3_ODONT - - - - -
LP4_ODONT - - - - -
LC_CONAB - - - - -
LP3_CONAB - - - - -
LM3_CONAB : : : . =
LP4 DENCRO - - - - -
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Table98.Cr ani ometri ¢ i ntertrait cor r eoéffmient. on r es ul

Trait | GOL NOL BNL BBH XCB XFB WFB ZYB ASB BPL NPH NLH JUB
GOL 1 0.984 0.701 0593 0.250 0.397 0.433 0.307 0.498 0.468 0.486 0.507 0.350
NOL | 0.984 1 0.681 0566 0.206 0.371 0.433 0.246 0.462 0.446 0.503 0.526 0.317
BNL | 0.701 0.681 1 0.744 0.308 0.382 0.456 0.478 0.435 0.700 0.428 0.497 0.486
BBH | 0.593 0.566 0.744 1 0.403 0.467 0.346 0.426 0.422 0.406 0.323 0.404 0.428
XCB | 0.250 0.206 0.308 0.403 1 0.750 0.390 0.560 0.656 0.092 0.200 0.245 0.460
XFB | 0.397 0.371 0.382 0.467 0.750 1 0.572 0500 0.601 0.172 0.231 0.238 0.481
WFB | 0.433 0.433 0.456 0.346 0.390 0.572 1 0.396 0.473 0.354 0.137 0.077 0.535
ZYB | 0.307 0.246 0.478 0.426 0.560 0.500 0.396 1 0.547 0.307 0.392 0.449 0.874
ASB | 0.498 0.462 0.435 0.422 0.656 0.601 0.473 0.547 1 0.167 0.304 0.310 0.467
BPL | 0.468 0.446 0.700 0.406 0.092 0.172 0.354 0.307 0.167 1 0.438 0.292 0.403
NPH | 0.486 0503 0.428 0.323 0.200 0.231 0.137 0.392 0.304 0.438 1 0.833 0.344
NLH | 0507 0.526 0.497 0.404 0.245 0.238 0.077 0.449 0.310 0.292 0.833 1 0.321
JUB | 0.350 0.317 0.486 0.428 0.460 0.481 0.535 0.874 0.467 0.403 0.344 0.321 1

NLB | -0.004 -0.026 0.200 0.167 0.316 0.187 0.138 0.426 0.292 0.191 0.006 0.103 0.482
MAB | 0.164 0.152 0.342 0.301 0.239 0.225 0.302 0.608 0.096 0.482 0.352 0.365 0.625
MAL | 0.431 0.443 0502 0.407 0.256 0.360 0.441 0.271 0.229 0.749 0.452 0.357 0.347
MDH | 0.296 0.243 0.245 0.386 0.454 0.338 0.138 0.513 0.482 0.043 0.353 0.447 0.416
OBH | 0.139 0.150 0.057 0.061 0.074 0.130 0.038 0.077 0.188 0.020 0.447 0.398 -0.049
OBB | 0556 0.568 0.554 0.478 0.438 0.467 0.461 0.486 0.556 0.273 0.475 0.505 0.516
DKB | -0.039 -0.060 0.166 0.098 0.109 0.172 0.319 0.276 0.055 0.206 -0.041 -0.131 0.445
NDS | 0.421 0.410 0.554 0.413 0.003 0.155 0.276 0.222 0.240 0.459 0.215 0.245 0.205
WNB | 0.103 0.160 0.239 0.166 0.068 0.074 0.297 0.147 0.164 0.188 0.141 0.039 0.367
SIS | 0.356 0.367 0.553 0.357 0.109 0.118 0.366 0.184 0.344 0.440 0.310 0.263 0.233
ZMB | 0.098 0.066 0.320 0.318 0.251 0.238 0.329 0.706 0.150 0.316 0.324 0.226 0.762
SSS | 0.107 0.132 0.230 0.135 -0.180 -0.100 -0.204 -0.024 -0.325 0.381 0.410 0.389 -0.065
FMB | 0.524 0.505 0.592 0.510 0.495 0.614 0.663 0.690 0.563 0.430 0.420 0.370 0.783
NAS | 0485 0.539 0.587 0.342 0.115 0.172 0.375 0.092 0.314 0.354 0.340 0.329 0.154
EKB | 0503 0.487 0.628 0531 0483 0578 0621 0.678 0582 0.415 0.402 0.375 0.787
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Table 98.Continued.

Trait NLB MAB MAL MDH OBH OBB DKB NDS  WNB SIS ZMB SSS FMB
GOL | -0.004 0.164 0.431 0.296 0.139 0.556 -0.039 0.421 0.103 0.356 0.098 0.107 0.524
NOL | -0.026 0.152 0.443 0.243 0.150 0.568 -0.060 0.410 0.160 0.367 0.066 0.132 0.505
BNL | 0.200 0.342 0.502 0.245 0.057 0.554 0.166 0.554 0.239 0.553 0.320 0.230 0.592
BBH | 0.167 0.301 0.407 0.386 0.061 0.478 0.098 0413 0.166 0.357 0.318 0.135 0.510
XCB | 0.316 0.239 0.256 0.454 0.074 0438 0.109 0.003 0.068 0.109 0.251 -0.180 0.495
XFB | 0.187 0.225 0.360 0.338 0.130 0.467 0.172 0.155 0.074 0.118 0.238 -0.100 0.614
WFB | 0.138 0.302 0.441 0.138 0.038 0.461 0.319 0.276 0.297 0.366 0.329 -0.204 0.663
ZYB | 0426 0.608 0.271 0.513 0.077 0486 0.276 0.222 0.147 0.184 0.706 -0.024 0.690
ASB | 0.292 0.096 0.229 0.482 0.188 0.556 0.055 0.240 0.164 0.344 0.150 -0.325 0.563
BPL | 0.191 0.482 0.749 0.043 0.020 0.273 0.206 0.459 0.188 0.440 0.316 0.381 0.430
NPH | 0.006 0.352 0.452 0.353 0.447 0.475 -0.041 0.215 0.141 0.310 0.324 0.410 0.420
NLH | 0.103 0.365 0.357 0.447 0.398 0.505 -0.131 0.245 0.039 0.263 0.226 0.389 0.370
JuB | 0.482 0.625 0.347 0.416 -0.049 0516 0445 0.205 0.367 0.233 0.762 -0.065 0.783
NLB 1 0.374 0.038 0.209 -0.104 0.195 0.393 0.025 0.246 0.093 0.414 -0.221 0.355
MAB | 0.374 1 0.522 0.276 -0.128 0.320 0.229 0.097 0.064 0.174 0.659 0.201 0.428
MAL | 0.038 0.522 1 0.124 0.084 0.376 0.126 0.339 0.193 0.357 0.262 0.330 0.435
MDH | 0.209 0.276 0.124 1 0.176 0.352 0.044 0.074 -0.117 0.075 0.219 0.016 0.396
OBH | -0.104 -0.128 0.084 0.176 1 0.426 -0.333 0.061 -0.134 -0.011 -0.150 0.056 0.209
OBB | 0.195 0.320 0.376 0.352 0.426 1 -0.206 0.275 0.108 0.319 0.313 -0.046 0.800
DKB | 0.393 0.229 0.126 0.044 -0.333 -0.206 1 0.027 0.472 0.071 0.409 0.000 0.273
NDS | 0.025 0.097 0.339 0.074 0.061 0.275 0.027 1 0.124 0.571 0.136 0.209 0.357
WNB | 0.246 0.064 0.193 -0.117 -0.134 0.108 0.472 0.124 1 0.477 0.313 -0.057 0.270
SIS | 0.093 0.174 0.357 0.075 -0.011 0.319 0.071 0.571 0.477 1 0.144 0.122 0.341
ZMB | 0.414 0.659 0.262 0.219 -0.150 0.313 0.409 0.136 0.313 0.144 1 0.011 0.553
SSS | -0.221 0.201 0.330 0.016 0.056 -0.046 0.000 0.209 -0.057 0.122 0.011 1 -0.039
FMB | 0.355 0428 0435 0.396 0.209 0.800 0.273 0.357 0.270 0.341 0.553 -0.039 1
NAS | -0.034 0.026 0.373 0.043 0.172 0.556 0.021 0504 0.282 0.573 -0.021 0.250 0.470
EKB | 0414 0438 0433 0.347 0.223 0.824 0.294 0.310 0.331 0.317 0.602 -0.072 0.947
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Table 98.Continued.

Trait NAS EKB DKS IML XML MLS WMH GLS STB FRC FRS PAC PAS
GOL | 0.485 0.503 0.343 0.552 0.361 0.312 0.351 0.477 0.200 0.630 0.281 0.679 0.301
NOL | 0.539 0487 0.388 0.554 0.341 0.281 0.334 0.365 0.207 0.636 0.286 0.673 0.295
BNL | 0.587 0.628 0.317 0.555 0.475 0379 0.333 0.415 0.159 0494 0.095 0.379 0.154
BBH | 0.342 0.531 0.217 0.364 0.360 0.339 0.284 0.385 0.340 0.675 0.309 0.469 0.353
XCB | 0.115 0483 0.273 0.422 0.388 0.128 0.266 0.482 0.634 0.404 0.032 0.203 0.412
XFB | 0.172 0578 0.219 0.416 0.296 0.122 0.189 0437 0.725 0.508 0.109 0.352 0.439
WFB | 0.375 0.621 0.176 0.522 0443 0.351 0.225 0.248 0.589 0.447 0.349 0.332 0.213
ZYB | 0.092 0.678 -0.018 0.540 0.650 0.486 0.465 0.606 0.207 0.405 0.005 0.090 0.155
ASB | 0.314 0.582 0415 0577 0.356 0.233 0.266 0.489 0.503 0483 -0.015 0.317 0.416
BPL | 0.354 0.415 0.045 0451 0.341 0.418 0.330 0.287 0.031 0.339 0.144 0.209 -0.004
NPH | 0.340 0.402 0.276 0.326 0.332 0.319 0.348 0.257 0.072 0.432 0.068 0.199 0.123
NLH | 0.329 0.375 0.296 0.347 0.341 0.271 0.324 0.241 0.033 0.423 0.048 0.200 0.089
JuB | 0.154 0.787 0.004 0.595 0.614 0544 0436 0.494 0.204 0.433 0.099 0.123 0.146
NLB | -0.034 0.414 0.044 0.285 0.204 0.225 0.166 0.210 0.073 0.109 -0.175 0.057 0.309
MAB | 0.026 0.438 -0.044 0.201 0.377 0.394 0.362 0.317 0.061 0.292 0.170 0.056 0.040
MAL | 0373 0433 0.181 0371 0.305 0.311 0.281 0.153 0.294 0473 0.382 0.239 0.104
MDH | 0.043 0.347 0.141 0.336 0.373 0.346 0.157 0.456 0.208 0.312 -0.071 0.170 0.239
OBH | 0.172 0.223 0.351 0.093 -0.151 -0.215 -0.099 0.043 0.132 0.199 0.032 0.076 0.089
OBB | 0.556 0.824 0.600 0.561 0.370 0.162 0.275 0405 0.386 0.554 0.087 0.313 0.281
DKB | 0.021 0.294 -0.167 0.122 0.144 0.250 0.070 0.017 0.036 -0.056 0.050 0.073 0.114
NDS | 0.504 0.310 -0.007 0.208 0.234 0.211 0.252 0.159 0.187 0.319 0.117 0.317 0.152
WNB | 0.282 0.331 0.089 0.261 0.199 0.264 0.273 -0.168 0.177 0.156 0.031 0.061 0.036
SIS | 0573 0.317 0.268 0.364 0.366 0.315 0408 0.119 0.294 0.281 -0.010 0.191 0.048
ZMB | -0.021 0.602 -0.195 0.259 0.524 0.502 0.540 0.327 0.101 0.253 0.075 0.004 0.041
SSS | 0.250 -0.072 0.059 -0.194 -0.039 0.114 -0.076 -0.071 -0.241 -0.022 -0.072 0.037 -0.110
FMB | 0.470 @ 0947 0.296 0.630 0456 0.373 0.352 0462 0452 0512 0.070 0.340 0.352
NAS 1 0.429 0.679 0427 0.289 0.114 0.160 -0.003 0.269 0.345 0.046 0.340 0.149
EKB | 0.429 1 0.301 0594 0412 0.308 0.341 0442 0378 0.493 0.089 0.311 0.342
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Table 98.Continued.

Trait | OCC OCs FOL FOB NAR SSR PRR DKR ZOR FMR EKR ZMR AVR
GOL | 0.487 0.678 0.433 0.306 0.714 0.607 0.541 0.649 0.632 0.614 0.543 0.613 0.402
NOL | 0.493 0.650 0.416 0.308 0.713 0.603 0.539 0.650 0.621 0.579 0.519 0.593 0.367
BNL | 0.497 0.390 0.338 0.296 0.834 0.731 0.681 0.761 0.741 0.689 0.642 0.661 0.417
BBH | 0.544 0.259 0.234 0.266 0.633 0.535 0.517 0.609 0.588 0.575 0.513 0.530 0.449
XCB | 0.282 0.165 0.108 0.269 0.366 0.166 0.076 0.442 0.354 0.337 0.325 0.352 0.349
XFB | 0.322 0.210 0.211 0.159 0.444 0.270 0.190 0477 0.397 0473 0424 0.444 0.433
WFB | 0.206 0.236 0.084 0.001 0435 0.296 0.288 0.417 0482 0.333 0.362 0.483 0.370
ZYB | 0.204 0.169 0.228 0.338 0.387 0.369 0.300 0.410 0.441 0481 0491 0.470 0.389
ASB | 0.383 0.433 0.283 0.291 0.490 0.232 0.158 0.494 0.389 0450 0.384 0.564 0.357
BPL | 0.285 0.293 0.243 0.296 0.547 0.811 0.897 0.498 0.654 0502 0.571 0.619 0.703
NPH | 0.235 0.302 0.422 0425 0415 0501 0.561 0.394 0.343 0.303 0.314 0.282 0.315
NLH | 0.352 0.365 0.493 0501 0471 0.484 0436 0425 0.342 0369 0.330 0.296 0.176
JuB | 0.230 0.216 0.150 0.176 0.406 0.402 0.399 0.439 0482 0.473 0508 0.516 0.385
NLB | -0.033 -0.047 -0.055 0.033 0.064 0.080 0.100 0.114 0.142 0.146 0.136 0.264 0.202
MAB | 0.067 0.107 0.126 0.334 0.133 0.334 0.422 0.166 0.250 0.223 0.237 0.166 0.358
MAL | 0.261 0.233 0.345 0.361 0518 0.709 0.814 0475 0.596 0447 0459 0.546 0.589
MDH | 0.343 0.316 0460 0.271 0.185 0.211 0.127 0.207 0.187 0.219 0.160 0.228 0.245
OBH | 0.079 0.066 0.236 0.044 0.113 0.048 0.093 0.112 -0.086 0.058 -0.116 0.033 0.027
OBB | 0.337 0.317 0.331 0.155 0.595 0.419 0.358 0.617 0.496 0439 0.333 0.540 0.264
DKB | -0.103 -0.080 -0.122 -0.188 0.091 0.115 0.181 0.068 0.142 0.143 0.177 0.108 0.136
NDS | 0.197 0.235 0.253 0.217 0.498 0.463 0423 0.232 0426 0.335 0.335 0.419 0.355
WNB | 0.022 0.046 -0.200 -0.110 0.222 0.130 0.213 0.193 0.180 0.129 0.145 0.206 -0.030
SIS | 0.244 0.356 0.162 0.134 0468 0.392 0400 0.376 0.412 0.230 0.283 0.361 0.232
ZMB | 0.062 0.007 -0.066 0.033 0.180 0.267 0.305 0.222 0.375 0.300 0.371 0.315 0.352
SSS | 0.036 -0.035 0.339 0.261 0.150 0.543 0.494 0.046 0.048 -0.005 0.001 -0.159 0.162
FMB | 0.287 0.263 0.303 0.144 0572 0482 0452 0563 0548 0474 0436 0.610 0.404
NAS | 0.178 0.286 0.302 0.133 0.683 0.499 0.448 0569 0453 0.215 0.212 0.371 0.175
EKB | 0.298 0.269 0.217 0.035 0.614 0.479 0451 0.609 0.582 0.561 0.495 0.644 0.422
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Table 98.Continued.

Trait BRR VRR LAR OSR MOW UFBR UFHT NAA PRA BAA NBA BBA BRA
GOL | 0.557 0.621 0.708 0.336 0.133 0.495 0488 -0.171 0.172 0.009 -0.266 0.089 0.252
NOL | 0.531 0.602 0.720 0.294 0.136 0.473 0.505 -0.185 0.160 0.045 -0.302 0.123 0.254
BNL | 0.545 0.524 0476 0453 0.231 0551 0493 -0.207 0.418 -0.324 -0.128 -0.292 0.564
BBH | 0.802 0.752 0.440 0.307 0.132 0.451 0411 -0.271 0.385 -0.206 0.321 -0.281 -0.104
XCB | 0558 0.609 0.257 0.102 0.149 0.468 0.142 -0.221 0.199 0.014 -0.031 0.068 -0.086
XFB | 0.590 0.640 0.390 0.162 0.282 0.569 0.184 -0.195 0.196 -0.029 -0.088 0.097 -0.035
WFB | 0.401 0.408 0.379 0.159 0.271 0.692 0.116 -0.003 0.163 -0.223 -0.283 0.134 0.173
ZYB | 0.347 0.363 0.152 0.331 0.269 0.725 0.329 -0.195 0.153 0.056 -0.124 0.016 0.123
ASB | 0.555 0.657 0.441 0.249 0.170 0.526 0.279 -0.241 0.193 0.059 -0.170 0.119 0.103
BPL | 0.311 0.259 0.291 0.398 0.313 0.434 0471 0531 -0.288 -0.265 -0.242 -0.107 0.460
NPH | 0.229 0.306 0.381 0.292 0.173 0.372 0968 -0.155 -0.316 0.678 -0.277 0.164 0.156
NLH | 0.271 0.344 0.425 0.338 0.075 0.345 0.805 -0.346 -0.016 0.522 -0.179 0.054 0.177
JUuB | 0.353 0.354 0.196 0.245 0418 0.856 0.324 -0.064 0.092 -0.043 -0.149 0.029 0.123
NLB | 0.085 0.171 -0.095 0.182 0.353 0.461 -0.007 0.081 0.048 -0.151 0.001 -0.060 0.084
MAB | 0.118 0.079 0.045 0.386 0.292 0439 0.224 0.115 -0.107 0.012 -0.068 0.012 0.073
MAL | 0.359 0.271 0.250 0.262 0.242 0412 0.414 0.318 -0.227 -0.084 -0.217 0.106 0.158
MDH | 0.301 0.410 0.375 0.364 -0.068 0.321 0.301 -0.213 0.012 0.282 0.097 0.003 -0.131
OBH | 0.101 0.153 0.198 0.089 0.145 0.085 0.398 -0.240 -0.021 0.372 -0.162 0.199 -0.040
OBB | 0470 0.504 0.385 0.198 0.332 0.672 0418 -0.374 0.282 0.108 -0.249 0.137 0.150
DKB | 0.030 -0.033 -0.147 0.033 0.413 0.329 0.069 0.142 0.023 -0.218 0.094 -0.220 0.136
NDS | 0.380 0.364 0.262 0.283 0.026 0.339 0.182 0.005 0.189 -0.261 -0.106 -0.104 0.289
WNB | 0.117 0.080 -0.001 -0.128 0.196 0.337 0.291 -0.111 0.147 -0.058 -0.066 -0.034 0.125
SIS | 0.305 0.283 0.278 0.234 -0.062 0.309 0.379 -0.077 0.176 -0.138 -0.147 -0.104 0.360
ZMB | 0.180 0.151 -0.012 0.144 0.386 0.648 0.278 0.007 -0.045 0.069 0.013 -0.064 0.034
SSS | -0.079 -0.113 -0.008 0.246 0.001 -0.112 0.407 0.153 -0.235 0.150 0.059 -0.207 0.165
FMB | 0478 0520 0.352 0.299 0513 0911 0.379 -0.150 0.175 -0.046 -0.200 0.043 0.187
NAS | 0.372 0.313 0.262 0.074 0.119 0.326 0.376 -0.236 0.289 -0.094 -0.281 -0.013 0.399
EKB | 0488 0.497 0.287 0.234 0.563 0.883 0.392 -0.204 0.246 -0.069 -0.168 -0.010 0.232
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Table 98.Continued.

Trait SSA NFA DKA NDA FRA PAA OCA
GOL | -0.068 -0.378 -0.224 -0.355 0.048 0.030 -0.526
NOL | -0.103 -0.443 -0.274 -0.357 0.045 0.037 -0.487
BNL | -0.096 -0.470 -0.188 -0.367 0.209 0.023 -0.217
BBH | -0.015 -0.230 -0.098 -0.298 0.059 -0.183 -0.063
XCB | 0.268 0.017 -0.182 0.063 0.219 -0.428 -0.086
XFB | 0.180 -0.011 -0.106 -0.044 0.186 -0.371 -0.090
WFB | 0.312 -0.221 -0.063 -0.056 -0.143 -0.072 -0.164
ZyB | 0.297 0.101 0.168 -0.015 0.259 -0.163 -0.185
ASB | 0.363 -0.172 -0.305 -0.163 0.324 -0.345 -0.325
BPL | -0.239 -0.250 0.057 -0.249 0.051 0.113 -0.227
NPH | -0.256 -0.254 -0.169 -0.186 0.195 -0.038 -0.296
NLH | -0.274 -0.258 -0.186 -0.271 0.217 0.010 -0.301
JuB | 0.357 0.056 0.153 0.083 0.158 -0.122 -0.197
NLB | 0.363 0.130 -0.002 0.188 0.300 -0.390 0.068
MAB | 0.088 0.110 0.159 0.081 0.022 -0.050 -0.168
MAL | -0.196 -0.280 -0.068 -0.196 -0.148 -0.003 -0.156
MDH | 0.065 0.068 -0.058 -0.040 0.268 -0.206 -0.290
OBH | -0.123 -0.137 -0.277 -0.237 0.063 -0.056 -0.034
OBB | 0.160 -0.380 -0.397 -0.320 0.239 -0.171 -0.205
DKB | 0.167 0.050 0.137 0.493 -0.087 -0.128 0.064
NDS | -0.161 -0.458 0.094 @ -0.849 0.054 0.010 -0.189
WNB | 0.164 -0.239 -0.077 0.142 0.067 0.003 -0.009
SIS | -0.080 -0.546 -0.215 -0.446 0.190 0.077 -0.319
ZMB | 0.376 0.189 0.319 0.127 0.080 -0.063 -0.016
SSS | -0.919 -0.287 -0.068 -0.180 0.076 0.154 0.043
FMB | 0.253 -0.230 -0.102 -0.146 0.229 -0.260 -0.189
NAS | -0.243 | -0.964 -0.611 -0.398 0.161 0.011 -0.188
EKB | 0.302 -0.198 -0.101 -0.083 0.201 -0.264 -0.164
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Table 98.Continued.

Trait GOL NOL BNL BBH XCB XFB WFB ZYB ASB BPL NPH NLH JUuB
DKS | 0.343 0.388 0.317 0.217 0.273 0.219 0.176 -0.018 0.415 0.045 0.276 0.296 0.004
IML 0.552 0.554 0.555 0.364 0.422 0.416 0.522 0.540 0.577 0451 0.326 0.347 0.595
XML 0.361 0.341 0.475 0360 0.388 0.296 0.443 0.650 0.356 0.341 0.332 0.341 0.614
MLS | 0.312 0.281 0.379 0.339 0.128 0.122 0.351 0.486 0.233 0418 0.319 0.271 0.544
WMH | 0.351 0.334 0.333 0.284 0.266 0.189 0.225 0.465 0.266 0.330 0.348 0.324 0.436
GLS | 0477 0.365 0.415 0.385 0.482 0.437 0.248 0.606 0.489 0.287 0.257 0.241 0.494
STB | 0.200 0.207 0.159 0.340 0.634 0.725 0.589 0.207 0.503 0.031 0.072 0.033 0.204
FRC | 0.630 0.636 0.494 0.675 0.404 0.508 0.447 0405 0.483 0.339 0.432 0.423 0.433
FRS | 0.281 0.286 0.095 0.309 0.032 0.109 0.349 0.005 -0.015 0.144 0.068 0.048 0.099
PAC | 0679 0.673 0.379 0469 0.203 0.352 0.332 0.090 0.317 0.209 0.199 0.200 0.123
PAS | 0.301 0.295 0.154 0.353 0412 0.439 0.213 0.155 0.416 -0.004 0.123 0.089 0.146
OCC | 0.487 0.493 0.497 0544 0.282 0.322 0.206 0.204 0.383 0.285 0.235 0.352 0.230
OCS | 0.678 0.650 0.390 0.259 0.165 0.210 0.236 0.169 0.433 0.293 0.302 0.365 0.216
FOL 0.433 0.416 0.338 0.234 0.108 0.211 0.084 0.228 0.283 0.243 0.422 0.493 0.150
FOB | 0.306 0.308 0.296 0.266 0.269 0.159 0.001 0.338 0.291 0.296 0.425 0.501 0.176
NAR | 0.714 0.713 0.834 0.633 0.366 0.444 0435 0.387 0.490 0.547 0.415 0471 0.406
SSR | 0.607 0.603 0.731 0535 0.166 0.270 0.296 0.369 0.232 0.811 0.501 0.484 0.402
PRR | 0.541 0.539 0.681 0.517 0.076 0.190 0.288 0.300 0.158 @ 0.897 0.561 0.436 0.399
DKR | 0.649 0.650 0.761 0.609 0.442 0.477 0417 0.410 0.494 0498 0.394 0.425 0.439
ZOR | 0.632 0.621 0.741 0588 0.354 0.397 0482 0.441 0.389 0.654 0.343 0.342 0.482
FMR | 0.614 0.579 0.689 0.575 0.337 0473 0.333 0481 0.450 0.502 0.303 0.369 0.473
EKR | 0.543 0519 0.642 0513 0.325 0.424 0362 0.491 0.384 0571 0.314 0.330 0.508
ZMR | 0.613 0.593 0.661 0.530 0.352 0444 0483 0470 0.564 0.619 0.282 0.296 0.516
AVR | 0.402 0.367 0.417 0449 0.349 0433 0370 0.389 0.357 0.703 0.315 0.176 0.385
BRR | 0.557 0.531 0.545  0.802 0.558 0.590 0.401 0.347 0.555 0.311 0.229 0.271 0.353
VRR | 0.621 0.602 0.524 0.752 0.609 0.640 0.408 0.363 0.657 0.259 0.306 0.344 0.354
LAR 0.708 0.720 0.476 0440 0.257 0.390 0.379 0.152 0.441 0.291 0.381 0.425 0.196
OSR | 0.336 0.294 0.453 0.307 0.102 0.162 0.159 0.331 0.249 0.398 0.292 0.338 0.245
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Table 98.Continued.

Trait NLB MAB MAL MDH OBH OBB DKB NDS WNB SIS ZMB SSS FMB
DKS | 0.044 -0.044 0.181 0.141 0.351 0.600 -0.167 -0.007 0.089 0.268 -0.195 0.059 0.296
IML 0.285 0.201 0.371 0.336 0.093 0.561 0.122 0.208 0.261 0.364 0.259 -0.194 0.630
XML 0.204 0.377 0.305 0.373 -0.151 0.370 0.144 0.234 0.199 0.366 0.524 -0.039 0.456
MLS | 0.225 0.394 0.311 0.346 -0.215 0.162 0.250 0.211 0.264 0.315 0.502 0.114 0.373
WMH | 0.166 0.362 0.281 0.157 -0.099 0.275 0.070 0.252 0.273 0.408 0.540 -0.076 0.352
GLS | 0.210 0.317 0.153 0.456 0.043 0405 0.017 0.159 -0.168 0.119 0.327 -0.071 0.462
STB | 0.0/73 0.061 0.294 0.208 0.132 0.386 0.036 0.187 0.177 0.294 0.101 -0.241 0.452
FRC | 0.109 0.292 0473 0312 0.199 0.554 -0.056 0.319 0.156 0.281 0.253 -0.022 0.512
FRS | -0.1v5 0.170 0.382 -0.07r1 0.032 0.087 0.050 0.117 0.031 -0.010 0.075 -0.072 0.070
PAC | 0.057 0.056 0.239 0.170 0.076 0.313 0.073 0.317 0.061 0.191 0.004 0.037 0.340
PAS | 0.309 0.040 0.104 0.239 0.089 0.281 0.114 0.152 0.036 0.048 0.041 -0.110 0.352
OCC | -0.033 0.067 0.261 0.343 0.079 0.337 -0.103 0.197 0.022 0.244 0.062 0.036 0.287
OCS | -0.047 0.107 0.233 0.316 0.066 0.317 -0.080 0.235 0.046 0.356 0.007 -0.035 0.263
FOL | -0.055 0.126 0.345 0.460 0.236 0.331 -0.122 0.253 -0.200 0.162 -0.066 0.339 0.303
FOB | 0.033 0.334 0.361 0.271 0.044 0.155 -0.188 0.217 -0.110 0.134 0.033 0.261 0.144
NAR | 0.064 0.133 0.518 0.185 0.113 0.595 0.091 0.498 0.222 0468 0.180 0.150 0.572
SSR | 0.080 0.334 0.7/09 0.211 0.048 0.419 0.115 0463 0.130 0.392 0.267 0.543 0.482
PRR | 0.100 0.422 ' 0.814 0.127 0.093 0.358 0.181 0.423 0.213 0.400 0.305 0.494 0.452
DKR | 0.114 0.166 0.475 0.207 0.112 0.617 0.068 0.232 0.193 0.376 0.222 0.046 0.563
ZOR | 0.142 0.250 @ 0.596 0.187 -0.086 0.496 0.142 0.426 0.180 0.412 0.375 0.048 0.548
FMR | 0.146 0.223 0.447 0.219 0.058 0439 0.143 0.335 0.129 0.230 0.300 -0.005 0.474
EKR | 0.136 0.237 0459 0.160 -0.116 0.333 0.177 0.335 0.145 0.283 0.371 0.001 0.436
ZMR | 0.264 0.166 0.546 0.228 0.033 0.540 0.108 0.419 0.206 0.361 0.315 -0.159 0.610
AVR | 0.202 0.358 0.589 0.245 0.027 0.264 0.136 0.355 -0.030 0.232 0.352 0.162 0.404
BRR | 0.085 0.118 0.359 0.301 0.101 0.4/0 0.030 0.380 0.117 0.305 0.180 -0.079 0.478
VRR | 0.171 0.079 0.271 0410 0.153 0.504 -0.033 0.364 0.080 0.283 0.151 -0.113 0.520
LAR | -0.095 0.045 0.250 0.375 0.198 0.385 -0.147 0.262 -0.001 0.278 -0.012 -0.008 0.352
OSR | 0.182 0.386 0.262 0.364 0.089 0.198 0.033 0.283 -0.128 0.234 0.144 0.246 0.299
MOW | 0.353 0.292 0.242 -0.068 0.145 0.332 0413 0.026 0.196 -0.062 0.386 0.001 0.513
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Table 98.Continued.

Trait NAS EKB DKS IML XML MLS WMH GLS STB FRC FRS PAC PAS
DKS | 0.679 0.301 1 0.350 0.091 -0.087 -0.023 0.078 0.312 0.301 -0.022 0.234 0.236
IML 0.427 0.594 0.350 1 0.696 0.500 0.440 0.367 0.366 0.542 0.207 0.221 0.181
XML 0.289 0.412 0.091 0.696 1 0.719 0.578 0.422 0.268 0.505 0.213 0.045 -0.046
MLS | 0.114 0.308 -0.087 0.500 0.719 1 0.471 0.341 0.030 0.355 0.196 0.070 -0.037
WMH | 0.160 0.341 -0.023 0.440 0.578 0.471 1 0.326 0.187 0.367 0.090 0.167 -0.035
GLS | -0.003 0.442 0.078 0.367 0.422 0.341 0.326 1 0.086 0.439 -0.054 0.146 0.065
STB | 0.269 0.378 0.312 0.366 0.268 0.030 0.187 0.086 1 0.423 0.240 0.285 0.398
FRC | 0.345 0.493 0.301 0.542 0505 0.355 0.367 0439 0.423 1 0.554 0.352 0.276
FRS | 0.046 0.089 -0.022 0.207 0.213 0.196 0.090 -0.054 0.240 0.554 1 0.213 0.106
PAC | 0.340 0.311 0.234 0.221 0.045 0.070 0.167 0.146 0.285 0.352 0.213 1 0.726
PAS | 0.149 0.342 0.236 0.181 -0.046 -0.037 -0.035 0.065 0.398 0.276 0.106 0.726 1
OoCC | 0.178 0.298 0.184 0.330 0.264 0.192 0.189 0.271 0.170 0.355 0.007 0.056 -0.111
OCS | 0.286 0.269 0.216 0.408 0.324 0.297 0.257 0.259 0.090 0.358 0.138 0.307 0.004
FOL 0.302 0.217 0.200 0.222 0.103 0.128 0.004 0.275 0.022 0.139 -0.100 0.207 0.031
FOB | 0.133 0.035 0.103 0.227 0.236 0.190 0.181 0.258 0.047 0.251 0.037 0.008 -0.035
NAR | 0.683 0.614 0416 0578 0439 0.256 0.355 0.330 0.247 0591 0.199 0438 0.251
SSR | 0499 0479 0.202 0474 0400 0.415 0.319 0.326 0.063 0.468 0.140 0.369 0.139
PRR | 0.448 0.451 0.141 0441 0.356 0.422 0.347 0.265 0.033 0486 0.234 0.259 0.032
DKR | 0.569 0.609 0.500 0.634 0.487 0.278 0.394 0.408 0.264 0.614 0.159 0.361 0.226
ZOR | 0453 0.582 0.175 0.619 0.628 0.403 0528 0.390 0.291 0.601 0.278 0.370 0.181
FMR | 0.215 0.561 0.064 0486 0.403 0.275 0.374 0438 0.146 0544 0.220 0.369 0.220
EKR | 0.212 0495 -0.075 0.509 0.520 0.364 0464 0.385 0.135 0.517 0.217 0.308 0.159
ZMR | 0.371 0.644 0.163 @ 0.708 0.482 0.332 0.438 0.398 0.341 0.563 0.232 0.380 0.292
AVR | 0.175 0422 0.054 0.310 0.328 0.196 0.206 0.448 0.298 0.443 0.134 0.258 0.243
BRR | 0.372 0488 0.279 0.385 0.341 0.189 0.328 0.348 0.494 0.696 0.332 0.524 0.428
VRR | 0.313 0497 0.321 0449 0311 0.186 0.292 0.367 0.523 0.684 0.241 0.601 0.613
LAR 0.262 0.287 0.264 0426 0.284 0.219 0.207 0.322 0.260 0.477 0.094 0.369 0.091
OSR | 0.074 0.234 -0.019 0.189 0.118 0.239 0.017 0.346 -0.015 0.020 -0.178 0.154 0.026
MOW | 0.119 0.563 0.107 0.200 -0.224 -0.135 0.078 0.029 0.098 0.078 0.022 0.215 0.258
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Table 98.Continued.

Trait OocCC OCs FOL FOB NAR SSR PRR DKR ZOR FMR EKR ZMR AVR
DKS | 0.184 0.216 0.200 0.103 0.416 0.202 0.141 0.500 0.175 0.064 -0.075 0.163 0.054
IML 0.330 0.408 0.222 0.227 0.578 0.474 0441 0.634 0.619 0486 0.509 0.708 0.310
XML 0.264 0.324 0.103 0.236 0.439 0.400 0.356 0.487 0.628 0.403 0.520 0.482 0.328
MLS | 0.192 0.297 0.128 0.190 0.256 0.415 0422 0.278 0.403 0.275 0.364 0.332 0.196
WMH | 0.189 0.257 0.004 0.181 0.355 0.319 0.347 0.394 0528 0.374 0.464 0.438 0.206
GLS | 0.271 0.259 0.275 0.258 0.330 0.326 0.265 0.408 0.390 0.438 0.385 0.398 0.448
STB | 0.170 0.090 0.022 0.047 0.247 0.063 0.033 0.264 0.291 0.146 0.135 0.341 0.298
FRC | 0.355 0.358 0.139 0.251 0591 0468 0.486 0.614 0.601 0.544 0.517 0.563 0.443
FRS | 0.007 0.138 -0.100 0.037 0.199 0.140 0.234 0.159 0.278 0.220 0.217 0.232 0.134
PAC | 0.056 0.307 0.207 0.008 0.438 0.369 0.259 0.361 0.370 0.369 0.308 0.380 0.258
PAS | -0.111 0.004 0.031 -0.085 0.251 0.139 0.032 0.226 0.181 0.220 0.159 0.292 0.243
occC 1 0.571 0.264 0.338 0.398 0.294 0.312 0434 0.372 0367 0.332 0.338 0.368
OCS | 0.571 1 0.240 0.178 0.454 0.304 0.280 0.418 0.384 0414 0.399 0.372 0.210
FOL 0.264 0.240 1 0.549 0.312 0435 0.362 0.241 0.203 0.222 0.178 0.265 0.180
FOB | 0.338 0.178 0.549 1 0.182 0.302 0.299 0.154 0.154 0.121 0.146 0.191 0.057
NAR | 0.398 0.454 0.312 0.182 1 0.773 0.683 0931 0.859 0.818 0.791 0.772 0.440
SSR | 0.294 0.304 0.435 0.302 0.773 1 0.937 0.710 0.785 0.669 0.687 0.708 0.559
PRR | 0.312 0.280 0.362 0.299 0.683 ' 0.937 1 0.641 0.748 0.602 0.654 0.675 0.839
DKR | 0.434 0.418 0.241 0.154 0.931 0.710 0.641 1 0.872 0.808 0.794 0.776 0.388
ZOR | 0372 0.384 0.203 0.154 0.859 0.785 0.748 0.872 1 0.834 0.893 0.876 0.515
FMR | 0.367 0.414 0.222 0.121 0.818 0.669 0.602 0.808 0.834 1 0.917 0.814 0.467
EKR | 0.332 0.399 0.178 0.146 0.791 0.687 0.654 0.794 0.893 0.917 1 0.819 0.461
ZMR | 0.338 0.372 0.265 0.191 0.772 0.708 0.675 0.776 0.876 0.814 0.819 1 0.520
AVR | 0.368 0.210 0.180 0.057 0.440 0559 0.839 0.388 0.515 0.467 0.461 0.520 1
BRR | 0.464 0.403 0.113 0.143 0.684 0434 0.392 0.660 0.619 0.634 0.605 0.575 0.481
VRR | 0511 0.443 0.182 0.236 0.605 0.367 0.294 0.591 0.528 0549 0.505 0.554 0.495
LAR 0.769 0.667 0.378 0.330 0.395 0.263 0.244 0.383 0.342 0.328 0.295 0.323 0.339
OSR | 0.359 0.135 0.643 0524 0.037 0.253 0.243 -0.023 0.044 0.034 -0.016 0.135 0.179
MOW | -0.079 -0.081 -0.012 -0.107 0.209 0.230 0.284 0.225 0.149 0.229 0.181 0.260 0.234
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Table 98.Continued.

Trait BRR VRR LAR OSR MOW UFBR UFHT NAA PRA BAA NBA BBA BRA
DKS | 0.279 0.321 0.264 -0.019 0.107 0.131 0.295 -0.370 0.289 0.094 -0.210 0.111 0.150
IML 0.385 0.449 0.426 0.189 0.200 0.667 0.306 -0.007 0.077 -0.078 -0.435 0.255 0.280
XML 0.341 0.311 0.284 0.118 -0.224 0.545 0.284 -0.105 0.101 0.021 -0.278 0.198 0.136
MLS | 0.189 0.186 0.219 0.239 -0.135 0.479 0.301 0.099 -0.088 0.024 -0.126 0.053 0.091
WMH | 0.328 0.292 0.207 0.017 0.078 0.444 0335 0.029 -0.078 0.123 -0.177 0.112 0.079
GLS | 0.348 0.367 0.322 0.346 0.029 0428 0.221 -0.107 0.132 -0.029 -0.164 0.109 0.070
STB | 0.494 0.523 0.260 -0.015 0.098 0.382 0.035 -0.102 0.115 -0.031 -0.028 0.166 -0.204
FRC | 0.696 0.684 0.477 0.020 0.078 0471 0.407 -0.165 0.113 0.085 -0.339 0.509 -0.236
FRS | 0.332 0.241 0.094 -0.178 0.022 0.139 0.065 0.069 -0.018 -0.060 -0.141 0.382 -0.340
PAC | 0.524 0.601 0.369 0.154 0.215 0.307 0.252 -0.089 0.120 -0.064 0.084 -0.094 -0.023
PAS | 0428 0.613 0.091 0.026 0.258 0.310 0.153 -0.099 0.050 0.039 0.128 -0.005 -0.182
OCC | 0464 0.511 @ 0.769 0.359 -0.079 0.257 0.260 -0.176 0.234 -0.090 0.101 -0.179 0.110
OCS | 0403 0.443 0.667 0.135 -0.081 0.269 0.264 -0.034 0.014 0.050 -0.240 0.131 0.223
FOL 0.113 0.182 0.378 @ 0.643 -0.012 0.235 0.354 -0.095 -0.026 0.186 -0.042 -0.101 0.206
FOB | 0.143 0.236 0.330 0.524 -0.107 0.167 0.350 -0.030 -0.081 0.191 -0.076 0.019 0.089
NAR | 0.684 0.605 0.395 0.037 0.209 0.496 0.478 -0.214 0.335 -0.190 -0.268 -0.036 0.410
SSR | 0434 0.367 0.263 0.253 0.230 0.438 0.541 0.224 -0.103 -0.139 -0.189 -0.088 0.369
PRR | 0.392 0.294 0.244 0.243 0.284 0.410 0.596 0.369 -0.264 -0.090 -0.199 -0.033 0.300
DKR | 0.660 0.591 0.383 -0.023 0.225 0.481 0438 -0.225 0.339 -0.154 -0.287 0.039 0.337
ZOR | 0.619 0.528 0.342 0.044 0.149 0545 0.375 0.053 0.133 -0.246 -0.240 0.029 0.308
FMR | 0.634 0.549 0.328 0.034 0.229 0471 0.361 -0.102 0.246 -0.208 -0.166 -0.025 0.273
EKR | 0.605 0505 0.295 -0.016 0.181 0.479 0.363 0.044 0.101 -0.195 -0.197 0.008 0.264
ZMR | 0.575 0.554 0.323 0.135 0.260 0.623 0.340 0.125 0.062 -0.251 -0.247 0.067 0.279
AVR | 0481 0495 0.339 0.179 0.234 0.413 0.328 0.223 -0.061 -0.173 -0.048 0.050 -0.014
BRR 1 0.915 0.483 -0.053 0.102 0.415 0.314 -0.160 0.255 -0.151 0.149 -0.033 -0.211
VRR | 0.915 1 0.636 0.099 0.111 0477 0373 -0.196 0.206 -0.026 0.073 0.023 -0.163
LAR 0.483 0.636 1 0.372 -0.053 0.327 0.393 -0.158 0.109 0.093 -0.165 0.079 0.121
OSR | -0.053 0.099 0.372 1 0.085 0.310 0.191 0.000 0.060 -0.082 0.083 -0.328 0.344
MOW | 0.102 0.111 -0.053 0.085 1 0.448 0.205 0.092 -0.011 -0.095 -0.057 -0.091 0.147
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Table 98.Continued.

Trait SSA NFA DKA NDA FRA PAA OCA
DKS | -0.136 -0.663 ' -0.970 -0.055 0.220 -0.166 -0.125
IML 0.278 -0.289 -0.227 -0.084 0.120 -0.089 -0.298
XML 0.236 -0.180 0.007 -0.091 0.075 0.094 -0.267
MLS | 0.098 -0.017 0.161 -0.047 0.018 0.104 -0.293
WMH | 0.262 -0.086 0.111 -0.159 0.134 0.142 -0.281
GLS | 0.194 0.140 0.033 -0.123 0.333 -0.005 -0.208
STB | 0.248 -0.162 -0.241 -0.133 -0.030 -0.340 -0.013
FRC | 0.106 -0.239 -0.180 -0.276 -0.040 -0.142 -0.218
FRS | 0.099 -0.033 0.068 -0.054 -0.848 0.010 -0.053
PAC | -0.040 -0.268 -0.171 -0.232 -0.036 -0.380 -0.268
PAS | 0.119 -0.063 -0.190 -0.085 0.053 | -0.906 0.023
OoCcC | -0.014 -0.119 -0.106 -0.221 0.193 0.214 -0.265
OCS | 0.027 -0.229 -0.144 -0.198 0.044 0.213 | -0.887
FOL | -0.339 -0.241 -0.122 -0.279 0.208 0.073 -0.198
FOB | -0.228 -0.095 -0.060 -0.295 0.132 0.047 -0.135
NAR | -0.075 -0.584 -0.290 -0.347 0.146 -0.073 -0.300
SSR | -0.404 -0.400 -0.083 -0.309 0.136 0.015 -0.218
PRR | -0.345 -0.356 -0.030 -0.231 0.032 0.093 -0.197
DKR | 0.039 -0.463 -0.378 -0.119 0.216 -0.089 -0.270
ZOR | 0.096 -0.336 -0.041 -0.241 0.069 -0.033 -0.238
FMR | 0.111 -0.092 0.072 -0.182 0.089 -0.080 -0.283
EKR | 0.139 -0.094 0.202 -0.161 0.076 -0.039 -0.285
ZMR | 0.264 -0.228 -0.010 -0.267 0.099 -0.170 -0.248
AVR | -0.016 -0.079 0.033 -0.225 0.127 -0.174 -0.075
BRR | 0.126 -0.265 -0.170 -0.296 0.040 -0.248 -0.237
VRR | 0.149 -0.193 -0.218 -0.326 0.133 -0.441 -0.262
LAR | -0.007 -0.186 -0.191 -0.300 0.160 0.137 -0.427
OSR | -0.171 0.006 0.091 -0.237 0.224 0.050 -0.075
MOW | 0.168 0.015 -0.018 0.195 0.052 -0.225 0.072
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Table 98.Continued.

Trait GOL NOL BNL BBH XCB XFB WFB ZYB ASB BPL NPH NLH JUuB
UFBR | 0.495 0.473 0.551 0451 0.468 0.569 0.692 @ 0.725 0.526 0.434 0.372 0.345 0.856
UFHT | 0.488 0.505 0.493 0.411 0.142 0.184 0.116 0.329 0.279 0.471 | 0.968 0.805 0.324
NAA | -0.171 -0.185 -0.207 -0.271 -0.221 -0.195 -0.003 -0.195 -0.241 0.531 -0.155 -0.346 -0.064
PRA | 0.172 0.160 0.418 0.385 0.199 0.196 0.163 0.153 0.193 -0.288 -0.316 -0.016 0.092
BAA | 0.009 0.045 -0.324 -0.206 0.014 -0.029 -0.223 0.056 0.059 -0.265 0.678 0.522 -0.043
NBA | -0.266 -0.302 -0.128 0.321 -0.031 -0.088 -0.283 -0.124 -0.170 -0.242 -0.277 -0.179 -0.149
BBA | 0.089 0.123 -0.292 -0.281 0.068 0.097 0.134 0.016 0.119 -0.107 0.164 0.054 0.029
BRA | 0.252 0.254 0.564 -0.104 -0.086 -0.035 0.173 0.123 0.103 0460 0.156 0.177 0.123
SSA | -0.068 -0.103 -0.096 -0.015 0.268 0.180 0.312 0.297 0.363 -0.239 -0.256 -0.274 0.357
NFA | -0.378 -0.443 -0.470 -0.230 0.017 -0.011 -0.221 0.101 -0.172 -0.250 -0.254 -0.258 0.056
DKA | -0.224 -0.274 -0.188 -0.098 -0.182 -0.106 -0.063 0.168 -0.305 0.057 -0.169 -0.186 0.153
NDA | -0.355 -0.357 -0.367 -0.298 0.063 -0.044 -0.056 -0.015 -0.163 -0.249 -0.186 -0.271 0.083
FRA | 0.048 0.045 0.209 0.059 0.219 0.186 -0.143 0.259 0.324 0.051 0.195 0.217 0.158
PAA | 0.030 0.037 0.023 -0.183 -0.428 -0.371 -0.072 -0.163 -0.345 0.113 -0.038 0.010 -0.122
OCA | -0.526 -0.487 -0.217 -0.063 -0.086 -0.090 -0.164 -0.185 -0.325 -0.227 -0.296 -0.301 -0.197
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Table 98.Continued.

Trait NLB MAB MAL MDH OBH OBB DKB NDS WNB SIS ZMB SSS FMB
UFBR | 0.461 0.439 0.412 0.321 0.085 0.672 0.329 0.339 0.337 0.309 0.648 -0.112 0.911
UFHT | -0.007 0.224 0.414 0301 0.398 0.418 0.069 0.182 0.291 0.379 0.278 0.407 0.379
NAA | 0.081 0.115 0.318 -0.213 -0.240 -0.374 0.142 0.005 -0.111 -0.077 0.007 0.153 -0.150
PRA | 0.048 -0.107 -0.227 0.012 -0.021 0.282 0.023 0.189 0.147 0.176 -0.045 -0.235 0.175
BAA | -0.151 0.012 -0.084 0.282 0.372 0.108 -0.218 -0.261 -0.058 -0.138 0.069 0.150 -0.046
NBA | 0.001 -0.068 -0.217 0.097 -0.162 -0.249 0.094 -0.106 -0.066 -0.147 0.013 0.059 -0.200
BBA | -0.060 0.012 0.106 0.003 0.199 0.137 -0.220 -0.104 -0.034 -0.104 -0.064 -0.207 0.043
BRA | 0.084 0.073 0.158 -0.131 -0.040 0.150 0.136 0.289 0.125 0.360 0.034 0.165 0.187
SSA | 0.363 0.088 -0.196 0.065 -0.123 0.160 0.167 -0.161 0.164 -0.080 0.376 @ -0.919 0.253
NFA | 0.130 0.110 -0.280 0.068 -0.137 -0.380 0.050 -0.458 -0.239 -0.546 0.189 -0.287 -0.230
DKA | -0.002 0.159 -0.068 -0.058 -0.277 -0.397 0.137 0.094 -0.077 -0.215 0.319 -0.068 -0.102
NDA | 0.188 0.081 -0.196 -0.040 -0.237 -0.320 0.493 | -0.849 0.142 -0.446 0.127 -0.180 -0.146
FRA | 0.300 0.022 -0.148 0.268 0.063 0.239 -0.087 0.054 0.067 0.190 0.080 0.076 0.229
PAA | -0.390 -0.050 -0.003 -0.206 -0.056 -0.171 -0.128 0.010 0.003 0.077 -0.063 0.154 -0.260
OCA | 0.068 -0.168 -0.156 -0.290 -0.034 -0.205 0.064 -0.189 -0.009 -0.319 -0.016 0.043 -0.189
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Table 98.Continued.

Trait NAS EKB DKS IML XML MLS WMH GLS STB FRC FRS PAC PAS
UFBR | 0.326 @ 0.883 0.131 0.667 0.545 0.479 0444 0428 0.382 0471 0.139 0.307 0.310
UFHT | 0.376 0.392 0.295 0.306 0.284 0.301 0.335 0.221 0.035 0.407 0.065 0.252 0.153
NAA | -0.236 -0.204 -0.370 -0.007 -0.105 0.099 0.029 -0.107 -0.102 -0.165 0.069 -0.089 -0.099
PRA | 0.289 0.246 0.289 0.077 0.101 -0.088 -0.078 0.132 0.115 0.113 -0.018 0.120 0.050
BAA | -0.094 -0.069 0.094 -0.0/8 0.021 0.024 0.123 -0.029 -0.031 0.085 -0.060 -0.064 0.039
NBA | -0.281 -0.168 -0.210 -0.435 -0.278 -0.126 -0.177 -0.164 -0.028 -0.339 -0.141 0.084 0.128
BBA | -0.013 -0.010 0.111 0.255 0.198 0.053 0.112 0.109 0.166 0.509 0.382 -0.094 -0.005
BRA | 0.399 0.232 0.150 0.280 0.136 0.091 0.079 0.070 -0.204 -0.236 -0.340 -0.023 -0.182
SSA | -0.243 0.302 -0.136 0.278 0.236 0.098 0.262 0.194 0.248 0.106 0.099 -0.040 0.119
NFA | -0.964 -0.198 -0.663 -0.289 -0.180 -0.017 -0.086 0.140 -0.162 -0.239 -0.033 -0.268 -0.063
DKA | -0.611 -0.101 | -0.970 -0.227 0.007 0.161 0.111 0.083 -0.241 -0.180 0.068 -0.171 -0.190
NDA | -0.398 -0.083 -0.055 -0.084 -0.091 -0.047 -0.159 -0.123 -0.133 -0.276 -0.054 -0.232 -0.085
FRA | 0.161 0.201 0.220 0.120 0.075 0.018 0.134 0.333 -0.030 -0.040 | -0.848 -0.036 0.053
PAA | 0.011 -0.264 -0.166 -0.089 0.094 0.104 0.142 -0.005 -0.340 -0.142 0.010 -0.380 @ -0.906
OCA | -0.188 -0.164 -0.125 -0.298 -0.267 -0.293 -0.281 -0.208 -0.013 -0.218 -0.053 -0.268 0.023
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Table 98.Continued.

Trait ocCC OCs FOL FOB NAR SSR PRR DKR ZOR FMR EKR ZMR AVR
UFBR | 0.257 0.269 0.235 0.167 0.496 0.438 0.410 0.481 0.545 0471 0479 0.623 0.413
UFHT | 0.260 0.264 0.354 0.350 0478 0.541 059 0438 0.375 0.361 0.363 0.340 0.328
NAA | -0.176 -0.034 -0.095 -0.030 -0.214 0.224 0.369 -0.225 0.053 -0.102 0.044 0.125 0.223
PRA | 0.234 0.014 -0.026 -0.081 0.335 -0.103 -0.264 0.339 0.133 0.246 0.101 0.062 -0.061
BAA | -0.090 0.050 0.186 0.191 -0.190 -0.139 -0.090 -0.154 -0.246 -0.208 -0.195 -0.251 -0.173
NBA | 0.101 -0.240 -0.042 -0.076 -0.268 -0.189 -0.199 -0.287 -0.240 -0.166 -0.197 -0.247 -0.048
BBA | -0.179 0.131 -0.101 0.019 -0.036 -0.088 -0.033 0.039 0.029 -0.025 0.008 0.067 0.050
BRA | 0.110 0.223 0.206 0.089 0410 0.369 0.300 0.337 0.308 0.273 0.264 0.279 -0.014
SSA | -0.014 0.027 -0.339 -0.228 -0.075 -0.404 -0.345 0.039 0.096 0.111 0.139 0.264 -0.016
NFA | -0.119 -0.229 -0.241 -0.095 -0.584 -0.400 -0.356 -0.463 -0.336 -0.092 -0.094 -0.228 -0.079
DKA | -0.106 -0.144 -0.122 -0.060 -0.290 -0.083 -0.030 -0.378 -0.041 0.072 0.202 -0.010 0.033
NDA | -0.221 -0.198 -0.279 -0.295 -0.347 -0.309 -0.231 -0.119 -0.241 -0.182 -0.161 -0.267 -0.225
FRA | 0.193 0.044 0.208 0.132 0.146 0.136 0.032 0.216 0.069 0.089 0.076 0.099 0.127
PAA | 0.214 0.213 0.073 0.047 -0.073 0.015 0.093 -0.089 -0.033 -0.080 -0.039 -0.170 -0.174
OCA | -0.265  -0.887 -0.198 -0.135 -0.300 -0.218 -0.197 -0.270 -0.238 -0.283 -0.285 -0.248 -0.075
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Table 98.Continued.

Trait BRR VRR LAR OSR MOW UFBR UFHT NAA PRA BAA NBA BBA BRA
UFBR | 0.415 0.477 0.327 0.310 0.448 1 0.322 -0.064 0.102 -0.058 -0.224 0.059 0.201
UFHT | 0.314 0373 0.393 0.191 0.205 0.322 1 -0.157 -0.236 0.620 -0.145 0.028 0.164
NAA | -0.160 -0.196 -0.158 0.000 0.092 -0.064 -0.157 1 -0.764 -0.217 -0.092 0.099 -0.009
PRA | 0.255 0.206 0.109 0.060 -0.011 0.102 -0.236  -0.764 1 -0.454 0.148 -0.315 0.207
BAA | -0.151 -0.026 0.093 -0.082 -0.095 -0.058 0.620 -0.217 -0.454 1 -0.139 0.370 -0.287
NBA | 0.149 0.073 -0.165 0.083 -0.057 -0.224 -0.145 -0.092 0.148 -0.139 1 -0.742 -0.402
BBA | -0.033 0.023 0.079 -0.328 -0.091 0.059 0.028 0.099 -0.315 0.370 | -0.742 1 -0.288
BRA | -0.211 -0.163 0.121 0.344 0.147 0.201 0.164 -0.009 0.207 -0.287  -0.402 -0.288 1
SSA | 0.126 0.149 -0.007 -0.171 0.168 0.354 -0.268 -0.144 0.203 -0.109 -0.052 0.166 -0.136
NFA | -0.265 -0.193 -0.186 0.006 0.015 -0.098 -0.314 0.233 -0.281 0.087 0.256 0.013 -0.373
DKA | -0.170 -0.218 -0.191 0.091 -0.018 0.052 -0.216 0.339 -0.263 -0.087 0.173 -0.097 -0.124
NDA | -0.296 -0.326 -0.300 -0.237 0.195 -0.099 -0.139 0.086 -0.161 0.097 0.101 0.005 -0.146
FRA | 0.040 0.133 0.160 0.224 0.052 0.126 0.177 -0.187 0.098 0.120 -0.041 -0.150 0.272
PAA | -0.248 -0.441 0.137 0.050 -0.225 -0.221 -0.042 0.065 0.012 -0.079 -0.118 -0.043 0.219
OCA | -0.237 -0.262 -0.427 -0.075 0.072 -0.208 -0.225 -0.025 0.105 -0.145 0.269 -0.179 -0.199
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Table 98.Continued.

Trait SSA NFA DKA NDA FRA PAA OCA

UFBR | 0.354 -0.098 0.052 -0.099 0.126 -0.221 -0.208
UFHT | -0.268 -0.314 -0.216 -0.139 0.177 -0.042 -0.225
NAA | -0.144 0.233 0.339 0.086 -0.187 0.065 -0.025
PRA | 0.203 -0.281 -0.263 -0.161 0.098 0.012 0.105
BAA | -0.109 0.087 -0.087 0.097 0.120 -0.079 -0.145
NBA | -0.052 0.256 0.173 0.101 -0.041 -0.118 0.269
BBA | 0.166 0.013 -0.097 0.005 -0.150 -0.043 -0.179
BRA | -0.136 -0.373 -0.124 -0.146 0.272 0.219 -0.199
SSA 1 0.344 0.193 0.234 -0.051 -0.173 -0.036
NFA | 0.344 1 0.647 0.400 -0.113 -0.079 0.143
DKA | 0.193 0.647 1 -0.031 -0.200 0.148 0.071
NDA | 0.234 0.400 -0.031 1 -0.098 -0.059 0.144
FRA | -0.051 -0.113 -0.200 -0.098 1 -0.115 -0.076
PAA | -0.173 -0.079 0.148 -0.059 -0.115 1 -0.206
OCA | -0.036 0.143 0.071 0.144 -0.076 -0.206 1

331



332

resul

Table99.0Odont ometric i ntertrait correlation
Trait Code Ul crn_md Ul _crn_bl  Ull crn_height Ul _crx_md Ull _crx bl Ul2 _crn_md Ul2_crn_bl
Ull crn_md 1 0.482 0.452 0.634 0.410 0.380 0.297
Ull_crn_bl 0.482 1 0.489 0.624 0.800 0.386 0.579
Ul1_crn_height 0.452 0.489 1 0.448 0.434 0.304 0.217
Ull crx_md 0.634 0.624 0.448 1 0.549 0.089 0.291
Ul1 crx_bl 0.410 0.800 0.434 0.549 1 0.334 0.538
uUl2_crn_md 0.380 0.386 0.304 0.089 0.334 1 0.476
Ul2_crn_bl 0.297 0.579 0.217 0.291 0.538 0.476 1
Ul2_crn_height 0.330 0.284 0.632 0.304 0.284 0.545 0.270
Ul2_crx_md 0.432 0.517 0.385 0.475 0.496 0.768 0.535
Ul2_crx_bl 0.298 0.654 0.377 0.374 0.673 0.559 0.724
UC_crn_md 0.456 0.477 0.392 0.201 0.398 0.504 0.494
UC_crn_bl 0.480 0.626 0.347 0.497 0.652 0.454 0.539
UC_crn_height 0.192 0.207 0.466 0.149 0.343 0.296 0.202
UC_crx_md 0.476 0.583 0.322 0.579 0.541 0.252 0.475
UC_crx_bl 0.451 0.625 0.301 0.571 0.608 0.392 0.422
UP3_crn_md 0.417 0.475 0.281 0.279 0.438 0.496 0.396
UP3_crn_bl 0.246 0.535 0.393 0.250 0.483 0.432 0.520
UP3_crn_height -0.037 0.088 0.329 0.076 0.170 0.341 0.121
UP3_crx_md 0.431 0.623 0.333 0.481 0.519 0.338 0.431
UP3 crx_bl 0.392 0.642 0.103 0.365 0.466 0.281 0.417
UP4_crn_md 0.485 0.474 0.500 0.385 0.497 0.400 0.266
UP4_crn_bl 0.364 0.525 0.451 0.267 0.512 0.412 0.352
UP4_crn_height 0.062 0.197 0.256 0.107 0.250 0.306 0.097
UP4_crx_md 0.331 0.522 0.349 0.358 0.539 0.313 0.250
UP4_crx_bl 0.346 0.536 0.450 0.494 0.507 -0.039 0.241
UM1_crn_md 0.636 0.577 0.548 0.306 0.560 0.467 0.437
UM1 crn bl 0.484 0.563 0.458 0.426 0.600 0.297 0.355
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Table 99.Continued.

Trait Code UI2_crn_height UI2_crx_ md Ul2 _crx_bl UC _crn_md UC _crn_bl UC_crn_height UC_crx_md
Ull_crn_md 0.330 0.432 0.298 0.456 0.480 0.192 0.476
Uil _crn_bl 0.284 0.517 0.654 0.477 0.626 0.207 0.583
Ul1_crn_height 0.632 0.385 0.377 0.392 0.347 0.466 0.322
Ull _crx_md 0.304 0.475 0.374 0.201 0.497 0.149 0.579
Ull_crx_bl 0.284 0.496 0.673 0.398 0.652 0.343 0.541
Ul2_crn_md 0.545 0.768 0.559 0.504 0.454 0.296 0.252
Ul2_crn_bl 0.270 0.535 0.724 0.494 0.539 0.202 0.475
Ul2_crn_height 1 0.490 0.435 0.391 0.518 0.455 0.239
Ul2_crx_md 0.490 1 0.697 0.459 0.503 0.228 0.585
Ul2_crx_bl 0.435 0.697 1 0.462 0.595 0.282 0.430
UC_crn_md 0.391 0.459 0.462 1 0.600 0.213 0.642
UC _crn_bl 0.518 0.503 0.595 0.600 1 0.368 0.617
UC_crn_height 0.455 0.228 0.282 0.213 0.368 1 0.117
UC _crx_md 0.239 0.585 0.430 0.642 0.617 0.117 1
UC_crx_bl 0.385 0.528 0.492 0.575 0.853 0.308 0.711
UP3 _crn_md 0.484 0.435 0.444 0.522 0.507 0.201 0.291
UP3_crn_bl 0.483 0.396 0.458 0.418 0.537 0.148 0.360
UP3_crn_height 0.500 0.153 0.222 0.255 0.278 0.706 0.144
UP3 _crx_md 0.293 0.630 0.527 0.525 0.543 -0.039 0.650
UP3_crx_bl 0.274 0.410 0.408 0.300 0.426 -0.063 0.391
UP4 _crn_md 0.455 0.422 0.363 0.375 0.416 0.342 0.284
UP4 _crn_bl 0.491 0.426 0.432 0.496 0.586 0.324 0.438
UP4_crn_height 0.510 0.212 0.227 0.334 0.445 0.555 0.206
UP4 _crx_md 0.292 0.458 0.458 0.347 0.297 0.063 0.465
UP4 _crx_bl 0.265 0.336 0.413 0.159 0.336 0.303 0.357
UM1 crn_md 0.342 0.469 0.485 0.446 0.544 0.296 0.311
UM1 crn bl 0.260 0.440 0.454 0.390 0.630 0.288 0.469
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Table 99.Continued.

Trait Code UC crx_ bl UP3 crn_md UP3_crn_bl UP3_crn_height UP3 crx_md UP3 crx_bl UP4_crn_md
Uil crn_md 0.451 0.417 0.246 -0.037 0.431 0.392 0.485
Ul1_crn_bl 0.625 0.475 0.535 0.088 0.623 0.642 0.474
Ul1_crn_height 0.301 0.281 0.393 0.329 0.333 0.103 0.500
Ull _crx_md 0.571 0.279 0.250 0.076 0.481 0.365 0.385
Ull_crx_bl 0.608 0.438 0.483 0.170 0.519 0.466 0.497
Ul2_crn_md 0.392 0.496 0.432 0.341 0.338 0.281 0.400
Ul2_crn_bl 0.422 0.396 0.520 0.121 0.431 0.417 0.266
Ul2_crn_height 0.385 0.484 0.483 0.500 0.293 0.274 0.455
Ul2_crx_md 0.528 0.435 0.396 0.153 0.630 0.410 0.422
Ul2_crx_bl 0.492 0.444 0.458 0.222 0.527 0.408 0.363
UC_crn_md 0.575 0.522 0.418 0.255 0.525 0.300 0.375
UC _crn_bl 0.853 0.507 0.537 0.278 0.543 0.426 0.416
UC_crn_height 0.308 0.201 0.148 0.706 -0.039 -0.063 0.342
UC _crx_md 0.711 0.291 0.360 0.144 0.650 0.391 0.284
UC_crx_bl 1 0.465 0.401 0.137 0.511 0.424 0.439
UP3 _crn_md 0.465 1 0.626 0.292 0.594 0.557 0.769
UP3_crn_bl 0.401 0.626 1 0.271 0.675 0.765 0.489
UP3_crn_height 0.137 0.292 0.271 1 0.082 0.027 0.243
UP3 crx_md 0.511 0.594 0.675 0.082 1 0.682 0.505
UP3_crx_bl 0.424 0.557 0.765 0.027 0.682 1 0.507
UP4 _crn_md 0.439 0.769 0.489 0.243 0.505 0.507 1
UP4 _crn_bl 0.460 0.555 0.802 0.390 0.691 0.630 0.537
UP4_crn_height 0.386 0.249 0.190 0.522 0.167 -0.007 0.431
UP4 _crx_md 0.397 0.469 0.501 0.001 0.660 0.524 0.658
UP4 crx_bl 0.306 0.359 0.413 0.180 0.622 0.619 0.512
UM1 crn_md 0.344 0.543 0.416 0.061 0.478 0.363 0.594
UM1 crn bl 0.572 0.429 0.520 0.116 0.529 0.339 0.529
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Table 99.Continued.

Trait Code UP4 crn_bl UP4 _crn_height UP4_crx_md UP4 crx_ bl UM1 crn_md UM1 crn_bl UM21 crn_height
Ull crn_md 0.364 0.062 0.331 0.346 0.636 0.484 0.109
Uil _crn_bl 0.525 0.197 0.522 0.536 0.577 0.563 0.342
Ul1_crn_height 0.451 0.256 0.349 0.450 0.548 0.458 0.442
Ull _crx_md 0.267 0.107 0.358 0.494 0.306 0.426 0.208
Ull_crx_bl 0.512 0.250 0.539 0.507 0.560 0.600 0.442
Ul2_crn_md 0.412 0.306 0.313 -0.039 0.467 0.297 0.242
Ul2_crn_bl 0.352 0.097 0.250 0.241 0.437 0.355 0.014
Ul2_crn_height 0.491 0.510 0.292 0.265 0.342 0.260 0.256
Ul2_crx_md 0.426 0.212 0.458 0.336 0.469 0.440 0.274
Ul2_crx_bl 0.432 0.227 0.458 0.413 0.485 0.454 0.340
UC_crn_md 0.496 0.334 0.347 0.159 0.446 0.390 0.158
UC _crn_bl 0.586 0.445 0.297 0.336 0.544 0.630 0.227
UC_crn_height 0.324 0.555 0.063 0.303 0.296 0.288 0.300
UC _crx_md 0.438 0.206 0.465 0.357 0.311 0.469 0.099
UC_crx_bl 0.460 0.386 0.397 0.306 0.344 0.572 0.224
UP3 _crn_md 0.555 0.249 0.469 0.359 0.543 0.429 0.218
UP3_crn_bl 0.802 0.190 0.501 0.413 0.416 0.520 0.335
UP3_crn_height 0.390 0.522 0.001 0.180 0.061 0.116 0.372
UP3 crx_md 0.691 0.167 0.660 0.622 0.478 0.529 0.267
UP3_crx_bl 0.630 -0.007 0.524 0.619 0.363 0.339 0.159
UP4 _crn_md 0.537 0.431 0.658 0.512 0.594 0.529 0.434
UP4 _crn_bl 1 0.526 0.550 0.573 0.456 0.555 0.371
UP4_crn_height 0.526 1 0.217 -0.015 0.199 0.253 0.214
UP4 _crx_md 0.550 0.217 1 0.515 0.423 0.530 0.301
UP4 crx_bl 0.573 -0.015 0.515 1 0.505 0.581 0.219
UM1 crn_md 0.456 0.199 0.423 0.505 1 0.534 0.369
UM1 crn bl 0.555 0.253 0.530 0.581 0.534 1 0.393
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Table 99.Continued.

Trait Code UM1 crx_md UM1 crx bl UM2 crn_md UM2 crn_bl UM2_crn_height UM2_crx_bl LI1 _crn_md
Ull_crn_md 0.455 0.415 0.403 0.463 0.306 0.250 0.426
Ul1l_crn_bl 0.558 0.410 0.503 0.530 0.315 0.577 0.305
Ul1_crn_height 0.327 0.237 0.516 0.520 0.565 0.236 0.317
Ul1_crx_md 0.567 0.328 0.323 0.357 0.144 0.211 0.246
Ul1l_crx_bl 0.674 0.376 0.475 0.631 0.347 0.435 0.196
Ul2_crn_md 0.081 0.299 0.177 0.319 0.329 0.202 0.443
Ul2_crn_bl 0.365 0.272 0.329 0.418 0.352 0.403 0.251
Ul2_crn_height 0.152 0.344 0.304 0.362 0.469 0.280 0.277
Ul2_crx_md 0.422 0.371 0.101 0.415 0.254 0.214 0.411
Ul2_crx_bl 0.469 0.354 0.312 0.386 0.427 0.430 0.310
UC_crn_md 0.403 0.316 0.377 0.566 0.541 0.396 0.331
UC_crn_bl 0.560 0.440 0.537 0.665 0.420 0.479 0.390
UC_crn_height 0.242 0.395 0.384 0.284 0.618 0.276 0.297
UC_crx_md 0.629 0.346 0.260 0.571 0.247 0.365 0.103
UC _crx_bl 0.567 0.393 0.388 0.594 0.280 0.447 0.322
UP3 crn_md 0.447 0.350 0.561 0.609 0.394 0.485 0.242
UP3_crn_bl 0.456 0.458 0.549 0.733 0.368 0.723 0.139
UP3_crn_height 0.034 0.192 0.319 0.252 0.629 0.279 -0.021
UP3_crx_md 0.669 0.344 0.363 0.666 0.203 0.472 0.252
UP3 crx_bl 0.554 0.269 0.397 0.570 0.020 0.596 0.127
UP4 crn_md 0.547 0.459 0.715 0.596 0.337 0.478 0.385
UP4_crn_bl 0.477 0.488 0.416 0.680 0.459 0.581 0.304
UP4_crn_height 0.225 0.215 0.188 0.150 0.418 0.191 0.232
UP4 _crx_md 0.679 0.371 0.471 0.556 0.170 0.518 0.247
UP4 _crx_bl 0.616 0.490 0.545 0.586 0.285 0.507 0.256
UM1 _crn_md 0.536 0.536 0.701 0.594 0.417 0.303 0.567
UM1 crn bl 0.594 0.683 0.542 0.802 0.477 0.635 0.432
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Table 99.Continued.

Trait Code LIZ crn_bl LI1_crn_height LI1 crx_md LIZ crx bl  LI2 crn_md LI2 crn_bl LI2_crn_height
Ull_crn_md 0.234 0.246 0.272 0.160 0.352 0.158 0.134
Ull_crn_bl 0.631 0.170 0.482 0.540 0.216 0.478 0.328
Ul1_crn_height 0.441 0.451 0.379 0.340 0.240 0.337 0.458
Ul1_crx_md 0.301 0.359 0.503 0.284 0.101 0.209 0.162
Ull_crx_bl 0.606 0.145 0.404 0.547 0.128 0.361 0.255
Ul2_crn_md 0.445 0.372 0.114 0.354 0.481 0.346 0.413
Ul2_crn_bl 0.378 0.028 0.211 0.321 0.227 0.333 0.125
Ul2_crn_height 0.386 0.470 0.342 0.223 0.300 0.256 0.552
Ul2_crx_md 0.460 0.345 0.474 0.385 0.323 0.378 0.247
Ul2_crx_bl 0.587 0.142 0.326 0.353 0.273 0.454 0.283
UC_crn_md 0.452 0.189 0.080 0.317 0.375 0.397 0.126
UC_crn_bl 0.414 0.139 0.279 0.436 0.347 0.552 0.286
UC_crn_height 0.362 0.499 0.211 0.394 0.222 0.186 0.592
UC_crx_md 0.275 0.022 0.422 0.305 0.117 0.237 -0.030
UC _crx_bl 0.402 0.213 0.294 0.444 0.248 0.352 0.190
UP3 crn_md 0.537 0.166 0.230 0.584 0.257 0.369 0.325
UP3_crn_bl 0.493 0.157 0.315 0.465 0.277 0.535 0.407
UP3_crn_height 0.249 0.384 0.032 0.048 0.102 0.083 0.565
UP3_crx_md 0.658 0.068 0.502 0.442 0.312 0.574 0.212
UP3 crx_bl 0.448 -0.039 0.353 0.468 0.173 0.454 0.266
UP4 crn_md 0.528 0.275 0.392 0.393 0.305 0.283 0.340
UP4_crn_bl 0.461 0.262 0.402 0.346 0.252 0.471 0.331
UP4_crn_height 0.245 0.242 0.094 0.082 0.049 0.035 0.330
UP4 _crx_md 0.520 0.167 0.639 0.522 0.287 0.353 0.332
UP4 _crx_bl 0.524 0.129 0.436 0.358 0.161 0.459 0.258
UM1 _crn_md 0.655 0.001 0.272 0.408 0.448 0.442 0.198
UM1 crn bl 0.601 0.051 0.390 0.476 0.311 0.532 0.169
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Table 99.Continued.

Trait Code LI2 erx_ md LI2 crx_ bl LC crn_.md LC crn_bl LC_crn_height LC crx_md LC_crx_bl
Ull_crn_md 0.210 0.149 0.535 0.374 0.211 0.576 0.378
Ull_crn_bl 0.394 0.452 0.462 0.423 0.265 0.570 0.475
Ul1_crn_height 0.348 0.229 0.413 0.307 0.543 0.338 0.307
Ul1 _crx_md 0.434 0.278 0.308 0.331 0.223 0.499 0.345
Ul1l_crx_bl 0.373 0.526 0.438 0.506 0.417 0.617 0.617
Ul2_crn_md 0.187 0.289 0.516 0.291 0.311 0.386 0.321
Ul2_crn_bl 0.181 0.354 0.395 0.367 0.170 0.458 0.416
Ul2_crn_height 0.260 0.234 0.331 0.302 0.424 0.349 0.244
Ul2_crx_md 0.468 0.388 0.445 0.353 0.305 0.569 0.391
Ul2_crx_bl 0.377 0.459 0.392 0.446 0.389 0.511 0.502
UC_crn_md 0.208 0.307 0.760 0.360 0.448 0.609 0.471
UC_crn_bl 0.210 0.478 0.630 0.691 0.497 0.665 0.702
UC_crn_height 0.212 0.293 0.241 0.359 0.571 0.240 0.423
UC_crx_md 0.325 0.323 0.579 0.392 0.406 0.777 0.553
UC _crx_bl 0.266 0.473 0.616 0.561 0.502 0.639 0.644
UP3 crn_md 0.362 0.421 0.538 0.420 0.325 0.522 0.380
UP3_crn_bl 0.278 0.501 0.466 0.444 0.317 0.472 0.459
UP3_crn_height 0.064 0.258 0.204 0.264 0.446 0.238 0.311
UP3_crx_md 0.581 0.465 0.531 0.557 0.375 0.691 0.569
UP3 crx_bl 0.321 0.473 0.270 0.405 0.188 0.482 0.502
UP4 crn_md 0.333 0.409 0.415 0.410 0.436 0.487 0.395
UP4_crn_bl 0.241 0.364 0.551 0.517 0.542 0.501 0.513
UP4_crn_height -0.044 0.045 0.393 0.351 0.641 0.212 0.313
UP4 _crx_md 0.573 0.362 0.344 0.312 0.325 0.529 0.381
UP4 _crx_bl 0.391 0.417 0.177 0.401 0.317 0.399 0.420
UM1 _crn_md 0.408 0.490 0.463 0.458 0.394 0.490 0.514
UM1 crn bl 0.443 0.505 0.599 0.553 0.364 0.552 0.519
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Table 99.Continued.

Trait Code LP3 crn_md LP3 crn_bl LP3 _crn_height LP3_crx_md LP3 crx bl LP4 crn_md LP4 _crn_bl
Uil crn_md 0.402 0.292 0.127 0.393 0.277 0.400 0.396
Uil _crn_bl 0.467 0.538 0.360 0.551 0.388 0.250 0.515
Ul1_crn_height 0.363 0.334 0.465 0.281 0.376 0.511 0.506
Ull _crx_md 0.162 0.379 0.399 0.377 0.382 0.091 0.283
Ull_crx_bl 0.486 0.490 0.401 0.541 0.462 0.260 0.562
Ul2_crn_md 0.432 0.331 0.276 0.276 0.173 0.455 0.413
Ul2_crn_bl 0.369 0.471 0.143 0.349 0.317 0.223 0.369
Ul2_crn_height 0.321 0.331 0.500 0.189 0.345 0.529 0.450
Ul2_crx_md 0.311 0.242 0.305 0.470 0.248 0.353 0.383
Ul2_crx_bl 0.384 0.382 0.337 0.433 0.321 0.307 0.461
UC_crn_md 0.458 0.325 0.377 0.501 0.218 0.511 0.512
UC _crn_bl 0.404 0.564 0.533 0.498 0.271 0.303 0.562
UC_crn_height 0.014 0.324 0.345 0.039 0.231 0.406 0.244
UC _crx_md 0.192 0.210 0.375 0.545 0.147 0.217 0.372
UC_crx_bl 0.322 0.489 0.514 0.457 0.338 0.308 0.480
UP3 _crn_md 0.633 0.566 0.384 0.612 0.509 0.516 0.607
UP3_crn_bl 0.589 0.616 0.338 0.409 0.505 0.429 0.601
UP3_crn_height 0.072 0.249 0.397 0.106 0.171 0.287 0.210
UP3 crx_md 0.492 0.418 0.431 0.701 0.346 0.312 0.602
UP3_crx_bl 0.399 0.506 0.267 0.485 0.494 0.171 0.419
UP4 _crn_md 0.667 0.521 0.373 0.509 0.384 0.555 0.544
UP4 _crn_bl 0.570 0.523 0.458 0.359 0.459 0.597 0.630
UP4_crn_height 0.323 0.389 0.478 0.176 0.214 0.345 0.395
UP4 _crx_md 0.460 0.310 0.189 0.477 0.388 0.319 0.430
UP4 crx_bl 0.155 0.298 0.364 0.397 0.412 0.106 0.422
UM1 crn_md 0.582 0.459 0.427 0.595 0.440 0.447 0.635
UM1 crn bl 0.560 0.458 0.381 0.491 0.301 0.389 0.560
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Table 99.Continued.

Trait Code LP4 crx_md LM1 crn_md LM1 crn bl LM1 crn_height LM1 crx md LM1 crx_bl LM2 crn_md
Ull_crn_md 0.253 0.486 0.358 0.199 0.502 0.433 0.620
Ull_crn_bl 0.320 0.510 0.467 0.281 0.412 0.321 0.612
Ul1_crn_height 0.317 0.466 0.532 0.439 0.241 0.197 0.564
Ul1_crx_md 0.316 0.353 0.371 0.426 0.408 0.475 0.452
Ul1l_crx_bl 0.372 0.443 0.607 0.298 0.491 0.451 0.569
Ul2_crn_md 0.043 0.368 0.350 0.177 0.246 0.099 0.407
Ul2_crn_bl 0.120 0.344 0.371 0.046 0.475 0.194 0.421
Ul2_crn_height 0.156 0.259 0.436 0.391 0.059 0.268 0.335
Ul2_crx_md 0.169 0.397 0.352 0.194 0.380 0.264 0.467
Ul2_crx_bl 0.334 0.358 0.445 0.189 0.403 0.317 0.464
UC_crn_md 0.288 0.442 0.462 0.018 0.355 0.177 0.534
UC_crn_bl 0.246 0.506 0.646 0.385 0.407 0.505 0.558
UC_crn_height 0.173 0.217 0.344 0.465 0.291 0.090 0.199
UC_crx_md 0.390 0.314 0.389 0.152 0.373 0.327 0.440
UC _crx_bl 0.338 0.391 0.517 0.292 0.397 0.450 0.495
UP3 crn_md 0.457 0.673 0.512 0.020 0.512 0.319 0.583
UP3_crn_bl 0.347 0.455 0.347 0.026 0.383 0.226 0.422
UP3_crn_height 0.265 0.152 0.244 0.321 0.059 -0.070 0.226
UP3_crx_md 0.479 0.476 0.340 0.129 0.500 0.330 0.591
UP3 crx_bl 0.423 0.286 0.254 0.015 0.430 0.310 0.419
UP4 crn_md 0.574 0.594 0.485 0.284 0.528 0.425 0.700
UP4_crn_bl 0.395 0.597 0.484 0.253 0.227 0.271 0.574
UP4_crn_height 0.284 0.189 0.331 0.372 -0.057 0.135 0.241
UP4 _crx_md 0.656 0.444 0.435 0.165 0.384 0.409 0.541
UP4 _crx_bl 0.524 0.555 0.527 0.327 0.429 0.535 0.518
UM1 _crn_md 0.282 0.692 0.584 0.205 0.612 0.405 0.603
UM1 crn bl 0.378 0.645 0.779 0.482 0.539 0.609 0.609
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Table 99.Continued.

Trait Code LM2_crn_bl LM2_crn_height LM2_crx_md LM2_crx_bl
Ull_crn_md 0.532 0.152 0.453 0.506
Ul1l_crn_bl 0.648 0.287 0.539 0.382
Ul1_crn_height 0.557 0.284 0.269 0.343
Ul1_crx_md 0.429 0.258 0.391 0.526
Ul1_crx_bl 0.683 0.267 0.461 0.356
Ul2_crn_md 0.306 0.023 0.178 0.093
Ul2_crn_bl 0.456 0.118 0.351 0.222
Ul2_crn_height 0.380 0.193 0.050 0.252
Ul2_crx_md 0.358 0.065 0.440 0.283
Ul2_crx_bl 0.538 0.103 0.368 0.297
UC _crn_md 0.455 0.059 0.339 0.271
UC_crn_bl 0.658 0.176 0.416 0.466
UC_crn_height 0.295 0.271 0.161 0.092
UC crx_md 0.447 0.141 0.437 0.327
UC _crx_bl 0.527 0.040 0.459 0.442
UP3 crn_md 0.502 0.194 0.322 0.282
UP3_crn_bl 0.630 0.268 0.198 0.435
UP3_crn_height 0.192 0.386 -0.079 -0.115
UP3_crx_md 0.553 0.269 0.494 0.493
UP3 crx_bl 0.444 0.273 0.455 0.405
UP4_crn_md 0.600 0.292 0.359 0.431
UP4 _crn_bl 0.614 0.387 0.259 0.414
UP4 _crn_height 0.242 0.288 -0.148 0.054
UP4_crx_md 0.562 0.078 0.434 0.475
UP4_crx_bl 0.546 0.341 0.525 0.457
UM1_crn_md 0.599 0.307 0.444 0.387
UM1 crn bl 0.742 0.294 0.422 0.712
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Table 99.Continued.

Trait Code Ull crn_md Ul _crn_bl  Ull crn_height Ul _crx_md Ull _crx bl Ul2 _crn_md Ul2_crn_bl
UM1_crn_height 0.109 0.342 0.442 0.208 0.442 0.242 0.014
UM1 crx_md 0.455 0.558 0.327 0.567 0.674 0.081 0.365
UM1_crx_bl 0.415 0.410 0.237 0.328 0.376 0.299 0.272
UM2_crn_md 0.403 0.503 0.516 0.323 0.475 0.177 0.329
UM2_crn_bl 0.463 0.530 0.520 0.357 0.631 0.319 0.418
UM2_crn_height 0.306 0.315 0.565 0.144 0.347 0.329 0.352
UM2_crx_bl 0.250 0.577 0.236 0.211 0.435 0.202 0.403
LI1_crn_md 0.426 0.305 0.317 0.246 0.196 0.443 0.251
LI1Z crn_bl 0.234 0.631 0.441 0.301 0.606 0.445 0.378
LI1_crn_height 0.246 0.170 0.451 0.359 0.145 0.372 0.028
LI1_crx_md 0.272 0.482 0.379 0.503 0.404 0.114 0.211
LI1 crx_bl 0.160 0.540 0.340 0.284 0.547 0.354 0.321
LI2_crn_md 0.352 0.216 0.240 0.101 0.128 0.481 0.227
LI2_crn_bl 0.158 0.478 0.337 0.209 0.361 0.346 0.333
LI2_crn_height 0.134 0.328 0.458 0.162 0.255 0.413 0.125
LI2_crx_md 0.210 0.394 0.348 0.434 0.373 0.187 0.181
LI2_crx_bl 0.149 0.452 0.229 0.278 0.526 0.289 0.354
LC crn_md 0.535 0.462 0.413 0.308 0.438 0.516 0.395
LC crn_bl 0.374 0.423 0.307 0.331 0.506 0.291 0.367
LC crn_height 0.211 0.265 0.543 0.223 0.417 0.311 0.170
LC crx_md 0.576 0.570 0.338 0.499 0.617 0.386 0.458
LC crx_bl 0.378 0.475 0.307 0.345 0.617 0.321 0.416
LP3 crn_md 0.402 0.467 0.363 0.162 0.486 0.432 0.369
LP3 crn_bl 0.292 0.538 0.334 0.379 0.490 0.331 0.471
LP3 _crn_height 0.127 0.360 0.465 0.399 0.401 0.276 0.143
LP3 crx_md 0.393 0.551 0.281 0.377 0.541 0.276 0.349
LP3 crx bl 0.277 0.388 0.376 0.382 0.462 0.173 0.317
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Table 99.Continued.

Trait Code UI2_crn_height UI2_crx_ md Ul2 _crx_bl UC _crn_md UC _crn_bl UC_crn_height UC_crx_md
UM1_crn_height 0.256 0.274 0.340 0.158 0.227 0.300 0.099
UM1 crx_md 0.152 0.422 0.469 0.403 0.560 0.242 0.629
UM1_crx_bl 0.344 0.371 0.354 0.316 0.440 0.395 0.346
UM2 _crn_md 0.304 0.101 0.312 0.377 0.537 0.384 0.260
UM2_crn_bl 0.362 0.415 0.386 0.566 0.665 0.284 0.571
UM2_crn_height 0.469 0.254 0.427 0.541 0.420 0.618 0.247
UM2_crx_bl 0.280 0.214 0.430 0.396 0.479 0.276 0.365
LI1_crn_md 0.277 0.411 0.310 0.331 0.390 0.297 0.103
LI1 crn_bl 0.386 0.460 0.587 0.452 0.414 0.362 0.275
LI1_crn_height 0.470 0.345 0.142 0.189 0.139 0.499 0.022
LI1_crx_md 0.342 0.474 0.326 0.080 0.279 0.211 0.422
LI1 crx_bl 0.223 0.385 0.353 0.317 0.436 0.394 0.305
LI2_crn_md 0.300 0.323 0.273 0.375 0.347 0.222 0.117
LI2_crn_bl 0.256 0.378 0.454 0.397 0.552 0.186 0.237
LI2_crn_height 0.552 0.247 0.283 0.126 0.286 0.592 -0.030
LI2_crx_md 0.260 0.468 0.377 0.208 0.210 0.212 0.325
LI2_crx_bl 0.234 0.388 0.459 0.307 0.478 0.293 0.323
LC crn_md 0.331 0.445 0.392 0.760 0.630 0.241 0.579
LC crn_bl 0.302 0.353 0.446 0.360 0.691 0.359 0.392
LC crn_height 0.424 0.305 0.389 0.448 0.497 0.571 0.406
LC crx_md 0.349 0.569 0.511 0.609 0.665 0.240 0.777
LC crx_bl 0.244 0.391 0.502 0.471 0.702 0.423 0.553
LP3 crn_md 0.321 0.311 0.384 0.458 0.404 0.014 0.192
LP3 crn_bl 0.331 0.242 0.382 0.325 0.564 0.324 0.210
LP3 _crn_height 0.500 0.305 0.337 0.377 0.533 0.345 0.375
LP3 crx_md 0.189 0.470 0.433 0.501 0.498 0.039 0.545
LP3 crx bl 0.345 0.248 0.321 0.218 0.271 0.231 0.147
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Table 99.Continued.

Trait Code UC crx bl UP3 crn_md UP3_crn_bl UP3_crn_height UP3 crx_md UP3 crx_bl UP4_crn_md
UM1_crn_height 0.224 0.218 0.335 0.372 0.267 0.159 0.434
UM1 crx_md 0.567 0.447 0.456 0.034 0.669 0.554 0.547
UM1_crx_bl 0.393 0.350 0.458 0.192 0.344 0.269 0.459
UM2_crn_md 0.388 0.561 0.549 0.319 0.363 0.397 0.715
UM2_crn_bl 0.594 0.609 0.733 0.252 0.666 0.570 0.596
UM2_crn_height 0.280 0.394 0.368 0.629 0.203 0.020 0.337
UM2_crx_bl 0.447 0.485 0.723 0.279 0.472 0.596 0.478
LI1 crn_md 0.322 0.242 0.139 -0.021 0.252 0.127 0.385
LI1_crn_bl 0.402 0.537 0.493 0.249 0.658 0.448 0.528
LI1_crn_height 0.213 0.166 0.157 0.384 0.068 -0.039 0.275
LI1 _crx_md 0.294 0.230 0.315 0.032 0.502 0.353 0.392
LI1 crx_bl 0.444 0.584 0.465 0.048 0.442 0.468 0.393
LI2_crn_md 0.248 0.257 0.277 0.102 0.312 0.173 0.305
LI2_crn_bl 0.352 0.369 0.535 0.083 0.574 0.454 0.283
LI2_crn_height 0.190 0.325 0.407 0.565 0.212 0.266 0.340
LI2_crx_md 0.266 0.362 0.278 0.064 0.581 0.321 0.333
LI2_crx_bl 0.473 0.421 0.501 0.258 0.465 0.473 0.409
LC crn_md 0.616 0.538 0.466 0.204 0.531 0.270 0.415
LC crn_bl 0.561 0.420 0.444 0.264 0.557 0.405 0.410
LC_crn_height 0.502 0.325 0.317 0.446 0.375 0.188 0.436
LC crx_md 0.639 0.522 0.472 0.238 0.691 0.482 0.487
LC crx_bl 0.644 0.380 0.459 0.311 0.569 0.502 0.395
LP3 crn_md 0.322 0.633 0.589 0.072 0.492 0.399 0.667
LP3 crn_bl 0.489 0.566 0.616 0.249 0.418 0.506 0.521
LP3 _crn_height 0.514 0.384 0.338 0.397 0.431 0.267 0.373
LP3 crx_md 0.457 0.612 0.409 0.106 0.701 0.485 0.509
LP3 crx bl 0.338 0.509 0.505 0.171 0.346 0.494 0.384
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Table 99.Continued.

Trait Code UP4 crn_bl UP4 _crn_height UP4_crx_md UP4 crx_ bl UM1 crn_md UM1 _crn_bl UM21 crn_height
UM1_crn_height 0.371 0.214 0.301 0.219 0.369 0.393 1
UM1 crx_md 0.477 0.225 0.679 0.616 0.536 0.594 0.291
UM1_crx_bl 0.488 0.215 0.371 0.490 0.536 0.683 0.354
UM2_crn_md 0.416 0.188 0.471 0.545 0.701 0.542 0.545
UM2_crn_bl 0.680 0.150 0.556 0.586 0.594 0.802 0.402
UM2_crn_height 0.459 0.418 0.170 0.285 0.417 0.477 0.672
UM2_crx_bl 0.581 0.191 0.518 0.507 0.303 0.635 0.309
LI1_crn_md 0.304 0.232 0.247 0.256 0.567 0.432 0.074
LI1 crn_bl 0.461 0.245 0.520 0.524 0.655 0.601 0.290
LI1_crn_height 0.262 0.242 0.167 0.129 0.001 0.051 0.175
LI1_crx_md 0.402 0.094 0.639 0.436 0.272 0.390 0.212
LI1 crx_bl 0.346 0.082 0.522 0.358 0.408 0.476 0.165
LI2_crn_md 0.252 0.049 0.287 0.161 0.448 0.311 0.029
LI2_crn_bl 0.471 0.035 0.353 0.459 0.442 0.532 0.136
LI2_crn_height 0.331 0.330 0.332 0.258 0.198 0.169 0.188
LI2_crx_md 0.241 -0.044 0.573 0.391 0.408 0.443 0.192
LI2_crx_bl 0.364 0.045 0.362 0.417 0.490 0.505 0.325
LC crn_md 0.551 0.393 0.344 0.177 0.463 0.599 0.340
LC crn_bl 0.517 0.351 0.312 0.401 0.458 0.553 0.328
LC crn_height 0.542 0.641 0.325 0.317 0.394 0.364 0.335
LC crx_md 0.501 0.212 0.529 0.399 0.490 0.552 0.363
LC crx_bl 0.513 0.313 0.381 0.420 0.514 0.519 0.305
LP3 crn_md 0.570 0.323 0.460 0.155 0.582 0.560 0.424
LP3 crn_bl 0.523 0.389 0.310 0.298 0.459 0.458 0.148
LP3 _crn_height 0.458 0.478 0.189 0.364 0.427 0.381 0.422
LP3 crx_md 0.359 0.176 0.477 0.397 0.595 0.491 0.308
LP3 crx bl 0.459 0.214 0.388 0.412 0.440 0.301 0.073
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Table 99.Continued.

Trait Code UM1 crx_md UM1 crx bl UM2 crn_md UM2 crn_bl UM2_crn_height UM2_crx_bl LI1 _crn_md
UM1_crn_height 0.291 0.354 0.545 0.402 0.672 0.309 0.074
UM1 crx_md 1 0.542 0.453 0.672 0.292 0.574 0.331
UM1_crx_bl 0.542 1 0.525 0.594 0.445 0.723 0.383
UM2_crn_md 0.453 0.525 1 0.643 0.526 0.583 0.171
UM2_crn_bl 0.672 0.594 0.643 1 0.545 0.733 0.246
UM2_crn_height 0.292 0.445 0.526 0.545 1 0.466 0.235
UM2_crx_bl 0.574 0.723 0.583 0.733 0.466 1 0.083

LI1 crn_md 0.331 0.383 0.171 0.246 0.235 0.083 1

LI1_crn_bl 0.704 0.432 0.342 0.682 0.406 0.525 0.347
LI1_crn_height 0.153 0.087 0.024 0.135 0.222 0.183 0.219
LI1 _crx_md 0.609 0.344 0.196 0.472 0.238 0.348 0.337
LI1 crx_bl 0.506 0.232 0.170 0.583 0.298 0.378 0.317
LI2_crn_md 0.220 0.412 0.275 0.395 0.161 0.281 0.667
LI2_crn_bl 0.432 0.282 0.168 0.519 0.210 0.431 0.393
LI2_crn_height 0.148 0.213 0.209 0.194 0.276 0.307 0.167
LI2_crx_md 0.573 0.327 0.195 0.465 0.086 0.375 0.293
LI2_crx_bl 0.629 0.394 0.381 0.605 0.305 0.508 0.242
LC crn_md 0.478 0.436 0.421 0.674 0.559 0.458 0.421
LC crn_bl 0.634 0.332 0.324 0.587 0.411 0.513 0.321
LC_crn_height 0.513 0.267 0.333 0.528 0.498 0.287 0.226
LC crx_md 0.719 0.483 0.449 0.675 0.400 0.509 0.299
LC crx_bl 0.631 0.413 0.518 0.717 0.445 0.633 0.241
LP3 crn_md 0.502 0.497 0.451 0.559 0.461 0.462 0.365
LP3 crn_bl 0.478 0.347 0.497 0.520 0.352 0.465 0.259
LP3 _crn_height 0.503 0.239 0.396 0.502 0.466 0.275 0.238
LP3 crx_md 0.685 0.365 0.421 0.589 0.352 0.439 0.114
LP3 crx bl 0.462 0.373 0.346 0.335 0.278 0.452 0.268
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Table 99.Continued.

Trait Code LIZ crn_bl LI1_crn_height LI1 crx_md LIZ crx_ bl  LI2 crn_md LI2 crn_bl LI2_crn_height
UM1_crn_height 0.290 0.175 0.212 0.165 0.029 0.136 0.188
UM1 crx_md 0.704 0.153 0.609 0.506 0.220 0.432 0.148
UM1_crx_bl 0.432 0.087 0.344 0.232 0.412 0.282 0.213
UM2_crn_md 0.342 0.024 0.196 0.170 0.275 0.168 0.209
UM2_crn_bl 0.682 0.135 0.472 0.583 0.395 0.519 0.194
UM2_crn_height 0.406 0.222 0.238 0.298 0.161 0.210 0.276
UM2_crx_bl 0.525 0.183 0.348 0.378 0.281 0.431 0.307
LI1 crn_md 0.347 0.219 0.337 0.317 0.667 0.393 0.167
LI1_crn_bl 1 0.269 0.364 0.717 0.371 0.672 0.394
LI1_crn_height 0.269 1 0.211 0.255 0.176 0.206 0.637
LI1 _crx_md 0.364 0.211 1 0.495 0.179 0.263 0.210
LI1 crx_bl 0.717 0.255 0.495 1 0.325 0.542 0.341
LI2_crn_md 0.371 0.176 0.179 0.325 1 0.471 0.290
LI2_crn_bl 0.672 0.206 0.263 0.542 0.471 1 0.380

LI2_crn_height 0.394 0.637 0.210 0.341 0.290 0.380 1

LI2_crx_md 0.448 0.407 0.636 0.427 0.323 0.379 0.341
LI2_crx_bl 0.677 0.322 0.381 0.605 0.349 0.701 0.352
LC crn_md 0.448 0.141 0.108 0.399 0.437 0.435 0.125
LC crn_bl 0.482 0.203 0.145 0.460 0.259 0.547 0.337
LC_crn_height 0.482 0.409 0.232 0.388 0.176 0.303 0.457
LC crx_md 0.398 0.042 0.448 0.394 0.299 0.378 0.208
LC crx_bl 0.529 0.127 0.190 0.551 0.320 0.490 0.184
LP3 crn_md 0.514 0.036 0.164 0.339 0.227 0.344 0.233
LP3 crn_bl 0.414 0.171 0.028 0.371 0.133 0.380 0.368
LP3 _crn_height 0.428 0.473 0.343 0.477 0.099 0.299 0.356
LP3 crx_md 0.425 -0.014 0.269 0.392 0.024 0.306 0.169
LP3 crx bl 0.302 0.330 0.045 0.358 0.086 0.277 0.276
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Table 99.Continued.

Trait Code LI2 erx_ md LI2 crx_ bl LC crn.md LC crn_bl LC_crn_height LC crx_md LC_crx_bl
UM1_crn_height 0.192 0.325 0.340 0.328 0.335 0.363 0.305
UM1 crx_md 0.573 0.629 0.478 0.634 0.513 0.719 0.631
UM1_crx_bl 0.327 0.394 0.436 0.332 0.267 0.483 0.413
UM2_crn_md 0.195 0.381 0.421 0.324 0.333 0.449 0.518
UM2_crn_bl 0.465 0.605 0.674 0.587 0.528 0.675 0.717
UM2_crn_height 0.086 0.305 0.559 0.411 0.498 0.400 0.445
UM2_crx_bl 0.375 0.508 0.458 0.513 0.287 0.509 0.633
LI1 crn_md 0.293 0.242 0.421 0.321 0.226 0.299 0.241
LI1_crn_bl 0.448 0.677 0.448 0.482 0.482 0.398 0.529
LI1_crn_height 0.407 0.322 0.141 0.203 0.409 0.042 0.127
LI1 _crx_md 0.636 0.381 0.108 0.145 0.232 0.448 0.190
LI1 crx_bl 0.427 0.605 0.399 0.460 0.388 0.394 0.551
LI2_crn_md 0.323 0.349 0.437 0.259 0.176 0.299 0.320
LI2_crn_bl 0.379 0.701 0.435 0.547 0.303 0.378 0.490
LI2_crn_height 0.341 0.352 0.125 0.337 0.457 0.208 0.184
LI2_crx_md 1 0.521 0.177 0.187 0.317 0.502 0.306
LI2_crx_bl 0.521 1 0.303 0.419 0.424 0.560 0.631
LC crn_md 0.177 0.303 1 0.572 0.540 0.735 0.680
LC crn_bl 0.187 0.419 0.572 1 0.538 0.570 0.777
LC_crn_height 0.317 0.424 0.540 0.538 1 0.543 0.673
LC crx_md 0.502 0.560 0.735 0.570 0.543 1 0.718

LC crx_bl 0.306 0.631 0.680 0.777 0.673 0.718 1

LP3 crn_md 0.191 0.271 0.528 0.442 0.166 0.443 0.354
LP3 crn_bl 0.135 0.339 0.401 0.526 0.372 0.371 0.481
LP3 _crn_height 0.452 0.476 0.392 0.505 0.664 0.410 0.559
LP3 crx_md 0.363 0.405 0.460 0.525 0.406 0.691 0.489
LP3 crx bl 0.152 0.252 0.260 0.439 0.231 0.232 0.420
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Table 99.Continued.

Trait Code LP3 crn_md LP3 crn_bl LP3 _crn_height LP3_crx_md LP3 crx bl LP4 crn_md LP4 _crn_bl
UM1_crn_height 0.424 0.148 0.422 0.308 0.073 0.363 0.295
UM1 crx_md 0.502 0.478 0.503 0.685 0.462 0.353 0.500
UM1_crx_bl 0.497 0.347 0.239 0.365 0.373 0.452 0.402
UM2_crn_md 0.451 0.497 0.396 0.421 0.346 0.461 0.584
UM2_crn_bl 0.559 0.520 0.502 0.589 0.335 0.447 0.692
UM2_crn_height 0.461 0.352 0.466 0.352 0.278 0.496 0.482
UM2_crx_bl 0.462 0.465 0.275 0.439 0.452 0.362 0.484
LI1_crn_md 0.365 0.259 0.238 0.114 0.268 0.307 0.247
LI1 crn_bl 0.514 0.414 0.428 0.425 0.302 0.399 0.504
LI1_crn_height 0.036 0.171 0.473 -0.014 0.330 0.345 0.097
LI1_crx_md 0.164 0.028 0.343 0.269 0.045 0.308 0.076
LI1 crx_bl 0.339 0.371 0.477 0.392 0.358 0.330 0.461
LI2_crn_md 0.227 0.133 0.099 0.024 0.086 0.315 0.197
LI2_crn_bl 0.344 0.380 0.299 0.306 0.277 0.257 0.363
LI2_crn_height 0.233 0.368 0.356 0.169 0.276 0.270 0.205
LI2_crx_md 0.191 0.135 0.452 0.363 0.152 0.183 0.135
LI2_crx_bl 0.271 0.339 0.476 0.405 0.252 0.235 0.310
LC crn_md 0.528 0.401 0.392 0.460 0.260 0.479 0.566
LC crn_bl 0.442 0.526 0.505 0.525 0.439 0.238 0.491
LC crn_height 0.166 0.372 0.664 0.406 0.231 0.469 0.434
LC crx_md 0.443 0.371 0.410 0.691 0.232 0.365 0.434
LC crx_bl 0.354 0.481 0.559 0.489 0.420 0.342 0.469
LP3 crn_md 1 0.539 0.345 0.473 0.353 0.562 0.548
LP3 crn_bl 0.539 1 0.396 0.509 0.636 0.227 0.538
LP3 _crn_height 0.345 0.396 1 0.448 0.255 0.356 0.448
LP3 crx_md 0.473 0.509 0.448 1 0.461 0.193 0.599
LP3 crx bl 0.353 0.636 0.255 0.461 1 0.279 0.488
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Table 99.Continued.

Trait Code LP4 crx_md LM1 crn_md LM1 crn_ bl LM1 crn_height LM1 crx md LM1 crx_bl LM2 crn_md
UM1_crn_height 0.261 0.434 0.356 0.364 0.193 0.207 0.468
UM1 crx_md 0.636 0.517 0.511 0.212 0.735 0.534 0.577
UM1_crx_bl 0.352 0.546 0.521 0.219 0.607 0.613 0.386
UM2_crn_md 0.463 0.680 0.576 0.262 0.587 0.526 0.717
UM2_crn_bl 0.463 0.681 0.683 0.284 0.606 0.579 0.684
UM2_crn_height 0.221 0.536 0.597 0.336 0.247 0.359 0.546
UM2_crx_bl 0.417 0.502 0.459 0.188 0.522 0.433 0.446
LI1 crn_md 0.056 0.479 0.326 0.101 0.508 0.167 0.363
LI1_crn_bl 0.258 0.441 0.468 0.351 0.469 0.192 0.513
LI1_crn_height -0.054 0.169 0.015 0.345 0.111 0.033 0.328
LI1 _crx_md 0.396 0.273 0.192 0.112 0.209 0.170 0.392
LI1 crx_bl 0.258 0.336 0.382 0.095 0.269 0.155 0.330
LI2_crn_md 0.174 0.260 0.177 -0.069 0.486 0.117 0.261
LI2_crn_bl 0.188 0.461 0.308 0.322 0.330 0.033 0.378
LI2_crn_height 0.143 0.147 0.091 0.396 0.125 -0.040 0.246
LI2_crx_md 0.307 0.431 0.333 0.349 0.479 0.188 0.489
LI2_crx_bl 0.197 0.438 0.303 0.207 0.533 0.295 0.416
LC crn_md 0.322 0.562 0.588 0.299 0.418 0.313 0.620
LC crn_bl 0.250 0.518 0.566 0.478 0.531 0.360 0.476
LC crn_height 0.401 0.350 0.512 0.516 0.239 0.359 0.491
LC crx_md 0.432 0.534 0.471 0.275 0.555 0.429 0.669
LC crx_bl 0.392 0.478 0.652 0.424 0.594 0.526 0.466
LP3 crn_md 0.278 0.617 0.485 0.158 0.522 0.188 0.606
LP3 crn_bl 0.255 0.528 0.577 0.372 0.380 0.316 0.452
LP3 _crn_height 0.271 0.464 0.523 0.574 0.349 0.411 0.499
LP3 crx_md 0.497 0.559 0.484 0.205 0.466 0.396 0.562
LP3 crx bl 0.314 0.515 0.531 0.122 0.412 0.390 0.282
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Table 99.Continued.

Trait Code LM2_crn_bl LM2_crn_height LM2_crx_md LM2_crx_bl
UM1_crn_height 0.492 0.357 0.199 0.234
UM1_crx_md 0.619 0.373 0.510 0.557
UM1_crx_bl 0.500 0.333 0.313 0.580
UM2_crn_md 0.772 0.118 0.447 0.404
UM2_crn_bl 0.819 0.228 0.492 0.631
UM2_crn_height 0.546 0.307 0.181 0.231
UM2_crx_bl 0.682 0.235 0.344 0.567
LI1_crn_md 0.172 0.062 0.221 0.237
LI1_crn_bl 0.636 0.264 0.492 0.356
LI1_crn_height 0.142 0.234 0.239 0.215
LI1_crx_md 0.417 0.266 0.412 0.347
LI1 crx_bl 0.427 0.174 0.477 0.356
LI2_crn_md 0.330 -0.163 0.292 0.233
LI2_crn_bl 0.487 0.246 0.491 0.377
LI2_crn_height 0.261 0.276 0.148 0.106
LI2_crx_md 0.419 0.174 0.483 0.395
LI2_crx_bl 0.505 0.313 0.513 0.329
LC crn_md 0.605 0.202 0.494 0.392
LC crn_bl 0.618 0.355 0.456 0.490
LC_crn_height 0.552 0.394 0.289 0.443
LC_crx_md 0.646 0.329 0.587 0.495
LC_crx_bl 0.654 0.355 0.626 0.498
LP3 crn_md 0.530 0.267 0.310 0.300
LP3_crn_bl 0.553 0.268 0.175 0.375
LP3_crn_height 0.456 0.462 0.375 0.402
LP3_crx_md 0.533 0.244 0.432 0.357
LP3 crx bl 0.273 0.275 0.250 0.331
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Table 99.Continued.

Trait Code Ull crn_md  Ull _crn_bl Ul _crn_height Ull_crx_md Ull crx_ bl Ul2_crn_md Ul2_crn_bl
LP4 crn_md 0.400 0.250 0.511 0.091 0.260 0.455 0.223
LP4 crn_bl 0.396 0.515 0.506 0.283 0.562 0.413 0.369
LP4 crx_md 0.253 0.320 0.317 0.316 0.372 0.043 0.120
LM1_crn_md 0.486 0.510 0.466 0.353 0.443 0.368 0.344
LM1_crn_bl 0.358 0.467 0.532 0.371 0.607 0.350 0.371
LM1_crn_height 0.199 0.281 0.439 0.426 0.298 0.177 0.046
LM1_crx_md 0.502 0.412 0.241 0.408 0.491 0.246 0.475
LM1_crx_bl 0.433 0.321 0.197 0.475 0.451 0.099 0.194
LM2_crn_md 0.620 0.612 0.564 0.452 0.569 0.407 0.421
LM2_crn_bl 0.532 0.648 0.557 0.429 0.683 0.306 0.456
LM2_crn_height 0.152 0.287 0.284 0.258 0.267 0.023 0.118
LM2_crx_md 0.453 0.539 0.269 0.391 0.461 0.178 0.351
LM2 crx_bl 0.506 0.382 0.343 0.526 0.356 0.093 0.222
Table 99.Continued.
Trait Code Ul2_crn_height Ul2_crx_md Ul2_crx_bl UC crn_md UC _crn_bl UC_crn_height UC_crx_md
LP4 crn_md 0.529 0.353 0.307 0.511 0.303 0.406 0.217
LP4 crn_bl 0.450 0.383 0.461 0.512 0.562 0.244 0.372
LP4 crx_md 0.156 0.169 0.334 0.288 0.246 0.173 0.390
LM1 _crn_md 0.259 0.397 0.358 0.442 0.506 0.217 0.314
LM1 _crn_bl 0.436 0.352 0.445 0.462 0.646 0.344 0.389
LM1_crn_height 0.391 0.194 0.189 0.018 0.385 0.465 0.152
LM1 crx_md 0.059 0.380 0.403 0.355 0.407 0.291 0.373
LM1_crx_bl 0.268 0.264 0.317 0.177 0.505 0.090 0.327
LM2_crn_md 0.335 0.467 0.464 0.534 0.558 0.199 0.440
LM2_crn_bl 0.380 0.358 0.538 0.455 0.658 0.295 0.447
LM2_crn_height 0.193 0.065 0.103 0.059 0.176 0.271 0.141
LM2_crx_md 0.050 0.440 0.368 0.339 0.416 0.161 0.437
LM2 crx_bl 0.252 0.283 0.297 0.271 0.466 0.092 0.327
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Table 99.Continued.

Trait Code UC crx_ bl UP3 crn_md UP3_crn_bl UP3_crn_height UP3 crx_md UP3 crx_bl UP4_crn_md
LP4 crn_md 0.308 0.516 0.429 0.287 0.312 0.171 0.555
LP4 _crn_bl 0.480 0.607 0.601 0.210 0.602 0.419 0.544
LP4 crx_md 0.338 0.457 0.347 0.265 0.479 0.423 0.574
LM1_crn_md 0.391 0.673 0.455 0.152 0.476 0.286 0.594
LM1_crn_bl 0.517 0.512 0.347 0.244 0.340 0.254 0.485
LM1_crn_height 0.292 0.020 0.026 0.321 0.129 0.015 0.284
LM1 crx_md 0.397 0.512 0.383 0.059 0.500 0.430 0.528
LM1 crx_bl 0.450 0.319 0.226 -0.070 0.330 0.310 0.425
LM2_crn_md 0.495 0.583 0.422 0.226 0.591 0.419 0.700
LM2_crn_bl 0.527 0.502 0.630 0.192 0.553 0.444 0.600
LM2_crn_height 0.040 0.194 0.268 0.386 0.269 0.273 0.292
LM2_crx_md 0.459 0.322 0.198 -0.079 0.494 0.455 0.359
LM2_ crx_bl 0.442 0.282 0.435 -0.115 0.493 0.405 0.431
Table 99.Continued.
Trait Code UP4 crn_bl UP4 _crn_height UP4_crx_md UP4_crx_bl UM1 crn_md UM1 _crn_bl UM21 crn_height
LP4_crn_md 0.597 0.345 0.319 0.106 0.447 0.389 0.363
LP4 crn_bl 0.630 0.395 0.430 0.422 0.635 0.560 0.295
LP4_crx_md 0.395 0.284 0.656 0.524 0.282 0.378 0.261
LM1 _crn_md 0.597 0.189 0.444 0.555 0.692 0.645 0.434
LM1 _crn_bl 0.484 0.331 0.435 0.527 0.584 0.779 0.356
LM1_crn_height 0.253 0.372 0.165 0.327 0.205 0.482 0.364
LM1 crx_md 0.227 -0.057 0.384 0.429 0.612 0.539 0.193
LM1 crx_bl 0.271 0.135 0.409 0.535 0.405 0.609 0.207
LM2_crn_md 0.574 0.241 0.541 0.518 0.603 0.609 0.468
LM2_crn_bl 0.614 0.242 0.562 0.546 0.599 0.742 0.492
LM2_crn_height 0.387 0.288 0.078 0.341 0.307 0.294 0.357
LM2_crx_md 0.259 -0.148 0.434 0.525 0.444 0.422 0.199
LM2 crx_bl 0.414 0.054 0.475 0.457 0.387 0.712 0.234
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Table 99.Continued.

Trait Code UM1 crx_md UM1 crx bl UM2 crn_md UM2 crn_bl UM2_crn_height UM2_crx_bl LI1 _crn_md
LP4 crn_md 0.353 0.452 0.461 0.447 0.496 0.362 0.307
LP4 _crn_bl 0.500 0.402 0.584 0.692 0.482 0.484 0.247
LP4 crx_md 0.636 0.352 0.463 0.463 0.221 0.417 0.056
LM1_crn_md 0.517 0.546 0.680 0.681 0.536 0.502 0.479
LM1_crn_bl 0.511 0.521 0.576 0.683 0.597 0.459 0.326
LM1_crn_height 0.212 0.219 0.262 0.284 0.336 0.188 0.101
LM1 crx_md 0.735 0.607 0.587 0.606 0.247 0.522 0.508
LM1 crx_bl 0.534 0.613 0.526 0.579 0.359 0.433 0.167
LM2_crn_md 0.577 0.386 0.717 0.684 0.546 0.446 0.363
LM2_crn_bl 0.619 0.500 0.772 0.819 0.546 0.682 0.172
LM2_crn_height 0.373 0.333 0.118 0.228 0.307 0.235 0.062
LM2_crx_md 0.510 0.313 0.447 0.492 0.181 0.344 0.221
LM2_ crx_bl 0.557 0.580 0.404 0.631 0.231 0.567 0.237
Table 99.Continued.
Trait Code LIZ_crn_bl LI1_crn_height LI1_crx_md LI1_crx_bl LI2_crn_md LI2_crn_bl  LI2_crn_height
LP4_crn_md 0.399 0.345 0.308 0.330 0.315 0.257 0.270
LP4_crn_bl 0.504 0.097 0.076 0.461 0.197 0.363 0.205
LP4 crx_md 0.258 -0.054 0.396 0.258 0.174 0.188 0.143
LM1 crn_md 0.441 0.169 0.273 0.336 0.260 0.461 0.147
LM1 crn_bl 0.468 0.015 0.192 0.382 0.177 0.308 0.091
LM1_crn_height 0.351 0.345 0.112 0.095 -0.069 0.322 0.396
LM1 crx_md 0.469 0.111 0.209 0.269 0.486 0.330 0.125
LM1 crx_bl 0.192 0.033 0.170 0.155 0.117 0.033 -0.040
LM2_crn_md 0.513 0.328 0.392 0.330 0.261 0.378 0.246
LM2_crn_bl 0.636 0.142 0.417 0.427 0.330 0.487 0.261
LM2_crn_height 0.264 0.234 0.266 0.174 -0.163 0.246 0.276
LM2_crx_md 0.492 0.239 0.412 0.477 0.292 0.491 0.148
LM2 crx_bl 0.356 0.215 0.347 0.356 0.233 0.377 0.106
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Table 99.Continued.

Trait Code LI2_ crx_ md LI2_ crx bl LC crn_md LC crn_bl LC crn_height LC crx_md LC_crx_bl
LP4 crn_md 0.183 0.235 0.479 0.238 0.469 0.365 0.342
LP4 _crn_bl 0.135 0.310 0.566 0.491 0.434 0.434 0.469
LP4 crx_md 0.307 0.197 0.322 0.250 0.401 0.432 0.392
LM1_crn_md 0.431 0.438 0.562 0.518 0.350 0.534 0.478
LM1_crn_bl 0.333 0.303 0.588 0.566 0.512 0.471 0.652
LM1_crn_height 0.349 0.207 0.299 0.478 0.516 0.275 0.424
LM1 crx_md 0.479 0.533 0.418 0.531 0.239 0.555 0.594
LM1 crx_bl 0.188 0.295 0.313 0.360 0.359 0.429 0.526
LM2_crn_md 0.489 0.416 0.620 0.476 0.491 0.669 0.466
LM2_crn_bl 0.419 0.505 0.605 0.618 0.552 0.646 0.654
LM2_crn_height 0.174 0.313 0.202 0.355 0.394 0.329 0.355
LM2_crx_md 0.483 0.513 0.494 0.456 0.289 0.587 0.626
LM2_ crx_bl 0.395 0.329 0.392 0.490 0.443 0.495 0.498
Table 99. Continued.
Trait Code LP3_crn_md LP3 crn_bl LP3_crn_height LP3 crx_md LP3_crx bl LP4 crn_md LP4 _crn_bl
LP4_crn_md 0.562 0.227 0.356 0.193 0.279 1 0.419
LP4 crn_bl 0.548 0.538 0.448 0.599 0.488 0.419 1
LP4_crx_md 0.278 0.255 0.271 0.497 0.314 0.430 0.414
LM1 _crn_md 0.617 0.528 0.464 0.559 0.515 0.502 0.634
LM1 _crn_bl 0.485 0.577 0.523 0.484 0.531 0.381 0.537
LM1_crn_height 0.158 0.372 0.574 0.205 0.122 0.069 0.249
LM1 crx_md 0.522 0.380 0.349 0.466 0.412 0.285 0.471
LM1 crx_bl 0.188 0.316 0.411 0.396 0.390 0.103 0.336
LM2_crn_md 0.606 0.452 0.499 0.562 0.282 0.527 0.624
LM2_crn_bl 0.530 0.553 0.456 0.533 0.273 0.441 0.623
LM2_crn_height 0.267 0.268 0.462 0.244 0.275 0.251 0.195
LM2_crx_md 0.310 0.175 0.375 0.432 0.250 0.361 0.178
LM2 crx_bl 0.300 0.375 0.402 0.357 0.331 0.279 0.311
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Table 99.Continued.

Trait Code LP4_crx_md LM1_crn_md LM1_crn_bl LM1_crn_height LM1_crx_md LM21_crx_bl LM2_crn_md
LP4_crn_md 0.430 0.502 0.381 0.069 0.285 0.103 0.527
LP4_crn_bl 0.414 0.634 0.537 0.249 0.471 0.336 0.624
LP4_crx_md 1 0.340 0.329 0.084 0.360 0.322 0.468
LM1_crn_md 0.340 1 0.712 0.304 0.689 0.399 0.776
LM1_crn_bl 0.329 0.712 1 0.508 0.472 0.620 0.569
LM1_crn_height 0.084 0.304 0.508 1 0.176 0.375 0.375
LM1_crx_md 0.360 0.689 0.472 0.176 1 0.419 0.441
LM1_crx_bl 0.322 0.399 0.620 0.375 0.419 1 0.306
LM2_crn_md 0.468 0.776 0.569 0.375 0.441 0.306 1
LM2_crn_bl 0.440 0.668 0.729 0.459 0.409 0.541 0.755
LM2_crn_height 0.191 0.258 0.337 0.625 0.236 0.257 0.270
LM2_crx_md 0.375 0.537 0.368 0.314 0.509 0.423 0.633
LM2_crx_bl 0.337 0.482 0.597 0.384 0.434 0.754 0.460
Table 99.Continued.
Trait Code LM2_crn_bl LM2_crn_height LM2_crx_md LM2_crx_bl
LP4_crn_md 0.441 0.251 0.361 0.279
LP4_crn_bl 0.623 0.195 0.178 0.311
LP4_crx_md 0.440 0.191 0.375 0.337
LM1_crn_md 0.668 0.258 0.537 0.482
LM1_crn_bl 0.729 0.337 0.368 0.597
LM1_crn_height 0.459 0.625 0.314 0.384
LM1_crx_md 0.409 0.236 0.509 0.434
LM1_crx_bl 0.541 0.257 0.423 0.754
LM2_crn_md 0.755 0.270 0.633 0.460
LM2_crn_bl 1 0.208 0.537 0.623
LM2_crn_height 0.208 1 0.168 0.245
LM2_crx_md 0.537 0.168 1 0.409
LM2_crx_bl 0.623 0.245 0.409 1
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