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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 methods do not 

produce accurate estimates of the biological profile of individuals who do not belong to 

these groups as evidenced by this research. The lack of variation in current methods is 

problematic in the United States as there has been increased migration over the last 

several decades. According to the Migration Policy Institute, the number of Asian 

immigrants in the US increased by 2,597% from 1960 to 2014 thus representing 30% of 

the US foreign-born population. In fact, the óAsianô race category is the fastest growing 

of any race category in the US. As Asian migration into the US continues to rise so does 

the need to create and utilize population-specific methods for estimating the biological 

profile of unknown decedents. Concurrent with the need to accurately estimate 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 multi-faceted approach to answering these needs through 

an analysis of various datasets of the dentition and cranium. First, current methods for 

estimating ancestry and sex were tested using Japanese and Asian samples. Based on the 

results, it is clear that these methods do not accurately represent the variation present in 
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Japanese and Asian American individuals, and Japanese and Asian American females 

were misclassified approximately one-half of the time. Second, the effects of genetic drift 

and gene flow were tested in the study samples, and the study samples were found to 

exhibit greater degrees of genetic drift. Third, various machine learning (ML) techniques 

were tested to assess their accuracies in estimating population affinity and sex. The 

cranial nonmetric and macromorphoscopic ML analyses produced the worst 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 into three broad 

geographic groups (African, Asian, and European) and tested using ML techniques. 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 sample sizes of various Asian populations 

are needed to better capture the range of variation in these groups. Additionally, 

combining datasets and employing ML techniques can provide better estimates of 

population affinity and sex than current methods, and as such, may be useful in forensic 

casework. Finally, the high levels of genetic drift observed in the results are consistent 

with the relative degrees of cultural and geographic isolation experienced by the Japanese 

and Asian American study samples. 
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Introduction 

Background 

Positive identification of unknown decedents is one of the primary goals of medicolegal 

death investigations. Identification efforts can be complicated in routine investigations of 

non-natural deaths and even more so in the event of mass deaths, including natural 

disasters such as earthquakes and hurricanes, and mass casualties caused by plane crashes 

and epidemics/pandemics (Academy Standards Board 2018; Go et al. 2019b). Forensic 

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 are able to achieve a positive 

scientific identification when information gathered from a decedent uniquely matches the 

information of the known individual (Christensen and Anderson 2013). Forensic 

anthropologists assist in the identification process by providing information that 

contributes to a presumptive identification, which includes significant consistencies 

between the decedent and the known information of the individual in question 

(Christensen and Anderson 2013). Specifically, forensic anthropologists estimate the 

biological profile of the decedent, including their age, sex, stature, and population 

affinity. Accurate estimates of each aspect of the biological profile are imperative as this 

information is used to rule out potential matches from missing-persons reports. 

Therefore, based on the biological profile, forensic anthropologists can provide 

information to make a presumptive identification, which can then be used to make a 

positive scientific identification.  
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Efficiency in obtaining positive scientific identifications requires accurate methods for 

estimating the biological profile. Current methods used in the United States are 

predominately based on individuals of European and/or African descent (i.e., social race 

categories that correspond to White, Black, and African American) that largely reflect the 

demographics of the skeletal reference collections historically available for study and 

research (Winburn et al. 2022). Therefore, these methods do not produce accurate 

estimates of the biological profile for individuals who do not belong to these population 

groups. This lack of variation in current methods and reference samples is problematic in 

the United States as there has been increasing migration (i.e., gene flow) over the last 

several 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 Central, and Western Asia has risen by 

2,597% since 1960 (Zong and Batalova 2016), making the Asian population the fastest 

growing US population (Hoeffel et al. 2012). Large US cities such as New York City and 

Los Angeles have experienced particularly large influxes of migrants (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 the US foreign-born population (Zong and Batalova 2016). As a result of migration, in 

the US census, the race category óAsianô is one of the fastest growing of any race 
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category in the US; from 2010-2020 the óAsian Aloneô category increased by 35.5%, 

óAsian in Combinationô increased by 55.5%, and óAsian Alone or in Combinationô 

increased by 38.6% (US Census Bureau 2021). From 2000 to 2010 in the US, the self-

identified Japanese population alone experienced an increase of up to 55.9% (Hoeffel et 

al. 2012).  

Underrepresentation of Asian populations, particularly regional- or country-specific 

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 (NamUs) 

database, representing a 15.9% increase from March 2020 alone (NamUs 2019). Medical 

examinersô offices are also experiencing increasing numbers of cases involving Asian or 

Asian-derived individuals. According to the King County Medical Examinerôs Office 

2017 Annual Report, 8% of the Seattle Countyôs deaths were Asian/Pacific Islanders 

(Hayes and Harruff 2017). In 2010-2011, Asian individuals accounted for 18.73% of 

deaths reported by the Office of the San Francisco Chief Medical Examiner (Hart 2014). 

These figures highlight the significant need to grow region- and country-specific Asian 

reference samples and create and utilize population-specific methods for estimating the 

biological profile of unknown Asian decedents.  

Currently, there is a dearth of skeletal research for broad Asian populations, let alone 

country-specific Asian samples, creating a multiplicity of problems for forensic 

identification efforts. This study addresses the current deficiency in forensic 

anthropology reference samples by investigating skeletal and dental variation in Japanese 

and Asian American populations. Cranial nonmetric and macromorphoscopic, dental 
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morphology, craniometric, and odontometric data are used to create more accurate 

statistical models for estimating the population affinity and sex of East Asian and East 

Asian-derived individuals for use in forensic anthropological casework.   

 

Current Methods to Estimate Population Affinity and Sex in Forensic Anthropology 

In biological anthropology, the skeletal phenotypic traits employed to explore modern 

human variation include the following four data types: craniometrics, cranial nonmetrics 

and macromorphoscopics, odontometrics, and dental morphology. While numerous 

studies have identified that the majority of variation occurs within populations (e.g., 

(Hanihara and Ishida 2005; Jorde et al. 1995; Latter 1980; Lewontin 1972; Relethford 

2002; Scott et al. 2018a), an abundance of literature has found significant differences 

between populations. This between-population variation can be used to distinguish 

individuals for the purpose of forensic identification (Edgar 2013; Edgar 2014; Hefner 

2009; Hefner et al. 2014; Jantz and Ousley 2005a; Jantz and Ousley 2005b; Pilloud et al. 

2014; Scott et al. 2018a). Studies on human skeletal variation typically use each 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 question(s) under 

investigation. Isolating datasets can lead to the loss of information and an incomplete 

understanding of the link between population history and phenotypic variation, which can 

lead to incomplete biological profile estimates and is thus problematic when seeking 

positive identifications in forensic casework. This research project proposes utilizing all 

four data types as each can reveal different information about population history and the 
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microevolutionary forces that have shaped modern trait variation. By incorporating these 

four datasets, this project presents a holistic approach to estimating the biological profile 

and investigating whether combining the datasets would be best for estimating the 

population affinity and sex of East Asian and Asian American individuals. 

There is presently a dearth of research on skeletal variation of modern Asian samples. 

The only direct application of craniometric data to population affinity estimations of 

specific East Asian groups is found in Fordisc 3.1, a statistical software package that 

estimates the sex and population affinity of skeletal remains using discriminant function 

analysis (Jantz and Ousley 2005a; Jantz and Ousley 2005b). Currently, the Asian 

populations included as reference samples in Fordisc 3.1 are limited to Chinese (79 

males), Japanese (84 males, 58 females), and Vietnamese (51 males) (Jantz and Ousley 

2005a). The limited availability of modern East Asian populations in the most utilized 

software for ancestry estimation in forensic anthropology highlights the degree of 

underrepresentation of these populations in current ancestry estimation methods. More 

recent research has found that the existing craniometric reference samples in Fordisc 3.1 

are failing to correctly classify Japanese, South Korean, and Thai individuals with 

accuracy rates ranging from 20.4-50% for males and 26.7-53.3% for females (Dudzik and 

Jantz 2016). Specifically, Dudzik and Jantz (2016) found that Hispanic individuals are 

misclassifying as Japanese in Fordisc 3.1, which they attributed to the shared population 

histories between these groups. Patterson and Tallman (2019) also discovered that current 

cranial and postcranial metric sex estimation methods fail to accurately classify Native 

American and Thai individuals. 
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While efforts are being made to create population affinity estimation methods using 

cranial macromorphoscopic traits (Hefner 2018), the reference samples for these efforts 

are still lacking substantial regional- and country-specific Asian samples. Specifically, 

the Macromorphoscopic Databank (MaMD) created by Hefner (2018) includes a large 

Thai sample (n = 908), but the Japanese (n = 15) and Chinese (n = 59) samples are small.  

Further, the MaMD currently does not include any other populations from Asia. The use 

of dental data in modern ancestry estimation methods also shows areas that need 

improvement. While odontometric data exist for some Asian populations, such as Japan, 

South Korea, and Thailand (Hanihara 2010; Hanihara and Ishida 2005; Pilloud et al. 

2014), increasing these sample sizes could allow for population-specific estimations, 

rather than broad biogeographic estimations, and thus advance current ancestry 

estimation efforts. HanihaRa, a software program for ancestry estimation based on 

odontometric data, is currently available (Kenyhercz et al. 2019b) but is still lacking a 

robust modern Asian reference sample, as many of the remains are of some antiquity.  

Scott and colleagues (2018a) created the web-based application rASUDAS (dôOliveira 

Coelho and Navega 2018b) that estimates ancestry from dental morphological data. 

While rASUDAS shows a promising future, it does have its limitations. 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 different regions and populations of Asia are often combined into a 

single óAsianô category (Rhine 1990), which implies these populations are homogeneous 

and have similar expressions of phenotypic skeletal morphology. However, recent 
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research has highlighted the need for more robust reference samples and specifically the 

need for more research in Asia (Go et al. 2019b). Such work is greatly needed to better 

understand global skeletal variation and improve methods used to estimate the biological 

profile. While some research does exist from Asian countries, Go et al. (2019b) explain 

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 in modern 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 outperform methods developed by 

Walker (2008) and Garvin et al. (2014) using European and African populations 

(Tallman 2019). Adams and Pilloud (2019) have also found sexual dimorphism within 

Japanese dental measurements that suggests the need for population-specific sex 

estimation methods. Small or inappropriate reference samples are also problematic for 

non-Asian groups. Increasing Asian sample sizes would illuminate variation within these 

groups that could help to improve Asian and non-Asian classifications for forensic 

identifications. 

Finally, current methods to estimate ancestry often lack investigation into the 

microevolutionary impacts on the skeletal and dental traits in question (e.g., (Hefner 

2009; Jantz and Ousley 2005b; Scott et al. 2018a). This study is unique in its 

considerations of the forensic and evolutionary aspects of human skeletal and dental 

variation. In addition to testing current estimation methods and available reference 
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samples on East Asian and Asian American skeletal collections, this study explores the 

impact(s) of evolutionary forces (e.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 estimating ancestry. Bethard and DiGangi (2020) criticized the use of ancestry 

estimations, specifically the use of cranial morphological traits, in forensic anthropology 

and question their necessity since (as they argue) there is no straightforward evidence that 

these estimates positively impact the identification efforts for unknown individuals in 

forensic casework. They argue that, although terminology has changed over time, 

estimating ancestry remains a typological approach to categorizing humans, and they 

question whether this process is actually contributing to the marginalization of 

underrepresented groups. They also argue that ancestry estimations and associated 

research are not conducted from an evolutionary theory perspective, and as such, 

continue to perpetuate typology.  

Stull and colleagues (2020) responded to Bethard and DiGangiôs call to halt ancestry 

estimations. Stull et al. (2020) disputed Bethard and DiGangiôs argument that ancestry 

estimations are not necessary to the biological profile in medicolegal casework and 

counter that ancestry estimations are needed in forensic casework toward the progress of 

positive identifications of unknown decedents. They further assert that there is no direct 

evidence that these estimations are causing harm in the identification process, which was 

postulated by Bethard and DiGangi (2020) and that many of the methods used in these 
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estimations are based on statistical analyses and have been validated and shown to have 

high accuracy rates. 

In response to these discussions, Parsons (2021) analyzed forensic case reports from 

three medical examinerôs offices to provide data on the accuracy rates of ancestry 

estimates in actual casework. Her research found that the ancestry estimations were 

accurate 99% of the time in resolved cases. Cases that reported individuals as admixed 

(sic) and cases where multiple possible ancestry estimates were included were found to 

be advantageous to the estimation accuracies. This research further highlights an 

important point, that the accuracy rates of ancestry estimates could not be identified in 

unresolved cases, and it is possible that the ancestry estimates are incorrect in these cases 

and/or are not helping with the identification efforts.  Therefore, these accuracy rates are 

greatly inflated. Further, Parsons (2021) cautions that this work is not meant to validate 

the use of ancestry estimations in forensic casework and suggests a cautious and thorough 

approach to forensic casework, including the methods used in analyses.  

Echoing some sentiments in this critical discourse, Ross and Pilloud (2021) call for a 

paradigm shift in the way in which forensic anthropologists study human variation. The 

authors suggest abandoning the terms race and ancestry. Instead, they argue for a shift to 

population affinity analyses, which are grounded in statistics and consider human 

variation from the lens of evolutionary theory. Additionally, they argue for more 

population-specific reference samples to more appropriately represent the range of human 

variation that actually exists. Pilloud et al. (2021) suggest additional areas of change in 

forensic anthropology, including explicitly defining the terms used in research, being 

aware that these terms hold meaning and could further marginalize underrepresented 
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groups, and communicating and working with stakeholders to more accurately represent 

their interests.  

The current work strives to meet these calls for reform by defining the terms used in 

this research, assessing the degree of variation within and among populations in this 

analysis, and considering the influence of microevolutionary impacts on trait and 

population variation. 

 

Terminology Employed in This Research 

Following the recommendations proposed by Pilloud and colleagues (2021), major 

terms employed in this research have been defined below to maintain clarity about the 

meaning of words used in this work. All population names from the comparative 

reference databases were chosen by their curators of those databases, and as such, that 

terminology was not chosen by the current author and is used here as deferential to the 

terms employed by decedents on their donation forms.  

Although race has varied in definition over time, the current study adopts the following 

definition from Tallman and colleagues (2021b): races are ñéevolving social, political, 

and legal categories with roots in European colonial processes that 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, religion, behavioral stereotypes, 

and/or genetic heritage.ò The current work does not generally employ this term other than 
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when it was used by existing institutions (e.g., one of the skeletal collections from which 

the current study data were obtained used the term race in their documentation). 

Social race refers to the self-identity of an individual or group(s) of individuals related 

to their heritage, ethnicity, nationality, language, and/or ancestry. 

Ancestry is defined as ñéas biogeographically patterned, clinal, genetic variation that 

is often continentally derived and definedò (Tallman et al. 2021b). This term has been 

popularly used since 1992 (Pilloud et al. 2021) to refer to biological variation that can be 

used to distinguish between populations as part of the biological profile. The current 

work does not generally employ 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 term ancestry in their documentation.  The term ancestry is used when 

discussing previous methods or research, if that is the term that was employed in that 

publication/study. 

Population affinity is defined by the American Academy of Forensic Sciences (AAFS) 

Academy Standards Board (ASB) as ñA measure (e.g., distance, probability of 

membership) of biological similarity between the individual and reference groupsò 

(Academy Standards Board 2022). The term population affinity will be utilized 

throughout this work as it best encompasses the range of variation within and between 

populations that the current author is investigating as well as the histories of these 

populations. 

Sex refers to biological sex assigned at birth to include male and female. While 

biological sex exists on a spectrum, the additional term assigned at birth is employed 

here as these are the methods that currently exist to assist in making a positive 
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identification using skeletal data. While there is a growing need to shift to identify the 

variation present in the biological expression of sex, this 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 term gender is not used, as gender identity and 

gender expression of the individuals in the study collection was not recorded in the 

demographic information, and these are separate from sex assigned at birth.  

Asian is defined as any individual or group of individuals who originated from a 

country of region of Asia. The Asian continent is quite large and encompasses wide 

variation in language, culture, and history. Where possible, more specific terminology is 

used in this work, including but not limited to, Japanese and Asian American. 

Asian-derived refers to any individual or group of individuals whose ancestors 

originated from Asia. This term has been used to refer to Indigenous peoples in the 

Americas (Atkinson and Tallman 2019). 

Asian American refers to any individual or group(s) of individuals who either 

originated from Asia and migrated to the US or was born in the US and whose immediate 

family or ancestors were from Asia. The term Asian American (originally hyphenated as 

part of óAsian-American Political Allianceô) was coined in 1968 by a group of Chinese, 

Japanese, and other óOrientalô (sic) activists in California during their efforts to unite 

their voices in support of Black, Chicano, and Native liberation movements (Yang et al. 

2022). 
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Research Aims 

This work seeks to better understand the range of skeletal and dental variation in Asian 

populations and assess the utility of this variation in forensic casework through four aims: 

1) test the accuracy of existing ancestry 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 context, and 

4) generate statistical models that will aid in the accurate estimation of sex (assigned at 

birth) and population affinity of unknown Asian decedents. 

 

Significance 

This project uniquely combines microevolutionary and biological anthropological 

approaches to investigating and understanding skeletal and dental trait variation. Further, 

this research distinguishes itself by employing a novel methodological approach that 

utilizes four different skeletal and dental data types to capture the range of human 

biological variation and assess the utility of this variation in forensic anthropology. 

Combining all of these data types into a single project makes the results useful to a wider 

range of researchers and professionals. Further, this novel methodological approach can 

more appropriately evaluate the role(s) each evolutionary force plays in the skeletal and 

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 types leads to gaps in the reference 

samples and trait data, where not all populations are represented and not all cranial and 
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dental, metric and nonmetric trait data are available for every population. The 

information gleaned by studying existing publications thus results in an 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 types in a single project. 

This study also contributes to advancing anthropological knowledge by examining 

phenotypic variation. The biological relationships between Japanese and Asian American 

populations are mostly explored based on archaeological and genetic data (e.g. (Barnes 

2015; Horai et al. 1996). While previous studies investigating the Asia have used skeletal 

and dental data (Brace et al. 1989; Pietrusewsky 1992a; Pietrusewsky 1992b) this multi-

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 provides significant 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 cranial and dental metric and nonmetric datasets from the same 

individuals in these samples 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 anthropology reference databases and statistical methods. By focusing on 

Asian populations, this project increases Asian sample sizes that can be utilized in 

forensic casework.  
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Literature Review 

 

Biological Distance Analysis 

Human phenotypic 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 life 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 analyses use skeletal and 

dental phenotypic data as proxies for genotypic similarities (Buikstra et al. 1990; Hefner 

2016; Stojanowski and Schillaci 2006). While identifying patterns based on cranial, 

dental, and/or genetic data provides insight into biological similarities between 

populations, explaining and understanding how 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 selection (Mielke et al. 2011). Each of 

these forces can create changes within populations that can be observed in the skeleton 

(Falconer and Mackay 1996). Biodistance analyses draw on information gained from 

population genetics, biology, and ecology to identify skeletal and dental traits that 

indicate biological affinities (Buikstra et al. 1990). Each of the variables typically used in 

biodistance studies is directed by different genes and developmental processes and is 



16 
 

 

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 evolutionary processes.  

 

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 ancestry estimation 

methods (Pink 2016). Cranial macromorphoscopic traits (i.e., traits related to cranial 

shape and form that are visible in the skeleton and the living (Hefner 2009) tend to 

perform better at estimating ancestry (Hefner 2009; Hefner and Ousley 2014; Hefner et 

al. 2014). Cranial macromorphoscopic traits can also be 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 these cranial forms is not well understood (Carson 

2006; Pink et al. 2016). Studies for human cranial nonmetric traits have produced 

heritability values of 0 (no genetic control) to 1.0 (complete genetic control) (Carson 

2006). For example, hypo- and hyper-stotic traits are more influenced by environmental 

factors than traits related to the passage of nerves and blood vessels (Carson 2006). In 

regard to cranial form (i.e., morphoscopics), a recent study by Adhikari 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 

analyses (Nakashima 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 wear (Hubbard et al. 2015; Paul and Stojanowski 2015). In 

addition, dental nonmetric traits are considered to have high heritabil ity values, and they 

exhibit variation in their degree of expression across populations (Hubbard et al. 2015; 

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

et al. (2018b) assert that genetic drift has been the primary acting force of dental 

nonmetric traits; yet, Mizoguchi (2013) argues that selection has played in a role in the 

expression of some traits. This research demonstrates associations between dental 

morphological variation (i.e., Carabelliôs trait and shoveling) with diet, environment, and 

blood-group systems. Further, Bryk et al. (2008) suggests positive selection forces have 

acted on the ectodysplasin A receptor (EDAR) gene polymorphism. EDAR has been 

linked to incisor shoveling and tooth size, which suggests both are influenced by positive 

selection (Kimura et al. 2009). Hlusko et al. (2018) argue that pleiotropic selection during 

the Beringian standstill may have played a large role in incisor shoveling frequency 

throughout the Americas. 

Craniometrics 

Cranial measurements are known to be shaped by sexual dimorphism 

(Mahakkanukrauh et al. 2015; Spradley and Jantz 2011) as well as genes, culture, diet, 
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masticatory force, and evolution (Dudzik 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 heritability (h2å0.55) 

(Devor 1987; Sjøvold 1984), cranial form is plastic and can be shaped by the individualôs 

environment (Dudzik and Kolatorowicz 2016; Spradley 2006). Craniometrics are 

generally considered selectively neutral on a global scale (Relethford 2002). As a result, 

craniometric variation patterns occur according to geography (Dudzik and Kolatorowicz 

2016; Relethford 2009) and are thus useful for migration (Relethford and Blangero 1990) 

and population history studies (von Cramon Taubadel and Weaver 2009). By contrast, 

von Cramon-Taubadel (2016) found 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 heritability values (Pilloud and Kenyhercz 2016; 

Townsend and Brown 1978) mostly over 60% (Dempsey and Townsend 2001; Hanihara 

and Ishida 2005) . Significant dental size reduction during the Neolithic likely resulted 

from complex processes, including a relaxation of selective pressures introduced with the 

transition to agriculture (Pinhasi and Meiklejohn 2011). Again, like craniometrics, 

odontometric variation exhibits patterns according to large geographic populations 

(Hanihara and Ishida 2005). This variation could be influenced by genetic drift, gene 

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

Studies similar to the current work have posited that neutral (gene flow, genetic drift, 

and mutation) and non-neutral (selection) evolutionary forces affect cranial and dental 

metric and nonmetric data differently (von Cramon-Taubadel 2016). Research focusing 

on craniomandibular (von Cramon-Taubadel 2016) and postcranial (Savell 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 most influenced 

by neutral forces, while dental metric and nonmetric traits may be influenced by both 

neutral and non-neutral forces (Hefner and Pilloud 2015). The samples used in the current 

work include modern Japanese (Tokyo, Japan) and Asian American (Hawaiôi, US) 

individuals from agricultural communities. As these samples are contemporaneous with 

each other, share the same subsistence strategy (i.e., agriculture), are close in terms of 

geographic distance, and are both from island chains, selective pressures may not 

substantially differ (Savell 2020). Therefore, assessing selective forces due to 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 regions are likely the greatest 

contributing factor to regional trait variation (Rathmann et al. 2017). Therefore, 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. 
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Population History 

East Asians are often combined into a single óAsianô category (Rhine 1990), which 

implies these populations are homogeneous and have similar expressions of phenotypic 

skeletal morphology. However, these populations represent varied groups with complex 

pasts. Addressing the population histories and evolution of these populations is 

imperative to a biodistance study of this region and to improving forensic anthropological 

methods of population affinity and sex estimation. Further, there is a dearth of research 

on this part of the world, which negatively impacts our ability to estimate the biological 

profile of individuals from Asian populations. To address these problems, the current 

work explores the skeletal variation of Japanese and Asian American populations through 

a lens of microevolution 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 anthropology. The 

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 Paleolithic) (Hanihara 1991; 

Horai et al. 1996; Jinam et al. 2015). Gene flow and cultural diffusion likely occurred 

slowly between these populations, eventually creating the Hondo Japanese. The Hondo 

Japanese, also referred to as the ómainlandô Japanese, comprise the major modern 
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population of the archipelago and descend from ancestors who inhabited the Honshu, 

Shikoku, and Kyushu islands.  

Unification and centralization were nearly 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 and trade (Jinam et al. 

2015). As a result, centralized power did not truly exist in Japan until the Tokugawa or 

Edo Period (CE 1600-1868). Under shogunate rule, the population steadily rose to 30 

million in 1720 (Gordon 2013). The Japanese foreign policy during the Tokugawa can 

largely be summarized as a period of seclusion. Tokugawa rulers feared the spread of 

foreign religion into the local populace, thus isolating Japan for approximately 200 years. 

During this period, there was extensive domestic growth, including economic, cultural, 

creative, and population growth, which later contributed to rapid Japanôs Industrial 

Revolution. The Tokugawa was filled with increased urbanization, domestic trade, and 

handcrafts. Intellectual progress was also emphasized, including the study of astronomy, 

Confucianism, mathematics, medicine, and engineering (Miller 2019). While the country 

flourished for a period, 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 influences from foreign powers, such as the US, Russia, and Europe, led to 

the collapse of the Tokugawa, which was officially ended with the forceful entry of the 

United States in 1853. The fall of the shogunate was followed by the Meiji Restoration in 

1868, which returned power to imperial rule and ushered in a time of modernization and 

westernization for Japan (Gordon 2013). Japanôs Industrial Revolution in the 1860s-
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1890s and the entrance of modernity in 20th century Japan introduced opportunities for 

globalization. Japan lacked raw materials, which lead to a war with China over Korea in 

the Sino-Japanese War of 1894-95. 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 controlled Korea until 1945 (Gordon 2003). 

The second Sino-Japanese War (1937-45) resulted in massive losses on both sides and 

only ended when Japan surrendered to the Allied forces at the end of World War II. 

Allied forces subsequently occupied Japan from 1945-1952 and exerted efforts to 

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

1800s, Japanôs economy increased significantly post-WWII (Gordon 2003) . 

Asians in America 

The term Asian American encompasses a vast number of populations from multiple 

regions of Asia, including more than 40 national and language groups (Hsu 2017). The 

US Census term for this social race category, óAsian American Pacific Islanders (AAPI),ô 

includes more than 50 ethnic groups from West Asia to the Pacific Islands (Hsu 2021). 

The history of Asian individuals in North America began in the late 16th Century when 

Filipino scouts (óLuzon Indiansô) from a Spanish ship arrived on the coast of what is now 

considered California when the ship took refuge while repairing damages. As 

demonstrated by this story, Asian migrations to the US are rooted in the expansion of 

colonial empires and conquests of capitalism (Hsu 2017). Hsu (2017) argues that the 

Americas served as a tool for European empires by providing physical, economic, and 

political links and networks to further colonial expansion. óChinosô or slaves from Asia, 
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including India, Japan, the Philippines, Bangladesh, and the Indonesian islands, represent 

early Asian migration to North America (Hsu 2017). These people were enslaved and 

forcefully brought to the Americas by the Spanish Empire in its efforts to expand its 

networks and territories.  

Subsequent Asian migrations reached Hawaiôi by the 1830s. At this time, Hawaiôi was 

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 

Hawaiôians. However, European contact exposed the Indigenous populations to disease, 

which devastated the native population. To fill this labor gap, thousands of Chinese 

migrants travelled to Hawaiôi as laborers for the expansion of industrial agriculture. 

Large Chinese migrations began in the 18th Century and continued into the 19th Century 

in the form of the ócoolie trade,ô whereby thousands of Chinese migrants were tricked 

into migrating to the Hawaiôi and the US each year and were forced into providing free 

labor; this practice continued from 1807 until it was banned in 1847. By the late 19th 

Century, the Chinese labor population had grown too large for plantation owners in 

Hawaiôi to manage. Plantation owners subsequently began to solicit Japanese migrants 

for plantation work; Japanese migrants were only too willing to fulfill this need due to 

unfair political and governmental pressure at home (Hsu 2017). More than one million 

Japanese emigrated from Japan from the mid-19th to the mid-20th Centuries; 

approximately one quarter of those migrants settled in Hawaiôi. As with the Chinese-

dominated sugar plantation workforce, the Japanese workforce was replaced by Korean 

labor in an effort to stave off demands from the Japanese workers following a series of 

strikes from 1900-1909 (Hsu 2017). This process was again repeated when the Korean 
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workforce became too large, sparking the recruitment of Filipino migrant labor beginning 

in the 1910s.  

In addition to mass migrations from Asia for the sugar plantation workforce in Hawaiôi, 

Asian groups migrated to California in response to the gold rush in the mid-1850s. 

Chinese migrants who responded to the gold rush formed the primary workforce who 

constructed the western portion of the Transcontinental Railroad. Asian migrants 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 workforce for 

the construction and associated economic development of the western US (Hsu 2017).  

Asian and Asian-derived populations expanded throughout the US and today 22 million 

Asian Americans live in the US (Budiman and Ruiz 2021). Nearly half of Asian 

Americans reside in the western half of the country, and as of 2019, Asian Americans 

comprised 57% of the population of Hawaiôi. Migration from regions of Asia have 

continued to today; approximately one-half of Asian Americans were born outside the US 

(Budiman and Ruiz 2021). 
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Materials 

Study Samples 

Data were collected from 97 adult individuals with available skulls and dentition from 

two universities with modern donated skeletal collections (Table 1): Jikei University 

School of Medicine (óJikeiô) (Japan, n = 32) and the Mann-Labrash Osteological 

Collection (óMann-Labrash') housed in the John A. Burns School of Medicine at the 

University of Hawaiôi (United States, n = 65) (Table 1). The Mann-Labrash Osteological 

Collection consists of more than 200 individuals (Mann et al. 2020). This research 

employed a balanced sampling approach by using roughly equal male-female ratios from 

each study sample.  

 

Table 1. Study samples. 

Skeletal Collection Location Females Males Total 

Jikei University School of Medicine Japan 13 19 32 

Mann-Labrash Osteological Collection 

(John A. Burns School of Medicine, 

University of Hawai'i) 

Hawai'i, 

United States 
30 35 65 

Total  43 54 97 

 

 

Table 2. Self-identified ethnicity/race (sic) of the individuals from the Mann-Labrash 

Osteological Collection included in this research. 

Self-Identified Ethnicity/Race Number Percentage 

Japanese alone 33 56% 

Korean alone 4 7% 

Chinese alone 3 5% 

Chinese and Hawaiian 3 5% 

Hawaiian, Filipino, and Chinese 2 3% 

Vietnamese alone 2 3% 

Japanese and Caucasian 1 2% 

Japanese and English 1 2% 

Japanese and French 1 2% 
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Chinese and Japanese 1 2% 

Chinese and Caucasian (Irish, English, Scottish), 

and American Indian 
1 2% 

Filipino alone 1 2% 

Filipino and Caucasian 1 2% 

Hawaiian, Chinese, and Spanish 1 2% 

Hawaiian, Caucasian, Filipino, and Japanese 1 2% 

Hawaiian, Chinese, and Caucasian 1 2% 

Hawaiian, Japanese, and Korean 1 2% 

Micronesian alone 1 2% 

Total 59  

 

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 collectionsô curators. The Jikei University 

collection utilizes the term ancestry as the categorical term for their curated sample of 

Japanese individuals. The Jikei University collection consists entirely of Japanese 

individuals and that is the population term used for this sample. The Mann-Labrash 

skeletal collection employs the term ethnicity/race on its donation forms to maintain 

consistency with the Hawaiôi Stateôs Department of Health Death Certificate 

Registration. The ethnicity/race of each individual in the Mann-Labrash collection is self-

reported and not limited to one category (Table 2), Because the Mann-Labrash 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 research as Asian American, 

though this term is used with caution, and 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 terms ancestry or 

ethnicity/race to describe human biological 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 noted that a total of 78% of the Mann-Labrash individuals were born in the 

US, while the remaining 22% were foreign-born. The distinction between US- 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 2013) and the Forensic Anthropology Data Bank (FDB) (Jantz and Moore-

Jansen 1988) were used for cranial nonmetric analyses. Data from the 

Macromorphoscopic Databank (MaMD) (Hefner 2018) were used in cranial 

macromorphoscopic analyses (Table 3). Reference samples from the rASUDAS program 

(dôOliveira Coelho and Navega 2018b) collected by Christy Turner on largely 

archaeological samples (Scott et al. 2018a) were 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, Sub-Saharan Africa, and West Eurasia (Table 4). Reference 

data from Pilloud and Scott (2017) and Adams and Pilloud (2019) were used in all other 

dental morphology analyses (Table 5). Reference samples from the Howells (1973, 1989, 

1995) datasets and the FDB (Jantz and Moore-Jansen 1988) were used for craniometric 

analyses (Table 6). Finally, reference samples from Pilloud et al. (2014) and Pilloud and 

Scott (2017) were used for odontometric analyses (Table 7). 
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Table 3. Cranial nonmetrics and macromorphoscopics datasets. 

Population 

Code 

Population 

Name 
Location Females Males Total Source 

AI  Amerindian North America unknown unknown 100 Hefner (2018) 

AMBL  
American 

Black 
U.S. 44 56 100 Hefner (2018) 

AMWH 
American 

White 
U.S. 44 55 99 Hefner (2018) 

HH Hispanic U.S. 26 74 100 Hefner (2018) 

B Black U.S. 24 36 60 

Jantz and 

Moore-Jansen 

(1988) 

WH White U.S. 57 86 143 

Jantz and 

Moore-Jansen 

(1988) 

H Hispanic U.S. 3 26 29 

Jantz and 

Moore-Jansen 

(1988) 

USB 
African 

American 
U.S. 27 33 60 

Ossenberg 

(2013) 

KEN Kenya East Africa 14 7 21 
Ossenberg 

(2013) 

TAN Tanzania East Africa 31 16 47 
Ossenberg 

(2013) 

SUD Sudan North Africa 25 42 67 
Ossenberg 

(2013) 

S 
Southern 

Africa 

Southern 

Africa 
18 42 60 

Ossenberg 

(2013) 

GAB Gabon West Africa 3 3 6 
Ossenberg 

(2013) 

GHA Ghana West Africa 14 17 31 
Ossenberg 

(2013) 

NIG Nigeria West Africa 13 15 28 
Ossenberg 

(2013) 

W West Japan Northeast Asia 106 161 267 
Ossenberg 

(2013) 

HK Hokkaido Japan 87 102 189 
Ossenberg 

(2013) 

AL 
Aleutian 

Islands 

NW Native 

American 
198 197 395 

Ossenberg 

(2013) 

SAL South Alaska 

Arctic Native 

American and 

Greenland 

282 261 543 
Ossenberg 

(2013) 

SLS 
St. Lawrence 

Island Siberia 

Arctic Native 

American and 

Greenland 

168 180 348 
Ossenberg 

(2013) 

NAL North Alaska 

Arctic Native 

American and 

Greenland 

196 218 414 
Ossenberg 

(2013) 
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CAR Central Arctic 

Arctic Native 

American and 

Greenland 

165 163 328 
Ossenberg 

(2013) 

EAR Eastern Arctic 

Arctic Native 

American and 

Greenland 

185 148 333 
Ossenberg 

(2013) 

ARM Armenia Eurasia 48 69 117 
Ossenberg 

(2013) 

AT 
Aleutian 

Islands 

Northwest 

Native 

American and 

Greenland 

84 81 165 
Ossenberg 

(2013) 

CAN Canada 

Britain Eurasia 

(19th C British 

origin) 

98 118 216 
Ossenberg 

(2013) 

BV Bavaria Eurasia 3 4 7 
Ossenberg 

(2013) 

CZ Czechoslovakia Eurasia 3 10 13 
Ossenberg 

(2013) 

GE Germany Eurasia 2 5 7 
Ossenberg 

(2013) 

RU Russia Eurasia 0 13 13 
Ossenberg 

(2013) 

HU Hungary Eurasia 17 41 58 
Ossenberg 

(2013) 

IC Iceland Eurasia 19 19 38 
Ossenberg 

(2013) 

IND India Eurasia 50 68 118 
Ossenberg 

(2013) 

SIE Siena, Italy Eurasia 43 44 87 
Ossenberg 

(2013) 

C Central Japan Northeast Asia 134 223 357 
Ossenberg 

(2013) 

N North Japan Northeast Asia 86 106 192 
Ossenberg 

(2013) 

NN 
Northern North 

Japan 
Northeast Asia 21 31 52 

Ossenberg 

(2013) 

CHN North China 
Continental 

Northeast Asia 
13 55 68 

Ossenberg 

(2013) 

MON Mongolia 
Continental 

Northeast Asia 
24 35 59 

Ossenberg 

(2013) 

SIB Siberia 
Continental 

Northeast Asia 
83 93 176 

Ossenberg 

(2013) 

NMV 

Northern 

Mississippi 

Valley 

Northwest 

Native 

American and 

Greenland 

147 217 364 
Ossenberg 

(2013) 

ILL  Illinois 

Northeast 

Native 

American and 

Greenland 

41 51 92 
Ossenberg 

(2013) 

NFL Newfoundland 
Northeast 

Native 
15 20 35 

Ossenberg 

(2013) 
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American and 

Greenland 

ONT Ontario 

Northeast 

Native 

American and 

Greenland 

34 29 63 
Ossenberg 

(2013) 

NPC 
North Pacific 

Coast 

Northwest 

Native 

American and 

Greenland 

180 248 428 
Ossenberg 

(2013) 

PEC Pecos 

Southwest 

Native 

American and 

Greenland 

81 71 152 
Ossenberg 

(2013) 

PLN Plains 

Northwest 

Native 

American and 

Greenland 

92 133 225 
Ossenberg 

(2013) 

PLT Plateau 

Northwest 

Native 

American and 

Greenland 

91 114 205 
Ossenberg 

(2013) 

CH Chile 

South America 

Native 

American and 

Greenland 

7 25 32 
Ossenberg 

(2013) 

PT Patagonia 

South America 

Native 

American and 

Greenland 

2 10 12 
Ossenberg 

(2013) 

TF 
Terra del 

Fuego 

South America 

Native 

American and 

Greenland 

5 9 14 
Ossenberg 

(2013) 

AU Australia South Pacific 21 29 50 
Ossenberg 

(2013) 

CHAT Chatham Island South Pacific 9 11 20 
Ossenberg 

(2013) 

MQ Marquesas South Pacific 14 37 51 
Ossenberg 

(2013) 

NZ New Zealand South Pacific 20 24 44 
Ossenberg 

(2013) 

J Japanese Japan 13 19 32 This study 

AA 
Asian 

American 
Hawai'i, U.S. 30 35 65 This study 

Total     7395  

 

 

Table 4. Dental morphology datasets in rASUDAS web-based application. 
Population Name Location/Group Name 

American Arctic and Northeast 

Siberia 
Aleut, Inuit, Chukchi 
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Native American 
North American, Mesoamerican, South 

American Indian 

East Asia China, Japan, Mongolia 

Southeast Asia and Polynesia 
Insular and mainland Southeast Asia, 

Polynesia 

Australo-Melanesia and Micronesia 
Australia, New Guinea, big island 

Melanesia, Micronesia 

Sub-Saharan Africa West Africa, East Africa, South Africa 

West Eurasia Europe, North Africa, India 

  

Table 5. Dental morphology datasets. 
Population 

Code 
Population Name Location Females Males Total Source 

JJ Japanese Japan 22 70 92 

Adams and 

Pilloud 

(2019) 

AW American White U.S. 115 200 316 
Pilloud and 

Scott (2017) 

AB American Black U.S. 6 28 34 
Pilloud and 

Scott (2017) 

SAB South African Black South Africa 100 229 333 
Pilloud and 

Scott (2017) 

H Hispanic U.S. 4 14 18 
Pilloud and 

Scott (2017) 

SAW 
South African 

White 
South Africa 6 22 28 

Pilloud and 

Scott (2017) 

SAC 
South African 

Coloured 
South Africa 25 38 63 

Pilloud and 

Scott (2017) 

J Japanese Japan 15 19 34 This study 

AA Asian American Hawai'i, U.S. 19 24 43 This study 

Total     961  

 

 

 

Table 6. Craniometric datasets. 

Population 

Code 

Population 

Name 
Location Females Males Total Source 

B Black U.S. 178 289 467 

Jantz and 

Moore-Jansen 

(1988) 

W White U.S. 630 1020 1650 

Jantz and 

Moore-Jansen 

(1988) 

H Hispanic 
U.S., Mexico, 

Central America 
36 163 199 

Jantz and 

Moore-Jansen 

(1988) 

NAm 
Native 

American 
North America 11 20 31 

Jantz and 

Moore-Jansen 

(1988) 
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EA East Asian 

East and Southeast 

Asia (Laos, Japan, 

Philippines, 

China, Malaysia, 

Vietnam, 

Cambodia, 

Polynesia/Hawai'i) 

6 8 14 

Jantz and 

Moore-Jansen 

(1988) 

NR Norse Oslo, Norway 55 55 110 
Howells (1973, 

1989, 1995) 

ZA Zalavar Hungary 45 53 98 
Howells (1973, 

1989, 1995) 

BE Berg Austria 53 56 109 
Howells (1973, 

1989, 1995) 

EG Egypt Giza, Egypt 53 58 111 
Howells (1973, 

1989, 1995) 

TE Teita Kenya 50 33 83 
Howells (1973, 

1989, 1995) 

DG Dogon Mali 52 47 99 
Howells (1973, 

1989, 1995) 

ZU Zulu South Africa 46 55 101 
Howells (1973, 

1989, 1995) 

BU Bushman South Africa 49 41 90 
Howells (1973, 

1989, 1995) 

AUS Australia 
Lower Murray 

River, Australia 
49 52 101 

Howells (1973, 

1989, 1995) 

TAS Tasmania Tasmania 42 45 87 
Howells (1973, 

1989, 1995) 

TL Tolai New Britain 54 56 110 
Howells (1973, 

1989, 1995) 

MK Mokapu Hawai'i, U.S. 49 51 100 
Howells (1973, 

1989, 1995) 

BR Buriat Siberia, Russia 54 55 109 
Howells (1973, 

1989, 1995) 

ES Eskimo Greenland 55 53 108 
Howells (1973, 

1989, 1995) 

P Peru Peru 55 55 110 
Howells (1973, 

1989, 1995) 

AD Andaman Andaman Islands 35 35 70 
Howells (1973, 

1989, 1995) 

EI Easter Island Easter Island 37 49 86 
Howells (1973, 

1989, 1995) 

AR Arikara 
South Dakota, 

U.S. 
27 42 69 

Howells (1973, 

1989, 1995) 

AI  Ainu Hokkaido, Japan 38 48 86 
Howells (1973, 

1989, 1995) 

NJ North Japan Hokkaido, Japan 32 55 87 
Howells (1973, 

1989, 1995) 

SJ South Japan Kyushu, Japan 41 50 91 
Howells (1973, 

1989, 1995) 

HA Hainan China 38 45 83 
Howells (1973, 

1989, 1995) 

AY Anyang China 0 42 42 
Howells (1973, 

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

1989, 1995) 

PH Philippines Philippines 0 50 50 
Howells (1973, 

1989, 1995) 

GU Guam Guam 27 30 57 
Howells (1973, 

1989, 1995) 

MI  Moriori Chatham Islands 51 57 108 
Howells (1973, 

1989, 1995) 

SM South Maori New Zealand 0 10 10 
Howells (1973, 

1989, 1995) 

NM North Maori New Zealand 0 10 10 
Howells (1973, 

1989, 1995) 

SC Santa Cruz California, U.S. 51 51 102 
Howells (1973, 

1989, 1995) 

AA 
Asian 

American 
Hawai'i, U.S. 20 28 48 This study 

J Japanese Japan 15 19 34 This study 

Total     4967  

 

 

Table 7. Odontometric datasets. 

Population 

Code 

Population 

Name 
Location Females Males Total Source 

EAf East Africa 
Kenya, Somalia, Tanzania, 

Uganda 
42 304 346 

Pilloud et al.  

(2014) 

SSA 

Sub 

Saharan 

Africa 

Cameroon, Congo, Ethiopia, 

Gabon, Gambia, Ghana Ashanti, 

Guinea, Ivory Coast, Lesotho, 

Malawi, Mozambique, Rwanda, 

South Africa Bushman, South 

African Hottentot, South Africa 

Kaffir, South Africa Zulu, 

Zambia, Zimbabwe 

33 282 315 
Pilloud et al.  

(2014) 

WAf  
West 

Africa 

Liberia, Nigeria, Senegal, Sierra 

Leone 
17 165 182 

Pilloud et al.  

(2014) 

GUY Guyana Guyana 0 8 8 
Pilloud et al.  

(2014) 

JAM Jamaica Jamaica 0 7 7 
Pilloud et al.  

(2014) 

EA East Asian China, Japan, Korea 51 197 248 
Pilloud et al.  

(2014) 

MEL Melanesia 

Bismarck, Fiji, New Britain, 

New Caledonia, New Hebrides, 

New Ireland, Papua New 

Guinea, Santa Cruz, Solomon, 

Torres Strait 

277 618 895 
Pilloud et al.  

(2014) 

MIC Micronesia 

Caroline Islands, Caroline 

Ponape, Caroline, Gilbert 

Islands, Mariana Saipan, 

Mariana Tinian, Marshall 

Islands 

25 73 98 
Pilloud et al.  

(2014) 
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NAm 
Native 

American 

Alabama, Alaska, Arch Lake, 

Arizona, Arkansas, California, 

Colorado, Delaware, Florida, 

Georgia, Horn Shelter, Illinois, 

Kansas, Kentucky Indian Knoll, 

Kentucky, Louisiana, Maryland, 

Michigan, Mississippi, Missouri, 

Montana, Nebraska, Nevada, 

New Jersey, New Mexico, New 

York, North Dakota, Ohio, 

Oregon, Pennsylvania, South 

Dakota, Tennessee, Texas, Utah, 

Virginia, Washington, West 

Virginia, Wisconsin, Wyoming  

294 434 728 
Pilloud et al.  

(2014) 

POL Polynesian 

Chatham Islands Moriori, Cook 

Islands, Easter Islands, Gambier 

Islands, Hawai'i, Marquesas, 

New Zealand Maori, Samoa, 

Society Islands, Tonga, Tuamotu 

Islands 

252 718 970 
Pilloud et al.  

(2014) 

SEA 
Southeast 

Asian 

Bali, Borneo, Cambodia, 

Celebes, Java, Laos, Lesser 

Sunda, Macassar, Malacca, 

Malay, Molucca, Myanmar, 

Negrito Philippines, Negrito 

Semang, Nicobar Islands, 

Philippines, Sulu, Sumatra, 

Sumbawa, Thailand, Timor, 

Vietnam  

86 694 780 
Pilloud et al.  

(2014) 

E Europe 

Albania, Austria, Belgium, 

Bulgaria, Czech, Denmark, 

Finland, France, Germany, 

Greece, Herzegovina, Holland, 

Hungary, Italy, Lapp, Norway, 

Poland, Portugal, Romania, 

Russia, Spain, Sweden, 

Switzerland, Yugoslavia 

123 635 758 
Pilloud et al.  

(2014) 

SP Spitalfields Spitalfields, England 102 195 297 
Pilloud et al.  

(2014) 

AfB 

South 

African 

Black 

South Africa 62 94 156 
Pilloud and 

Scott (2017) 

EW 
European 

White 
South Africa 2 10 12 

Pilloud and 

Scott (2017) 

C 

South 

African 

Coloured 

South Africa 7 16 23 
Pilloud and 

Scott (2017) 

J Japanese Japan 19 15 34 This study 

AA 
Asian 

American 
Hawai'i, U.S. 30 29 59 This study 

Total   5916    
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Methods 

 

Data Collection and Trait Lists 

Cranial Nonmetric and Macromorphoscopic Data 

Cranial macromorphoscopic data were collected following Hefner (2009) and Hefner 

and Linde (2018), and cranial nonmetric data were collected following Berry and Berry 

(1967), Hauser and De Stefano (1989), and Buikstra and Ubelaker (1994) (Table 8).  

 

Table 8. Cranial nonmetric and macromorphoscopic traits collected. 

(1Berry and Berry 1967; 2Hauser and De Stefano 1989; 3Buikstra and Ubelaker 1994; 
4Hefner 2009; 5Hefner and Linde 2018) 

Supraorbital notch1,2,3 Nasal aperture width4,5 Fronto-temporal articulation1,2,3 

Supraorbital foramen1,2,3 Nasal bone contour4,5 Parietal notch ossicle1,2,3 

Infraorbital suture1,2,3 Nasal bone shape5 Asterionic ossicle1,2,3 

Multiple infraorbital 

foramina1,2,3 
Nasal overgrowth4,5 

Occipito-mastoid suture 

ossicle1,2,3 

Zygomatico-facial foramina1,2,3 Nasofrontal suture5 Divided hypoglossal canal1,2,3 

Condylar canal1,2,3 Orbital shape5 
Accessory lesser palatine 

foramen1,2,3 

Flexure of superior sagittal 

sulcus1,2,3 
Postbregmatic depression4,5 Frontal foramina1,2,3 

Foramen ovale incomplete1,2,3 Posterior zygomatic tubercle5 Mylohyoid bridge1,2,3 

Foramen spinosum 

incomplete1,2,3 
Supranasal suture4,5 Accessory mental foramen1,2,3 

Pterygo-spinous bridge1,2,3 Transverse palatine suture4,5 Inca bone1,2,3 

Pterygo-alar bridge1,2,3 Zygomaticomaxillary suture4,5 Sagittal ossicle1,2,3 

Tympanic dehiscence1,2,3 Lambdoid ossicle1,2,3 Bregma ossicle1,2,3 

Auditory exostosis1,2,3 Parietal foramen1,2,3 Apical bone1,2,3 

Anterior nasal spine4,5 Mastoid foramen number1,2,3 Palatine torus1,2,3 

Inferior nasal aperture4,5 Mastoid foramen location1,2,3 Mandibular torus1,2,3 

Interorbital breadth4,5 Coronal ossicle1,2,3 Metopism1,2,3 

Malar tubercle4,5 Epipteric ossicle1,2,3 Pharyngeal fossa1,2,3 

Nasal aperture shape5     
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Dental Morphological Data 

Data were recorded following Scott and Turner (1997), Turner et al. (1991), Pilloud 

(2018), Pilloud et al. (2018), and Perash et al. (2018) (Table 9). Data were recorded from 

both sides of the dental arcade; when one antimere displayed a higher trait expression that 

score was used in analyses (Pilloud et al. 2016; Scott 1977). Traits obscured by extensive 

crown wear were not scored. The breakpoints in Scott and Irish (2017) and Scott 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, and breakpoints used in analyses. 
MAXILLA  MANDIBLE  

Trait and Reference 
Key 

Tooth 

Grades of 

Expression 

(Breakpoint) 

Trait and Reference 
Key 

Tooth 

Grades of 

Expression 

(Breakpoint) 

Winging1,2 UI1 0-3 (1+) Shoveling1,2  0-7 (3+) 

Labial convexity1,2 UI1 0-5 (2+) 
Distal accessory 

ridge1,2 
LC 0-5 (2+) 

Lateral incisor 

variants2 
UI2 0-6 Lingual cusps1,2 LP2 0-3 (1+) 

Shoveling1,2 UI1 0-7 (3+) Tome's root1,2  0-5 (4+) 

Double shoveling1,2 UI1 0-6 (2+) Dental crowding3  0-3 (1+) 

Interruption 

grooves1,2 
UI2 

0, M, D, MD, 

Med 
Groove pattern1,2 LM2 X, +, Y (Y) 

Tuberculum dentale1,2 UI2 0-6 (2+) Cusp number1,2  4-6 (4) 

Mesial ridge1,2 UC 0-3 (1+) Deflecting wrinkle1,2 LM1 0-3 (2+) 

Distal accessory 

ridge1,2 
UC 0-5 (2+) Distal trigonid crest1,2 

LM1, 

LM3 
0-1 (1) 

Diastema3 
UI, 

UC 
0-2 (1+) Anterior fovea1,2 

LM1, 

LM2 
0-4 (2+) 

Dental crowding3  0-3 (1+) Protostylid1,2 LM1 0-7 (2+) 

Accessory cusps1,2 UP1 0-3 (1+) Cusp 51,2 LM2 0-5 (1+) 

Uto-Aztecan 

premolar1,2 
UP1 0-1 (1) Cusp 61,2 LM1 0-5 (1+) 

Metacone1,2 UM3 0-6 (3+) Molar crenulation4 LM2 0-2 (1+) 

Hypocone1,2 UM2 0-6 (2+) Cusp 71,2  0-4 (1+) 

Metaconule1,2 UM1 0-5 (1+) Enamel extensions1,2 LM1 0-3 (2+) 

Carabelli's trait1,2 UM1 0-7 (5+) Root number1,2  1-3 (2+) 
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Parastyle1,2 UM1 0-6 (2+) Odontome1,2 
LP1, 

LP2 
0-1 (1) 

Molar crenulation4 UM2 0-2 (1+) Congenital absence1,2 LM3 0-1 (1) 

Enamel extensions1,2 UM1 0-3 (2+)   
  

Root number1,2 UP1 1-3 (2+)     

Potato tooth5  0-2 (1+)   
  

Peg-shape1,2 UM3 0-2 (1+)   
  

Odontome1,2 
UP1, 

UP2 
0-1 (1) 

  
  

Congenital absence1,2 UM3 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 distances (Jantz and Ousley 2005b) (Table 10). 

 

Table 10. Cranial measurements collected. 

Trait 

Code 
Name Description of Measurement Reference 

 GOL 
Glabello-occipital 

length 

Greatest length, from the glabellar 

region, in the median sagittal plane. 
Howells (1973): 170 

 NOL Nasio-occipital length 
Greatest cranial length in the median 

sagittal plane, measured from nasion. 
Howells (1973): 171 

 BNL Basion-nasion length 
Direct length between nasion and 

basion. 
Howells (1973): 172 

 BBH Basion-bregma height 
Distance from bregma to basion, as 

defined. 
Howells (1973): 172 

 XCB 
Maximum cranial 

breadth 

The maximum cranial breadth 

perpendicular to the median sagittal 

plane (above supramastoid crests). 

Howells (1973): 172 

 XFB 
Maximum frontal 

breadth 

The maximum breadth at the coronal 

suture, perpendicular to the median 

plane. 

Howells (1973): 172 

 WFB 
Minimum frontal 

breadth 

The minimum breadth across the 

frontal, perpendicular to the median 

sagittal plane. Apply the caliper to the 

points of maximum incurvature of the 

temporal line. Taken with the skull on 

its base, with the face toward the 

observer*  

Key (1983): 182 
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 ZYB Bizygomatic breadth 

The maximum breadth across the 

zygomatic arches, wherever found, 

perpendicular to the median plane. 

Howells (1973): 173 

 AUB Biauricular breadth 

The least exterior breadth across the 

roots of the zygomatic processes, 

wherever found. 

Howells (1973): 173 

 ASB Biasterionic breadth 
Direct measurement from one asterion 

to the other. 
Howells (1973): 174 

 BPL Basion-prosthion length 
The facial length from prosthion to 

basion, as defined. 
Howells (1973): 174 

 NPH Nasion-prosthion height 
Upper facial height from nasion to 

prosthion, as defined. 
Howells (1973): 174 

 NLH Nasal height 

The average height from nasion to the 

lowest point on the border of the nasal 

aperture on either side. 

Howells (1973): 175 

 JUB Bijugal breadth 

The external breadth across the malars 

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

in the curvature between the frontal and 

temporal process of the malars. 

Howells (1973): 175 

 NLB Nasal breadth 
The distance between the anterior edges 

of the nasal aperture at its widest extent. 
Howells (1973): 176 

 MAB Palate breadth, external 

The greatest breadth across the alveolar 

borders, wherever found, perpendicular 

to the median plane. 

Howells (1973): 176 

 MAL  External alveolar length 

The distance along the midplane from 

prosthion to alveolon Alveolon is 

defined as the intersection of the 

midplane and a line connecting the 

posterior alveolar borders* Taken with 

the skull base up and a small stick 

resting behind the 3rd molars to define 

alveolon.  

Key (1983): 182 

 MDH Mastoid height 

The length of the mastoid process 

below, and perpendicular to the eye-ear 

plane in the vertical plane. 

Howells (1973): 176 

 OBH Orbital height 

The height between the upper and lower 

borders of the left orbit, perpendicular 

to the long axis of the orbit and 

bisecting it. 

Howells (1973): 175 

 OBB Orbital breadth 

Breadth from ectoconchion to dacryon, 

as defined, approximating the 

longitudinal axis which bisects the orbit 

into equal upper and lower parts. 

Howells (1973): 175 

 DKB Interorbital breadth 
The breadth across the nasal space from 

dacryon to dacryon. 
Howells (1973): 178 

 NDS Naso-dacryal subtense 

The subtense from the deepest point in 

the profile of the nasal bones to the 

interorbital breadth. 

Howells (1973): 178 
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 WNB 
Simotic chord (Least 

nasal breadth) 

The minimum transverse breadth across 

the two nasal bones, or chord between 

the naso-maxillary sutures at their 

closest approach. 

Howells (1973): 179 

 SIS Simotic subtense 

The subtense from the nasal bridge to 

the simotic chord, i.e., from the highest 

point in the transverse section which is 

at the deepest point in the nasal profile. 

Howells (1973): 179 

 ZMB Bimaxillary breadth 
The breadth across the maxillae, from 

one zygomaxillare anterior to the other. 
Howells (1973): 177 

 SSS Bimaxillary subtense 
The projection or subtense from 

subspinale to the bimaxillary breadth. 
Howells (1973): 177 

 FMB Bifrontal breadth 

The breadth across the frontal bone 

between frontomalare anterior on each 

side, i.e., the most anterior point on the 

fronto-malar suture. 

Howells (1973): 177 

 NAS Nasio-frontal subtense 
The subtense from nasion to the 

bifrontal breadth. 
Howells (1973): 178 

 EKB Biorbital breadth 
The breadth across the orbits from 

ectoconchion to ectoconchion. 
Howells (1973): 178 

 DKS Dacryon subtense 

The mean subtense from dacryon 

(average of two sides) to the biorbital 

breadth. 

Howells (1973): 178 

 IML  Malar length, inferior 

The direct distance from zygomaxillare 

anterior to the lowest point of the zygo-

temporal suture on the external surface, 

on the left side. 

Howells (1973): 179 

 XML  Malar length, maximum 

Total direct length of the malar in a 

diagonal direction, from the lower end 

of the zygo-temporal suture on the 

lateral face of the bone, to zygoorbitale, 

the junction of the zygo-maxillary 

suture with the lower border of the 

orbit, on the left side. 

Howells (1973): 180 

 MLS Malar subtense 

The maximum subtense from the 

convexity of the malar angle to the 

maximum length of the bone, at the 

level of the zygomaticofacial foramen, 

on the left side. 

Howells (1973): 180 

 

WMH 
Cheek height, minimum 

The minimum distance, in any 

direction, from the lower border of the 

orbit to the lower margin of the maxilla, 

mesial to the masseter attachment, on 

the left side. 

Howells (1973): 180 

 GLS Glabella projection 

The maximum projection of the midline 

profile between nasion and 

supraglabellare (or the point at which 

the convex profile of the frontal bone 

changes to join the prominence of the 

glabellar region), measured as a 

subtense. 

Howells (1973): 181 
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 STB Bistephanic breadth 

Breadth between the intersections, on 

either side, of the coronal suture and the 

inferior temporal line marking the 

origin of the temporal muscle (the 

stephanion points). 

Howells (1973): 173 

 FRC Frontal chord 

The frontal chord, or direct distance 

from nasion to bregma, taken in the 

midplane and at the external surface. 

Howells (1973): 181 

 FRS 

Nasion-bregma 

subtense (Frontal 

subtense) 

The maximum subtense, at the highest 

point on the convexity of the frontal 

bone in the midplane, to the nasion-

bregma chord. 

Howells (1973): 181 

 FRF 

Nasion-subtense 

fraction (Frontal 

fraction) 

The distance along the nasion-bregma 

chord, recorded from nasion, at which 

the nasion-bregma, or frontal, subtense 

falls. 

Howells (1973): 181 

 PAC 
Bregma-lambda chord 

(Parietal chord) 

The external chord, or direct distance 

from bregma to lambda taken in the 

midplane and at the external surface. 

Howells (1973): 182 

 PAS 

Bregma-lambda 

subtense (Parietal 

subtense) 

The maximum subtense, at the highest 

point on the convexity of the parietal 

bones in the midplane, to the bregma-

lambda chord. 

Howells (1973): 182 

 PAF 

Bregma-subtense 

fraction (Parietal 

fraction) 

The distance along the bregma-lambda 

chord, recorded from bregma, at which 

the bregma-lambda, or parietal, 

subtense falls. 

Howells (1973): 182 

 OCC 
Lambda-opisthion 

chord (Occipital chord) 

The external occipital chord, or direct 

distance from lambda to opisthion taken 

in the midplane and at the external 

surface. 

Howells (1973): 182 

 OCS 

Lambda-opisthion 

subtense (Occipital 

subtense) 

The maximum subtense, at the most 

prominent point on the basic contour of 

the occipital bone in the midplane. 

Howells (1973): 182 

 OCF 

Lambda-subtense 

fraction (Occipital 

fraction) 

The distance along the lambda-

opisthion chord, recorded from lambda, 

at which the lambda-opisthion, or 

occipital, subtense falls. 

Howells (1973): 183 

 FOL 
Foramen magnum 

length 

The length from basion to opisthion, as 

defined. 
Howells (1973): 181 

 FOB 
Foramen magnum 

breadth 

Distance between the lateral margins of 

foramen magnum at the points of 

greatest lateral curvature. 

Definition from 

Buikstra and 

Ubelaker (1994): 77; 

originally defined by 

Martín (1956) 

 NAR Nasion radius 
The perpendicular to the transmeatal 

axis from nasion. 
Howells (1973): 183 

 SSR Subspinale radius 
The perpendicular to the transmeatal 

axis from subspinale. 
Howells (1973): 183 

 PRR Prosthion radius 
The perpendicular to the transmeatal 

axis from prosthion. 
Howells (1973): 183 
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 DKR Dacryon radius 
The perpendicular to the transmeatal 

axis from the left dacryon. 
Howells (1973): 183 

 ZOR Zygoorbitale radius 
The perpendicular to the transmeatal 

axis from the left zygoorbitale. 
Howells (1973): 183 

 FMR Frontomalare radius 
The perpendicular to the transmeatal 

axis from the left frontomalare anterior. 
Howells (1973): 183 

 EKR Ectoconchion radius 
The perpendicular to the transmeatal 

axis from the left ectoconchion. 
Howells (1973): 184 

 ZMR Zygomaillare radius 

The perpendicular to the transmeatal 

axis from the left zygomaxillare 

anterior. 

Howells (1973): 184 

 AVR Molar alveolus radius 

The perpendicular to the transmeatal 

axis from the most anterior point on the 

alveolus of the left first molar. 

Howells (1973): 184 

 BRR Bregma radius 

The perpendicular to the transmeatal 

axis from bregma. See Howells radius 

definitions for more information. 

Key (1983):182 

 VRR Vertex radius 

The perpendicular to the transmeatal 

axis from the most distant point on the 

parietals (including bregma or lambda), 

wherever found. 

Howells (1973): 183 

 LAR Lambda radius 
The perpendicular to the transmeatal 

axis from lambda. 
Key 1983 

 OSR Opisthion radius 
The perpendicular to the transmeatal 

axis from opisthion. 
Key 1983 

 BAR Basion radius 
The perpendicular to the transmeatal 

axis from basion. 
Key 1983 

 

MOW 
Mid-orbital width 

The mid-orbital 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 of 

the orbits as pencil lines before locating 

the points. 

Woo and Morant 

(1934): 199 

 

UFBR 
Upper facial breadth 

Direct distance between the two 

external points on the frontomalar 

suture. 

Definition from 

Buikstra and 

Ubelaker (1994): 75; 

originally defined by 

Martín (1956) 

 

UFHT 

Upper facial height 

(Alveolar point-nasion 

height) 

The upper facial height on the skull. 

The direct distance from nasion to 

[Martín's] prosthion. With this 

measurement, use the LOWEST point 

on the alveolar bone in the midline. 

Definition from 

Fordisc 3 Help File; 

originally defined by 

Hrdliļka (1952): 143 

 NAA 
Nasion angle (Basion-

prosthion) 

Of the facial triangle, the angle at 

nasion, whose sides are basion-nasion 

and nasion-prosthion. 

Howells (1973): 184 
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 PRA 
Prosthion angle 

(Basion-nasion) 

Of the facial triangle, the angle at 

prosthion, whose sides are basion-

prosthion and nasion-prosthion. 

Howells (1973): 185 

 BAA 
Basion angle (Nasion-

Prosthion) 

Of the facial triangle, the angle at 

basion, whose sides are basion-nasion 

and basion-prosthion. 

Howells (1973): 185 

 NBA 
Nasion angle (Basion-

bregma) 

The angle at nasion whose sides are 

basion-nasion and nasion-bregma (the 

opposite side being basion-bregma). 

Howells (1973): 185 

 BBA 
Basion angle (Nasion-

bregma) 

The angle at basion whose sides are 

basion-nasion and basion-bregma (the 

opposite side being the nasion-bregma 

chord). 

Howells (1973): 185 

 SSA Zygomaxillary angle 

The angle at subspinale whose two 

sides reach from this point to 

zygomaxillare anterior left and right. 

Howells (1973): 185 

 NFA Nasion-frontal angle 

The angle at nasion who two sides reach 

from this point to frontomalare, left and 

right. 

Howells (1973): 185 

 DKA Dacryal angle 

The angle formed at dacryon by the 

orbital breadth from ectochonion and 

the subtense from dacryon to biorbital 

breadth; right and left angles added. 

Howells (1973): 186 

 NDA Naso-dacryal angle 

The angle formed at the midline of the 

nasal bones, whose sides reach from 

this point to dacryon, left and right. 

Howells (1973): 186 

 SIA Simotic angle 

The angle at the midline of the nasal 

bones, at their narrowest point, whose 

sides reach to the end points of the 

minimum breadth of the nasal bones. 

Howells (1973): 186 

 FRA Frontal angle 

In the sagittal plane, the angle 

underlying the curvature of the frontal 

bone at its maximum height above the 

frontal chord. 

Howells (1973): 186 

 PAA Parietal angle 

In the sagittal plane, the angle 

underlying the curvature of the parietal 

bones along the sagittal suture, at its 

maximum height above the parietal 

chord. 

Howells (1973): 187 

 OCA Occipital angle 

In the sagittal plane, the angle 

underlying the curvature of the occipital 

bone at its maximum height above the 

occipital chord. 

Howells (1973): 187 
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Odontometric Data 

Maximum tooth crown and cervical measurements were collected from the left side of 

the dental arcades following Moorrees (1957), Hillson (1996), and Hillson et al. (2005) 

using customized dental calipers designed by Hillson and Fitzgerald of University 

College London (Table 11). Antimeres were substituted when measurements from the left 

side were unavailable due to a missing or damaged tooth. Teeth with excessive wear were 

not measured. 

 

Table 11. Dental measurements collected. 

MAXILLA  

Trait Code Tooth Measurement 

UI1_crn_md Upper Incisor 1 (UI1) crown mesiodistal diameter 

UI1_crn_bl Upper Incisor 1 (UI1) crown buccolingual diameter 

UI1_crn_height Upper Incisor 1 (UI1) crown height 

UI1_crx_md Upper Incisor 1 (UI1) cervical mesiodistal diameter 

UI1_crx_bl Upper Incisor 1 (UI1) cervical buccolingual diameter 

UI2_crn_md Upper Incisor 2 (UI2) crown mesiodistal diameter 

UI2_crn_bl Upper Incisor 2 (UI2) crown buccolingual diameter 

UI2_crn_height Upper Incisor 2 (UI2) crown height 

UI2_crx_md Upper Incisor 2 (UI2) cervical mesiodistal diameter 

UI2_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) crown buccolingual 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) crown mesiodistal diameter 

UM1_crn_bl Upper Molar 1 (UM1) crown buccolingual diameter 
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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) cervical buccolingual 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 mesiodistal diameter 

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 

UM3_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 

LI1_crn_md Lower Incisor 1 (LI1) crown mesiodistal diameter 

LI1_crn_bl Lower Incisor 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 (LI2) crown buccolingual diameter 

LI2_crn_height Lower Incisor 2 (LI2) 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) crown buccolingual 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) crown mesiodistal 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) cervical buccolingual 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 mesiodistal diameter 

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 3 (van Rossum 1995) unless otherwise stated.  

Prior to performing statistical analyses and implementing machine learning (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. Aspects of feature 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 project were collected by a single observer, only intraobserver 

error was calculated. Two rounds of observations were collected on approximately 10% 

of the sample collected from the Mann-Labrash Osteological Collection. The two rounds 

were collected at the beginning 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 analyzed using Cohenôs kappa (k) (Cohen 1968). Cohenôs kappa 

was calculated using the cohen_kappa_score function from the metrics subpackage of the 

Scitkit-learn library (Pedregosa et al. 2011) in Python. Binary traits and variables with 

unranked scores (i.e., nominal data) were analyzed using unweighted Cohenôs kappa, 

while quadratic weighted Cohenôs kappa was applied to ordinal variables. Variables with 

Cohenôs kappa scores less than 0.6 (i.e., those with low intraobserver agreement) were 

removed from further analyses (Landis and Koch 1977; McHugh 2012).  

Metric data were analyzed for degree of replication using technical error of 

measurement (TEM) (Equation 1). Technical error of measurement was chosen over 

alternative statistical analyses, such as intraclass correlation coefficient (ICC), paired 

samples t-tests, and Pearsonôs product-moment correlation coefficient (r) because TEM is 

more robust and performs the best for different sample sizes and error types (Fancourt 

and Stephan 2018). The TEM and relative TEM calculations were performed in Python 

following Perini et al. (2005) and Fancourt and Stephan (2018). First, the difference in 

the first (x1i) and second (x2i) rounds of measurements is calculated, where i denotes the 

ith subject. The results are then squared, and the squared values are summed. The 

summation is divided by two times the number of individuals or subjects (n) included in 

the analysis.  

 

Equation 1. Technical error of measurement. 
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Relative or percent TEM (r-TEM or %TEM) is calculated by dividing TEM by the 

variable average value (VAV) (Equation 2). The VAV is calculated by summing the first 

and second rounds of observation for each subject and averaging this summed value. The 

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

 

Equation 2. Relative TEM. 

 

 

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

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

 

Dichotomizing Data 

The nonmetric datasets 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 

dichotomized to match the Forensic Anthropology Data Bank and Ossenberg reference 

databases. The dental morphology data were dichotomized/trichotomized for use in the 

rASUDAS web-based application (Scott et al. 2018a). The dental morphology data were 

dichotomized using the breakpoints provided in (Table 9). Breakpoints not already 

established in the literature were determined by assessing the current studyôs data for trait 

variation using boxplots, which were generated using the Sweetviz (Bertrand 2021) 

package in Python.  
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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 using the Sweetviz (Bertrand 2021) and D-Tale packages 

(Man Group Alpha Technology 2021) in Python. Multivariate outliers in the metric 

datasets were detected using Mahalanobis distances (D2) and their associated p-values, 

which were calculated in Python following Prabhakaran (2019). Human error outliers 

were imputed with the median value prior to conducting further analyses. Outliers not 

due to human error were 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 Shapiro-Wilks test of normality. Histograms and Q-Q plots were generated 

using the Sweetviz (Bertrand 2021) and D-Tale packages (Man Group Alpha Technology 

2021) in Python. Examples of plots with normally distributed data are shown in Figure 1 

and Figure 2. The Shapiro-Wilks test for normality was performed using the shapiro 

function from the stats subpackage of the SciPy library in Python (Virtanen et al. 2020). 

The craniometric Shapiro-Wilks test results by study sample are shown in Table 84, 

while the Shapiro-Wilks results by sex are shown in Table 85. The odontometric Shapiro-

Wilks results by study sample are shown in Table 86, while the Shapiro-Wilks results by 

sex are shown in Table 87. 
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Figure 1. Q-Q plot of GOL (glabella-occipital length) demonstrating a normal 

distribution. 

 

 
Figure 2. Histogram of NLH (nasal height) demonstrating a normal distribution. 

 

 

Sexual Dimorphism 

The nonmetric datasets were analyzed for sexual dimorphism using Pearsonôs chi-

square test of independence. Pearsonôs chi square tests were performed using the 

chisquare from the stats subpackage of the SciPy library in Python (Virtanen et al. 2020). 



50 
 

 

The Pearsonôs chi-square results for the cranial and dental nonmetric datasets are shown 

in Table 88 and Table 89, respectively, in Appendix A. 

Metric data were first tested for equality of variances prior to investigating the data for 

sexual dimorphism. A Levene test for homogeneity of variances between sexes was 

performed using the levene function from the stats subpackage of the SciPy library in 

Python (Virtanen et al. 2020). The Levene test results are shown in Table 90 and Table 

91, respectively. 

Independent samples t-tests were then used to test the metric datasets for sexual 

dimorphism. T-tests were implemented using the ttest_ind function from the stats 

subpackage of the SciPy library in Python (Virtanen et al. 2020). Because there were 

some traits found to have unequal variances in the Levene test, equal variances were not 

assumed when performing the t-tests (i.e., equal_var=False). The percentage of sexual 

dimorphism was measured for each trait using the Garn et al. (1967) equation (Equation 

3). 

 

Equation 3. Sexual dimorphism calculation from Garn et al. (1967). 

ὛὩὼόὥὰ ὨὭάέὶὴὬὭίά
άὥὰὩ άὩὥὲ

ὪὩάὥὰὩ άὩὥὲ
ρ Ͻρππ 

 

The t-test results and percentages of sexual dimorphism for the craniometric and 

odontometric datasets are shown in Table 92 and Table 93, 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 metric data prior to conducting further 

analyses. Feature scaling refers to the process of normalizing and/or standardizing trait 

data. Because some metric traits showed non-normal distributions and other variables 

demonstrated sexual dimorphism, these datasets were subjected to rounds of 

normalization and standardization to assess the best method of feature scaling for each 

dataset and variable.  

Normalization (i.e., min-max feature scaling) refers to the process of transforming 

variables by recentering the data so that the transformed values range from 0-1 (Géron 

2019). The process of min-max feature scaling utilizes the following formula (Equation 

4): 

 

Equation 4. Formula for transforming data using min-max feature scaling. 

 

 

Min-max feature scaling is appropriate for data that that are known to be non-normally 

distributed, but it also works well for normally distributed data. Min-max feature scaling 

was performed using the MinMaxScaler function from the preprocessing subpackage of 

the Scikit-learn library in Python (Pedregosa et al. 2011). 

Standardization (i.e., z-score standardization) is the process of recentering and scaling 

the data while accounting for standard deviation (Fenner 2020; Géron 2019). 

Standardization utilizes the following equation (Equation 5): 
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Equation 5. Formula for transforming data using standardization. 

 

 

Xnorm is the standard score (i.e., z-score), X is the observed value, µ is the sample mean, 

and ů is the standard deviation of the sample. Standardization is appropriate when the 

data are known to follow a normal, Gaussian distribution, and it is commonly used to 

mitigate sexual dimorphism in datasets. Standardization was performed using the 

StandardScaler function from the preprocessing subpackage of the Scikit-learn library 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, one-hot encoding was used to encode 

categorical variables. One-hot encoding consists of creating binary vectors for each 

unique class of the categorical variable. This method creates x number of binary variables 

based on the number (x) of categories in the variable (Zheng and Casari 2018). For 

example, imagine a categorical variable for Country of Birth, where possible input values 

are France, Japan, Russia, and Bolivia. One-hot encoding would create four binary 
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variables for each Country of Birth input. Table 12 below demonstrates how the original 

variable, Country of Birth, would be encoded into new variables (E1-4). 

 

Table 12. One-hot encoding of a categorical variable consisting of four countries. 

Country of 

Birth    

E1 

(France) 

E2 

(Japan) 

E3 

(Russia) 

E4 

(Bolivia) 

France Ÿ 1 0 0 0 

Japan Ÿ 0 1 0 0 

Russia Ÿ 0 0 1 0 

Bolivia Ÿ 0 0 0 1 

 

One-hot encoding was performed using the Scikit-learn library in Python (Pedregosa et 

al. 2011), including the ColumnTransformer function from the compose subpackage and 

the OneHotEncoder function from the preprocessing subpackage. 

Intertrait Correlations 

Correlation analyses test for linear relationships between variables (Nikita 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 have significantly 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 analyzed for intertrait correlations using Kendallôs tau-b, a 

statistical measure of trait correlations that is meant for ordinal data. Kendallôs tau-b 

correlation coefficient, Űb, was calculated using the kendalltau function from the stats 

subpackage of the SciPy library in Python (Virtanen et al. 2020). Although there are no 

clear rules for interpreting Kendallôs tau-b, Botsch (2011) suggests the following:  Űb +/-
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0.10 is very weak; Űb +/-0.10-0.19 is weak; Űb +/-0.20-0.29 is moderate; Űb +/-0.30+ is 

strong , where negative values indicate a negative or inverse correlation and positive 

values indicate a positive correlation. 

The sexual dimorphism Kendallôs Tau-b results for the cranial nonmetric and 

macromorphoscopic dataset are shown in Table 94. The Tau-b p-values are available in 

Table 95. The sexual dimorphism Kendallôs Tau-b results for the dental morphology 

dataset are shown in Table 96. The Tau-b p-values are available in Table 97. Traits that 

are denoted by a dash (-) include traits where the scores did not vary, meaning the inputs 

were constant; therefore, the kendalltau function could not assess these traits for sexual 

dimorphism. These traits were removed from further analyses as they contained no 

variation. 

Metric data were analyzed for intertrait correlations using Pearsonôs correlation 

coefficient (r). Pearsonôs r was calculated and visualized using the Sweetviz (Bertrand 

2021) and D-Tale (Man Group Alpha Technology 2021) packages in Python. Pearsonôs 

correlation coefficient measures the strength and direction of a linear relationship 

between two variables and ranges from -1 to 1, where -1 indicates a negative correlation, 

0 indicates no correlation, and 1 indicates a positive correlation (Nikita 2017; Pearson 

1900). The summarized intertrait correlation results using Pearsonôs correlation 

coefficient for the craniometric and odontometric datasets are visualized in Figure 3 and 

Figure 4, respectively. The full intertrait correlation TEM results for the craniometric and 

odontometric datasets are shown in Table 98 and Table 99, respectively. 
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Figure 3. Craniometric intertrait correlation summarized results using Pearsonôs 

correlation coefficient.  
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Figure 4. Odontometric intertrait correlation summarized results using Pearsonôs 

correlation coefficient. 

 

Missing Data and Imputation Methods 

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 pre-statistical treatments so as not to disrupt the exploratory results. In cases 

where it would make no mathematical difference, missing values were set to zero, 
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thereby essentially ignoring those values in the analysis. Trait variables with greater than 

50% missing data were removed. 

For statistical analyses that required no missing data, the data were imputed. After 

removing variables with more than 50% missing data and prior to imputation, the 

following percentages of missing data were recorded in the datasets collected in this 

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 dataset. This project 

includes multiple burgeoning datasets with varying degrees of missing data. Further, 

while different imputation methods have been explored by Kenyhercz and Passalacqua 

(2016) and Kenyhercz et al. (2019a) using Howellsô craniometric dataset (Howells 1973, 

1989, 1995) and Hefnerôs cranial macromorphoscopics dataset (Hefner 2009; Hefner and 

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 in the combined 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. Iterative imputations were performed using the 

IterativeImputer function from the Scikit-learn library in Python (Pedregosa et al. 2011). 
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Statistical Analyses 

Frequency Distributions 

Frequencies of non-metric 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 in for that trait. 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. 

Evolutionary Influences 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 R-matrix (Konigsberg 1990) analyses were employed using the cranial 

nonmetric and macromorphoscopic data as well as the dental morphological data. 

Tetrachoric Mahalanobis distance estimates the dissimilarity values between the study 

samples and comparative reference samples and calculates nonmetric trait distances while 

correcting for intertrait correlation (Godde 2013). The TMD-associated FST values were 

also calculated to investigate the amount of variation found among populations. 

Multidimensional scaling (MDS) was used to visualize the TMD results and assess the 

phenetic similarities between populations. The TMD and R-matrix analyses were 

performed using the Konigsberg (1990) R workspace, which can be found at 

http://faculty.las.illinois.edu/lylek/.  

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

The effects of microevolutionary forces on the study 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 calculate R matrices and genetic variation from quantitative 

data. The R-matrix method was developed by Harpending and Ward (1982) to assess 

genetic similarity within and between populations using a variance-covariance matrix of 

standardized allele frequencies (Relethford 2007; Relethford 2016). The genetic distances 

to the population centroid (within-group variance) (rii) are displayed as diagonal elements 

in the R matrix. Higher rii values represent higher amounts of genetic drift. The R matrix 

is then used to estimate FST, which is one of Wrightôs F-statistics that measures the 

variance among and within populations while considering evolutionary forces (Holsinger 

and Weir 2009; Relethford 2007). Higher FST values reflect greater degrees of variation 

between populations, while lower FST values reflect less variation (i.e., more gene flow) 

between populations (Relethford 2007).  

The metric datasets were further analyzed for population variation using Discriminant 

Function Analysis (DFA), also known as Linear Discriminant Analysis (LDA), in the 

forensic discriminant function software Fordisc 3.1 (Jantz and Ousley 2005b). 

Mahalanobis distances (D2) generated 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 odontometric reference samples (Pilloud et al. 2014) were imported into 
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Fordisc 3.1 for this analysis. Results of the DFA and D2 analyses elucidated degrees of 

variation within and among the study samples.  

Principal component analysis (PCA) was also performed in RMET. PCA serves to 

reduce the number of variables in the analysis to reduce the dimensions of the data while 

simultaneously retaining as much information as possible about the clusters  (Jolliffe 

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 the data (Nikita 

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 popularity in anthropology 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 Naïve Bayes. 

This project tested many ML methods on the four data types in this research (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 datasets was tested individually and in combination to determine the 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 numerical outcome, 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 classified as 0 (Géron 

2019).  

Logistic Regression classification was performed using the LogisticRegression function 

from the linear_model subpackage of the Scikit-learn library in Python (Pedregosa et al. 

2011). The C hyperparameter, which controls how well the model fits the training data, 

was tuned. The C hyperparameter is a type of regularization 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 incapable of handling variation it did not learn during training, 

thereby producing poor predictors (Ledolter 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 known as Discriminant Function Analysis (DFA), 

which is used in the popular forensic discriminant function software Fordisc 3.1 (Jantz 

and Ousley 2005b). Linear 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., scatter) (Xanthopoulos et al. 2013). It is important that 

both criteria are met, otherwise the groups will not be well separated. Linear 

Discriminant Analysis was performed using the LinearDiscriminantAnalysis function 

from the discriminant_analysis subpackage of the Scikit-learn library in Python 

(Pedregosa et al. 2011). 

k-Nearest Neighbor 

The k-Nearest Neighbor (k-NN 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. Then k-NN algorithm 

calculates the Euclidean distance from the unknown input case to the k-nearest 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 number of neighbors 

in the previous step (Ledolter 2013). k-Nearest Neighbor classification was performed 

using the KNeighborsClassifier function from the neighbors subpackage of the Scikit-

learn library in Python (Pedregosa et al. 2011). The k hyperparameter was tuned by 

testing multiple values, including k = 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 between 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. The SVM 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 group centroids and closest to the opposing support vector. The Support 

Vector Machine model was built and executed using the SVC function from the svm 

subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011). Like with the 

Logistic Regression model, C values = 0.001, 0.01, 0.1, 1, 10, 100, and 1000 were tested. 

The kernel hyperparameter was tuned using the linear and rbf options. The linear option 

utilized the non-kernelized 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 non-linear transformation of a typical SVM. When the data are 

not linearly separable, the kernel method transforms or maps the data into a higher 

dimensional (n-dimensional) feature space where the data are linearly separable 

(Xanthopoulos et al. 2013). RBF is the acronym for radial basis function, which is a type 

of kernelization and is good for data that use Euclidean distance (Zheng and Casari 

2018). Applying the RBF or Gaussian kernel method to the SVM allows the algorithm to 

project the data into an infinite-dimensional space, making this technique a powerful 

machine learning method (Fenner 2020).  

Naive Bayes/Simple Bayesian Classifier 

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

assumption of conditional independence, meaning that variables in the analysis are not 
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dependent on or correlated with each other. The Naïve Bayes algorithm uses the 

following equation (Equation 6) to predict the outcome variable: 

 

Equation 6. Naïve Bayes equation. 

 

 

In this equation, P(G|X) is the posterior probability of group membership (G) given the 

predictor (X), P(X|G) represents the likelihood or probability of predictor (X) given group 

membership (G), P(G) is the probability of group membership (G), and P(X) is the 

priority probability of the predictor (X) (Géron 2019). The Naïve Bayes model was built 

and executed using the GaussianNB function from the naive_bayes subpackage of the 

Scikit-learn library 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 ultimately contains 

multiple terminal nodes, each of which is a class outcome. The classification Decision 

Trees model was built and executed using the DecisionTreeClassifier function from the 

tree subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011), and the 

criterion hyperparameter was set to entropy, which measures the priority of independent 

variables to use at the decision node to optimize information gain. 



65 
 

 

Random Forest Modeling 

Random Forest Modeling (RFM) is a nonparametric ML technique 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 trees (Hefner et al. 2014). Random Forest 

Modeling is a type of ensemble learning method, meaning multiple predictors are 

combined to predict the outcome variable (Géron 2019). In the case of RFM, multiple 

decision trees are aggregated to create the final prediction. Building a Random Forest 

model follows these steps: 1) pick at random k data points from the training set; 2) build 

the decision tree associated with these k data points; 3) choose the number of trees you 

want to build, and repeat steps 1 and 2 to create a forest of trees; 4) for a new data point, 

each tree in the forest predicts the category to which the new data point belongs, where 

the category with the majority vote wins (Ledolter 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 using the RandomForestClassifier function from 

the ensemble subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011). 

The n_estimators and max_depth hyperparameters were tuned. The n_estimators 

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. The max_depth hyperparameter controls how 

deep each individual decision tree can go, meaning the maximum depth controls the 

depth of the model. Max_depth values 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 Network (ANN). Artificial 

Neural Networks are used to choose the best prediction model from multiple models 

created from predictor variables (Hefner and Ousley 2014). An MLP is a connected series 

of nodes (Géron 2019), where each node layer represents a model or function. The 

MLPôs series of nodes includes an input node layer, hidden node layer, and output node 

layer. The input layer contains the input variables that will be used to predict the 

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 model is used to 

predict the possibility of each output node.  

The MLP model was built using the MLPClassifier function from the neural_network 

subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011). The activation, 

hidden_layer_size, learning_rate hyperparameters were tuned. The activation 

hyperparameter decides what type of nonlinearity is introduced to the hidden layer nodes 

(i.e., the model) by transforming the inputs. The activation hyperparameter was tuned 

using the relu, sigmoid, and tanH functions. The Rectified Linear Unit (ReLU or relu) 

activation function sets input values to 0 that are less than or equal to 0, but it does not 

affect other input values (Géron 2019), the sigmoid function is an S-shaped curve ranging 

from 0 to 1, and the tanH function is a hyperbolic tangent curve that is also S-shaped but 

ranges from -1 to 1 (Géron 2019). The hidden_layer_size hyperparameter controls the 

complexity of the model as it determines the number of hidden layers in the model, 

including the number of nodes in each layer (Géron 2019). The hidden_layer_size 
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hyperparameter was tested using 3, 5, 10, 50, and 100 nodes within each hidden layer. 

Finally, the learning_rate hyperparameter determines the amount of time it takes to train 

the algorithm to find the 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 the model learns, which if the learning rate is too long, can be computationally 

expensive (Géron 2019). The learning_rate hyperparameter was tuned using the 

constant, invscaling, and adaptive options. The constant option maintains the same, 

constant learning rate, while the invscaling or 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 slow as the algorithm converges on the 

optimal model. Finally, the adaptive option 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 for the loss.  

Classification Model Accuracy 

Models were evaluated using accuracy rates, precision, recall, F1 scores, and k-fold 

cross-validation. Precision is a measure of the modelôs true positive predictions compared 

to its number of total (true and false) positive predictions (Géron 2019). Recall (i.e., true 

positive rate or TPR) measures the number of true positives compared to the number of 

true positives and false negatives (Géron 2019). F1 scores represent the harmonic mean 

of precision and recall (Géron 2019). Models performance in the form of accuracy, 

precision, recall, and F1 scores was calculated using the GridSearchCV function from the 
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model_selection subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011). 

GridSearchCV (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 of k neighbors in a k-NN model or the ideal number of trees 

(n_estimators) in RFM and Gradient Boosted Trees models. In this work, 5-fold cross-

validation was used. The precision, recall, and F1 scores for each target group were also 

generated for each model using the classification_report function from the metrics 

subpackage of the Scikit-learn library in Python (Pedregosa et al. 2011).  

 

 

Research Aims and Questions 

This project seeks to understand the microevolution of Asian skeletal and dental 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 casework. Therefore, 

the goals of 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 

quantify this variation to improve sex and population affinity estimates for unknown 

Asian decedents within a medicolegal context and thus aid in positive identification. The 

Aims and Research Questions (Qs) for this project are shown in Table 13Error! 

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

Aim #1: Test accuracy of existing methods and reference samples 

Q1 
All four data types: Do current ancestry estimation methods accurately classify Japanese and 

Asian American individuals? 

Q2 
Craniometrics and odontometrics: Do current sex estimation methods accurately classify 

Japanese and Asian American individuals? 

Aim #2: Microevolution 

Q3 
Which microevolutionary processes have most influenced Japanese and Asian American 

cranial and dental traits? 

Aim #3: Trait variation  

Q4 
Can Japanese and Asian American individuals be differentiated from global reference samples 

and from each other? 

Aim #4: Machine learning models 

Q5 
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? 

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? 

 

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

reference samples. 

The varied population histories of Japanese individuals and the Asian Americans in 

Hawaiôi have likely resulted in unique trait variation such that current methods used to 

estimate ancestry and sex will be inaccurate when applied to the reference samples in 

currently available forensic anthropological methods. Cranial and dental metric and 

nonmetric data will be used to evaluate ancestry and 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.  
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Research Question 1 (Q1): Do current ancestry estimation 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 the data 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 the US for 

the Asian American sample. Further, this research question will provide concrete 

arguments for the need for population-specific databases and methods to increase the 

accuracy of biological profile estimations for Asian individuals. 

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

Japanese and Asian American individuals? 

This research question will test the ability of current methods to detect the sexual 

dimorphism in the datasets collected for this project. Both metric datasets are expected to 

correctly classify males more often than females because Asian populations tend to 

exhibit reduced sexual dimorphism (Ķĸcan et al. 1998; King et al. 1998; Tallman 2019). 

This research question should also produce support for the need for more population-

specific reference samples. For the odontometric data, the addition of cervical 

measurements is expected to increase the accuracy of the classifications as these 

measurements have been shown to be successfully in estimating sex (Adams and Pilloud 

2019). 
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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 to test 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 non-neutral forces (i.e., selection due to 

climate or diet) may influence these data types (Hefner and Pilloud 2015; von Cramon-

Taubadel 2016), the 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 greater appreciation 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 populations, 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 traits, which can result in misleading information about population 

relationships because genetic drift can affect loci differently (Mielke 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 between populations 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 shaped these 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 population histories 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 

microevolutionary 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): Which microevolutionary 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 questions regarding 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 (lower rii values from the RMET R-matrix 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 compared to the cranial macromorphoscopic data; 

the former has been known to be better for biodistance analyses, while the latter is more 

successful for estimating ancestry (Hefner 2016; Pink 2016; Pink et al. 2016; von 

Cramon-Taubadel 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 (higher rii values) 

than the Asian American sample. The craniometric data are expected to be most 

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

(lower rii values) between samples. Finally, the odontometric data are expected to be most 

influenced by genetic drift. Of the two study populations, the Japanese sample should 

exhibit a greater degree of genetic drift (higher rii values) 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 metrics (Brace et al. 1990; Brace et al. 

1989; Brace et al. 2001; Hanihara 1992; Hanihara 1993), odontometrics (Brace et al. 

1990; Brace et al. 1989; Brace et al. 2001; Hanihara 1992), dental morphology (Turner 

1989; Turner 1987), and cranial and post-cranial morphology (Go et al. 2019b; Tallman 

2017; Tallman 2016), no research has included all four data types in inter- and intra-

regional comparisons. For example, abundant research has focused on the dental 

morphological variation in Asia that led 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 classified as Sundadont, meaning they 

exhibit a more generalized dentition (Scott et al. 2018b). Craniometric analysis by 
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Pietrusewsky (1992b) supports this model but further separates North and East Asians 

and North/East and Southeast Asians. Pietrusewsky (1992b) argues that the craniometric 

distinctions observed between North and East Asians likely resulted from long-term in 

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 multiple 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 reference samples 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 comparative reference samples. To 

answer this question, the importance of individual traits in separating population groups 

will be assessed for each dataset. For the cranial nonmetric and macromorphoscopic data, 

Interorbital Breadth and Nasal Aperture Width are may be helpful in distinguishing 

between the samples as Hefner (2016) found these traits to be useful in distinguishing 

between samples of American Blacks, American Whites, and Hispanics. By observing 

these traitsô degrees of expression, it may be possible to distinguish between the study 

samples and the non-Asian references samples and potentially further identify regional 

diversity between the two study populations. For the dental morphology data, multiple 

traits are expected to be useful in distinguishing the study samples from the non-Asian 
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comparative samples, including incisor Shoveling, which Scott et al. (2018b) found to be 

an identifying trait of Asian groups and has been linked to selection pressure (Mizoguchi 

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 2013), and population differences should 

be considered in sex estimations (Academy Standards Board 2019; SWGANTH 2010). 

Population-specific data will likely become more important in forensic 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 estimation models 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 Japanese and Asian 

American individuals in the study samples? 

As discussed previously, many ML techniques have remained unexplored in 

anthropology. This project explores a multitude of ML techniques to assess which 

methods are optimal for human biological data. ML methods that 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 cranial and dental 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, 

dental morphology, 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 classification rates as 

these datasets capture both population and sex variation. 
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Results 

Intraobserver error  

The cranial nonmetric and macromorphoscopic and dental morphology results of the 

Cohenôs weighted and unweighted kappa tests for intraobserver error are shown in Table 

14 and Table 15, respectively. Variables with low intraobserver agreement (i.e., Cohenôs 

kappa scores less than 0.6) were removed from further analyses (Landis and Koch 1977).  

 

Table 14. Cranial nonmetric and macromorphoscopic Cohenôs kappa results for 

intraobserver error. 
Trait 

Code 
Trait Name 

n 

pairs 

Cohen 

Score 

Level of 

Agreement 
Cohen Type 

SAGB Sagittal ossicle 7 0 None 
Weighted, 

Quadratic 

MFLoL Mastoid foramen location L 7 0.160 None Unweighted 

LBSO Lamb suture ossicle 7 0.364 Minimal Unweighted 

MIFL 
Multiple infraorbital 

foramina L 
7 0.462 Weak 

Weighted, 

Quadratic 

SPS Supranasal suture 7 0.500 Weak Unweighted 

OMBR 
Occipito-mastoid suture 

ossicle R 
7 0.588 Weak Unweighted 

PBD Postbregmatic depression 7 0.588 Weak Unweighted 

CIVL Pterygo-spinous bridge L 7 0.588 Weak 
Weighted, 

Quadratic 

PTBR Pterygo-alar bridge R 7 0.588 Weak 
Weighted, 

Quadratic 

MFLoR Mastoid foramen location R 7 0.611 Moderate Unweighted 

SONL Supraorbital notch L 7 0.650 Moderate 
Weighted, 

Quadratic 

PZTR 
Posterior zygomatic tubercle 

R 
7 0.677 Moderate 

Weighted, 

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 
Weighted, 

Quadratic 
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HYPR Divided hypoglossal canal R 7 0.774 Moderate 
Weighted, 

Quadratic 

TPS Transverse palatine suture 7 0.781 Moderate Unweighted 

NBC Nasal bone contour 7 0.781 Moderate Unweighted 

MTR Malar tubercle R 7 0.794 Moderate 
Weighted, 

Quadratic 

APFL 
Accessory lesser palatine 

foramen L 
7 0.800 Strong 

Weighted, 

Quadratic 

HYPL Divided hypoglossal canal L 7 0.811 Strong 
Weighted, 

Quadratic 

SONR Supraorbital notch R 7 0.811 Strong 
Weighted, 

Quadratic 

MTL Malar tubercle L 7 0.811 Strong 
Weighted, 

Quadratic 

APFR 
Accessory lesser palatine 

foramen R 
7 0.844 Strong 

Weighted, 

Quadratic 

INA Inferior nasal aperture 7 0.887 Strong 
Weighted, 

Quadratic 

MIFR 
Multiple infraorbital 

foramina R 
7 0.904 

Almost 

Perfect 

Weighted, 

Quadratic 

PZTL 
Posterior zygomatic tubercle 

L 
7 0.909 

Almost 

Perfect 

Weighted, 

Quadratic 

PNBR Parietal notch ossicle R 7 1 
Almost 

Perfect 
Unweighted 

LBLaL Lamb ossicle lateral L 7 1 
Almost 

Perfect 
Unweighted 

LBML  Lamb ossicle medial L 7 1 
Almost 

Perfect 
Unweighted 

LBMR Lamb ossicle medial R 7 1 
Almost 

Perfect 
Unweighted 

APIC Apical bone 7 1 
Almost 

Perfect 
Unweighted 

PHAR Pharyngeal fossa 7 1 
Almost 

Perfect 
Unweighted 

PS Palate shape 7 1 
Almost 

Perfect 
Unweighted 

MANT Mandibular torus 7 1 
Almost 

Perfect 
Unweighted 

PFR Parietal foramen R 7 1 
Almost 

Perfect 
Unweighted 

INCA Inca 7 1 
Almost 

Perfect 
Unweighted 

BREG Bregma ossicle 7 1 
Almost 

Perfect 
Unweighted 

PNBL Parietal notch ossicle L 7 1 
Almost 

Perfect 
Unweighted 

OMBL 
Occipito-mastoid suture 

ossicle L 
7 1 

Almost 

Perfect 
Unweighted 

CRBL Coronal ossicle L 7 1 
Almost 

Perfect 
Unweighted 

EPBR Epipteric ossicle R 7 1 
Almost 

Perfect 
Unweighted 

EPBL Epipteric ossicle L 7 1 
Almost 

Perfect 
Unweighted 
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FTAR 
Fronto-temporal articulation 

R 
7 1 

Almost 

Perfect 
Unweighted 

ASTL Asterionic ossicle L 7 1 
Almost 

Perfect 
Unweighted 

FTAL 
Fronto-temporal articulation 

L 
7 1 

Almost 

Perfect 
Unweighted 

PALT Palatine torus 7 1 
Almost 

Perfect 
Unweighted 

ASTR Asterionic ossicle R 7 1 
Almost 

Perfect 
Unweighted 

SSSF 
Flexure of superior sagittal 

sulcus 
7 1 

Almost 

Perfect 
Unweighted 

NOR Nasal overgrowth R 7 1 
Almost 

Perfect 
Unweighted 

SOFR Supraorbital foramen R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

SOFL Supraorbital foramen L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

IFSR Infraorbital suture R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

IFSL Infraorbital suture L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

ZFFR 
Zygomatico-facial foramina 

R 
7 1 

Almost 

Perfect 

Weighted, 

Quadratic 

ZFFL 
Zygomatico-facial foramina 

L 
7 1 

Almost 

Perfect 

Weighted, 

Quadratic 

CIVR Pterygo-spinous bridge R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

PTBL Pterygo-alar bridge L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

TYMR Tympanic dehiscence R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

TYML  Tympanic dehiscence L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

AUDR Auditory exostosis R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

AUDL Auditory exostosis L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

ANS Anterior nasal spine 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

IOB Interorbital breadth 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

ZSR 
Zygomaticomaxillary suture 

R 
7 1 

Almost 

Perfect 

Weighted, 

Quadratic 

ZSL 
Zygomaticomaxillary suture 

L 
7 1 

Almost 

Perfect 

Weighted, 

Quadratic 

MFR Mastoid foramen number R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

FSIL 
Foramen spinosum 

incomplete L 
7 1 

Almost 

Perfect 
Unweighted 

FSIR 
Foramen spinosum 

incomplete R 
7 1 

Almost 

Perfect 
Unweighted 

FOIL Foramen ovale incomplete L 7 1 
Almost 

Perfect 
Unweighted 
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FOIR Foramen ovale incomplete R 7 1 
Almost 

Perfect 
Unweighted 

CCOL Condylar canal L 7 1 
Almost 

Perfect 
Unweighted 

CCOR Condylar canal R 7 1 
Almost 

Perfect 
Unweighted 

NOL Nasal overgrowth L 7 1 
Almost 

Perfect 
Unweighted 

METO Metopism 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

MENR Accessory mental foramen R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

MHBL Mylohyoid bridge L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

MHBR Mylohyoid bridge R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

FFL Frontal foramina L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

FFR Frontal foramina R 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

MFL Mastoid foramen number L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

MENL Accessory mental foramen L 7 1 
Almost 

Perfect 

Weighted, 

Quadratic 

TWIG Twigs 7 1 
Almost 

Perfect 
Unweighted 

 

Table 15. Dental morphology Cohenôs kappa results for intraobserver error. 

Trait Name 
n 

pairs 

Cohen 

Score 

Level of 

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 
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P_L_LM1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LP4_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_L_LI1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RP4_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LP3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LC_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LI2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_CUSP7 4 1 Almost Perfect Weighted, Quadratic 

P_L_RC_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RI2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RP3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI1_WING 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_CUSP7 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_CUSP5 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_CUSP6 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_CUSP7 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_CUSP7 4 1 Almost Perfect Weighted, Quadratic 
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P_L_RM3_CUSP7 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI1_IGROOVE 4 1 Almost Perfect Unweighted 

P_L_LP4_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_GRVPAT 4 1 Almost Perfect Unweighted 

P_L_LM2_GRVPAT 4 1 Almost Perfect Unweighted 

P_L_LM3_GRVPAT 4 1 Almost Perfect Unweighted 

P_L_RM3_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_RM2_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_RM1_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_LM1_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_LM2_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_LM3_DIST3CRST 4 1 Almost Perfect Unweighted 

P_L_RP4_ODONT 4 1 Almost Perfect Unweighted 

P_L_RP3_ODONT 4 1 Almost Perfect Unweighted 

P_L_RM1_GRVPAT 4 1 Almost Perfect Unweighted 

P_L_LP3_ODONT 4 1 Almost Perfect Unweighted 

P_L_RM3_CONAB 4 1 Almost Perfect Unweighted 

P_L_RP3_CONAB 4 1 Almost Perfect Unweighted 

P_L_RC_CONAB 4 1 Almost Perfect Unweighted 

P_L_LC_CONAB 4 1 Almost Perfect Unweighted 

P_L_LP3_CONAB 4 1 Almost Perfect Unweighted 

P_L_LM3_CONAB 4 1 Almost Perfect Unweighted 

P_U_LM3_RADNUM 4 1 Almost Perfect Unweighted 

P_U_LM2_RADNUM 4 1 Almost Perfect Unweighted 

P_U_LM1_RADNUM 4 1 Almost Perfect Unweighted 

P_U_RM1_RADNUM 4 1 Almost Perfect Unweighted 

P_U_RM2_RADNUM 4 1 Almost Perfect Unweighted 

P_L_LP4_ODONT 4 1 Almost Perfect Unweighted 

P_L_RM2_GRVPAT 4 1 Almost Perfect Unweighted 

P_L_RM3_GRVPAT 4 1 Almost Perfect Unweighted 

P_U_LM3_CONAB 4 1 Almost Perfect Unweighted 

P_U_RI2_LIV 4 1 Almost Perfect Unweighted 

P_U_LI2_LIV 4 1 Almost Perfect Unweighted 

P_L_RM3_PROSTYL 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI1_IGROOVE 4 1 Almost Perfect Unweighted 

P_U_LI2_IGROOVE 4 1 Almost Perfect Unweighted 

P_U_RC_TUBDENT 4 1 Almost Perfect Unweighted 

P_U_RI1_TUBDENT 4 1 Almost Perfect Unweighted 

P_U_LI1_TUBDENT 4 1 Almost Perfect Unweighted 

P_U_LI2_TUBDENT 4 1 Almost Perfect Unweighted 

P_U_LC_TUBDENT 4 1 Almost Perfect Unweighted 

P_U_RP3_UTOAZ 4 1 Almost Perfect Unweighted 

P_U_LP3_UTOAZ 4 1 Almost Perfect Unweighted 

P_U_RM3_PEGSH 4 1 Almost Perfect Unweighted 

P_U_RI2_PEGSH 4 1 Almost Perfect Unweighted 

P_U_LI2_PEGSH 4 1 Almost Perfect Unweighted 

P_U_LM3_PEGSH 4 1 Almost Perfect Unweighted 



83 
 

 

P_U_RP4_ODONT 4 1 Almost Perfect Unweighted 

P_U_RP3_ODONT 4 1 Almost Perfect Unweighted 

P_U_LP3_ODONT 4 1 Almost Perfect Unweighted 

P_U_LP4_ODONT 4 1 Almost Perfect Unweighted 

P_U_RM3_CONAB 4 1 Almost Perfect Unweighted 

P_U_RI2_CONAB 4 1 Almost Perfect Unweighted 

P_U_RC_CONAB 4 1 Almost Perfect Unweighted 

P_U_LI2_CONAB 4 1 Almost Perfect Unweighted 

P_U_LC_CONAB 4 1 Almost Perfect Unweighted 

P_L_LM3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_METCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_HYPCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_HYPCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_HYPCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_HYPCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_METCONL 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_METCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_CARAB 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_CARAB 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_CARAB 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_CARAB 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_PARAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_CARAB 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_METCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_METCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI1_WING 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI2_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI1_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI1_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_RC_SHOV2 4 1 Almost Perfect Weighted, Quadratic 
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P_U_RI1_SHOV2 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI2_SHOV2 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_SHOV2 4 1 Almost Perfect Weighted, Quadratic 

P_U_RC_MESRIG 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_MESRIG 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_METCON 4 1 Almost Perfect Weighted, Quadratic 

P_U_RC_DAR 4 1 Almost Perfect Weighted, Quadratic 

P_U_RC_DIAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_G_DIAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_DIAST 4 1 Almost Perfect Weighted, Quadratic 

P_U_RP4_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI2_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI2_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_U_LP4_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_U_RP4_ACCUP 4 1 Almost Perfect Weighted, Quadratic 

P_U_RP3_ACCUP 4 1 Almost Perfect Weighted, Quadratic 

P_U_LP3_ACCUP 4 1 Almost Perfect Weighted, Quadratic 

P_U_LP4_ACCUP 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_DAR 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_MOLCR 4 1 Almost Perfect Weighted, Quadratic 

P_L_LC_DAR 4 1 Almost Perfect Weighted, Quadratic 

P_L_RP4_LINGCSP 4 1 Almost Perfect Weighted, Quadratic 

P_L_RP3_LINGCSP 4 1 Almost Perfect Weighted, Quadratic 

P_L_LP3_LINGCSP 4 1 Almost Perfect Weighted, Quadratic 

P_L_LP4_LINGCSP 4 1 Almost Perfect Weighted, Quadratic 

P_L_RP3_TOMRT 4 1 Almost Perfect Weighted, Quadratic 

P_L_LP3_TOMRT 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_L_RI2_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_DENCRO 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_CUSPNO 4 1 Almost Perfect Weighted, Quadratic 

P_L_LI2_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_CUSPNO 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_CUSPNO 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_CUSPNO 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_RADNUM 4 1 Almost Perfect Unweighted 

P_L_LM2_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_DEFWRKL 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM3_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM2_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_RM1_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM1_CUSPNO 4 1 Almost Perfect Weighted, Quadratic 
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P_L_LI1_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_RI1_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_RI2_SHOV 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_ENEX 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RP4_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RP3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RC_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RI1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LI2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LC_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LP3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LP4_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM1_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_ROOTNUM 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM3_POTTH 4 1 Almost Perfect Weighted, Quadratic 

P_U_RM2_POTTH 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM2_POTTH 4 1 Almost Perfect Weighted, Quadratic 

P_U_LM3_POTTH 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM2_ANTFOV 4 1 Almost Perfect Weighted, Quadratic 

P_L_LM3_RADNUM 4 1.000 Almost Perfect Unweighted 

 

Results of the technical error or measurement (TEM) calculations for the craniometric 

and odontometric data are provided in Table 16 and Table 17, respectively. Following 

Weinberg et al. (2005), variables with relative TEM values greater than 5% were 

removed from further analyses. 

 

 

 



86 
 

 

Table 16. Craniometric TEM results for intraobserver error. 

Trait 

Code 
Trait Name n pairs TEM  

Relative TEM 

(%TEM)  

 SIA Simotic angle 4 35 32.558 

 AUB Biauricular breadth 4 21.375 16.332 

 PAF 

Bregma-subtense fraction (Parietal 

fraction) 4 6.375 15.134 

 BAR Basion radius 4 1.5 10.526 

 FRF 

Nasion-subtense fraction (Frontal 

fraction) 4 3.375 8.517 

 OCF 

Lambda-subtense fraction 

(Occipital fraction) 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 

 PAS 

Bregma-lambda subtense (Parietal 

subtense) 4 0.375 2.098 

 NAS Nasio-frontal subtense 4 0.25 1.563 

 MAL  External alveolar length 4 0.625 1.475 

 SIS Simotic subtense 4 0.0275 1.209 

 OCS 

Lambda-opisthion subtense 

(Occipital subtense) 4 0.25 1.163 

 XML  Malar length, maximum 4 0.625 1.149 

 OCA Occipital angle 4 1 1.108 

 ZMR Zygomaxillare 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 Nasion-frontal angle 4 1 0.690 

 FRA Frontal angle 4 0.625 0.657 

 NLB Nasal breadth 4 0.125 0.621 

 BAA Basion angle (Nasion-Prosthion) 4 0.25 0.621 

 FRS 

Nasion-bregma subtense (Frontal 

subtense) 4 0.125 0.585 

 NAA Nasion angle (Basion-prosthion) 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 Nasion-prosthion height 4 0.25 0.370 

 MAB Palate breadth, external 4 0.125 0.356 

 UFHT 

Upper facial height (Alveolar 

point-nasion 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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 PRA Prosthion angle (Basion-nasion) 4 0.25 0.336 

 OCC 

Lambda-opisthion chord 

(Occipital chord) 4 0.25 0.329 

 WNB 

Simotic chord (Least nasal 

breadth) 4 0.02 0.325 

 AVR Molar alveolus radius 4 0.125 0.299 

 OBB Orbital breadth 4 0.125 0.288 

 GOL Glabello-occipital length 4 0.375 0.281 

 WFB Minimum frontal breadth 4 0.25 0.260 

 NLH Nasal height 4 0.125 0.242 

 MOW Mid-orbital width 4 0.125 0.235 

 JUB Bijugal breadth 4 0.25 0.214 

 NBA Nasion angle (Basion-bregma) 4 0.125 0.210 

 ZOR Zygoorbitale radius 4 0.125 0.157 

 LAR Lambda radius 4 0.125 0.156 

 PAC 

Bregma-lambda chord (Parietal 

chord) 4 0.125 0.152 

 ASB Biasterionic breadth 4 0.125 0.147 

 STB Bistephanic breadth 4 0.125 0.146 

 SSR Subspinale radius 4 0.125 0.138 

 BRR Bregma radius 4 0.125 0.135 

 VRR Vertex radius 4 0.125 0.133 

 BPL Basion-prosthion length 4 0.125 0.132 

 ZMB Bimaxillary breadth 4 0.125 0.128 

 BNL Basion-nasion length 4 0.125 0.126 

 FMB Bifrontal breadth 4 0.125 0.124 

 EKB Biorbital breadth 4 0.125 0.124 

 SSA Zygomaxillary angle 4 0.125 0.095 

 NOL Nasio-occipital length 4 0 0 

 BBH Basion-bregma height 4 0 0 

 XCB Maximum cranial breadth 4 0 0 

 XFB Maximum frontal breadth 4 0 0 

 ZYB Bizygomatic breadth 4 0 0 

 OBH Orbital height 4 0 0 

 DKB Interorbital breadth 4 0 0 

 NDS Naso-dacryal subtense 4 0 0 

 SSS Bimaxillary subtense 4 0 0 

 FRC Frontal chord 4 0 0 

 UFBR Upper facial breadth 4 0 0 

 BBA Basion angle (Nasion-bregma) 4 0 0 

 NDA Naso-dacryal angle 4 0 0 
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Table 17. Odontometric TEM results for intraobserver error. 

Trait Code 
n 

pairs 
TEM  

Relative TEM 

(%TEM)  

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 

UI2_crn_height 7 0.0911 1.095 

UM1_crn_height 7 0.03658 0.954 

UI2_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 

UM3_crx_bl 7 0.00731 0.545 

UI2_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 

UI1_crx_bl 7 0.01396 0.247 

LC_crx_md 7 0.01106 0.244 

LI2_crx_bl 7 0.01149 0.228 

UI1_crn_height 7 0.01992 0.213 

UM3_crn_bl 7 0.00641 0.212 

UM1_crx_md 7 0.00936 0.210 

UI1_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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LP3_crx_bl 7 0.00928 0.183 

LM1_crx_md 7 0.01299 0.165 

UP3_crx_bl 7 0.00813 0.165 

LP4_crn_md 7 0.00978 0.155 

LM2_crx_md 7 0.01059 0.152 

LI2_crn_bl 7 0.00771 0.147 

UP3_crx_md 7 0.0061 0.145 

LP3_crn_height 7 0.00713 0.144 

UI1_crn_bl 7 0.00826 0.131 

LI1_crn_bl 7 0.00544 0.130 

LC_crn_bl 7 0.00977 0.128 

LM1_crn_bl 7 0.00895 0.119 

UI2_crx_md 7 0.00399 0.116 

UP4_crn_bl 7 0.0057 0.105 

UP4_crx_md 7 0.00349 0.101 

UM1_crn_md 7 0.00286 0.099 

UI2_crn_bl 7 0.0053 0.094 

LI2_crn_md 7 0.00425 0.087 

LM3_crn_md 7 0.0014 0.085 

LM2_crn_md 7 0.00553 0.084 

LI1_crn_md 7 0.00312 0.084 

UP4_crn_md 7 0.0031 0.080 

LP3_crn_md 7 0.00431 0.060 

UC_crn_md 7 0.00355 0.053 

UP4_crn_height 7 0.00238 0.053 

UI1_crn_md 7 0.00369 0.052 

LC_crn_md 7 0.00277 0.040 

LI1_crx_md 7 0.00106 0.034 

UC_crn_height 7 0.00071 0.022 

UP3_crn_bl 7 0.00174 0.021 

UM2_crn_md 7 0.00125 0.021 

LC_crx_bl 7 0.00075 0.012 

UM1_crn_bl 7 0.00071 0.011 

UM3_crn_md 7 0.00011 0.008 

UM3_crx_md 7 6.00E-05 0.007 

LM3_crx_md 7 0 0.000 
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Aim #1: Test the accuracy of existing ancestry and sex estimation methods and 

available reference samples. 

Research Question 1 (Q1): Do current ancestry estimation methods accurately classify 

Japanese and Asian American individuals? 

Cranial nonmetrics and macromorphoscopics 

The cranial macromorphoscopic data from the study samples were input into the 

hefneR (dôOliveira Coelho and Navega 2018a) application. hefneR uses a simple 

Bayesian classifier algorithm based on the population frequencies in (Hefner 2009) to 

classify individuals into one of four populations: African, American Indian, Asian, or 

European. The classification rates of the study data are shown in Table 18 below. Out of 

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

 

Table 18. Cranial macromorphoscopic ancestry estimations using hefneR. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Asian American 65 18% 82% 

Jikei University Japanese 32 19% 81% 

Pooled 
Asian American & 

Japanese 
97 19% 81% 

 

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., Naïve Bayes) 

classifier algorithm to classify individuals into one of seven groups (see Table 4 in the 

Materials chapter). The classification rates of the study data are shown in Table 19 below. 
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Only 28 individuals were analyzed using rASUDAS  (dôOliveira Coelho and Navega 

2018b) as the application requires each individual to have scores for at least 12 of the 21 

traits to produce a classification (Scott et al. 2018a). Of these 28 individuals, only 36% 

overall were classified correctly. 

 

Table 19. Dental morphology ancestry estimations using rASUDAS. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Asian American 4 100% 0% 

Jikei University Japanese 24 25% 75% 

Pooled 
Asian American & 

Japanese 
28 36% 64% 

 

Craniometrics 

The craniometric data from the study samples were input into the forensic discriminant 

function software Fordisc 3.1 (Jantz and Ousley 2005b). Recall that individuals in the 

Mann-Labrash Osteological Collection can identify as more than one population. 

Therefore, estimates made by Fordisc that classified an individual with multiple self-

identities into any of the self-identified population affinities were considered correct. For 

example, if an individual self-identified as Caucasian and Japanese and Fordisc classified 

this person as either White or Japanese, this classification was scored as correct.  

The Fordisc correct classifications are summarized in Table 20 and Table 21 below. 

When using the modern FDB reference database (Table 20), only 33% of the Asian 

American individuals and 50% of the Japanese individuals were correctly classified into 

their appropriate self-identified populations. When using the modern FDB samples and 

the Howells samples (Table 21), accuracy rates increased to 42% for the Asian American 
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sample and 76% for the Japanese sample, indicating that the Howells reference database 

may exhibit more biological similarities to the study samples than the FDB database 

alone. 

 

Table 20. Craniometric ancestry estimations by collection using the FDB reference 

database in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Asian American 48 33% 67% 

Jikei University Japanese 34 50% 50% 

Pooled 
Asian American & 

Japanese 
82 40% 60% 

 

Table 21. Craniometric ancestry estimations by collection using Howells and some FDB 

references in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Asian American 48 42% 58% 

Jikei University Japanese 34 76% 24% 

Pooled 
Asian American & 

Japanese 
82 56% 44% 

 

Table 22 and Table 23 display the correct classifications for the study samples with the 

specific self-identified population affinities of the Asian American sample to explore the 

variety of identities within this sample. Individuals with two or more self-identities 

generally classified correctly as there was a higher probability of them be correctly 

classified with more than one self-identified ancestry. Individuals who self-identified as 

Korean, Burmese, or Vietnamese were misclassified 100% of the time.  
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Table 22. Craniometric ancestry estimations by specific ancestry using the FDB 

reference database in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Chinese 1 0% 100% 

Mann-Labrash Japanese 34 26% 74% 

Jikei 

University 
Japanese 34 50% 50% 

Mann-Labrash Korean 2 0% 100% 

Mann-Labrash Burmese 1 0% 100% 

Mann-Labrash Vietnamese 1 0% 100% 

Mann-Labrash 
Japanese and 

French 
1 100% 0% 

Mann-Labrash 
Hawaiian, Chinese, 

and Spanish 
1 0% 100% 

Mann-Labrash 

Hawaiian, 

Caucasian, Filipino, 

and Japanese 

1 100% 0% 

Mann-Labrash 
Japanese and 

English 
1 100% 0% 

Mann-Labrash 
Chinese and 

Japanese 
1 100% 0% 

Mann-Labrash 

Caucasian, 

Japanese, and 

Hawaiian 

2 100% 0% 

Mann-Labrash 
Japanese and 

Caucasian 
1 100% 0% 

Mann-Labrash 

Hawaiian, 

Japanese, and 

Korean 

1 0% 100% 

 

Table 23. Craniometric ancestry estimations by specific ancestry using Howells and 

some FDB references in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Chinese 1 0% 100% 

Mann-Labrash Japanese 34 38% 62% 

Jikei 

University 
Japanese 34 76% 24% 

Mann-Labrash Korean 2 0% 100% 

Mann-Labrash Burmese 1 0% 100% 

Mann-Labrash Vietnamese 1 0% 100% 

Mann-Labrash Japanese and French 1 100% 0% 

Mann-Labrash 
Hawaiian, Chinese, 

and Spanish 
1 0% 100% 

Mann-Labrash 

Hawaiian, 

Caucasian, Filipino, 

and Japanese 

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

Mann-Labrash 
Chinese and 

Japanese 
1 100% 0% 

Mann-Labrash 
Caucasian, Japanese, 

and Hawaiian 
2 100% 0% 

Mann-Labrash 
Japanese and 

Caucasian 
1 100% 0% 

Mann-Labrash 
Hawaiian, Japanese, 

and Korean 
1 0% 100% 

 

Because the Japanese (Jikei University) sample was the single largest group, the 

misclassifications were tallied and are shown in Table 24 and Table 25. Individuals in 

this Japanese sample were most often misclassified as Guatemalan followed by Chinese 

and then White (Table 24) when using the modern FDB reference database, and they 

were most often misclassified as White followed by Guatemalan (Table 25) when using 

the Howells database and some FDB samples. 

 

Table 24. Craniometric ancestry misclassifications of Japanese individuals using the 

FDB reference database in Fordisc 3.1. 

Population Number Percentage 

Guatemalan 9 26% 

Chinese 6 17% 

White 6 17% 

American Indian 4 11% 

Hispanic 4 11% 

Vietnamese 3 9% 

 

Table 25. Craniometric ancestry misclassifications 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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Burmese 3 10% 

Ainu 2 7% 

Peru 1 3% 

Black 1 3% 

Atayal (Taiwan) 1 3% 

 

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 classifications for ancestry are shown in Table 26. The Asian 

American and Japanese study samples were correctly classified 41% and 44% of the 

time, respectively.  

 

Table 26. Odontometric ancestry estimations by collection using the Pilloud et al. (2014) 

reference database in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Asian American 58 41% 59% 

Jikei University Japanese 34 44% 56% 

Pooled 
Asian American 

& Japanese 
92 42% 58% 

 

As with the craniometric Fordisc analysis, the odontometric correct classifications for 

the specific self-identified populations were tallied and are shown in Table 27. Similar to 

the craniometric Fordisc results, the odontometric analysis showed higher accuracies for 

individuals who self-identified as more than one identity. Individuals who identified as 

Korean, Vietnamese, or Chinese were found to have accuracy rates of 25%, 50%, and 
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33%, respectively. The self-identified Japanese individuals in the Mann-Labrash 

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

  

Table 27. Odontometric ancestry estimations by specific ancestry using the Pilloud et al. 

(2014) reference database in Fordisc 3.1. 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  

Mann-Labrash Chinese 3 33% 67% 

Mann-Labrash Japanese 32 28% 72% 

Jikei University Japanese 34 44% 56% 

Mann-Labrash Korean 4 25% 75% 

Mann-Labrash Vietnamese 2 50% 50% 

Mann-Labrash Micronesian 1 100% 0% 

Mann-Labrash Filipino 1 100% 0% 

Mann-Labrash Japanese and French 1 100% 0% 

Mann-Labrash Japanese and English 1 100% 0% 

Mann-Labrash Japanese and Caucasian 1 100% 0% 

Mann-Labrash 
Chinese, Caucasian, and 

American Indian 
1 100% 0% 

Mann-Labrash Chinese and Hawaiian 3 0% 100% 

Mann-Labrash Chinese and Japanese 1 0% 100% 

Mann-Labrash Filipino and Caucasian 1 100% 0% 

Mann-Labrash 
Hawaiian, Chinese, and 

Spanish 
1 100% 0% 

Mann-Labrash 
Hawaiian, Caucasian, 

Filipino, and Japanese 
1 100% 0% 

Mann-Labrash 
Hawaiian, Filipino, and 

Chinese 
2 50% 50% 

Mann-Labrash 
Hawaiian, Chinese, and 

Caucasian 
1 100% 0% 

Mann-Labrash 
Hawaiian, Japanese, and 

Korean 
1 100% 0% 

 



97 
 

 

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 analyzed for correct 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 

comparison (Table 28) and when the Howells dataset was included (Table 29). 

 

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

Fordisc 3.1. 
  Females Males 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 

Asian 

American 
20 45% 55% 28 93% 7% 

Jikei 

University 
Japanese 15 47% 53% 19 95% 5% 

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 n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 

Asian 

American 
20 40% 60% 28 93% 7% 

Jikei 

University 
Japanese 15 80% 20% 19 95% 5% 

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

 

Table 30 and Table 31 show the correct sex classifications when considering the 

specific self-identified populations of the Mann-Labrash 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 n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 
Chinese 1 0% 100% 0 N/A N/A 

Mann-

Labrash 
Japanese 17 41% 59% 17 94% 6% 

Jikei 

University 
Japanese 15 47% 53% 19 95% 5% 

Mann-

Labrash 
Korean 1 100% 0% 1 100% 0% 

Mann-

Labrash 
Burmese 0 N/A N/A 1 0% 100% 

Mann-

Labrash 
Vietnamese 0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Japanese and 

French 
1 100% 0% 0 N/A N/A 

Mann-

Labrash 

Hawaiian, 

Chinese, and 

Spanish 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Caucasian, 

Filipino, and 

Japanese 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Japanese and 

English 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Chinese and 

Japanese 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Caucasian, 

Japanese, and 

Hawaiian 

0 N/A N/A 2 100% 0% 

Mann-

Labrash 

Japanese and 

Caucasian 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Japanese, and 

Korean 

0 N/A N/A 1 100% 0% 
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Table 31. Craniometric sex estimations by specific population using Howells and some 

FDB references in Fordisc 3.1. 

  Females  Males 

Collection Population n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 
Chinese 1 0% 100% 0 N/A N/A 

Mann-

Labrash 
Japanese 17 35% 65% 17 88% 12% 

Jikei 

University 
Japanese 15 80% 20% 19 95% 5% 

Mann-

Labrash 
Korean 1 100% 0% 1 100% 0% 

Mann-

Labrash 
Burmese 0 N/A N/A 1 100% 0% 

Mann-

Labrash 
Vietnamese 0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Japanese and 

French 
1 100% 0% 0 N/A N/A 

Mann-

Labrash 

Hawaiian, 

Chinese, and 

Spanish 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Caucasian, 

Filipino, and 

Japanese 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Japanese and 

English 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Chinese and 

Japanese 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Caucasian, 

Japanese, and 

Hawaiian 

0 N/A N/A 2 100% 0% 

Mann-

Labrash 

Japanese and 

Caucasian 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Japanese, and 

Korean 

0 N/A N/A 1 100% 0% 

 

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, 

males were more often correctly classified than females (Table 32). Japanese males were 

correctly classified with 84% accuracy compared to Japanese females (40%). 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 n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 

Asian 

American 
28 64% 36% 30 70% 30% 

Jikei 

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

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

 

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

specific self-identified populations of the Mann-Labrash individuals (Table 33) 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 n 
Percentage 

Correct 

Percentage 

Incorrect  
n 

Percentage 

Correct 

Percentage 

Incorrect  

Mann-

Labrash 
Chinese 2 100% 0% 1 0% 100% 

Mann-

Labrash 
Japanese 16 63% 38% 16 69% 31% 

Jikei 

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

Mann-

Labrash 
Korean 3 67% 33% 1 100% 0% 

Mann-

Labrash 
Vietnamese 1 100% 0% 1 100% 0% 

Mann-

Labrash 
Micronesian 1 0% 100% 0 N/A N/A 

Mann-

Labrash 
Filipino 1 0% 100% 0 N/A N/A 
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Mann-

Labrash 

Japanese 

and French 
1 100% 0% 0 N/A N/A 

Mann-

Labrash 

Japanese 

and English 
0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Japanese 

and 

Caucasian 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Chinese, 

Caucasian, 

and 

American 

Indian 

1 0% 100% 0 N/A N/A 

Mann-

Labrash 

Chinese and 

Hawaiian 
1 100% 0% 2 100% 0% 

Mann-

Labrash 

Chinese and 

Japanese 
0 N/A N/A 1 0% 100% 

Mann-

Labrash 

Filipino and 

Caucasian 
0 N/A N/A 1 0% 100% 

Mann-

Labrash 

Hawaiian, 

Chinese, 

and Spanish 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Caucasian, 

Filipino, 

and 

Japanese 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Filipino, 

and Chinese 

1 100% 0% 1 0% 100% 

Mann-

Labrash 

Hawaiian, 

Chinese, 

and 

Caucasian 

0 N/A N/A 1 100% 0% 

Mann-

Labrash 

Hawaiian, 

Japanese, 

and Korean 

0 N/A N/A 1 100% 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 #3 (Q3): 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 

macromorphoscopic data 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 analysis 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 (i.e., FDB from Jantz and Moore-Jansen (1988), Ossenberg from Ossenberg 

(2013), and MaMD from Hefner (2018); see Table 3 in the Materials chapter) separately 

to maximize trait retention and variation.  

The TMD results for the analysis including the FDB are shown in Table 34 and Table 

35. The TMD R-matrix results are shown in Table 34, where the study samples are 

bolded. The Asian American sample rii was 0.443, and the Japanese sample rii value was 

0.147. The two study samples exhibited the highest amounts of genetic drift in the 

analysis. The FDB cranial nonmetric analysis Fst value was 0.216 (Table 35), 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 r ii 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. FST results 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 in Table 36 and Table 37. The TMD R-matrix results are shown in Table 36, 

where the study samples are bolded. The Asian American sample rii was 0.296, and the 

Japanese sample rii value was 0.203. As with the analysis with the FDB comparative 

dataset, the two study samples 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 results from the cranial nonmetric TMD analysis based on the 

Ossenberg comparative dataset and the study samples. 

Population n r ii 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)1 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) 47 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 

Eastern Arctic (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 

Illinois (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 

  

 
1 Ossenberg (2013) spells this sample name as óTerra del Fuego.ô This study uses the Spanish spelling of 

óTierra del Fuego.ô 
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Table 37. FST results 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 shown in Table 38 and Table 39. The TMD R-matrix results are 

shown in Table 38, where the study samples are bolded. The Asian American sample rii 

was 0.182, and the Japanese sample rii value 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 genetic drift (r ii = 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 r ii 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. FST results 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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Dental morphology 

The dental morphology data from the study samples and the Pilloud and Scott (2017) 

and Adams and Pilloud (2019) comparative datasets were compared using Konigsbergôs 

(1990) R code for Tetrachoric Mahalanobis Distance. The TMD R-matrix results are 

shown in Table 40, where the two study samples are bolded. The rii values are sorted in 

descending order. The Japanese and study sample exhibited the highest rii value (rii = 

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

The Asian American study sample had an rii value 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 (2017) and Adams and Pilloud (2019) comparative datasets and the 

study samples. 

Population n r ii 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 TMD FST results are shown in Table 41. An FST value of 0.151 

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

remaining variation within the groups, themselves.  
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Table 41. FST results from the dental morphology TMD analysis based on the Pilloud and 

Scott (2017) and Adams and Pilloud (2019) comparative datasets and 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 the R-matrix method in RMET. The R-

matrix results are shown in Table 42, where the two study samples are bolded. The rii 

values are sorted in descending order. The Japanese and Asian American study 

populations exhibited the highest rii values (rii = 0.201 and 0.170, respectively), indicating 

these samples have the highest degrees of genetic drift of the populations compared in 

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 rii  Unbiased rii  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 (AI) 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 FST results are shown in Table 43. An FST value 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. FST results 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 R-matrix method in RMET. Because the two odontometric 

comparative dataset contain different variables, two sets of analyses were performed in 

RMET. First, the study 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 crown and cervical mesiodistal and buccolingual diameters as well as 

crown height measurements.   

The R-matrix results for the odontometric RMET analysis that included only crown 

mesiodistal and buccolingual diameters are shown in Table 44, where the two study 

samples are bolded. The rii values are sorted in descending order. The Japanese sample 

(rii = 0.041) was located between Guyana and European White, while the Asian American 

sample (rii = 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 rii  
Unbiased 

r ii 

Standard 

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 

South African 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 FST results for the crown mesiodistal and buccolingual 

diameter analysis are shown in Table 45. An FST value of 0.027 indicates that 2.7% of 

variation exists among the populations in the analysis, with the remaining variation 

within the populations, themselves. 

 

Table 45. FST results from the odontometric RMET analysis using crown measurements. 

FST Unbiased FST Standard Error  

0.027 0.018 0.002 

 

The R-matrix results for the second analysis that included crown and cervical 

measurements are shown in Table 46, where the two study samples are bolded. The rii 

values are sorted in descending order. The Japanese (rii = 0.033) and Asian American (rii 

= 0.10) study populations exhibited the highest and lowest rii values, respectively, 

indicating these samples have the highest and lowest degrees of genetic drift of the 

populations compared in this analysis. 

 

Table 46. R matrix results from the odontometric RMET analysis using crown and 

cervical measurements. 

Population n 
Biased 

r ii 

Unbiased 

r ii 

Standard 

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 FST results for the crown and cervical trait analysis are shown 

in Table 47. An FST value of 0.021 indicates that 2.1% of variation exists among the 



111 
 

 

populations in the analysis, with the remaining variation within the populations, 

themselves. 

 

Table 47. FST results 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 global reference samples and from each other? 

Cranial nonmetrics and macromorphoscopics 

The cranial nonmetric and macromorphoscopic data were analyzed for population and 

trait variation using Konigsbergôs (1990) TMD R code. Three comparative datasets were 

used in these analyses: FDB (Jantz and Moore-Jansen (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 

handle missing data.  

The first cranial nonmetric TMD analysis compared the current study data to the FDB 

dataset (Jantz and Moore-Jansen 1988) (Table 48, Figure 5, and Table 49). The 

Mahalanobis distances when using the FDB comparative dataset are shown in Table 48, 

where the smallest distances are italicized, and the largest distances are bolded for the 
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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. 

  
Asian 

American 
Japanese Black White Hispanic 

Asian 

American 
0  29.068       

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 in Figure 5. 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 separated from 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 in Table 49. The most frequent traits for Asian Americans are Palatine 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; 0.94), Parietal 

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 

Code 
Trait Name 

Asian 

American 
Japanese Black White Hispanic 

APF 
Accessory lesser 

palatine foramen 
0.86 0.56 0.22 0.32 0.19 

AST Asterionic ossicle 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 
Fronto-temporal 

articulation 
0.00 0.03 0.09 0.03 0.04 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.08 0.21 0.21 

IFS Infraorbital suture 0.00 0.00 0.15 0.32 0.27 

LBLa 
Lambdoid ossicle 

lateral 
0.52 0.16 0.29 0.41 0.23 

LBM 
Lambdoid ossicle 

medial 
0.31 0.19 0.27 0.32 0.22 

MANT Mandibular torus 0.56 0.06 0.13 0.33 0.20 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.07 0.04 0.08 

MF 
Mastoid foramen 

present 
0.94 0.78 0.76 0.70 0.79 

MFLo 
Mastoid foramen 

location 
0.98 0.94 0.50 0.36 0.63 

MHB Mylohyoid bridge 0.42 0.13 0.11 0.11 0.04 

MIF 
Multiple infraorbital 

foramina 
0.00 0.00 0.17 0.18 0.07 

OMB 
Occipito-mastoid suture 

ossicle 
0.31 0.03 0.13 0.06 0.23 

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 2013) (Table 50, Figure 6, and Table 51). The 

Mahalanobis distances when using the Ossenberg comparative dataset are shown in Table 

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 was most similar to 

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) 
0 4.769                      

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     

Czechoslovakia 

(CZ) 
12.276 7.017 2.169 2.217 1.815 1.619 2.065 4.305 0       

Southern 

Africa (S) 
9.488 5.717 2.674 2.786 2.353 1.762 4.420 1.905 2.314 0   

North China 

(CHN) 
9.534 6.396 3.120 2.540 1.946 1.961 4.394 1.764 3.851 1.640 0   

African 

American 

(USB) 

9.063 7.459 2.216 1.643 1.401 2.055 1.708 2.140 2.852 3.091 1.556 0 

Marquesas 

(MQ) 
11.459 10.187 7.855 4.624 4.372 4.851 6.136 4.058 8.590 4.885 2.373 4.166 

Tierra del 

Fuego (TF) 
9.586 9.139 8.835 5.933 5.510 4.568 7.021 4.746 8.344 4.614 2.355 4.962 

Germany (GE) 9.587 8.579 8.428 5.831 5.442 4.360 7.236 4.390 8.213 4.031 1.942 5 

Chatham 

Island (CHAT)  
8.191 7.855 7.947 5.292 5.436 4.394 5.992 4.094 7.626 4.352 2.292 4.090 

Russia (RU) 10.782 8.164 7.345 5.327 6.215 5.086 6.633 4.555 8.110 4.496 2.704 4.676 

Bavaria (BV) 9.242 7.858 7.390 5.536 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 

Tanzania 

(TAN)  
8.469 7.544 7.507 4.664 5.093 4.427 6.221 3.942 8.419 4.269 1.937 3.956 
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South Alaska 

(SAL) 
11.272 6.029 3.195 6.469 7.366 6.022 8.739 5.500 7.683 4.816 3.196 3.984 

Iceland (IC) 14.663 10.292 2.584 4.363 3.341 3.546 5.147 3.527 5.097 3.623 2.044 1.897 

Pecos (PEC) 10.685 8.222 4.594 1.785 3.658 5.440 2.889 4.076 5.695 6.108 4.101 2.136 

Mongolia 

(MON) 
14.841 11.139 4.542 6.100 5.445 6.372 8.076 1.939 7.452 3.343 2.497 3.538 

Plateau (PLT) 8.297 5.404 2.569 5.084 5.320 3.659 6.062 4.166 4.877 3.155 2.537 2.579 

Central Arctic 

(CAR) 
12.945 7.802 2.106 4.764 3.800 3.151 5.437 4.195 4.450 3.209 1.955 2.243 

Eastern Arctic 

(EAR) 
8.960 6.067 5.128 4.733 5.611 4.595 6.789 5.227 8.333 5.296 2.097 3.031 
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Table 50. Continued. 
  AA J USB KEN TAN SUD S GAB GHA NIG W HK  

Gabon 

(GAB) 
8.525 5.752 2.794 4.008 3.629 2.342 5.075 2.610 4.328 1.779 0.886 2.074 

Armenia 

(ARM)  
15.117 10.253 4.866 7.978 8.007 7.537 11.009 5.839 9.905 6.172 3.274 5.292 

Aleutian 

Islands 

(AL)  

9.218 6.433 3.697 3.209 2.082 2.231 5.001 2.436 4.236 2.171 0.274 2.078 

Hungary 

(HU) 
9.471 7.075 3.381 3.375 2.440 2.687 5.429 2.701 5.261 2.686 0.456 1.824 

Ontario 

(ONT) 
8.810 6.910 5.385 4.882 4.099 3.061 5.971 2.359 5.605 2.106 1.237 3.341 

St. 

Lawrence 

Island 

Siberia 

(SLS) 

13.960 7.750 5.677 6.787 5.783 5.226 9.692 4.601 6.611 4.041 1.740 4.933 

Nigeria 

(NIG)  
10.672 5.552 4.428 4.558 4.449 4.257 7.831 3.528 5.856 2.974 1.111 3.890 

Sudan 

(SUD) 
7.277 6.001 6.361 3.966 3.573 2.255 3.770 5.030 5.213 4.152 2.191 3.174 

North 

Alaska 

(NAL)  

10.876 8.657 5.369 3.500 4.155 4.132 4.267 3.304 6.361 3.660 2.731 3.359 

Chile (CH) 8.325 8.301 6.321 3.955 3.991 3.030 4.399 2.573 5.443 2.353 2.421 3.120 

Northern 

Mississippi 

Valley 

(NMV)  

14.086 11.053 7.683 7.821 8.068 9.464 12.213 4.432 11.569 4.793 4.987 7.783 

Illinois 

(ILL)  
7.180 6.612 6.584 3.756 4.619 3.233 5.483 4.582 7.213 3.333 2.599 4.407 

North 

Pacific 

Coast 

(NPC) 

10.457 8.701 7.271 4.047 4.350 4.136 5.178 3.178 6.716 3.582 2.148 3.741 



119 
 

 

Siberia 

(SIB) 
11.209 10.210 7.050 4.435 2.617 2.702 3.840 3.373 4.669 3.776 2.410 3.149 

Plains 

(PLN) 
8.770 7.564 5.803 2.891 3.705 3.571 3.074 3.098 5.748 3.725 2.839 2.597 

New 

Zealand 

(NZ) 

9.441 8.325 7.876 5.258 5.498 4.420 5.019 4.101 6.850 4.366 3.306 4.196 

Aleutian 

Islands 

(AT)  

9.419 9.249 6.844 2.765 2.661 2.670 3.183 3.117 5.414 3.526 2.177 2.531 

Hokkaido 

(HK)  
12.219 11.297 8.213 6.113 7.007 7.843 7.316 6.398 11.639 8.038 4.769 4.866 

North 

Japan (N) 
14.816 12.075 6.835 5.491 4.298 5.348 6.104 4.336 8.220 5.026 3.393 4.275 

Northern 

North 

Japan (NN) 

8.488 6.107 4.932 3.560 2.326 2.065 3.277 5.177 2.370 3.845 4.151 3.583 

Central 

Japan (C) 
9.029 8.113 5.336 2.611 2.526 3.009 2.263 4.443 4.327 5.532 3.190 1.545 

India (IND)  7.680 5.458 5.679 5.193 4.875 3.509 4.727 5.547 4.659 5.174 3.102 2.866 

West Japan 

(W) 
9.787 6.521 4.458 3.619 3.380 2.593 3.257 4.309 4.203 4.431 2.067 1.971 
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Table 50. Continued. 
  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 0.506 0         

Russia (RU) 2.043 1.481 1.337 0.901 0               

Bavaria (BV) 1.893 0.778 1.156 0.550 0.680 0       

Kenya (KEN) 4.389 4.916 4.212 4.635 4.586 4.596 0           

Tanzania (TAN) 0.741 0.876 0.769 0.670 0.718 0.768 3.675 0     

South Alaska (SAL) 7.436 7.535 6.445 6.444 5.811 6.243 0.895 5.591 0       

Iceland (IC) 4.844 6.128 5.056 5.544 4.317 5.176 2.598 4.428 3.127 0   

Pecos (PEC) 4.438 6.961 7.010 5.789 5.715 6.373 5.708 4.942 6.715 5.460 0   

Mongolia (MON) 3.934 5.400 4.202 4.749 3.873 5.439 2.811 3.758 3.422 2.142 5.603 0 

Plateau (PLT) 7.723 6.325 5.514 5.199 5.550 5.443 2.044 5.504 1.157 2.974 6.834 4.148 

Central Arctic (CAR)  4.867 5.452 4.795 5.117 5.405 4.964 1.106 4.796 1.951 1.833 5.701 2.861 

Eastern Arctic (EAR) 4.019 4.816 3.943 4.055 3.350 3.797 1.550 2.477 1.964 2.433 5.085 3.933 

Gabon (GAB) 3.813 2.904 2.519 2.394 2.777 2.460 1.244 2.505 1.867 2.177 5.740 2.651 

Armenia (ARM)  5.946 6.518 6.162 6.423 6.414 6.170 0.769 5.484 1.813 4.385 7.720 3.920 

Aleutian Islands (AL) 2.976 2.587 2.298 2.743 3.876 3.385 1.813 2.610 3.749 3.123 4.903 3.678 

Hungary (HU) 3.142 3.488 2.910 3.601 4.338 3.998 1.224 2.813 2.799 2.218 4.723 3.103 

Ontario (ONT)  2.683 1.997 1.706 1.599 1.970 2.024 2.821 1.534 4.342 3.409 6.755 2.889 

St. Lawrence Island 

Siberia (SLS) 
6.266 5.247 4.265 5.212 5.633 6.278 2.041 5.132 3.551 4.350 8.652 4.259 

Nigeria (NIG) 4.377 4.242 3.666 4.284 5.039 5.129 1.223 3.806 2.891 4.656 5.797 3.819 

Sudan (SUD) 2.521 1.513 1.986 1.335 2.915 1.518 4.262 1.950 6.491 5.506 5.460 6.685 

North Alaska (NAL)  1.307 2.460 2.629 1.883 1.074 1.390 4.677 1.210 6.219 3.774 3.476 3.327 

Chile (CH) 2.390 2.044 1.805 1.681 2.428 2.494 4.974 1.992 6.674 4.451 5.583 3.375 
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Table 50. Continued. 
  AL  SAL SLS NAL  CAR EAR ARM  AT CAN BV CZ GE 

Northern Mississippi 

Valley (NMV)  
5.373 7.658 6.525 7.739 7.181 8.221 5.241 5.633 6.288 7.221 7.655 3.132 

Illinois (ILL)  1.731 2.014 2.311 2.185 2.745 1.828 4.079 1.479 6.345 5.738 5.620 5.487 

North Pacific Coast (NPC) 0.841 0.968 0.899 0.766 0.875 1.335 4.867 0.717 7.125 4.673 4.401 3.409 

Siberia (SIB) 2.585 2.394 2.580 2.329 3.650 3.206 6.044 2.876 9.010 4.794 6.199 5.418 

Plains (PLN) 1.671 2.902 2.803 1.967 1.595 2.113 5.194 1.390 6.528 3.901 2.886 3.581 

New Zealand (NZ) 2.287 1.689 1.772 0.862 1.044 1.274 5.935 1.353 7.467 5.331 5.720 4.545 

Aleutian Islands (AT) 1.635 2.006 1.821 1.818 2.165 2.482 5.901 1.628 8.231 3.893 4.168 4.480 

Hokkaido (HK)  1.827 4.208 4.155 3.821 3.493 3.376 5.155 2.314 6.657 5.584 3.554 4.768 

North Japan (N) 1.110 3.790 3.412 3.835 3.345 3.552 5.036 2.349 7.527 3.617 5.039 3.004 

Northern North Japan 

(NN) 
8.647 8.645 8.487 7.980 9.699 8.852 7.064 8.148 8.594 6.763 7.273 9.350 

Central Japan (C) 4.382 5.524 5.764 4.952 6.925 6.107 4.939 5.076 7.211 5.491 2.826 6.875 

India (IND)  6.760 4.846 4.685 3.887 6.045 5.162 4.152 5.312 4.896 5.931 6.244 7.158 

West Japan (W) 3.592 3.530 3.691 2.703 3.363 2.918 3.184 2.986 4.724 3.562 4.241 5.235 
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Table 50. Continued. 
  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) 0.961 1.319 2.161 0         

Armenia (ARM)  3.547 2.380 3.358 2.589 0               

Aleutian Islands (AL) 2.929 2.252 2.748 1.321 3.693 0       

Hungary (HU) 2.498 1.882 1.801 1.343 2.776 0.388 0           

Ontario (ONT)  3.289 3.224 3.018 0.960 4.702 1.808 2.379 0     

St. Lawrence Island 

Siberia (SLS) 
3.709 3.337 3.768 2.602 3.925 1.642 2.222 2.958 0       

Nigeria (NIG) 3.416 2.747 3.143 2.109 2.753 0.886 1.269 2.775 0.921 0   

Sudan (SUD) 4.913 3.812 4.101 2.347 6.667 2.065 3.107 2.018 5.024 3.884 0   

North Alaska (NAL)  6.016 4.519 4.049 2.994 6.272 3.978 4.168 2.432 7.343 5.520 2.946 0 

Chile (CH) 4.753 4.326 5.147 2.266 6.947 3.439 3.816 1.597 6.387 5.157 2.712 1.873 

Northern Mississippi 

Valley (NMV)  
8.012 6.856 6.846 6.055 6.177 5.556 4.772 6.337 7.612 4.701 10.031 5.909 

Illinois (ILL)  5.618 4.831 4.100 2.660 5.399 3.238 3.274 2.429 7.099 4.460 2.382 1.876 

North Pacific Coast (NPC) 6.443 4.992 4.479 3.090 6.928 3.064 3.771 1.883 5.568 4.402 2.236 0.920 

Siberia (SIB) 6.768 4.722 6.021 3.422 8.779 2.736 3.939 1.872 5.396 5.220 1.518 3.115 

Plains (PLN) 5.811 4.744 3.837 3.230 7.673 4.045 4.296 2.333 7.362 5.751 2.569 0.535 

New Zealand (NZ) 6.141 5.478 4.981 3.110 8.362 4.306 5.311 1.622 6.655 6.028 1.898 1.329 

Aleutian Islands (AT) 6.358 5.425 4.509 3.511 8.608 3.117 3.475 2.513 6.596 5.623 2.468 1.725 

Hokkaido (HK)  8.172 5.623 4.045 5.499 6.202 5.520 4.717 5.931 9.673 6.785 5.024 2.240 

North Japan (N) 8.243 4.077 4.909 4.530 7.008 4.214 4.066 3.592 7.395 5.893 4.135 1.678 

Northern North Japan 

(NN) 
5.735 5.725 7.303 4.968 11.004 3.753 4.787 4.965 6.209 5.506 4.275 8.269 

Central Japan (C) 5.772 3.914 5.254 4.264 7.247 3.264 3.601 4.784 6.637 4.894 2.577 5.038 

India (IND)  3.022 3.450 4.718 2.723 6.882 2.676 3.685 3.670 3.752 3.645 2.068 6.756 

West Japan (W) 3.840 2.579 3.099 2.072 5.448 2.417 3.126 2.111 4.023 3.708 1.101 3.125 
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Table 50. Continued. 
  ILL  NFL ONT NPC PEC PLN PLT CH PT TF AU CHAT  MQ NZ 

Chile (CH) 0                           

Northern 

Mississippi Valley 

(NMV)  

6.484 0             

Illinois (ILL)  1.759 5.752 0                       

North Pacific 

Coast (NPC) 
1.163 6.084 2.086 0           

Siberia (SIB) 2.065 10.322 3.903 1.935 0                   

Plains (PLN) 1.464 6.871 2.402 0.965 2.363 0         

New Zealand (NZ) 1.419 9.025 3.048 0.792 1.775 0.903 0               

Aleutian Islands 

(AT)  
1.162 7.887 2.468 0.909 1.454 1.129 1.697 0       

Hokkaido (HK)  5.104 5.747 3.815 3.153 6.744 2.780 4.566 4.303 0           

North Japan (N) 3.372 5.417 3.734 2.068 3.188 1.926 3.149 2.723 2.232 0     

Northern North 

Japan (NN) 
6.556 12.818 7.461 7.966 4.019 6.511 7.429 6.069 12.607 8.859 0       

Central Japan (C) 4.183 11.038 4.858 4.623 2.853 3.638 4.973 3.505 6.113 5.370 3.366 0   

India (IND)  5.076 12.302 6.576 5.437 3.760 5.399 4.557 5.462 8.619 8.032 3.550 2.683 0   

West Japan (W) 3.576 10.821 4.184 3.081 1.849 2.469 2.314 3.189 5.536 4.205 3.692 1.853 1.589 0 
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The principal coordinates plot for the TMD analysis when using the Ossenberg 

comparative dataset is shown in Figure 6. 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 

Figure 5. 
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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 in Table 51. 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 in the Japanese 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 

Code 
Trait Name 

Asian 

American 
Japanese 

African 

American 
Kenya Tanzania Sudan 

Southern 

Africa  
Gabon Ghana 

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

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.02 0.00 0.00 0.00 0.02 0.00 0.00 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.17 0.10 0.12 0.14 0.16 0.00 0.10 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.17 0.00 0.22 0.08 0.26 0.00 0.20 

MHB Mylohyoid bridge 0.42 0.13 0.07 0.00 0.10 0.06 0.24 0.00 0.04 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.00 0.10 0.18 0.13 0.15 0.17 0.06 

PNB Parietal notch bone 0.37 0.19 0.11 0.29 0.19 0.24 0.17 0.17 0.16 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.35 0.43 0.40 0.36 0.42 0.33 0.55 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.12 0.33 0.19 0.34 0.21 0.17 0.23 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.17 0.24 0.38 0.20 0.16 0.33 0.17 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese Nigeria 

West 

Japan 
Hokkaido 

Aleutian 

Islands 

South 

Alaska 

St. Lawrence 

Island 

Siberia 

AST Asterionic ossicle 0.13 0.06 0.25 0.17 0.21 0.13 0.21 0.17 

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.00 0.04 0.04 0.04 0.04 0.05 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.09 0.14 0.22 0.24 0.19 0.24 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.00 0.12 0.21 0.12 0.09 0.08 

MHB Mylohyoid bridge 0.42 0.13 0.00 0.07 0.18 0.27 0.09 0.08 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.08 0.13 0.15 0.21 0.25 0.27 

PNB Parietal notch bone 0.37 0.19 0.18 0.26 0.20 0.16 0.32 0.31 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.50 0.18 0.23 0.12 0.08 0.13 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.36 0.35 0.15 0.61 0.65 0.66 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.22 0.31 0.17 0.55 0.36 0.29 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese 

North 

Alaska 

Central 

Arctic  

Eastern 

Arctic  
Armenia 

Aleutian 

Islands 
Canada Bavaria 

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

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.07 0.15 0.04 0.04 0.07 0.06 0.00 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.17 0.23 0.21 0.21 0.17 0.22 0.43 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.10 0.08 0.07 0.08 0.08 0.07 0.00 

MHB Mylohyoid bridge 0.42 0.13 0.12 0.14 0.11 0.08 0.21 0.09 0.00 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.22 0.10 0.10 0.03 0.18 0.01 0.00 

PNB Parietal notch bone 0.37 0.19 0.27 0.23 0.23 0.15 0.22 0.13 0.14 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.09 0.16 0.09 0.06 0.11 0.09 0.29 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.58 0.58 0.57 0.37 0.58 0.25 0.14 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.25 0.32 0.30 0.20 0.35 0.06 0.29 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese Czechoslovakia Germany Russia Hungary Iceland India  

Siena, 

Italy  

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

CIV 

Pterygospinous 

bridge complete 

(foramen of 

civinini) 

0.00 0.00 0.08 0.14 0.00 0.02 0.08 0.03 0.03 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.15 0.33 0.17 0.37 0.19 0.17 0.26 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.00 0.00 0.00 0.10 0.00 0.04 0.06 

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

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.08 0.00 0.00 0.04 0.08 0.06 0.01 

PNB Parietal notch bone 0.37 0.19 0.17 0.00 0.23 0.07 0.22 0.19 0.19 

PTB 

Pterygobasal 

(pterygoalar) spur 

or bridge 

0.15 0.25 0.23 0.29 0.15 0.13 0.08 0.13 0.02 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.31 0.29 0.15 0.29 0.32 0.28 0.30 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.23 0.29 0.00 0.16 0.17 0.16 0.28 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese 

Central 

Japan 

North 

Japan 

Northern 

North Japan 

North 

China 
Mongolia Siberia 

AST Asterionic ossicle 0.13 0.06 0.17 0.12 0.18 0.17 0.18 0.18 

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.02 0.02 0.07 0.09 0.03 0.02 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.10 0.16 0.10 0.10 0.07 0.12 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.15 0.12 0.03 0.11 0.15 0.11 

MHB Mylohyoid bridge 0.42 0.13 0.04 0.08 0.07 0.00 0.04 0.08 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.15 0.13 0.16 0.11 0.07 0.19 

PNB Parietal notch bone 0.37 0.19 0.25 0.27 0.14 0.22 0.21 0.17 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.13 0.13 0.14 0.10 0.10 0.07 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.36 0.27 0.40 0.47 0.53 0.54 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.29 0.27 0.28 0.24 0.24 0.22 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese 

Northern 

Mississippi 

Valley 

Illinois  Newfoundland Ontario 

North 

Pacific 

Coast 

Pecos 

AST Asterionic ossicle 0.13 0.06 0.12 0.37 0.10 0.18 0.21 0.31 

CIV 

Pterygospinous 

bridge complete 

(foramen of 

civinini) 

0.00 0.00 0.07 0.05 0.00 0.00 0.09 0.05 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.23 0.24 0.12 0.14 0.23 0.16 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.10 0.04 0.11 0.03 0.12 0.09 

MHB Mylohyoid bridge 0.42 0.13 0.30 0.22 0.30 0.27 0.20 0.08 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.07 0.24 0.05 0.10 0.21 0.38 

PNB Parietal notch bone 0.37 0.19 0.13 0.22 0.12 0.28 0.20 0.13 

PTB 

Pterygobasal 

(pterygoalar) spur 

or bridge 

0.15 0.25 0.23 0.29 0.38 0.15 0.21 0.18 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.46 0.46 0.50 0.57 0.64 0.41 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.41 0.23 0.34 0.35 0.39 0.42 
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Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese Plains Plateau Chile Patagonia 

Tierra 

del 

Fuego 

AST Asterionic ossicle 0.13 0.06 0.13 0.19 0.21 0.00 0.08 

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.10 0.13 0.06 0.00 0.00 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.20 0.19 0.24 0.40 0.38 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.11 0.07 0.11 0.25 0.13 

MHB Mylohyoid bridge 0.42 0.13 0.36 0.17 0.22 0.50 0.25 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.16 0.21 0.36 0.09 0.15 

PNB Parietal notch bone 0.37 0.19 0.11 0.12 0.31 0.11 0.00 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.27 0.17 0.32 0.08 0.23 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.45 0.56 0.44 0.50 0.50 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.28 0.25 0.38 0.33 0.54 

 

 

 

 

 



134 
 

 

Table 51. Continued. 

Trait 

Code 
Trait Name 

Asian 

American 
Japanese Australia  

Chatham 

Island 
Marquesas 

New 

Zealand 

AST Asterionic ossicle 0.13 0.06 0.22 0.37 0.27 0.17 

CIV 

Pterygospinous 

bridge complete 

(foramen of civinini) 

0.00 0.00 0.00 0.00 0.04 0.07 

HYP 
Hypoglossal canal 

bridged or double 
0.00 0.00 0.02 0.16 0.11 0.16 

MEN 
Accessory mental 

foramen 
0.05 0.09 0.12 0.25 0.20 0.13 

MHB Mylohyoid bridge 0.42 0.13 0.05 0.25 0.04 0.09 

OMB 
Occipito-mastoid 

suture ossicle 
0.31 0.03 0.23 0.25 0.20 0.12 

PNB Parietal notch bone 0.37 0.19 0.10 0.15 0.15 0.10 

PTB 

Pterygobasal 

(pterygoalar) spur or 

bridge 

0.15 0.25 0.32 0.10 0.06 0.07 

SOF 
Supraorbital 

foramen 
0.38 0.69 0.20 0.30 0.37 0.36 

TYM 
Tympanic 

dehiscence 
0.00 0.00 0.15 0.20 0.04 0.21 

 

 

 

 



135 
 

 

The final cranial macromorphoscopic TMD analysis compared the current study data to 

the MaMD dataset (Hefner 2018) (Table 52, Figure 7, and Table 53). Because the TMD 

analysis can only handle binary data, any macromorphoscopic traits that could not be 

dichotomized were removed from this analysis. The Mahalanobis distances when using 

the MaMD comparative dataset are shown in Table 52, 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 Japanese sample 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 AI  HH AMWH  AMBL  

Asian American (AA) 0 1.050     

Japanese (J) 1.050 0     

American Indian (AI)  6.883 7.167 0    

Hispanic (HH) 3.462 3.612 1.194 0   

American White 

(AMWH)  
4.147 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 shown in Figure 7. 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 comparative samples 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 frequencies when using the MaMD comparative 

dataset are shown in Table 53. Only binary traits were retained for this analysis, including 

Malar Tubercle (MT), Nasal Overgrowth (NO), Posterior Zygomatic Tubercle (PZT), and 

Zygomatico-maxillary 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 the Asian 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 

Code 
Trait Name 

Asian 

American 
Japanese 

American 

Indian  
Hispanic 

American 

White 

American 

Black 

MT 
Malar  

tubercle 
1.00 0.97 0.73 0.91 0.74 0.95 

NO 
Nasal  

overgrowth 
0.61 0.40 0.60 0.69 0.46 0.27 

PZT 

Posterior  

zygomatic  

tubercle 

0.95 1.00 0.98 1.00 0.98 0.97 

ZS 

Zygomatico- 

maxillary 

suture 

0.93 0.97 0.26 0.55 0.63 0.80 

 

Dental morphology 

The dental morphology data were also analyzed for population and trait variation using 

Konigbergôs (1990) TMD R code. The Pilloud and Scott (2017) Dentabase data served as 

the comparative dataset for this analysis. Unfortunately, the Japanese comparative sample 

from the Adams and Pilloud (2019) dataset 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 shown in (Table 54, Figure 8, and 

Table 55). The Mahalanobis distances are shown in Table 54, 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 Hispanic sample and 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 

(SAB) 
105.985 139.725 40.091 22.152 0    

Hispanic (H) 16.217 48.169 61.785 31.652 50.643 0   

South African White 

(SAW) 
40.874 72.770 52.258 27.884 46.516 13.213 0  

South African 

Coloured (SAC) 
58.167 94.763 41.280 18.524 12.800 25.428 16.505 0 

 

The principal coordinates plot for the dental morphology TMD analysis is shown in 

Figure 8. The Asian American samples is located in the lower left quadrant of the plot, 

while the Japanese sample 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 shown in Table 55. The breakpoints for 

each trait are included in Table 9 in the Methods chapter. For the Asian American 

sample, the highest frequencies (1.00) were UM1 Metacone (UM1_METCON), UM2 

Metacone (UM2_METCON), and LP4 Lingual Cusps (LP4_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), and LM1 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 higher 

frequencies of Shoveling, Double Shoveling, Dental Crowding, and Enamel Extensions 

compared to the reference samples. 
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Table 55. Dental morphology trait frequencies. 

Trait  
Asian 

American 
Japanese 

American 

White 

American 

Black 

South 

African 

Black 

Hispanic 

South 

African 

White 

South 

African 

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 

UI2_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 

UI1_LABCON 0.16 0.19 0.03 0.14 0.30 0.00 0.15 0.33 

UI1_SHOV 0.30 0.74 0.01 0.00 0.01 0.33 0.08 0.00 

UI2_SHOV 0.74 0.70 0.00 0.05 0.02 0.43 0.00 0.00 

UI1_SHOV2 0.13 0.52 0.01 0.00 0.01 0.10 0.00 0.00 

UI2_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 
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Table 55. Continued. 

Trait  
Asian 

American 
Japanese 

American 

White 

American 

Black 

South 

African 

Black 

Hispanic 

South 

African 

White 

South 

African 

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. 

Trait  
Asian 

American 
Japanese 

American 

White 

American 

Black 

South 

African 

Black 

Hispanic 

South 

African 

White 

South 

African 

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 Moore-Jansen 1988) and Howells (1973, 1989, 1995) 

datasets as comparisons.  

The craniometric data were analyzed for population variation using the R-matrix 

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 displayed in Table 56, 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 the Norse 

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  EI  

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 0.032 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 (AI)  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 
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Table 56. Continued. 
  NR ZA BE TE DG ZU AUS TAS TL  MK  EI  

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 0.036 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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Table 56. Continued. 
  MI  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 (AI)  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) 0.021 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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Table 56. Continued. 
  AD AI  BR ES AY SM NM B W H NA EA AA J 

Andaman (AD) 0              

Ainu (AI)  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 shown in Figure 9 with a 

zoomed in view of the lower left quadrant shown in detail in Figure 10. The Asian 

American and Japanese samples are located in the far right section of the Figure 9 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% of the variance. 

 

 

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 FDB and Howells comparative datasets and the study samples. 

 

 

The craniometric data were also analyzed for population variation using Principal 

Components Analysis (PCA) (Figure 11). 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 samples are 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 in Table 57. PC1 accounted for 29.4% of the variance and was most influenced 

by Simotic Subtense (SIS; -0.206), Nasion Radius (NAR; -0.202), and Biasterionic 

Breadth (ASB; -0.193). PC2 accounted for 18.9% of the variance and was most 

influenced by Mastoid Height (MDH; 0.213), Bizygomatic 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 postero-inferior 

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

 

Table 57. Craniometric population variation PCA summarized loading values. 

PC1 (29.4%) PC2 (18.9%) 

NFA 0.190 MDH 0.213 

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 Moore-Jansen 1988) and Howells (1973, 1989, 

1995) datasets as comparisons. 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 in Figure 12. Asian American Females (AA_F) and Japanese Females (J_F) are 

in the lower right quadrant, while Asian American Males (AA_M) and Japanese 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 variance, with little 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 

variation PCA are provided in Table 58. PC1 accounted for 41.7% of the variance and 

was most influenced by Nasion Radius (NAR; -0.172), Basion-Nasion Length (BNL; -

0.170), and Dacryon Radius (DKR; -0.168). PC2 accounted for 12.1% of the variance 

and was most influenced by Basion Angle (Nasion-Prosthion) (BAA; -0.239), Nasion 

Angle (Basion-Prosthion) (NAA; 0.235), and Nasion Angle (Basion-Bregma) (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 sex variation PCA summarized loading values. 

PC1 (41.7%) PC2 (12.1%) 

BBA 0.057 NAA 0.235 

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 were analyzed for population variation using the R-matrix 

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 were calculated in RMET. Because the Pilloud and Scott (2017) 

and Pilloud et al. (2014) datasets contain different traits, two R-matrix analyses were 

performed to maximize trait retention. In the first analysis, only crown mesiodistal and 
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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. 

The results of the crown measurements analysis are shown in Table 59 and Figure 13. 

The Mahalanobis distances for the odontometric population variation analysis are 

displayed in Table 59, 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, Sub-Saharan 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. 
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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 (WAf)  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 
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Table 59. Continued. 
  GUY JAM  EA MEL  MIC  NAm POL SEA E 

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 (NAm) 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 0 
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The odontometric PCoA plot for this analysis is shown in Figure 13. The Asian 

American and Japanese samples are located in the lower right quadrant of the plot. The 

Japanese sample has no nearby neighbors, while the Asian American sample is closest to 

the African Black and European White samples.  

 
 

Figure 13. Odontometric population variation principal coordinates plot using crown 

measurements. 

 

 

The results of the RMET R-matrix crown and cervical measurements analysis are 

shown in Table 60 and Figure 14. The Mahalanobis distances for the odontometric 

population variation analysis are displayed in Table 60, 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 and most 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 distances using crown and 

cervical measurements. 

  
Asian 

American 
Japanese 

South 

African 

Coloured 

South 

African 

Black 

European 

White 

Asian American 0 0.038       

Japanese 0.038 0    

South African 

Coloured 
0.001 0.046 0     

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 shown in Figure 14. 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 principal components accounted 

for 93.7% of the variance (Figure 15). The Asian American and Japanese samples are in 

the lower left and lower right quadrants, respectively. The Asian American sample is 

closest to the European White sample, while the Japanese sample is distinctly separated 

from all other samples. 

 

 
 

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 comparison are provided in the top half of Table 61. PC1 accounted for 87.8% 

of the variance and was most influenced by UI2 crown buccolingual diameter (UI2_BL; -

0.199), LM1 crown mesiodistal diameter (LM1_MD; -0.197), 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 diameter (LI2_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 -0.146 LI1_BL 0.501 

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 UI1_MD -0.258 

UI2_BL -0.199 LI1_MD -0.264 

Crown and Cervical Measurements 

PC1 (54.8%) PC2 (20.8%) 

UI2_crx_bl 0.163 LI1_crn_height 0.143 

UI2_crx_md 0.162 UP3_crn_height 0.133 

UC_crn_md 0.162 LI2_crn_height 0.127 
    

UM2_crx_bl -0.074 UI1_crn_md -0.239 

UM1_crx_bl -0.107 LM2_crn_bl -0.246 

UM2_crn_height -0.137 UM2_crn_bl -0.253 

 

Dental crown and cervical measurements were also analyzed 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 variance (Figure 16). 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. 

 

 
 

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 half of Table 61. 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 (UI2_crx_md; 0.162), and UC 

crown mesiodistal diameter (UC_crn_md; 0.162). PC2 accounted for 20.8% 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_bl; -0.246), and UI1 crown 

mesiodistal diameter (UI1_crn_md; -0.239).  

The odontometric data were also analyzed for combined 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 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. 

In the PCA crown measurements analysis, the first two principal components accounted 

for 88.3% of the variance (Figure 17). The Asian American Males (AA_M), and Asian 

American Females (AA_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 

quadrant. Overall, female samples are found on the right side of PC1, while males are 

mostly located to 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) 

datasets as comparison are provided in the top half of Table 62. PC1 accounted for 83.5% 

of the variance and was most influenced by LC crown mesiodistal diameter (LC_MD; -

0.199), UC crown mesiodistal diameter (UC_MD; -0.197), 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 buccolingual 

diameter (LC_BL; -0.337), and LI2 crown buccolingual diameter (LI2_BL; -0.314). 
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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 -0.176 LI2_MD 0.342 

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 -0.015 LI1_crn_height 0.215 

UI1_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 -0.256 

UM1_crx_md -0.151 UI1_crn_md -0.271 

UP4_crn_height -0.151 UM2_crn_height -0.298 

 

Dental crown and cervical measurements 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 variance (Figure 

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 half of Table 62. 

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_md; -0.151), 

and UC cervical buccolingual diameter (UC_crx_bl; -0.149). PC2 accounted for 14.5% of 

the variance and was most influenced by UM2 crown height (UM2_crn_height; -0.298), 
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UI1 crown mesiodistal diameter (UI1_crn_md; -0.271), and LM2 crown height 

(LM2_crn_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 using ML techniques and assessed using accuracy, precision, 

recall, and F1 scores. As previously discussed, accuracy refers to the number of true 

predictions (whether positive or negative). Precision refers to the number of true positive 

predictions divided by the total number of positive predictions (Precision = true positives 

/ true positives + false positives). Recall is the measure of true positives divided by the 

total number of predicted results (Recall = true positives / true positives + false 

negatives). Finally, the F1 score is 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., Asian American Female, Asian American Male, Japanese Female, Japanese Male, 

etc.) in each analysis, the average for precision, recall, and F1 score was set to 

óweighted,ô which took into account imbalance in the sizes of the prediction groups. 

Therefore, the recall 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 the study 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 scores are also 

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 for the analyses 

used in Aim #1 were not available, those accuracy results will be compared to the F1 

scores from the ML analyses. Support (n) columns represent the number of individuals in 

the test set for each group being tested. 

Cranial nonmetrics and macromorphoscopics 

The cranial nonmetric and macromorphoscopic ML results for population affinity 

accuracy for all groups (n = 57) are shown in Table 63. Overall, the results are quite low. 

Logistic Regression showed the highest accuracy (0.178); although MLP had the highest 

F1 score (0.137). When compared to the population affinity estimation analysis using 

hefneR (Table 18), 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 cranial macromorphoscopic traits. 

 

Table 63. Cranial nonmetrics and macromorphoscopics ML results for all groups when 

testing population. 

DV: Population (n = 57) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.178 0.122 0.178 0.132 
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Linear Discriminant 

Analysis 
LDA  0.154 0.136 0.154 0.136 

K-Nearest Neighbor KNN n_neighors = 20 0.122 0.105 0.122 0.107 

Support Vector 

Machine 
SVM C = 1; kernel = rbf 0.167 0.102 0.167 0.114 

Naïve Bayes NB   0.058 0.056 0.058 0.047 

Decision Trees DT  0.107 0.107 0.107 0.1 

Random Forest 

Modeling 
RFM 

max_depth = 8; 

n_estimators = 100 
0.162 0.095 0.162 0.095 

Multilayer Perceptron MLP 

activation = logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= invscaling 

0.177 0.13 0.177 0.137 

 

The cranial nonmetric and macromorphoscopic ML F1 scores for all populations are 

shown in Table 64 (n = 57 groups), where the two study populations are bolded. The 

results for the two study samples were significantly better than the overall ML accuracy 

rates (Table 63) and the hefneR classifications (see Table 18 in Aim #1). For the Asian 

American sample, Logistic Regression produced the highest F1 scores of 0.968. For the 

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

 

Table 64. Cranial nonmetrics and macromorphoscopics ML F1 scores for all populations 

when testing population. 

DV: Population (n = 57) 

Population 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

AA 0.968 0.727 0.800 0.857 0.909 0.500 0.500 0.903 15 

AI  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

AL  0.170 0.126 0.130 0.173 0.000 0.139 0.139 0.170 77 

AMBL  0.632 0.514 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 
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CH 0.000 0.154 0.000 0.000 0.000 0.000 0.000 0.000 9 

CHAT  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

CHN 0.000 0.000 0.000 0.000 0.074 0.000 0.000 0.000 14 

CZ 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

EAR 0.000 0.121 0.064 0.000 0.000 0.090 0.090 0.043 75 

GAB 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

GE N/A 0.000 N/A N/A 0.000 0.000 0.000 N/A N/A 

GHA 0.000 0.066 0.000 0.000 0.044 0.000 0.000 0.000 10 

H 0.000 0.235 0.000 0.000 0.174 0.143 0.143 0.000 10 

HH 0.400 0.324 0.364 0.462 0.286 0.250 0.250 0.486 21 

HK  0.135 0.087 0.023 0.047 0.000 0.000 0.000 0.130 32 

HU 0.000 0.000 0.000 0.000 0.000 0.118 0.118 0.000 4 

IC  0.000 0.000 0.000 0.000 0.154 0.000 0.000 0.000 9 

ILL  0.000 0.160 0.000 0.000 0.000 0.074 0.074 0.000 19 

IND 0.000 0.061 0.000 0.000 0.000 0.176 0.176 0.000 28 

J 0.533 0.700 0.000 0.533 0.842 0.267 0.267 0.737 11 

KEN 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

MON 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 12 

MQ 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 12 

N 0.040 0.031 0.068 0.000 0.000 0.087 0.087 0.033 41 

NAL  0.098 0.092 0.076 0.045 0.000 0.089 0.089 0.069 75 

NFL 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 10 

NIG 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 8 

NMV  0.332 0.355 0.266 0.245 0.000 0.135 0.135 0.295 72 

NN 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 8 

NPC 0.078 0.035 0.050 0.103 0.000 0.113 0.113 0.052 72 

NZ 0.000 0.087 0.000 0.000 0.000 0.000 0.000 0.000 10 

ONT 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 11 

PEC 0.093 0.100 0.034 0.000 0.000 0.033 0.033 0.102 36 

PLN 0.295 0.227 0.092 0.156 0.000 0.067 0.067 0.309 44 

PLT 0.000 0.039 0.000 0.000 0.000 0.000 0.000 0.040 46 

PT 0.000 0.000 0.000 0.000 0.010 0.000 0.000 0.000 7 

RU 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4 

S 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 11 

SAL 0.257 0.239 0.167 0.263 0.000 0.153 0.153 0.259 126 

SIB 0.048 0.034 0.102 0.000 0.000 0.083 0.083 0.040 28 

SIE 0.000 0.000 0.000 0.000 0.058 0.080 0.080 0.000 20 

SLS 0.040 0.048 0.084 0.048 0.000 0.080 0.080 0.043 56 

SUD 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 14 

TAN 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 9 

TF 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

USB 0.000 0.100 0.000 0.000 0.000 0.000 0.000 0.000 8 

W 0.000 0.029 0.000 0.000 0.000 0.029 0.029 0.000 58 

WH 0.514 0.600 0.488 0.580 0.296 0.222 0.222 0.554 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 shown in Table 65. Again, the 

results are generally poor. MLP again showed the highest accuracy (0.098) and F1 score 

(0.07). 

 

Table 65. Cranial nonmetrics and macromorphoscopics ML results for all groups when 

testing population and sex combined. 

DV: Population & Sex (n = 112) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 1 0.091 0.071 0.091 0.069 

Linear Discriminant 

Analysis 
LDA  0.084 0.077 0.084 0.073 

K-Nearest Neighbor KNN n_neighors = 20 0.064 0.055 0.064 0.055 

Support Vector 

Machine 
SVM 

C = 0.1; kernel = 

linear 
0.095 0.056 0.095 0.057 

Naïve Bayes NB   0.024 0.032 0.024 0.02 

Decision Trees DT  0.055 0.051 0.055 0.048 

Random Forest 

Modeling 
RFM 

max_depth = 8; 

n_estimators = 50 
0.095 0.058 0.095 0.054 

Multilayer Perceptron MLP 

activation = logistic; 

hidden_layer_sizes 

= 100; learning_rate 

= constant 

0.098 0.062 0.098 0.07 

 

The cranial nonmetric and macromorphoscopic ML F1 scores for all groups are shown 

in Table 66 (n = 112 groups). The Support column represents the number of individuals 

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 groups (Table 65). Naïve 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 Males (F1 = 0.615).  
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Table 66. Cranial nonmetrics and macromorphoscopics ML F1 scores for all groups 

when testing population and sex combined. 

DV: Population & Sex (n = 112) 

Group 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

AA_F 0.400 0.286 0.500 0.429 0.588 0.250 0.500 0.429 8 

AA_M  0.500 0.333 0.462 0.471 0.667 0.615 0.625 0.526 7 

AI_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

AL_F 0.094 0.113 0.074 0.120 0.000 0.088 0.000 0.110 43 

AL_M  0.100 0.026 0.060 0.073 0.000 0.069 0.050 0.026 34 

AMBL_F  0.364 0.286 0.545 0.444 0.211 0.182 0.600 0.333 5 

AMBL_M  0.385 0.286 0.455 0.560 0.143 0.296 0.414 0.357 12 

AMWH_F  0.167 0.333 0.000 0.167 0.250 0.000 0.267 0.182 8 

AMWH_M  0.429 0.435 0.483 0.500 0.000 0.240 0.538 0.519 9 

ARM_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 8 

ARM_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 12 

AT_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 17 

AT_M  0.000 0.000 0.054 0.000 0.000 0.059 0.000 0.000 19 

AU_F 0.000 0.000 0.000 0.000 0.000 0.222 0.000 0.000 2 

AU_M 0.000 0.000 0.000 0.000 0.000 0.087 0.000 0.000 12 

BV_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

BV_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

B_F 0.000 0.286 0.000 0.000 0.000 0.000 0.000 0.000 5 

B_M 0.000 0.000 0.000 0.000 0.267 0.000 0.000 0.105 7 

CAN_F 0.047 0.108 0.045 0.000 0.000 0.033 0.000 0.000 20 

CAN_M 0.110 0.140 0.035 0.053 0.000 0.098 0.100 0.095 18 

CAR_F 0.034 0.080 0.026 0.000 0.000 0.000 0.000 0.030 32 

CAR_M 0.044 0.000 0.077 0.049 0.000 0.028 0.041 0.043 37 

CHAT_F 0.000 0.111 0.000 0.000 0.000 0.000 0.000 0.000 3 

CHAT_M  N/A 0.000 0.000 N/A 0.000 0.000 N/A N/A N/A 

CHN_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

CHN_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.100 11 

CH_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

CH_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 6 

CZ_F N/A N/A N/A N/A 0.000 N/A N/A N/A N/A 

CZ_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

C_F 0.000 0.000 0.034 0.000 0.000 0.000 0.000 0.000 25 

C_M 0.092 0.038 0.090 0.096 0.000 0.034 0.080 0.077 44 

EAR_F 0.000 0.112 0.049 0.000 0.000 0.122 0.000 0.000 46 

EAR_M 0.040 0.041 0.000 0.000 0.000 0.042 0.000 0.037 29 

GAB_F N/A N/A N/A N/A 0.000 N/A N/A N/A N/A 

GAB_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

GE_F N/A 0.000 N/A N/A 0.000 0.000 N/A N/A N/A 

GE_M N/A 0.000 N/A N/A 0.000 N/A N/A N/A N/A 

GHA_F 0.000 0.000 0.000 0.000 0.059 0.000 0.000 0.000 5 
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GHA_M  0.000 0.045 0.000 0.000 0.000 0.000 0.000 0.000 5 

HH_F 0.182 0.154 0.000 0.000 0.286 0.000 0.000 0.182 7 

HH_M  0.429 0.364 0.333 0.313 0.000 0.182 0.483 0.480 14 

HK_F 0.036 0.000 0.000 0.000 0.000 0.000 0.000 0.000 13 

HK_M  0.065 0.000 0.048 0.000 0.000 0.000 0.000 0.053 19 

HU_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

HU_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

H_F N/A 0.000 N/A N/A 0.000 0.000 N/A N/A N/A 

H_M 0.167 0.167 0.000 0.000 0.071 0.000 0.000 0.000 10 

IC_F 0.000 0.000 0.000 0.000 0.013 0.000 0.000 0.000 4 

IC_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 5 

ILL_F  0.000 0.000 0.000 0.000 0.000 0.118 0.000 0.000 8 

ILL_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 11 

IND_F 0.000 0.100 0.000 0.000 0.000 0.000 0.000 0.000 17 

IND_M  0.217 0.200 0.000 0.000 0.000 0.192 0.000 0.204 11 

J_F 0.286 0.222 0.000 0.000 0.333 0.000 0.000 0.286 2 

J_M 0.200 0.333 0.000 0.200 0.615 0.000 0.200 0.000 9 

KEN_F N/A 0.000 N/A N/A 0.000 0.000 N/A N/A N/A 

KEN_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

MON_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 5 

MON_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 7 

MQ_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

MQ_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 10 

NAL_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 43 

NAL_M  0.077 0.088 0.065 0.030 0.000 0.059 0.047 0.079 32 

NFL_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4 

NFL_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 6 

NIG_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

NIG_M  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 6 

NMV_F 0.059 0.120 0.119 0.000 0.000 0.089 0.000 0.000 28 

NMV_M  0.155 0.148 0.110 0.131 0.000 0.080 0.199 0.180 44 

NN_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 3 

NN_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 5 

NPC_F 0.000 0.000 0.000 0.000 0.000 0.057 0.065 0.000 26 

NPC_M 0.133 0.088 0.034 0.090 0.000 0.063 0.056 0.133 46 

NZ_F 0.000 0.154 0.000 0.000 0.000 0.000 0.000 0.000 2 

NZ_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 8 

N_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 18 

N_M 0.056 0.056 0.069 0.000 0.000 0.000 0.000 0.045 23 

ONT_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 7 

ONT_M 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4 

PEC_F 0.000 0.000 0.083 0.000 0.000 0.080 0.000 0.067 16 

PEC_M 0.069 0.125 0.000 0.000 0.000 0.000 0.000 0.067 20 

PLN_F 0.000 0.061 0.000 0.000 0.000 0.000 0.000 0.000 16 

PLN_M 0.158 0.138 0.078 0.132 0.000 0.000 0.088 0.203 28 

PLT_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 19 

PLT_M  0.043 0.067 0.000 0.000 0.000 0.000 0.000 0.049 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 = 9 groups) are shown in Table 67. Overall, the results are low to moderate. MLP 

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

 

Table 67. Dental morphology ML results for all populations when testing population 

alone. 

DV: Population (n = 9) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.667 0.576 0.67 0.61 

Linear Discriminant 

Analysis 
LDA  0.615 0.568 0.615 0.584 
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K-Nearest Neighbor KNN n_neighors = 20 0.594 0.512 0.594 0.537 

Support Vector 

Machine 
SVM C = 1; kernel = rbf 0.672 0.577 0.672 0.614 

Naïve Bayes NB   0.255 0.557 0.255 0.256 

Decision Trees DT  0.583 0.568 0.583 0.565 

Random Forest 

Modeling 
RFM 

max_depth = 8; 

n_estimators = 250 
0.672 0.579 0.672 0.615 

Multilayer Perceptron MLP 

activation = 

logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= invscaling 

0.682 0.592 0.682 0.626 

 

The dental morphology ML results for the two study populations are shown in Table 68 

(n = 9 groups). MLP produced the highest F1 score (0.625) for the Asian American 

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

compared to the population affinity estimations produced by rASUDAS (Table 19), the 

current ML analyses outperformed rASUDAS (25% accuracy). 

 

Table 68. Dental morphology ML F1 scores for all populations when testing population 

alone. 

DV: Population (n = 9) 

Population 

Code 
LR LD KNN SVM NB DT RFM MLP  

Support 

(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 0.718 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 shown in Table 69. Overall, the results are low. Linear SVM 

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

 

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

combined. 

DV: Population & Sex (n = 18) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 1 0.427 0.335 0.427 0.371 

Linear Discriminant 

Analysis 
LDA  0.401 0.377 0.401 0.377 

K-Nearest Neighbor KNN n_neighors = 10 0.37 0.277 0.37 0.312 

Support Vector 

Machine 
SVM 

C = 0.1; kernel = 

linear 
0.458 0.331 0.458 0.381 

Naïve Bayes NB   0.099 0.363 0.099 0.106 

Decision Trees DT  0.365 0.38 0.365 0.362 

Random Forest 

Modeling 
RFM 

max_depth = 4; 

n_estimators = 250 
0.458 0.305 0.458 0.346 

Multilayer Perceptron MLP 

activation = tanh; 

hidden_layer_sizes 

= 50; learning_rate 

= invscaling 

0.417 0.338 0.417 0.37 

 

The dental morphology ML results for the female and male study samples are shown in 

Table 70 (n = 18 groups). The results of this analysis were overall worse than when 

predicting the accuracies for all groups (see Table 69). Decision Trees was the only ML 

technique that produced an F1 score above zero (0.167) 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 Japanese Males. 
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Table 70. Dental morphology ML F1 scores for all groups when testing population and 

sex combined. 

DV: Population & Sex (n = 18) 

Group 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

AA_F 0.000 0.000 0.000 0.000 0.000 0.167 0.000 0.000 5 

AA_M  0.000 0.286 0.167 0.222 0.000 0.000 0.400 0.286 4 

AB_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 2 

AB_M 0.000 0.000 0.000 0.000 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 0.500 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 

JJ_M 0.923 0.895 0.923 0.923 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 

J_M 0.400 0.571 0.000 0.182 0.000 0.286 0.200 0.308 5 

SAB_F 0.444 0.400 0.000 0.500 0.087 0.200 0.000 0.389 16 

SAB_M 0.525 0.518 0.597 0.523 0.082 0.524 0.559 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 

The craniometric ML results for population affinity accuracy for all populations (n = 37 

groups) are shown in Table 71. Overall, the results are moderate to high. LDA produced 

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

 

Table 71. Craniometric ML results for all populations when testing population alone. 

DV: Population (n = 37) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.775 0.768 0.775 0.765 

Linear Discriminant 

Analysis 
LDA  0.789 0.788 0.789 0.784 

K-Nearest Neighbor KNN n_neighors = 10 0.628 0.588 0.628 0.581 

Support Vector 

Machine 
SVM 

C = 0.1; kernel = 

linear 
0.746 0.744 0.746 0.738 

Naïve 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 

Random Forest 

Modeling 
RFM 

max_depth = None; 

n_estimators = 500 
0.659 0.653 0.648 0.607 

Multilayer Perceptron MLP 

activation = logistic; 

hidden_layer_sizes 

= 100; learning_rate 

= invscaling 

0.767 0.767 0.767 0.762 

 

The craniometric ML results for all populations are shown in Table 72 (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 was compared to the Fordisc population affinity estimation 

analysis using the FDB reference database (Table 20). For the Asian American sample, 

the current ML analysis (F1 = 0.824 for MLP) outperformed Fordiscôs LDA algorithm 

(33% accuracy; Table 20). However, Fordisc and the current ML analysis performed 

approximately the same for the Japanese sample (50% accuracy in Table 20 and F1 = 

0.588 in Table 72, respectively). 

The current ML analysis was also compared to the Fordisc population affinity 

estimation analysis using Howells and some FDB references (Table 21). For the Asian 

American sample, the current ML analysis (F1 = 0.824 for MLP) outperformed Fordiscôs 

LDA algorithm (42% accuracy; Table 21). 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 combination of Howells and some FDB samples in 

Fordisc in this case (76% accuracy; Table 21).  

 

Table 72. Craniometric ML results for all groups when testing population alone. 

DV: Population (n = 37) 
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Population 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(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 

AI  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 

EI  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 shown in Table 73. Overall, the results are moderate. LDA produced 

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

combined. 

DV: Population & Sex (n = 70) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.667 0.682 0.667 0.654 

Linear Discriminant 

Analysis 
LDA  0.682 0.706 0.682 0.681 

K-Nearest Neighbor KNN n_neighors = 10 0.541 0.518 0.541 0.502 

Support Vector 

Machine 
SVM 

C = 0.1; kernel = 

linear 
0.64 0.65 0.64 0.633 

Naïve Bayes NB   0.514 0.565 0.514 0.525 

Decision Trees DT  0.344 0.368 0.344 0.351 

Random Forest 

Modeling 
RFM 

max_depth = 32; 

n_estimators = 500 
0.56 0.527 0.56 0.516 

Multilayer Perceptron MLP 

activation = logistic; 

hidden_layer_sizes 

= 100; learning_rate 

= invscaling 

0.672 0.686 0.672 0.666 

 

The craniometric ML results for all female and male samples are shown in Table 74 (n 

= 70 groups). Logistic Regression and Linear SVM tied for having the highest F1 score 

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

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

for Japanese Females (F1 = 0.462), while Logistic Regression produced the highest F1 

score of 0.500 for Japanese Males. 

When compared to the sex estimation analyses in Fordisc (Table 28 and Table 29), 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 number of individuals 

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. Craniometric ML F1 scores for all groups when testing population and sex 

combined. 

DV: Population & Sex (n = 70) 

Group 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

AA_F 0.667 0.444 0.000 0.667 0.286 0.000 0.000 0.500 5 

AA_M  0.400 0.000 0.000 0.400 0.200 0.000 0.000 0.333 4 

AD_F 0.556 0.500 0.625 0.500 0.714 0.250 0.667 0.571 5 

AD_M 0.400 0.400 0.143 0.333 0.286 0.118 0.000 0.462 8 

AI_F 0.556 0.625 0.400 0.375 0.429 0.000 0.500 0.471 8 

AI_M  0.429 0.800 0.333 0.500 0.308 0.190 0.533 0.571 8 

AR_F 0.250 0.545 0.000 0.364 0.333 0.000 0.000 0.182 7 

AR_M 0.714 0.429 0.421 0.500 0.400 0.133 0.364 0.769 6 

AT_F 0.500 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  0.500 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 0.526 0.632 0.588 0.556 0.600 0.500 0.632 0.462 7 

BU_M 0.533 0.667 0.333 0.778 0.308 0.400 0.462 0.667 9 

B_F 0.563 0.623 0.370 0.630 0.333 0.274 0.333 0.587 34 

B_M 0.586 0.647 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 

EA_F N/A N/A N/A 0.000 0.000 0.000 N/A 0.000 0 

EA_M 0.000 1.000 0.500 0.667 0.667 0.000 0.000 1.000 1 

EG_F 0.706 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 

EI_F 0.833 0.889 0.800 0.909 0.909 0.000 0.667 0.800 5 

EI_M  0.737 0.769 0.824 0.700 0.640 0.286 0.500 0.706 8 

ES_F 0.880 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 0.500 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 0.211 0.235 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 

H_F 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 

MK_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 0.500 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 

TL_F 0.800 0.875 0.667 0.750 0.778 0.200 0.667 0.737 8 

TL_M  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 measurements 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 in Table 75, where the crown measurements are on the left of each results column 

(n = 18 groups), and the crown and cervical measurement results are on the right of each 

results column (n = 5 groups). Overall, the results are low for the 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 measurements (75.4% 

accuracy, F1 = 0.721). 
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Table 75. Odontometric ML results for all populations when testing population alone. 

(Left column: crown measurements, n = 18; Right column: crown and cervical measurements, n = 5) 

ML Technique 
ML 

Code 
Optimal Hyperparameters Accuracy Precision Recall F1 

Logistic Regression LR C = 1 C = 0.1 0.383 0.737 0.352 0.699 0.383 0.737 0.352 0.71 

Linear Discriminant 

Analysis 
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 

Machine 
SVM 

C = 0.1; kernel = 

linear 

C = 10; kernel = 

rbf 
0.375 0.754 0.31 0.726 0.375 754 0.324 0.721 

Naïve 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 Forest 

Modeling 
RFM 

max_depth = 32; 

n_estimators = 

500 

max_depth = 8; 

n_estimators = 

100 

0.364 0.649 0.325 0.631 0.364 0.667 0.321 0.589 

Multilayer 

Perceptron 
MLP 

activation = 

logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= constant 

activation = 

logistic; 

hidden_layer_sizes 

= 10; learning_rate 

= constant 

0.389 0.667 0.359 0.643 0.389 0.741 0.356 0.605 
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The odontometric ML F1 scores for all populations are shown in Table 76 (n = 5 

groups); the two study samples are bolded. Because the crown and cervical 

measurements produced far better results than crown measurements alone (see Table 75), 

only crown and cervical measurements were included in this analysis. 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 crown mesiodistal and 

buccolingual measurements from Pilloud et al. (2014) (see Table 26) for the Asian 

American (41%; Table 26) and Japanese (44%; Table 26) samples, the current crown and 

cervical measurements ML analysis produced better results for both the Asian American 

(F1 = 0.722 with LR; Table 76) and Japanese (F1 = 0.600 with Kernel SVM; Table 76) 

samples. These results indicate that crown and cervical measurements are better at 

estimating both Asian Americans and Japanese individuals. 

 

Table 76. Odontometric ML F1 scores all populations when testing population alone 

using crown and cervical measurements. 

DV: Population (n = 5) 

Population 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(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 in Table 77, where the crown measurements are on the left of each 



187 
 

 

results column (n = 34 groups), and the crown and cervical measurement results are on 

the right of each results column (n = 10 groups). Overall, the results are low for the 

crown measurements and moderate for the crown and cervical measurements. 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. Odontometric ML results for all groups when testing population and sex combined. 

(Left column: crown measurements, n = 34; Right column: crown and cervical measurements, n = 10) 

DV: Population & Sex 

ML Technique 
ML 

Code 
Optimal Hyperparameters Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.286 0.491 0.25 0.539 0.286 0.491 0.239 0.475 

Linear Discriminant 

Analysis 
LDA   0.279 0.281 0.268 0.3 0.279 0.281 0.248 0.28 

K-Nearest Neighbor KNN n_neighors = 20 0.214 0.474 0.205 0.423 0.214 0.474 0.17 0.438 

Support Vector 

Machine 
SVM 

C = 1; kernel = 

linear 

C = 10; kernel = 

rbf 
0.27 0.526 0.244 0.543 0.27 0.526 0.233 0.497 

Naïve 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 

Modeling 
RFM 

max_depth = 16; 

n_estimators = 

250 

max_depth = 32; 

n_estimators = 

500 

0.274 0.491 0.222 0.403 0.274 0.491 0.224 0.423 

Multilayer 

Perceptron 
MLP 

activation = 

logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= invscaling 

activation = 

logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= constant 

0.291 0.509 0.237 0.468 0.291 0.509 0.242 0.471 
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The odontometric ML F1 scores for all female and male samples are shown in Table 78 

(n = 10 groups); the study samples are bolded. Because the crown and cervical 

measurements produced far better results than crown measurements alone (see Table 77), 

only crown and cervical measurements were included in this analysis. 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 Japanese Females. 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. (2014) (Table 32) for the Asian 

American Females (64%; Table 32) and Males (70%; Table 32)  and Japanese Female 

(40%; Table 32) and Males (84%; Table 32), the current ML analysis produced better 

results for Asian American Females (F1 = 0.750 with LR; Table 78) and Males (F1 = 

0.556 with DT; Table 78) and far worse results for Japanese Females (all F1 scores = 0; 

Table 78) and Japanese Males (F1 = 0.286 with LR and Kernel SVM; Table 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 buccolingual measurements are better for estimating 

Japanese Females and Males. 
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Table 78. Odontometric ML F1 scores for all groups when testing population and sex 

combined using crown and cervical measurements. 

DV: Population & Sex (n = 10) 

Group 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

AA_F 0.750 0.400 0.706 0.667 0.632 0.364 0.667 0.706 7 

AA_M  0.421 0.471 0.250 0.500 0.250 0.556 0.154 0.381 8 

AfB_F 0.538 0.250 0.593 0.621 0.571 0.308 0.593 0.640 15 

AfB_M  0.541 0.333 0.571 0.541 0.308 0.606 0.583 0.579 16 

AfC_F 0.000 0.000 N/A N/A 0.000 0.000 N/A N/A 0 

AfC_M  0.000 0.333 0.000 0.000 0.000 0.000 0.000 0.000 1 

EW_F N/A N/A N/A N/A N/A N/A N/A N/A 0 

EW_M 0.000 0.000 0.000 0.000 0.000 0.333 0.000 0.000 3 

J_F 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1 

J_M 0.286 0.000 0.000 0.286 0.250 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 methods yield 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 techniques. 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 datasets. 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 four individual 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 geography: African, 

Asian, and European.  

Cranial macromorphoscopic traits that were not binary or could not be dichotomized 

(i.e., ANS, INA, IOB, MT, NAS, NAW, NBC, NBS, NFS, OBS, PTB, PZT, TPS, and 

ZS) were removed from the analyses in this research question to limit the amount 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 results for population affinity accuracy for all populations (n = 3 groups) and 

all datasets are shown in Table 79. 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 results for all populations when testing population 

alone. 

DV: Population (n = 3) 

ML Technique 
ML 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.755 0.769 0.755 0.754 

Linear Discriminant 

Analysis 
LDA  0.732 0.749 0.732 0.73 

K-Nearest Neighbor KNN n_neighors = 10 0.69 0.698 0.69 0.69 

Support Vector 

Machine 
SVM C = 10; kernel = rbf 0.758 0.769 0.758 0.758 

Naïve Bayes NB  0.609 0.652 0.609 0.61 

Decision Trees DT  0.685 0.69 0.685 0.685 

Random Forest 

Modeling 
RFM 

max_depth = 32; 

n_estimators = 500 
0.758 0.765 0.758 0.758 

Multilayer Perceptron MLP 

activation = logistic; 

hidden_layer_sizes 

= 50; learning_rate 

= constant 

0.773 0.783 0.773 0.773 

 

The ML F1 scores for all populations are shown in Table 80, where the study samples 

are bolded. In this analysis the F1 scores for the three geographic populations (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 highest F1 scores (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 European populations, 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 

Code 
LR LDA  KNN SVM NB DT RFM MLP  

Support 

(n) 

Asian 

American 
1.000 0.000 1.000 0.000 0.000 0.769 0.000 1.000 8 

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 in Table 81. Overall, the results are moderate compared to the previous 

analysis where population alone was estimated (see Table 79), 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 

Code 

Optimal 

Hyperparameters 
Accuracy Precision Recall F1 

Logistic Regression LR C = 0.1 0.57 0.644 0.57 0.562 

Linear Discriminant 

Analysis 
LDA  0.554 0.581 0.554 0.557 

K-Nearest Neighbor KNN n_neighors = 10 0.48 0.493 0.48 0.484 

Support Vector 

Machine 
SVM C = 1; kernel = rfb 0.567 0.665 0.567 0.55 

Naïve Bayes NB   0.403 0.469 0.403 0.403 

Decision Trees DT  0.455 0.472 0.455 0.461 

Random Forest 

Modeling 
RFM 

max_depth = 32; 

n_estimators = 500 
0.55 0.564 0.55 0.551 

Multilayer 

Perceptron 
MLP 

activation = 

logistic; 

hidden_layer_sizes 

= 100; learning_rate 

= constant 

0.568 0.582 0.568 0.567 
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The ML F1 scores for all female and male groups are shown in Table 82 (n = 6 groups), 

where the study samples are bolded. In this analysis the F1 scores for the 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 into the appropriate Asian Female or 

Asian Male target group. None of the study sample females (Asian American Females, 

Japanese Females) produced non-zero F1 scores. By contrast, Asian American Males F1 

scores for LDA, KNN, and MLP were 0.667, and Japanese Males F1 scores 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 the male geographic 

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 population 

and sex combined. 

DV: Population & Sex (n = 6) 

Group Code LR LDA  KNN SVM NB DT RFM MLP  
Support 

(n) 

Asian 

American_F 
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 4 

Asian 

American_M 
0.667 0.000 0.667 0.000 0.000 0.000 0.000 0.667 4 

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 
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European_M 0.666 0.660 0.594 0.668 0.585 0.587 0.666 0.667 352 

 

Finally, Table 83 shows the overall comparisons for the combined dataset (i.e., all 

cranial and dental metric and nonmetric datasets) ML analyses versus the ML 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 all groups (óPopulation: 

All Groupsô and óPopulation & Sex: All Groups,ô respectively) generally produced better 

results than the ML analyses using individual datasets. The combined dataset ML 

analyses when studying population alone also produced better results for the study 

samples (i.e., Asian American and Japanese) (óPopulation: Study Samplesô) than the ML 

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 compared to specific dataset results. 

 Did the combined datasets perform better than the following? 

  
Cranial 

Nonmetrics 

Dental 

morphology 
Craniometrics Odontometrics 

Population: All Groups Yes Yes Equivalent Yes 

Population: Study 

Samples 
Equivalent Yes Yes Yes 

Population & Sex: All 

Groups 
Yes Yes 

No (within 

10%) 
Yes 

Population & Sex: Study 

Samples 

No (F); 

Equivalent-Better 

(M) 

No (F); Yes 

(M) 

No (F); Yes 

(M) 

No (F); Yes 

(M) 
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Discussion 

The results of this work will be discussed according to their specific aims and research 

questions 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 modern self-identified sample 

from Hawaiôi. The former represented Japanese individuals from Japan. While the latter 

included individuals from various Asian groups that migrated to Hawaiôi, this sample was 

largely composed of self-identified Japanese individuals. As a matter of convenience, the 

skeletal collection from Hawaiôi was referred to throughout this work as Asian American, 

though efforts were made where possible to honor the individuality of these people and 

their backgrounds in this work (see Aim #1). The current author recognizes that Asian 

American is a term that may be reductive with respect to the individual identities of these 

people, though this is not the intention. Okamura (1998) argues that the term Asian 

American is not commonly used in Hawaiôi by individuals of Asian descent. Instead, 

preference is given to specific group identities, such as Chinese, Korean, Japanese, and 

Filipino. He further asserts that Asian American is 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, Korean, and Thai 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 (COVID-19). Future work that includes 

and analyzes multiple 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 ancestry and sex estimation methods and 

available reference samples. 

Research Question 1 (Q1): Do current ancestry estimation methods accurately classify 

Japanese and Asian American individuals? 

This research question sought to examine the accuracy of existing statistical methods 

and references databases for the Asian American and Japanese study samples with 

respect to ancestry and sex (assigned at birth). Cranial nonmetric and 

macromorphoscopic, dental morphology, craniometric, and odontometric data for the 

study samples were examined separately using available methods. The cranial 

macromorphoscopic from hefneR (dôOliveira Coelho and Navega 2018a) produced 

overall poor accuracy rates for the current study 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 against non-Asian 

groups, including American White and American Black populations (Klales and 

Kenyhercz 2015) and South African White, South African Black, and South African 

Coloured groups (LôAbb® et al. 2011), the hefneR application, itself, has not been tested. 

Further, hefneR nor 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 rASUDAS (dôOliveira Coelho and Navega 2018b)  

produced similarly low accuracy results for the pooled Asian American and Japanese 

samples (further referred to as ópooledô) (36%). Scott and colleagues (2018a) represent 

the only published validation of the rASUDAS application. The authors noted that 

Southeast Asians and Polynesians were consistently misclassified during the initial 

validation of the application, which had an overall accuracy rate of 51.8%. This 

percentage represents the overall accuracy rate for the Naïve Bayesian model. Further 

testing of the application only included American Whites and Southwest Native 

Americans (Scott et al. 2018a). The 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 applicationôs authors, the 

current studyôs results align with the performance expectations for this method. 

The results of these cranial macromorphoscopic and dental morphology analyses 

indicate that available methods and reference databases for nonmetric datasets, though 

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 Asian and Asian-

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 database (40% pooled 
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accuracy). Accuracy rates improved when including the Howells dataset in the analyses, 

suggesting that either Howells dataset has older and larger samples or more Asian 

samples that are better able to capture the range of variation in the study samples, and 

thus are better able classify them, than the small sample of modern Asian individuals (n = 

14) in the FDB database. Recall that the Japanese individuals were most often 

misclassified as Guatemalan when using the FDB comparative dataset and Guatemalan 

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 (2016). Go et al. (2019a) also found that óHispanicô was the 

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 odontometric ancestry estimates in Fordisc using the Pilloud et al. (2014) dataset 

were accurate approximately 42% of the time for the pool study samples. These results 

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 therefore, was expected to 

produce better accuracies than the other analyses.  

The individuals in the Japanese and Asian American samples have been impacted by 

different geographic, biological, and cultural influences than the 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 varied population 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 validations for ancestry estimation methods are sparse, there are even 

less validation publications for current sex estimation methods. Overall, males (94% 

accuracy) were correctly classified approximately twice as often as females (46-57% 

accuracy) for the pooled study samples when using craniometric data, though the 

estimates were better for females when using the Howells dataset. Further, the Japanese 

Female sample had an 80% correct classification with the Howells dataset. These results 

suggest that the Howells dataset is better able 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 

the two databasesô populations. If temporally related, the differences between the 

analyses with the Howells and FDB datasets could be explained by variance in sexual 

dimorphism in populations over time (e.g.,(Tallman 2019).  

Dudzik and Jantz (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 Females, respectively. These results are far lower than the current studyôs 

results (95% for Japanese Males, 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 illuminate potential 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 be better at 

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. (2014) dataset is 

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% accuracy) and 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 differences in Japan versus 

Hawaiôi could have also contributed to the variance in sexual dimorphism between the 

study samples. It should also be noted that current binary sex categories in forensic 

anthropology do not always reflect the range of human variation among 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 

self-identified gender (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 processes have most influenced 

Japanese and Asian American cranial and dental traits? 

In alignment with the call to reform proposed by (Ross and Pilloud 2021), this research 

question analyzed the impact of evolutionary forces on the Japanese and Asian American 

study samples to improve our understanding of these groupsô variation and subsequently 

situate this variation within 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 Asian American 

and Japanese study samples exhibited the greatest degree of genetic drift (i.e., highest rii 

values in the analyses), with the exception of the MaMD analysis, where the American 

Indian comparative sample had the most genetic drift. As expected, these 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 isolation and likely 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 to the Ossenberg dataset demonstrated 

the lowest percentage of among population variation (8.6%), suggesting more similarities 
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shared among these populations than differences. These results could be caused by the 

traits in the analysis or by the mathematics of the calculation, 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 had an FST value 

of 21.6%.  While this percentage is large, it does not reach the highest known FST values 

found in aboriginal groups (Cavalli-Sforza et al. 1994). For the latter possibility, the 

Ossenberg analysis had the largest number of samples in the analysis compared to the 

FDB and MaMD analyses, which could have contributed to this analysis having the 

lowest FST value. FST is commonly thought to be affected by sample size (Elhaik 2012; 

Willing et al. 2012), which could make it less sensitive to larger numbers of samples in a 

single analysis and, therefore, less capable of group separation. 

In the dental 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 dental morphology is still impacted by this groupôs 

history of geographic and cultural isolation. Another possibility is that certain traits such 

as incisor Shoveling retained trait dominance (Edgar and Ousley 2016) in the Japanese 

sample, which is supported by the higher frequencies of Shoveling in the Japanese 

sample compared to the Asian American sample (see Table 55 in the Results chapter). By 

comparison, the dental morphology of Asian Americans either did not retain the groupôs 

history to the degree of the Japanese sample or Asian American dental morphology is 

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 American study samples 

exhibited the greatest degree of genetic drift in the craniometric R-matrix analysis. 

Similar to the Ossenberg cranial nonmetric analysis, this analysis had a large number of 

samples for comparison and produced an FST of 3.8%. These results further suggest that 

the calculation of FST is influenced by the number of samples in the analysis. 

In the odontometric R-matrix analysis using crown measurements, the Japanese and 

Asian American study samples fell in the top one-third and lower one-third of the 

samples in terms of rii 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 suggests that 

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 analysis) were 

far larger than the Pilloud and Scott (2017) samples (see Table 7 in the Materials 

chapter), which served as the only comparative dataset in the crown 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 sample (from the Pilloud et al. 2014 dataset) in 

the crown only analysis included 758 individuals, while the European White sample from 

South Africa (from the Pilloud and Scott 2017 dataset) included only 12 individuals (see 

Table 7 in the Materials chapter). The European sample was found to be more impacted 

by genetic drift than the European White sample in the crown measurements analysis. 

Overall, the odontometric R-matrix analyses suggest that while crown and cervical 



205 
 

 

measurements seem to be more impacted by microevolutionary forces, more balanced 

samples sizes are needed to further support this conclusion. 

 

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 global reference samples and from each other? 

Mahalanobis distances, PCoA plots, and trait frequencies were used to analyze group 

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 analysis. The poor 

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 included in this 

dataset. Notably in the Ossenberg analysis, the Japanese sample was found to be most 

dissimilar (largest D2 value) to Ossenbergôs North Japan sample, which included 

individuals born in the 1800s and early 1900s. This sample would normally be expected 

to align with the two study samples due to their shared histories, particularly 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, thus, might be more 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 comparative samples, 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 Asian-derived 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 Extensions. Novel 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 first quantified study of Dental Crowing in Asian populations. The results 

of this study show that upper and lower Incisal and Lateral Dental Crowding (i.e., 

UI2_DENCRO, UP4_DENRCRO, LI2_DENCRO, and LP4_DENCRO) are useful traits 

in distinguishing Asian and Asian-derived populations. (Maier 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 the Norse, Asian 

American, and Japanese samples shared similarities in these craniofacial measurements. 

The current findings of facial flatness and transversely projecting faces in the study 

samples is supported by Hanihara (2000). While the significant differences in these 

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 group 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 (Chinese) Male, and East Asian Male comparative samples in the lower left 

quadrant (see Figure 12). 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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reduced 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 the 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, and bregma 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 measurements R-matrix analysis showed that the 

Japanese 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 

Japanese 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 analyzed for combined 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 groups in the analysis (n = 36). This 

analysis also lacked clear geographic groupings. By contrast, the crown and cervical 

measurements PCA (n = 12 samples) was better able to separate the population/sex 

groups. As with the odontometric population variation PCA analysis, 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 population and 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 (Q5): 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 validity of various ML 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 Japanese study samples, 

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 population and sex analysis 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 techniques. These 

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, the cranial nonmetric 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 to the craniometric and 

odontometric crown and cervical ML analyses. The level of heritability for cranial 
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nonmetric traits cannot be excluded as a contributor to these low results. Pink (2016) 

similarly found poor 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. Further, the cranial nonmetric and macromorphoscopic ML 

analyses likely 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 Asian-derived 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 better correct classification 

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 par with those 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 population and sex. 

The results of this analysis suggest that while dental morphological traits do have a 

heritable component (Hubbard et al. 2015; Scott and Turner 1997; Scott et al. 2018b), 
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this link may not be 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 craniometric ML 

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 are superior to cranial 

nonmetric data in assessing both population affinity and sex. Further, craniometric data 

have been linked to genetic variation (mtDNA, see (Herrera et al. 2014)), geographic 

patterning, and environmental influences, throughout the literature, including Lewontin 

(1972), Roseman and Weaver (2004), Relethford (2004), and Spradley and Stull (2018). 

These linkages were also supported in the current analysis. 

Finally, the odontometric ML analyses using crown and cervical measurements 

produced the second-best results 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 population 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 component (Pilloud and 
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Kenyhercz 2016; Townsend and Brown 1978), but 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 populations used 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 vast amount of human variation into the 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 been 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 more imputed 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 cultural 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 

marginalize 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 respect to 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 when using 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 sizes for 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 non-mutually exclusive options: 1) 

estimating population affinity and sex separately and 2) a multi-tiered 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), and the 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 

samples from 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 level 

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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Conclusions 

The current research undertook a multi-faceted and multi-dataset (cranial and dental, 

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 context, and 

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, fail to 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 females, need 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 of genetic drift, which was expected given their geographic positioning 

as island populations along with cultural isolation (i.e., likely assortative mating and their 

unique population histories). To 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 could in turn 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 reference samples 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 number of samples 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 analysis. Based on this research, a multi-tiered 

approach is suggested, where the first level of analysis would serve to estimate broader 

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 a more fine-grained 

estimation (e.g., Asian American, Japanese, Chinese, Korean, Vietnamese).  

This work also considered the implications of the terminology used in this project to 

describe human variation by clearly stating the definitions employed for and assumptions 

of each term used in this research. Efforts were made to be as inclusive and accurate as 

possible when choosing terminology, including identifying the study samples as 

Japanese and Asian American and referring to human variation as population affinity. To 

re-iterate, the term population affinity was chosen as opposed to similar terms like race 

and ancestry because population affinity best encompasses the range of human variation 

within and between populations in biodistance analyses, including the biological, 

cultural, and geographic implications from their historical pasts. Defining and clarifying 

terminology is necessary to be transparent in how and why terms are used because words 

have meaning, and they matter, especially in research such as this. These steps are critical 

to being a responsible anthropologist.  

This research presented a unique and holistic approach to understanding skeletal and 

dental variation by simultaneously 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 and sex 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 rASUDAS (Scott et al. 2018a), hanihaRa (Kenyhercz et al. 2019b), and the 

MaMD (Hefner 2018).   
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Appendix A 

Table 84. Shapiro-Wilks test results for normality for the craniometric datasets by study 

sample. 

  

Mann-Labrash Osteological 

Collection (Hawai'i) 

Jikei University School of 

Medicine (Japan) 

Trait 

Code 
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 

OCC 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. Shapiro-Wilks test results for normality for the craniometric datasets by sex. 

  Females Males 

Trait 

Code 
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 
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ZYB 0.939 0.275 0.934 0.315 

ASB 0.980 0.947 0.948 0.499 

BPL 0.974 0.861 0.852 0.019 

NPH 0.941 0.296 0.957 0.638 

NLH 0.917 0.115 0.979 0.958 

JUB 0.859 0.012 0.952 0.552 

NLB 0.960 0.605 0.957 0.641 

MAB 0.937 0.255 0.903 0.105 

MAL  0.961 0.618 0.953 0.566 

MDH 0.958 0.564 0.953 0.566 

OBH 0.937 0.254 0.904 0.112 

OBB 0.899 0.055 0.908 0.127 

DKB 0.973 0.855 0.963 0.750 

NDS 0.910 0.087 0.860 0.024 

WNB 0.908 0.081 0.969 0.838 

SIS 0.976 0.906 0.952 0.551 

ZMB 0.939 0.281 0.931 0.279 

SSS 0.964 0.681 0.868 0.031 

FMB 0.927 0.171 0.940 0.387 

NAS 0.962 0.635 0.932 0.288 

EKB 0.967 0.745 0.957 0.632 

DKS 0.965 0.705 0.937 0.345 

IML  0.958 0.568 0.952 0.554 

XML  0.887 0.034 0.973 0.906 

MLS 0.868 0.016 0.886 0.058 

WMH 0.957 0.540 0.942 0.407 

GLS 0.916 0.108 0.947 0.479 

STB 0.941 0.296 0.934 0.309 

FRC 0.952 0.465 0.940 0.388 

FRS 0.949 0.409 0.953 0.568 

PAC 0.949 0.408 0.884 0.055 

PAS 0.878 0.025 0.976 0.935 

OCC 0.974 0.873 0.976 0.939 

OCS 0.916 0.111 0.873 0.038 

FOL 0.938 0.273 0.962 0.727 

FOB 0.936 0.251 0.973 0.904 

NAR 0.954 0.491 0.951 0.539 

SSR 0.982 0.972 0.961 0.718 

PRR 0.968 0.756 0.951 0.537 

DKR 0.982 0.971 0.963 0.752 

ZOR 0.950 0.419 0.980 0.967 

FMR 0.963 0.658 0.942 0.414 

EKR 0.952 0.452 0.961 0.704 

ZMR 0.945 0.348 0.969 0.849 

AVR 0.968 0.765 0.965 0.773 

BRR 0.965 0.707 0.936 0.332 

VRR 0.940 0.289 0.916 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. Shapiro-Wilks test results for normality for the odontometric datasets by study 

sample. 

  

Mann-Labrash Osteological 

Collection (Hawai'i) 

Jikei University School of 

Medicine (Japan) 

Trait Code Shapiro statistic p-value Shapiro statistic p-value 

UI1_crn_md 0.965 0.325 0.983 0.926 

UI1_crn_bl 0.959 0.203 0.955 0.228 

UI1_crn_height 0.978 0.704 0.919 0.037 

UI1_crx_md 0.984 0.842 0.862 0.001 

UI1_crx_bl 0.956 0.120 0.980 0.788 

UI2_crn_md 0.956 0.139 0.973 0.617 

UI2_crn_bl 0.973 0.456 0.965 0.423 

UI2_crn_height 0.930 0.029 0.963 0.363 

UI2_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_bl 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 
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UP4_crn_height 0.929 0.074 0.949 0.126 

UP4_crx_md 0.976 0.683 0.559 0.000 

UP4_crx_bl 0.968 0.562 0.978 0.773 

UM1_crn_md 0.974 0.870 0.984 0.897 

UM1_crn_bl 0.980 0.773 0.973 0.571 

UM1_crn_height 0.939 0.088 0.982 0.854 

UM1_crx_md 0.833 0.001 0.952 0.201 

UM1_crx_bl 0.858 0.001 0.986 0.950 

UM2_crn_md 0.926 0.100 0.988 0.963 

UM2_crn_bl 0.962 0.320 0.967 0.391 

UM2_crn_height 0.954 0.197 0.968 0.446 

UM2_crx_bl 0.978 0.806 0.983 0.891 

UM3_crn_md 0.954 0.775 0.866 0.008 

UM3_crn_bl 0.785 0.029 0.837 0.003 

UM3_crn_height 0.881 0.233 0.839 0.007 

UM3_crx_md 0.981 0.970 0.861 0.020 

UM3_crx_bl 0.920 0.430 0.850 0.011 

LI1_crn_md 0.986 0.856 0.985 0.933 

LI1_crn_bl 0.984 0.765 0.926 0.049 

LI1_crn_height 0.930 0.137 0.963 0.382 

LI1_crx_md 0.951 0.072 0.961 0.321 

LI1_crx_bl 0.972 0.444 0.958 0.315 

LI2_crn_md 0.981 0.569 0.966 0.438 

LI2_crn_bl 0.978 0.487 0.982 0.898 

LI2_crn_height 0.985 0.926 0.931 0.045 

LI2_crx_md 0.953 0.051 0.973 0.641 

LI2_crx_bl 0.974 0.392 0.944 0.150 

LC_crn_md 0.962 0.092 0.972 0.555 

LC_crn_bl 0.980 0.521 0.925 0.032 

LC_crn_height 0.963 0.666 0.985 0.921 

LC_crx_md 0.976 0.377 0.985 0.927 

LC_crx_bl 0.991 0.969 0.965 0.426 

LP3_crn_md 0.965 0.154 0.973 0.582 

LP3_crn_bl 0.986 0.818 0.976 0.655 

LP3_crn_height 0.974 0.667 0.964 0.329 

LP3_crx_md 0.977 0.472 0.975 0.599 

LP3_crx_bl 0.969 0.441 0.941 0.072 

LP4_crn_md 0.974 0.547 0.968 0.417 

LP4_crn_bl 0.961 0.184 0.979 0.743 

LP4_crx_md 0.851 0.000 0.758 0.000 

LM1_crn_md 0.935 0.215 0.955 0.263 

LM1_crn_bl 0.962 0.452 0.709 0.000 

LM1_crn_height 0.964 0.616 0.964 0.441 

LM1_crx_md 0.951 0.189 0.962 0.381 

LM1_crx_bl 0.980 0.833 0.985 0.949 

LM2_crn_md 0.975 0.760 0.969 0.483 

LM2_crn_bl 0.971 0.554 0.972 0.566 
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LM2_crn_height 0.950 0.227 0.990 0.988 

LM2_crx_md 0.952 0.209 0.983 0.915 

LM2_crx_bl 0.960 0.282 0.975 0.684 

LM3_crn_md 0.963 0.843 0.968 0.696 

LM3_crn_bl 0.956 0.752 0.951 0.351 

LM3_crn_height 0.944 0.652 0.964 0.632 

LM3_crx_md 0.834 0.115 0.983 0.975 

LM3_crx_bl 0.835 0.090 0.933 0.196 

  

Table 87. Shapiro-Wilks test results for normality for the odontometric datasets by sex. 

  Females Males 

Trait Code Shapiro statistic p-value Shapiro statistic p-value 

UI1_crn_md 0.977 0.766 0.981 0.813 

UI1_crn_bl 0.965 0.404 0.975 0.585 

UI1_crn_height 0.945 0.138 0.952 0.164 

UI1_crx_md 0.913 0.014 0.963 0.219 

UI1_crx_bl 0.949 0.116 0.973 0.485 

UI2_crn_md 0.929 0.041 0.974 0.541 

UI2_crn_bl 0.988 0.969 0.964 0.259 

UI2_crn_height 0.942 0.094 0.951 0.129 

UI2_crx_md 0.974 0.610 0.971 0.449 

UI2_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 

 

Table 88. Pearsonôs chi-square test of independence for sexual dimorphism for the 

cranial nonmetric and macromorphoscopic dataset. 

Trait 

Code 
Trait Name 

Pearson's 

Chi-square 
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 
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NFS Nasofrontal suture 5.795 0.215 0.247 

OBS Orbital shape 4.615 0.100 0.219 

TPS Transverse palatine suture 3.804 0.283 0.207 

INCA Inca bone 0.829 0.363 0.102 

BREG Bregma ossicle 1.422 0.233 0.131 

PALT Palatine torus 2.746 0.098 0.170 

METO Metopism 0.820 0.365 0.092 

MANT Mandibular torus 0.040 0.842 0.021 

SON Supraorbital notch 2.242 0.524 0.152 

SOF Supraorbital foramen 1.746 0.418 0.134 

IFS Infraorbital suture 6.922 0.031 0.270 

ZFF Zygomatico-facial foramina 2.473 0.480 0.160 

CCO Condylar canal 0.088 0.767 0.030 

FOI Foramen ovale incomplete 0.661 0.416 0.083 

FSI Foramen spinosum incomplete 1.903 0.386 0.141 

PTB Pterygo-alar bridge 1.644 0.440 0.130 

TYM Tympanic dihiscence 1.968 0.374 0.143 

AUD Auditory exostosis 1.626 0.444 0.130 

MT Malar tubercle 1.610 0.657 0.129 

NO Nasal overgrowth 0.554 0.457 0.077 

PZT Posterior zygomatic tubercle 2.861 0.414 0.172 

ZS Zygomaticomaxillary suture 1.521 0.467 0.129 

LBM Lambdoid ossicle medial 0.534 0.465 0.091 

LBLa Lambdoid ossicle lateral 0.668 0.414 0.091 

PF Parietal foramen 4.482 0.106 0.217 

MF Mastoid foramen number 12.331 0.006 0.358 

CRB Coronal ossicle 0.970 0.325 0.109 

EPB Epipteric ossicle 0.353 0.552 0.071 

FTA Fronto-temporal articulation 0.661 0.416 0.090 

PNB Parietal notch ossicle 0.014 0.905 0.012 

AST Asterionic ossicle 1.819 0.177 0.144 

OMB Occipito-mastoid suture ossicle 0.058 0.810 0.030 

HYP Divided hypoglossal canal 6.192 0.185 0.254 

APF Accessory lesser palatine foramen 3.691 0.450 0.195 

FF Frontal foramina 0.213 0.899 0.047 

MHB Mylohyoid bridge 5.421 0.067 0.236 

MEN Accessory mental foramen 0.070 0.791 0.027 

MIF Multiple infraorbital foramina 0.575 0.902 0.077 

CIV Pterygo-spinous bridge 3.620 0.306 0.195 

MFLo Mastoid foramen location 1.933 0.748 0.143 

PHAR Pharyngeal fossa 1.540 0.215 0.127 
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Table 89. Pearsonôs chi-square test of independence for sexual dimorphism for the dental 

morphology dataset. 

Trait Code 
Pearson's 

Chi-square 
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 

UI2_IGROOVE 1.812 0.612 0.199 

UI1_WING 3.166 0.367 0.230 

UI1_LABCON 2.599 0.627 0.224 

UI2_LIV 0.795 0.373 0.118 

UI1_SHOV 6.467 0.373 0.371 

UI2_SHOV 6.703 0.349 0.343 

UC_SHOV 1.365 0.850 0.151 

UI1_SHOV2 1.559 0.816 0.178 

UI2_SHOV2 4.029 0.258 0.266 

UC_SHOV2 2.916 0.405 0.217 

UI1_IGROOVE 1.556 0.459 0.167 

UI1_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 

UI2_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 

UI2_PEGSH 0.809 0.369 0.125 

UI2_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_CUSP5 5.509 0.239 0.371 

LM2_CUSP5 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 

Code 

Levene 

statistic 
p-value 

Trait 

Code 

Levene 

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 OCC 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 
Levene 

statistic 
p-value Trait Code 

Levene 

statistic 
p-value 

UI1_crn_md 0.041 0.841 LI1_crn_md 0.698 0.406 

UI1_crn_bl 0.014 0.905 LI1_crn_bl 0.022 0.882 

UI1_crn_height 0.012 0.913 LI1_crn_height 0.103 0.749 

UI1_crx_md 2.909 0.093 LI1_crx_md 0.188 0.666 

UI1_crx_bl 0.151 0.699 LI1_crx_bl 0.051 0.822 

UI2_crn_md 0.203 0.654 LI2_crn_md 1.990 0.162 

UI2_crn_bl 2.765 0.101 LI2_crn_bl 1.169 0.283 

UI2_crn_height 0.294 0.590 LI2_crn_height 0.025 0.876 

UI2_crx_md 0.484 0.489 LI2_crx_md 2.579 0.112 

UI2_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 

UM1_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 

Code 
t-statistic p-value 

% Sexual 

Dimorphism 

Trait 

Code 
t-statistic p-value 

% Sexual 

Dimorphism 

GOL -1.760 0.093 4.54 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 OCC -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 4.17 

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 4.17 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 
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Table 93. Sexual dimorphism results for the odontometric dataset. 

Trait Code t-statistic p-value 
% Sexual 

Dimorphism 
Trait Code t-statistic p-value 

% Sexual 

Dimorphism 

UI1_crn_md -2.345 0.022 3.27 LI1_crn_md 0.400 0.690 -0.67 

UI1_crn_bl -1.440 0.155 2.22 LI1_crn_bl -2.167 0.034 3.21 

UI1_crn_height -1.088 0.281 2.37 LI1_crn_height -1.277 0.208 3.23 

UI1_crx_md -2.068 0.042 4.35 LI1_crx_md -2.337 0.022 4.42 

UI1_crx_bl -2.654 0.010 4.23 LI1_crx_bl -1.885 0.064 2.62 

UI2_crn_md -0.661 0.511 1.49 LI2_crn_md -0.406 0.686 0.58 

UI2_crn_bl -0.857 0.395 1.28 LI2_crn_bl -0.658 0.513 0.88 

UI2_crn_height -0.996 0.323 1.97 LI2_crn_height -0.708 0.481 1.27 

UI2_crx_md -1.288 0.202 3.20 LI2_crx_md -1.972 0.053 3.57 

UI2_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 -0.950 0.347 1.45 LM2_crn_bl -3.814 0.000 5.09 

UM2_crn_md -2.242 0.029 3.54 LM2_crn_height -2.889 0.006 7.47 

UM2_crn_bl -3.648 0.001 5.58 LM2_crx_md -3.082 0.003 4.92 

UM2_crn_height -4.384 0.000 9.56 LM2_crx_bl -1.721 0.091 3.31 

UM2_crx_bl -2.775 0.007 4.62         
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Table 94. Kendallôs Tau-b results for intertrait correlation for the cranial nonmetric and macromorphoscopic dataset. 
Trait  SSSF ANS INA  IOB 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 

IOB 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 
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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 

IOB 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. 
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 

IOB -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 
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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 

IOB -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 

IOB -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  IOB 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 

CIV  -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. 
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 

CIV  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 
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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 

CIV  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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Table 95. Kendallôs Tau-b p-value results for intertrait correlation for the cranial nonmetric and macromorphoscopic dataset. 
Trait  SSSF ANS INA  IOB 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 

IOB 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 
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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 

IOB 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 

IOB 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 

IOB 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 

IOB 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  IOB 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 
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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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Table 96. Kendallôs Tau-b results for intertrait correlation for the dental morphology dataset. 
Trait  UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE  UI1_WING  UI1_LABCON  UI2_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 

UI2_LIV  -0.057 - - -0.061 -0.085 -0.130 1 

UI1_SHOV -0.138 0.137 0.305 0.139 -0.092 -0.142 -0.208 

UI2_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 

UI1_SHOV2 -0.096 0.216 0.265 0.237 -0.052 -0.145 -0.050 

UI2_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 

UI1_IGROOVE  -0.061 0.055 -0.138 0.296 0.124 -0.029 -0.027 

UI1_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 

UI2_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  UI1_SHOV UI2_SHOV UC_SHOV UI1_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 

UI1_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 

UI2_LIV  -0.208 -0.038 0.185 -0.050 -0.124 -0.103 -0.027 

UI1_SHOV 1 0.473 0.331 0.572 0.194 -0.008 0.233 

UI2_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 

UI1_SHOV2 0.572 0.230 0.171 1 0.430 0.117 0.044 

UI2_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 

UI1_IGROOVE  0.233 0.051 0.190 0.044 0.117 -0.098 1 

UI1_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 

UI2_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. 
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 

UI2_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 

UI1_LABCON  -0.022 0.238 0.090 -0.026 -0.036 0.070 -0.016 

UI2_LIV  -0.167 -0.123 -0.026 -0.143 -0.039 -0.125 0.205 

UI1_SHOV 0.011 0.244 0.251 0.059 0.139 0.181 -0.234 

UI2_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 

UI1_SHOV2 -0.046 0.105 0.212 -0.107 0.104 0.157 0.023 

UI2_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 

UI1_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 

UI2_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 UM2_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 

UI2_IGROOVE  0.135 - - -0.085 0.084 0.126 0.067 

UI1_WING  -0.143 - - 0.135 -0.101 0.198 -0.016 

UI1_LABCON  -0.239 - - 0.063 0.056 -0.054 -0.061 

UI2_LIV  -0.043 - - 0.070 -0.080 0.139 0.148 

UI1_SHOV 0.000 - - -0.142 0.082 -0.350 -0.242 

UI2_SHOV 0.089 - - 0.066 0.136 -0.013 0.135 

UC_SHOV -0.049 - - 0.232 -0.079 0.140 -0.036 

UI1_SHOV2 -0.108 - - -0.325 -0.019 -0.246 -0.249 

UI2_SHOV2 -0.059 - - 0.219 0.037 0.196 0.055 

UC_SHOV2 0.051 - - -0.071 -0.032 0.158 0.129 

UI1_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 

UI2_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

L 

UM2_METCON

L 

UM2_CARA

B 

UM1_PARAS

T 

UM2_PARAS

T 

UM1_MOLC

R 

UM1_ENE

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 

UI2_IGROOVE  -0.036 -0.108 -0.108 - - -0.076 0.247 

UI1_WING  0.091 -0.034 0.023 - - 0.467 -0.051 

UI1_LABCON  0.069 -0.030 0.043 - - 0.261 -0.097 

UI2_LIV  -0.085 -0.032 -0.038 - - -0.112 - 

UI1_SHOV -0.078 0.014 0.009 - - 0.081 0.308 

UI2_SHOV -0.171 -0.034 0.079 - - -0.075 0.124 

UC_SHOV 0.024 -0.059 -0.059 - - 0.161 0.252 

UI1_SHOV2 -0.179 -0.204 -0.055 - - 0.008 0.362 

UI2_SHOV2 -0.099 -0.059 -0.022 - - 0.113 0.132 

UC_SHOV2 -0.091 -0.045 0.028 - - -0.045 -0.130 

UI1_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 

UI2_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 
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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 - 

UI2_IGROOVE  -0.102 -0.068 - - - - - 

UI1_WING  0.363 -0.085 - - -0.076 -0.076 - 

UI1_LABCON  0.134 -0.128 - - -0.124 -0.124 - 

UI2_LIV  -0.029 1.000 - - - -0.018 - 

UI1_SHOV -0.167 -0.210 - - 0.147 0.046 - 

UI2_SHOV 0.033 -0.053 - - - -0.038 - 

UC_SHOV 0.042 0.189 - - -0.123 0.215 - 

UI1_SHOV2 -0.198 -0.067 - - 0.208 -0.052 - 

UI2_SHOV2 0.086 -0.132 - - - -0.124 - 

UC_SHOV2 0.183 -0.113 - - 0.221 -0.092 - 

UI1_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 - 

UI2_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 

UI2_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 

UI1_LABCON  -0.037 -0.031 0.177 0.061 0.050 0.167 0.087 

UI2_LIV  - - - 0.017 -0.161 0.015 -0.097 

UI1_SHOV 0.475 0.387 0.205 0.066 -0.023 -0.212 0.017 

UI2_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 

UI1_SHOV2 0.441 0.391 0.203 0.005 -0.169 -0.181 -0.156 

UI2_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 

UI1_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 

UI2_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 
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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 

UI2_IGROOVE  0.188 0.043 0.000 0.373 - 0.060 

UI1_WING  0.020 0.006 0.061 -0.092 - -0.411 

UI1_LABCON  0.080 0.060 0.292 -0.139 - 0.125 

UI2_LIV  -0.159 -0.061 -0.025 -0.025 - 0.175 

UI1_SHOV 0.209 -0.081 0.197 0.244 - 0.055 

UI2_SHOV -0.150 -0.245 -0.162 0.246 - 0.000 

UC_SHOV 0.110 -0.162 0.294 0.053 - 0.052 

UI1_SHOV2 0.238 0.235 0.367 0.145 - 0.176 

UI2_SHOV2 0.019 0.103 0.253 0.056 - -0.141 

UC_SHOV2 0.027 0.075 0.163 -0.108 - -0.308 

UI1_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 

UI2_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 

UI2_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 

UI1_LABCON  0.008 0.009 0.161 0.070 - -0.037 -0.028 

UI2_LIV  -0.151 -0.113 -0.061 -0.152 - 0.149 -0.157 

UI1_SHOV 0.181 -0.139 0.066 0.262 - 0.346 0.015 

UI2_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 

UI1_SHOV2 0.200 -0.257 0.107 0.167 - 0.301 -0.083 

UI2_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 

UI1_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 

UI2_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 

UI1_WING  - - - - - 0.122 

UI1_LABCON  - - - - - -0.158 

UI2_LIV  - - - - - -0.017 

UI1_SHOV - - - - - -0.199 

UI2_SHOV - - - - - -0.078 

UC_SHOV - - - - - 0.108 

UI1_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  UI1_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  UI1_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_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 

UI2_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  UI1_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 

UI2_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 

UI2_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 

 

 

 

 

 



268 
 

 

Table 96. Continued. 
Trait  UM1_METCON

L 

UM2_METCON

L 

UM2_CARA

B 

UM1_PARAS

T 

UM2_PARAS

T 

UM1_MOLC

R 

UM1_ENE

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  LI1_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 - 

UI2_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 

UI2_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 - - - - - - 

UI2_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 
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Table 96. Continued. 
Trait  UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE  UI1_WING  UI1_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  UI1_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_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. 
Trait  UI1_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 
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Table 96. Continued. 
Trait  UP3_ACCUP UP4_ACCUP UP3_UTOAZ UM1_METCON  UM2_METCON  UM1_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 
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Table 96. Continued. 
Trait  UM1_METCON

L 

UM2_METCON

L 

UM2_CARA

B 

UM1_PARAS

T 

UM2_PARAS

T 

UM1_MOLC

R 

UM1_ENE

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 
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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. 
Trait  LI1_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 

 

 

 

 

 

 

 

 

 

 

 

 



281 
 

 

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 LM1_CUSP6 LM2_CUSP6 LM2_MOLCR  LM2_CUSP7 LM1_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 -0.433 -0.060 -0.122 - -0.077 -0.236 

LM2_CUSP5 1 0.017 0.005 0.057 - 0.281 -0.003 

LM1_CUSP6 0.017 1 0.206 0.052 - -0.167 0.147 

LM2_CUSP6 0.005 0.206 1 -0.147 - -0.171 -0.126 

LM2_MOLCR  0.057 0.052 -0.147 1 - 0.000 -0.042 

LM2_CUSP7 - - - - - - - 

LM1_ENEX  0.281 -0.167 -0.171 0.000 - 1 -0.075 

LM2_ENEX  -0.003 0.147 -0.126 -0.042 - -0.075 1 

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 
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Table 97. Kendallôs Tau-b p-value results for intertrait correlation for the dental morphology dataset. 
Trait Code UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE  UI1_WING  UI1_LABCON  UI2_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 - 

UI2_IGROOVE  0.393 0.848 0.788   0.802 0.041 0.673 

UI1_WING  0.190 0.782 0.838 0.802   0.798 0.523 

UI1_LABCON  0.741 0.098 0.153 0.041 0.798   0.345 

UI2_LIV  0.714 - - 0.673 0.523 0.345   

UI1_SHOV 0.342 0.390 0.043 0.323 0.475 0.279 0.131 

UI2_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 

UI1_SHOV2 0.499 0.171 0.083 0.089 0.678 0.247 0.705 

UI2_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 

UI1_IGROOVE  0.688 0.726 0.369 0.044 0.343 0.828 0.843 

UI1_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 

UI2_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 UI1_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_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 

UI2_IGROOVE  0.323 0.105 0.309 0.089 0.193 0.702 0.044 

UI1_WING  0.475 0.992 0.258 0.678 0.061 0.163 0.343 

UI1_LABCON  0.279 0.150 0.066 0.247 0.355 0.194 0.828 

UI2_LIV  0.131 0.752 0.151 0.705 0.331 0.435 0.843 

UI1_SHOV   0.000 0.008 0.000 0.135 0.954 0.080 

UI2_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 

UI1_SHOV2 0.000 0.055 0.172   0.001 0.359 0.739 

UI2_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 

UI1_IGROOVE  0.080 0.681 0.145 0.739 0.377 0.463   

UI1_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 

UI2_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 

UI2_IGROOVE  0.057 0.074 0.119 0.510 0.535 0.088 0.553 

UI1_WING  0.163 0.991 0.393 0.707 0.229 0.067 0.766 

UI1_LABCON  0.878 0.070 0.510 0.851 0.793 0.618 0.912 

UI2_LIV  0.278 0.343 0.846 0.288 0.777 0.374 0.142 

UI1_SHOV 0.938 0.059 0.064 0.651 0.303 0.196 0.100 

UI2_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 

UI1_SHOV2 0.748 0.411 0.112 0.420 0.438 0.257 0.868 

UI2_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 

UI1_IGROOVE  0.291 0.098 0.780 0.806 0.680 0.255 0.125 

UI1_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 

UI2_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. 
Trait Code UP3_ACCUP UP4_ACCUP UP3_UTOAZ UM1_METCON  UM2_METCON  UM1_HYPCON UM2_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 

UI2_IGROOVE  0.419 - - 0.596 0.585 0.426 0.649 

UI1_WING  0.339 - - 0.317 0.458 0.143 0.900 

UI1_LABCON  0.117 - - 0.659 0.696 0.706 0.646 

UI2_LIV  0.782 - - 0.631 0.569 0.334 0.266 

UI1_SHOV 1.000 - - 0.322 0.561 0.014 0.066 

UI2_SHOV 0.528 - - 0.612 0.286 0.921 0.258 

UC_SHOV 0.723 - - 0.075 0.549 0.275 0.772 

UI1_SHOV2 0.474 - - 0.022 0.892 0.082 0.057 

UI2_SHOV2 0.682 - - 0.109 0.781 0.146 0.663 

UC_SHOV2 0.720 - - 0.592 0.814 0.229 0.314 

UI1_IGROOVE  0.691 - - 0.492 0.714 0.834 0.142 

UI1_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 

UI2_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 
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Table 97. Continued. 
Trait Code UM1_METCONL  UM2_METCONL  UM2_CARAB UM1_PARAST UM2_PARAST UM1_MOLCR  UM1_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 

UI2_IGROOVE  0.837 0.498 0.498 - - 0.686 0.103 

UI1_WING  0.528 0.808 0.869 - - 0.004 0.696 

UI1_LABCON  0.652 0.842 0.768 - - 0.130 0.475 

UI2_LIV  0.588 0.831 0.796 - - 0.519 - 

UI1_SHOV 0.606 0.924 0.949 - - 0.629 0.024 

UI2_SHOV 0.221 0.801 0.549 - - 0.628 0.317 

UC_SHOV 0.862 0.669 0.660 - - 0.293 0.046 

UI1_SHOV2 0.231 0.156 0.703 - - 0.961 0.008 

UI2_SHOV2 0.495 0.678 0.873 - - 0.491 0.302 

UC_SHOV2 0.516 0.755 0.838 - - 0.773 0.310 

UI1_IGROOVE  0.437 0.758 0.760 - - 0.487 0.209 

UI1_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 

UI2_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 
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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 - 

UI2_IGROOVE  0.512 0.656 - - - - - 

UI1_WING  0.008 0.538 - - 0.547 0.547 - 

UI1_LABCON  0.353 0.364 - - 0.353 0.353 - 

UI2_LIV  0.838 0.000 - - - 0.894 - 

UI1_SHOV 0.237 0.136 - - 0.269 0.732 - 

UI2_SHOV 0.797 0.677 - - - 0.752 - 

UC_SHOV 0.750 0.163 - - 0.316 0.079 - 

UI1_SHOV2 0.163 0.627 - - 0.110 0.689 - 

UI2_SHOV2 0.523 0.323 - - - 0.325 - 

UC_SHOV2 0.173 0.417 - - 0.076 0.462 - 

UI1_IGROOVE  0.766 0.838 - - 0.847 0.847 - 

UI1_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 - 

UI2_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 

UI1_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 

UI2_LIV  - - - 0.893 0.241 0.913 0.574 

UI1_SHOV 0.001 0.004 0.128 0.603 0.868 0.102 0.922 

UI2_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 

UI1_SHOV2 0.001 0.003 0.124 0.968 0.218 0.163 0.350 

UI2_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 

UI1_IGROOVE  0.566 0.252 0.350 0.225 0.241 0.227 0.409 

UI1_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 

UI2_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 

UI2_IGROOVE  0.264 0.812 1.000 0.039 - 0.751 

UI1_WING  0.893 0.971 0.693 0.549 - 0.009 

UI1_LABCON  0.604 0.721 0.069 0.396 - 0.459 

UI2_LIV  0.306 0.720 0.875 0.874 - 0.288 

UI1_SHOV 0.159 0.616 0.194 0.127 - 0.739 

UI2_SHOV 0.284 0.110 0.261 0.085 - 1.000 

UC_SHOV 0.445 0.303 0.040 0.720 - 0.732 

UI1_SHOV2 0.117 0.156 0.021 0.360 - 0.278 

UI2_SHOV2 0.897 0.520 0.094 0.711 - 0.361 

UC_SHOV2 0.852 0.635 0.272 0.479 - 0.047 

UI1_IGROOVE  0.775 0.661 0.560 0.816 - 0.535 

UI1_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 

UI2_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 
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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 

UI2_IGROOVE  0.046 0.905 0.798 0.850 - 0.458 0.657 

UI1_WING  0.530 0.042 0.671 0.070 - 0.807 0.272 

UI1_LABCON  0.958 0.959 0.311 0.689 - 0.801 0.835 

UI2_LIV  0.313 0.498 0.702 0.391 - 0.288 0.237 

UI1_SHOV 0.208 0.397 0.661 0.109 - 0.016 0.906 

UI2_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 

UI1_SHOV2 0.176 0.115 0.489 0.335 - 0.034 0.528 

UI2_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 

UI1_IGROOVE  0.646 0.321 0.578 0.722 - 0.155 0.639 

UI1_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 

UI2_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 

UI1_WING  - - - - - 0.318 

UI1_LABCON  - - - - - 0.215 

UI2_LIV  - - - - - 0.895 

UI1_SHOV - - - - - 0.116 

UI2_SHOV - - - - - 0.500 

UC_SHOV - - - - - 0.359 

UI1_SHOV2 - - - - - 0.787 

UI2_SHOV2 - - - - - 0.127 

UC_SHOV2 - - - - - 0.600 

UI1_IGROOVE  - - - - - 0.072 

UI1_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  UI1_WING  UI1_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 

UI2_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 UI1_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_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 

UI2_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 
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Table 97. Continued. 
Trait Code UI1_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 

UI2_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 

UI2_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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Table 97. Continued. 
Trait Code UM1_METCON

L 

UM2_METCON

L 

UM2_CARA

B 

UM1_PARAS

T 

UM2_PARAS

T 

UM1_MOLC

R 

UM1_ENE

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 

UI2_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 - 

UI2_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 LI1_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 - 

UI2_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 - - - 

UI2_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 
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Table 97. Continued. 
Trait Code LM2_CUSP5 LM1_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 - - - - - - 

UI2_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 
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Table 97. Continued. 
Trait Code UG_DIAST UM1_CARAB UM2_ENEX UI2_IGROOVE  UI1_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 UI1_SHOV UI2_SHOV UC_SHOV UI1_SHOV2 UI2_SHOV2 UC_SHOV2 UI1_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 UI1_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  UM1_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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Table 97. Continued. 
Trait Code UM1_METCON

L 

UM2_METCON

L 

UM2_CARA

B 

UM1_PARAS

T 

UM2_PARAS

T 

UM1_MOLC

R 

UM1_ENE

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 
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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  - - - - - - - 

LP4_DENCRO 0.963 0.943 - - 0.914 0.187 - 
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Table 97. Continued. 
Trait Code LI1_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   - 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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Table 98. Craniometric intertrait correlation results using Pearsonôs correlation coefficient. 
Trait  GOL NOL BNL BBH XCB XFB WFB ZYB ASB BPL NPH NLH  JUB 

GOL 1 0.984 0.701 0.593 0.250 0.397 0.433 0.307 0.498 0.468 0.486 0.507 0.350 

NOL 0.984 1 0.681 0.566 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 0.500 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 0.503 0.428 0.323 0.200 0.231 0.137 0.392 0.304 0.438 1 0.833 0.344 

NLH  0.507 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 0.502 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 0.556 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 0.485 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 0.503 0.487 0.628 0.531 0.483 0.578 0.621 0.678 0.582 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 0.413 0.166 0.357 0.318 0.135 0.510 

XCB 0.316 0.239 0.256 0.454 0.074 0.438 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 0.426 0.608 0.271 0.513 0.077 0.486 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 0.516 0.445 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 0.428 0.435 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 0.504 0.282 0.573 -0.021 0.250 0.470 

EKB 0.414 0.438 0.433 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 0.487 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 0.379 0.333 0.415 0.159 0.494 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 0.483 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 0.578 0.219 0.416 0.296 0.122 0.189 0.437 0.725 0.508 0.109 0.352 0.439 

WFB 0.375 0.621 0.176 0.522 0.443 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 0.415 0.577 0.356 0.233 0.266 0.489 0.503 0.483 -0.015 0.317 0.416 

BPL 0.354 0.415 0.045 0.451 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 0.544 0.436 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  0.373 0.433 0.181 0.371 0.305 0.311 0.281 0.153 0.294 0.473 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 0.405 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 0.573 0.317 0.268 0.364 0.366 0.315 0.408 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 0.947 0.296 0.630 0.456 0.373 0.352 0.462 0.452 0.512 0.070 0.340 0.352 

NAS 1 0.429 0.679 0.427 0.289 0.114 0.160 -0.003 0.269 0.345 0.046 0.340 0.149 

EKB 0.429 1 0.301 0.594 0.412 0.308 0.341 0.442 0.378 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 0.477 0.397 0.473 0.424 0.444 0.433 

WFB 0.206 0.236 0.084 0.001 0.435 0.296 0.288 0.417 0.482 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 0.481 0.491 0.470 0.389 

ASB 0.383 0.433 0.283 0.291 0.490 0.232 0.158 0.494 0.389 0.450 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 0.502 0.571 0.619 0.703 

NPH 0.235 0.302 0.422 0.425 0.415 0.501 0.561 0.394 0.343 0.303 0.314 0.282 0.315 

NLH  0.352 0.365 0.493 0.501 0.471 0.484 0.436 0.425 0.342 0.369 0.330 0.296 0.176 

JUB 0.230 0.216 0.150 0.176 0.406 0.402 0.399 0.439 0.482 0.473 0.508 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 0.518 0.709 0.814 0.475 0.596 0.447 0.459 0.546 0.589 

MDH  0.343 0.316 0.460 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 0.439 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 0.423 0.232 0.426 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 0.468 0.392 0.400 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 0.572 0.482 0.452 0.563 0.548 0.474 0.436 0.610 0.404 

NAS 0.178 0.286 0.302 0.133 0.683 0.499 0.448 0.569 0.453 0.215 0.212 0.371 0.175 

EKB 0.298 0.269 0.217 0.035 0.614 0.479 0.451 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 0.488 -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 0.476 0.453 0.231 0.551 0.493 -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 0.411 -0.271 0.385 -0.206 0.321 -0.281 -0.104 

XCB 0.558 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 0.471 0.531 -0.288 -0.265 -0.242 -0.107 0.460 

NPH 0.229 0.306 0.381 0.292 0.173 0.372 0.968 -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 

JUB 0.353 0.354 0.196 0.245 0.418 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 0.439 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 0.412 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 0.470 0.504 0.385 0.198 0.332 0.672 0.418 -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 0.478 0.520 0.352 0.299 0.513 0.911 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 0.488 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  JUB 

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 0.451 0.326 0.347 0.595 

XML  0.361 0.341 0.475 0.360 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 0.418 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 0.477 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 0.405 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 0.679 0.673 0.379 0.469 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 0.412 0.439 0.213 0.155 0.416 -0.004 0.123 0.089 0.146 

OCC 0.487 0.493 0.497 0.544 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 0.435 0.387 0.490 0.547 0.415 0.471 0.406 

SSR 0.607 0.603 0.731 0.535 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 0.417 0.410 0.494 0.498 0.394 0.425 0.439 

ZOR 0.632 0.621 0.741 0.588 0.354 0.397 0.482 0.441 0.389 0.654 0.343 0.342 0.482 

FMR 0.614 0.579 0.689 0.575 0.337 0.473 0.333 0.481 0.450 0.502 0.303 0.369 0.473 

EKR 0.543 0.519 0.642 0.513 0.325 0.424 0.362 0.491 0.384 0.571 0.314 0.330 0.508 

ZMR  0.613 0.593 0.661 0.530 0.352 0.444 0.483 0.470 0.564 0.619 0.282 0.296 0.516 

AVR 0.402 0.367 0.417 0.449 0.349 0.433 0.370 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 0.440 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 0.405 0.017 0.159 -0.168 0.119 0.327 -0.071 0.462 

STB 0.073 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 0.473 0.312 0.199 0.554 -0.056 0.319 0.156 0.281 0.253 -0.022 0.512 

FRS -0.175 0.170 0.382 -0.071 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 0.468 0.180 0.150 0.572 

SSR 0.080 0.334 0.709 0.211 0.048 0.419 0.115 0.463 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 0.439 0.143 0.335 0.129 0.230 0.300 -0.005 0.474 

EKR 0.136 0.237 0.459 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 0.470 0.030 0.380 0.117 0.305 0.180 -0.079 0.478 

VRR 0.171 0.079 0.271 0.410 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 0.413 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 0.505 0.355 0.367 0.439 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 

OCC 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 0.416 0.578 0.439 0.256 0.355 0.330 0.247 0.591 0.199 0.438 0.251 

SSR 0.499 0.479 0.202 0.474 0.400 0.415 0.319 0.326 0.063 0.468 0.140 0.369 0.139 

PRR 0.448 0.451 0.141 0.441 0.356 0.422 0.347 0.265 0.033 0.486 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 0.453 0.582 0.175 0.619 0.628 0.403 0.528 0.390 0.291 0.601 0.278 0.370 0.181 

FMR 0.215 0.561 0.064 0.486 0.403 0.275 0.374 0.438 0.146 0.544 0.220 0.369 0.220 

EKR 0.212 0.495 -0.075 0.509 0.520 0.364 0.464 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 0.422 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 0.488 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 0.497 0.321 0.449 0.311 0.186 0.292 0.367 0.523 0.684 0.241 0.601 0.613 

LAR  0.262 0.287 0.264 0.426 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  OCC 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 0.441 0.634 0.619 0.486 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 0.422 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 0.528 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 0.591 0.468 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 -0.035 0.251 0.139 0.032 0.226 0.181 0.220 0.159 0.292 0.243 

OCC 1 0.571 0.264 0.338 0.398 0.294 0.312 0.434 0.372 0.367 0.332 0.338 0.368 

OCS 0.571 1 0.240 0.178 0.454 0.304 0.280 0.418 0.384 0.414 0.399 0.372 0.210 

FOL 0.264 0.240 1 0.549 0.312 0.435 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 0.931 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 0.372 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 0.559 0.839 0.388 0.515 0.467 0.461 0.520 1 

BRR 0.464 0.403 0.113 0.143 0.684 0.434 0.392 0.660 0.619 0.634 0.605 0.575 0.481 

VRR 0.511 0.443 0.182 0.236 0.605 0.367 0.294 0.591 0.528 0.549 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 0.524 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 0.335 0.029 -0.078 0.123 -0.177 0.112 0.079 

GLS 0.348 0.367 0.322 0.346 0.029 0.428 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 0.471 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 0.428 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 0.464 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 0.403 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 0.434 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 0.438 -0.225 0.339 -0.154 -0.287 0.039 0.337 

ZOR 0.619 0.528 0.342 0.044 0.149 0.545 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 0.471 0.361 -0.102 0.246 -0.208 -0.166 -0.025 0.273 

EKR 0.605 0.505 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 0.481 0.495 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 0.477 0.373 -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 

OCC -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  JUB 

UFBR 0.495 0.473 0.551 0.451 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 0.460 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 0.301 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 0.444 0.428 0.382 0.471 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 -0.078 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 0.033 -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  OCC 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 0.471 0.479 0.623 0.413 

UFHT 0.260 0.264 0.354 0.350 0.478 0.541 0.596 0.438 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 0.410 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 0.373 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 
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Table 99. Odontometric intertrait correlation results using Pearsonôs correlation coefficient. 
Trait Code UI1_crn_md UI1_crn_bl UI1_crn_height UI1_crx_md UI1_crx_bl UI2_crn_md UI2_crn_bl 

UI1_crn_md 1 0.482 0.452 0.634 0.410 0.380 0.297 

UI1_crn_bl 0.482 1 0.489 0.624 0.800 0.386 0.579 

UI1_crn_height 0.452 0.489 1 0.448 0.434 0.304 0.217 

UI1_crx_md 0.634 0.624 0.448 1 0.549 0.089 0.291 

UI1_crx_bl 0.410 0.800 0.434 0.549 1 0.334 0.538 

UI2_crn_md 0.380 0.386 0.304 0.089 0.334 1 0.476 

UI2_crn_bl 0.297 0.579 0.217 0.291 0.538 0.476 1 

UI2_crn_height 0.330 0.284 0.632 0.304 0.284 0.545 0.270 

UI2_crx_md 0.432 0.517 0.385 0.475 0.496 0.768 0.535 

UI2_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 UI2_crx_bl UC_crn_md UC_crn_bl UC_crn_height UC_crx_md 

UI1_crn_md 0.330 0.432 0.298 0.456 0.480 0.192 0.476 

UI1_crn_bl 0.284 0.517 0.654 0.477 0.626 0.207 0.583 

UI1_crn_height 0.632 0.385 0.377 0.392 0.347 0.466 0.322 

UI1_crx_md 0.304 0.475 0.374 0.201 0.497 0.149 0.579 

UI1_crx_bl 0.284 0.496 0.673 0.398 0.652 0.343 0.541 

UI2_crn_md 0.545 0.768 0.559 0.504 0.454 0.296 0.252 

UI2_crn_bl 0.270 0.535 0.724 0.494 0.539 0.202 0.475 

UI2_crn_height 1 0.490 0.435 0.391 0.518 0.455 0.239 

UI2_crx_md 0.490 1 0.697 0.459 0.503 0.228 0.585 

UI2_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 

UI1_crn_md 0.451 0.417 0.246 -0.037 0.431 0.392 0.485 

UI1_crn_bl 0.625 0.475 0.535 0.088 0.623 0.642 0.474 

UI1_crn_height 0.301 0.281 0.393 0.329 0.333 0.103 0.500 

UI1_crx_md 0.571 0.279 0.250 0.076 0.481 0.365 0.385 

UI1_crx_bl 0.608 0.438 0.483 0.170 0.519 0.466 0.497 

UI2_crn_md 0.392 0.496 0.432 0.341 0.338 0.281 0.400 

UI2_crn_bl 0.422 0.396 0.520 0.121 0.431 0.417 0.266 

UI2_crn_height 0.385 0.484 0.483 0.500 0.293 0.274 0.455 

UI2_crx_md 0.528 0.435 0.396 0.153 0.630 0.410 0.422 

UI2_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 UM1_crn_height 

UI1_crn_md 0.364 0.062 0.331 0.346 0.636 0.484 0.109 

UI1_crn_bl 0.525 0.197 0.522 0.536 0.577 0.563 0.342 

UI1_crn_height 0.451 0.256 0.349 0.450 0.548 0.458 0.442 

UI1_crx_md 0.267 0.107 0.358 0.494 0.306 0.426 0.208 

UI1_crx_bl 0.512 0.250 0.539 0.507 0.560 0.600 0.442 

UI2_crn_md 0.412 0.306 0.313 -0.039 0.467 0.297 0.242 

UI2_crn_bl 0.352 0.097 0.250 0.241 0.437 0.355 0.014 

UI2_crn_height 0.491 0.510 0.292 0.265 0.342 0.260 0.256 

UI2_crx_md 0.426 0.212 0.458 0.336 0.469 0.440 0.274 

UI2_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 

UI1_crn_md 0.455 0.415 0.403 0.463 0.306 0.250 0.426 

UI1_crn_bl 0.558 0.410 0.503 0.530 0.315 0.577 0.305 

UI1_crn_height 0.327 0.237 0.516 0.520 0.565 0.236 0.317 

UI1_crx_md 0.567 0.328 0.323 0.357 0.144 0.211 0.246 

UI1_crx_bl 0.674 0.376 0.475 0.631 0.347 0.435 0.196 

UI2_crn_md 0.081 0.299 0.177 0.319 0.329 0.202 0.443 

UI2_crn_bl 0.365 0.272 0.329 0.418 0.352 0.403 0.251 

UI2_crn_height 0.152 0.344 0.304 0.362 0.469 0.280 0.277 

UI2_crx_md 0.422 0.371 0.101 0.415 0.254 0.214 0.411 

UI2_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 LI1_crn_bl  LI1_crn_height LI1_crx_md LI1_crx_bl  LI2_crn_md LI2_crn_bl  LI2_crn_height 

UI1_crn_md 0.234 0.246 0.272 0.160 0.352 0.158 0.134 

UI1_crn_bl 0.631 0.170 0.482 0.540 0.216 0.478 0.328 

UI1_crn_height 0.441 0.451 0.379 0.340 0.240 0.337 0.458 

UI1_crx_md 0.301 0.359 0.503 0.284 0.101 0.209 0.162 

UI1_crx_bl 0.606 0.145 0.404 0.547 0.128 0.361 0.255 

UI2_crn_md 0.445 0.372 0.114 0.354 0.481 0.346 0.413 

UI2_crn_bl 0.378 0.028 0.211 0.321 0.227 0.333 0.125 

UI2_crn_height 0.386 0.470 0.342 0.223 0.300 0.256 0.552 

UI2_crx_md 0.460 0.345 0.474 0.385 0.323 0.378 0.247 

UI2_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_crx_md LI2_crx_bl  LC_crn_md LC_crn_bl  LC_crn_height LC_crx_md LC_crx_bl  

UI1_crn_md 0.210 0.149 0.535 0.374 0.211 0.576 0.378 

UI1_crn_bl 0.394 0.452 0.462 0.423 0.265 0.570 0.475 

UI1_crn_height 0.348 0.229 0.413 0.307 0.543 0.338 0.307 

UI1_crx_md 0.434 0.278 0.308 0.331 0.223 0.499 0.345 

UI1_crx_bl 0.373 0.526 0.438 0.506 0.417 0.617 0.617 

UI2_crn_md 0.187 0.289 0.516 0.291 0.311 0.386 0.321 

UI2_crn_bl 0.181 0.354 0.395 0.367 0.170 0.458 0.416 

UI2_crn_height 0.260 0.234 0.331 0.302 0.424 0.349 0.244 

UI2_crx_md 0.468 0.388 0.445 0.353 0.305 0.569 0.391 

UI2_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 

UI1_crn_md 0.402 0.292 0.127 0.393 0.277 0.400 0.396 

UI1_crn_bl 0.467 0.538 0.360 0.551 0.388 0.250 0.515 

UI1_crn_height 0.363 0.334 0.465 0.281 0.376 0.511 0.506 

UI1_crx_md 0.162 0.379 0.399 0.377 0.382 0.091 0.283 

UI1_crx_bl 0.486 0.490 0.401 0.541 0.462 0.260 0.562 

UI2_crn_md 0.432 0.331 0.276 0.276 0.173 0.455 0.413 

UI2_crn_bl 0.369 0.471 0.143 0.349 0.317 0.223 0.369 

UI2_crn_height 0.321 0.331 0.500 0.189 0.345 0.529 0.450 

UI2_crx_md 0.311 0.242 0.305 0.470 0.248 0.353 0.383 

UI2_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 

UI1_crn_md 0.253 0.486 0.358 0.199 0.502 0.433 0.620 

UI1_crn_bl 0.320 0.510 0.467 0.281 0.412 0.321 0.612 

UI1_crn_height 0.317 0.466 0.532 0.439 0.241 0.197 0.564 

UI1_crx_md 0.316 0.353 0.371 0.426 0.408 0.475 0.452 

UI1_crx_bl 0.372 0.443 0.607 0.298 0.491 0.451 0.569 

UI2_crn_md 0.043 0.368 0.350 0.177 0.246 0.099 0.407 

UI2_crn_bl 0.120 0.344 0.371 0.046 0.475 0.194 0.421 

UI2_crn_height 0.156 0.259 0.436 0.391 0.059 0.268 0.335 

UI2_crx_md 0.169 0.397 0.352 0.194 0.380 0.264 0.467 

UI2_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  

UI1_crn_md 0.532 0.152 0.453 0.506 

UI1_crn_bl 0.648 0.287 0.539 0.382 

UI1_crn_height 0.557 0.284 0.269 0.343 

UI1_crx_md 0.429 0.258 0.391 0.526 

UI1_crx_bl 0.683 0.267 0.461 0.356 

UI2_crn_md 0.306 0.023 0.178 0.093 

UI2_crn_bl 0.456 0.118 0.351 0.222 

UI2_crn_height 0.380 0.193 0.050 0.252 

UI2_crx_md 0.358 0.065 0.440 0.283 

UI2_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 UI1_crn_md UI1_crn_bl UI1_crn_height UI1_crx_md UI1_crx_bl UI2_crn_md UI2_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 

LI1_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 UI2_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 UM1_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 

 

 



346 
 

 

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 LI1_crn_bl  LI1_crn_height LI1_crx_md LI1_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_crx_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 UI1_crn_md UI1_crn_bl UI1_crn_height UI1_crx_md UI1_crx_bl UI2_crn_md UI2_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 UI2_crn_height UI2_crx_md UI2_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 UM1_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 LI1_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 LM1_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 



357 
 

 

Bibliography 

Academy Standards Board. 2018. Forensic anthropology in disaster victim identification: 

Best practice recommendations for the medicolegal authority. American Academy 

of Forensic Sciences Standards Board. 

Academy Standards Board. 2019. Forensic standards: Standard for sex estimation in 

forensic anthropology. American Academy of Forensic Sciences. 

Academy Standards Board. 2022. Forensic standards: Standard for population affinity 

estimation in forensic anthropology. American Academy of Forensic Sciences. 

Adams DM, and Pilloud MA. 2019. Sex estimation from dental crown and cervical 

metrics in a contemporary Japanese sample. Forensic Anthropology 2(4):222-232. 

Adhikari K, Fuentes-Guajardo M, Quinto-Sánchez M, Mendoza-Revilla J, Chacón-

Duque JC, Acuña-Alonzo V, Jaramillo C, Arias W, Lozano RB, and Pérez GM. 

2016. A genome-wide association scan implicates DCHS2, RUNX2, GLI3, PAX1 

and EDAR in human facial variation. Nature Communications 7:11616. 

Atkinson ML, and Tallman SD. 2019. Nonmetric cranial trait variation and ancestry 

estimation in Asian and Asian derived groups. Journal of Forensic Sciences. 

Barnes GL. 2015. Archaeology of East Asia: The rise of civilization in China, Korea, and 

Japan. Philadelphia: Oxbox Books. 

Berry AC, and Berry RJ. 1967. Epigenetic variation in the human cranium. Journal of 

Anatomy 101(2):361-379. 

Bertrand F. 2021. Sweetviz. 2.1.3 ed. 

Bethard JD, and DiGangi EA. 2020. Letter to the Editor - Moving beyond a lost cause: 

Forensic anthropology and ancestry estimates in the United States. Journal of 

Forensic Sciences 65(5):1791. 

Botsch R. 2011. Chapter 12: Significance and measures of association. Retrieved from 

University of South Carolina Aiken Department of Political é. 

Brace CL, Brace MC, Dodo Y, Leonard WR, Li Y, Shao X, Sood S, and Zhang Z. 1990. 

Micronesians, Asians, Thais and Relations: A cranio-facial and odontometric 

perspective. Micronesia 2:323-348. 

Brace CL, Brace ML, and Leonard WR. 1989. Reflections on the face of Japan: A 

multivariate craniofacial and odontometric perspective. American Journal of 

Physical Anthropology 78(1):93-113. 

Brace CL, Nelson AR, Seguchi N, Oe H, Sering L, Qifeng P, Yongyi L, and Tumen D. 

2001. Old World sources of the first New World human inhabitants: A 

comparative craniofacial view. Proceedings of the National Academy of Sciences 

of the United States of America 98(17):10017-10022. 

Bryk J, Hardouin E, Pugach I, Hughes D, Strotmann R, Stoneking M, and Myles S. 2008. 

Positive selection in East Asians for an EDAR allele that enhances NF-əB 

activation. PLoS One 3(5):e2209. 

Budiman A, and Ruiz NG. 2021. Key facts about Asian Americans, a diverse and 

growing population. Pew Research Center. 



358 
 

 

Buikstra JE, Frankenberg SR, and Konigsberg LW. 1990. Skeletal biological distance 

studies in American physical anthropology: Recent trends. American Journal of 

Physical Anthropology 82(1):1-7. 

Buikstra JE, and Ubelaker DH. 1994. Standards for data collection from human skeletal 

remains: Proceedings of a seminar at the field museum of natural history, 

organized by Jonathan Haas. Fayetteville: Arkansas Archaeological Survey. 

Carson EA. 2006. Maximum-likelihood variance components analysis of heritabilities of 

cranial nonmetric traits. Human biology 78(4):383-403. 

Cavalli-Sforza LL, Menozzi P, Cavalli-Sforza L, Cavalli-Sforza L, and Piazza A. 1994. 

The history and geography of human genes: Princeton university press. 

Christensen AM, and Anderson BE. 2013. Methods of personal identification. In: 

Tersigni-Tarrant M, and Shirley NR, editors. Forensic anthropology: An 

introduction. Boca Raton, FL: CRC Press. p 397-420. 

Cohen J. 1968. Weighted kappa: nominal scale agreement provision for scaled 

disagreement or partial credit. Psychological bulletin 70(4):213. 

dôOliveira Coelho J, and Navega D. 2018a. http://osteomics.com/hefneR/. 

dôOliveira Coelho J, and Navega D. 2018b. https://osteomics.com/rASUDAS/. 

Dempsey Pa, and Townsend G. 2001. Genetic and environmental contributions to 

variation in human tooth size. Heredity 86(6):685. 

Devor EJ. 1987. Transmission of human craniofacial dimensions. Journal of Craniofacial 

Genetics and Developmental Biology 7(2):95-106. 

Dudzik B, and Jantz RL. 2016. Misclassifications of Hispanics using Fordisc 3.1: 

Comparing cranial morphology in Asian and Hispanic populations. Journal of 

Forensic Sciences 61(5):1311-1318. 

Dudzik B, and Kolatorowicz A. 2016. Craniometric data analysis and estimation of 

biodistance. In: Pilloud MA, and Hefner JT, editors. Biological distance analysis. 

San Diego: Academic Press. p 35-60. 

Edgar HJ, and Ousley SD. 2016. Dominance in dental morphological traits: Implications 

for biological distance studies. In: Pilloud MA, and Hefner JT, editors. Biological 

Distance Analysis: Elsevier. p 317-332. 

Edgar HJH. 2013. Estimation of ancestry using dental morphological characteristics. 

Journal of Forensic Sciences 58(S1):S3-8. 

Edgar HJH. 2014. Dental morphological estimation of ancestry in forensic contexts. In: 

Berg GE, and Ta'ala SC, editors. Biological affinity in forensic identification of 

human skeletal remains: Beyond black and white. p 191. 

Elhaik E. 2012. Empirical distributions of FST from large-scale human polymorphism 

data. PloS One 7(11):e49837. 

Falconer DS, and Mackay TFC. 1996. Introduction to quantitative genetics. San 

Francisco: Prentice Hall. 

Fancourt HS, and Stephan CN. 2018. Error measurement in craniometrics: The 

comparative performance of four popular assessment methods using 2000 

simulated cranial length datasets (g-op). Forensic science international 285:162-

171. 

Fenner M. 2020. Machine learning with Python for everyone: Addison-Wesley 

Professional. 

http://osteomics.com/hefneR/
https://osteomics.com/rASUDAS/


359 
 

 

Garn SM, Lewis AB, Swindler DR, and Kerewsky RS. 1967. Genetic control of sexual 

dimorphism in tooth size. Journal of Dental Research 46(5):963-972. 

Garvin HM, Sholts SB, and Mosca LA. 2014. Sexual dimorphism in human cranial trait 

scores: Effects of population, age, and body size. American Journal of Physical 

Anthropology 154(2):259-269. 

Géron A. 2019. Hands-on machine learning with Scikit-Learn, Keras, and TensorFlow: 

Concepts, tools, and techniques to build intelligent systems: O'Reilly Media. 

Go MC, Jones AR, Algee-Hewitt BF, Dudzik B, and Hughes CE. 2019a. Classification 

trends among contemporary Filipino crania using Fordisc 3.1. Forensic 

Anthropology 2(4):293-303. 

Go MC, Tallman SD, and Kim J. 2019b. Advances in forensic anthropological research 

in East and Southeast Asia. Forensic Anthropology 2(4):197-203. 

Godde K. 2013. An examination of the spatialïtemporal isolation model in a Nilotic 

population: Variation across space and time in Nubians using cranial discrete 

traits. International Journal of Osteoarchaeology 23(3):324-333. 

Gordon A. 2003. A modern history of Japan: From Tokugawa times to the present: 

Oxford University Press New York. 

Gordon A. 2013. A modern history of Japan: From Tokugawa times to the present: 

Oxford University Press. 

Hanihara K. 1991. Dual structure model for the population history of the Japanese. Japan 

Review(2):1-33. 

Hanihara T. 1992. Dental and cranial affinities among populations of East Asia and the 

Pacific: The basic populations in East Asia, IV. American Journal of Physical 

Anthropology 88(2):163-182. 

Hanihara T. 1993. Population prehistory of East Asia and the Pacific as viewed from 

craniofacial morphology: The basic populations in East Asia, VII. American 

Journal of Physical Anthropology 91(2):173-187. 

Hanihara T. 2010. Metric and nonmetric dental variation and the population structure of 

the Ainu. American Journal of Human Biology 22(2):163-171. 

Hanihara T, and Ishida H. 2005. Metric dental variation of major human populations. 

American Journal of Physical Anthropology 128(2):287-298. 

Harpending HC, and Ward RH. 1982. Chemical systematics and human evolution. In: 

Nitecki M, editor. Biochemical aspects of evolutionary biology. Chicago: 

University of Chicago Press. p 213-256. 

Hart AP. 2014. San Francisco Office of the Chief Medical Examiner Annual Report 

2013-2014. San Francisco, CA: City and County of San Francisco. 

Hauser G, and De Stefano GF. 1989. Epigenetic variants of the human skull: Lubrecht & 

Cramer Ltd. 

Hayes P, and Harruff R. 2017. King County Medical Examiner's Office Annual Report 

2017. Seattle, WA: Public Health Seattle & King County. 

Hefner JT. 2009. Cranial nonmetric variation and estimating ancestry. Journal of Forensic 

Sciences 54(5):985-995. 

Hefner JT. 2016. Biological distance analysis, cranial morphoscopic traits, and ancestry 

assessment in forensic anthropology. In: Pilloud MA, and Hefner JT, editors. 

Biological Distance Analysis. San Diego: Academic Press. p 301-315. 



360 
 

 

Hefner JT. 2018. The macromorphoscopic databank. American Journal of Physical 

Anthropology 166(4):994-1004. 

Hefner JT, and Linde KC. 2018. Atlas of human cranial macromorphoscopic traits. San 

Diego: Academic Press. 

Hefner JT, and Ousley SD. 2014. Statistical classification methods for estimating 

ancestry using morphoscopic traits. Journal of Forensic Sciences 59(4):883-890. 

Hefner JT, and Pilloud MA. 2015. A brief history of biological distance analysis. 

American Association of Physical Anthropologists. St. Louis, Missouri. 

Hefner JT, Spradley MK, and Anderson B. 2014. Ancestry assessment using Random 

Forest Modeling. Journal of Forensic Sciences 59(3):583-589. 

Herrera B, Hanihara T, and Godde K. 2014. Comparability of multiple data types from 

the Bering Strait Region: Cranial and dental metrics and nonmetrics, mtDNA, and 

Y-chromosome DNA. American Journal of Physical Anthropology 154(3):334-

348. 

Hillson S. 1996. Dental anthropology. Cambridge: Cambridge University Press. 

Hillson S, FitzGerald C, and Flinn H. 2005. Alternative dental measurements: Proposals 

and relationships with other measurements. American Journal of Physical 

Anthropology 126(4):413-426. 

Hlusko LJ, Carlson JP, Chaplin G, Elias SA, Hoffecker JF, Huffman M, Jablonski NG, 

Monson TA, OôRourke DH, and Pilloud MA. 2018. Environmental selection 

during the last ice age on the mother-to-infant transmission of vitamin D and fatty 

acids through breast milk. Proceedings of the National Academy of 

Sciences:201711788. 

Hoeffel EM, Rastogi S, Kim MO, and Hasan S. 2012. The Asian population: 2010. US 

Department of Commerce, Economics and Statistics Administration. 

Holsinger KE, and Weir BS. 2009. Genetics in geographically structured populations: 

Defining, estimating and interpreting FST. Nature Reviews Genetics 10(9):639. 

Horai S, Murayama K, Hayasaka K, Matsubayashi S, Hattori Y, Fucharoen G, Harihara 

S, Park KS, Omoto K, and Pan IH. 1996. mtDNA polymorphism in East Asian 

Populations, with special reference to the peopling of Japan. American Journal of 

Human Genetics 59(3):579-590. 

Howells WW. 1973. Cranial variation in man: A study by multivariate analysis of 

patterns of difference among recent human populations. Cambridge: Harvard 

University Press. 

Howells WW. 1989. Skull shapes and the map: Craniometric analyses in the dispersion 

of modern Homo. Papers of the Peabody Museum of Archaeology and Ethnology 

79. 

Howells WW. 1995. Who's who in skulls: Ethnic identification of crania from 

measurements. Papers of the Peabody Museum of Archaeology and Ethnology 82. 

Hsu MY. 2017. Asian American history: A very short introduction: Oxford University 

Press. 

Hsu MY. 2021. Understanding America: Asian American history, contributions, and 

current challenges. U.S. Department of State. 

Hubbard AR, Guatelli-Steinberg D, and Irish JD. 2015. Do nuclear DNA and dental 

nonmetric data produce similar reconstructions of regional population history? An 



361 
 

 

example from modern coastal Kenya. American Journal of Physical Anthropology 

157(2):295-304. 

Ķĸcan MY, Loth SR, King CA, Shihai D, and Yoshino M. 1998. Sexual dimorphism in 

the humerus: a comparative analysis of Chinese, Japanese and Thais. Forensic 

Science International 98(1-2):17-29. 

Jantz RL, and Moore-Jansen PH. 1988. A data base for forensic anthropology: Structure, 

content and analysis: Department of Anthropology, University of Tennessee. 

Jantz RL, and Ousley S. 2005a. Fordisc help file: Version 3.1. The University of 

Tennessee, Knoxville. 

Jantz RL, and Ousley SD. 2005b. Fordisc 3.1 Personal computer forensic discriminant 

functions. Knoxville, Tennessee: University of Tennessee. 

Jinam TA, Kanzawa-Kiriyama H, and Saitou N. 2015. Human genetic diversity in the 

Japanese Archipelago: Dual structure and beyond. Genes & Genetic Systems 

90(3):147. 

Jolliffe I. 2002. Principal component analysis: Springer. 

Jorde LB, Bamshad M, Watkins W, Zenger R, Fraley A, Krakowiak P, Carpenter K, 

Soodyall H, Jenkins T, and Rogers AR. 1995. Origins and affinities of modern 

humans: A comparison of mitochondrial and nuclear genetic data. American 

Journal of Human Genetics 57(3):523. 

Kenyhercz MW, and Passalacqua NV. 2016. Missing data imputation methods and their 

performance with biodistance analyses. In: Pilloud MA, and Hefner JT, editors. 

Biological distance analysis. San Diego: Academic Press. p 181-194. 

Kenyhercz MW, Passalacqua NV, and Hefner JT. 2019a. Missing data imputation using 

morphoscopic traits and their performance in the estimation of ancestry. Journal 

of Forensic Sciences 54(5):985-995. 

Kenyhercz MW, Pilloud MA, and Hefner JT. 2019b. A reevaluation of tooth crown 

measurements in the estimation of ancestry using random forest classification. 

American Academy of Forensic Sciences. Baltimore, MD. 

Kimura R, Yamaguchi T, Takeda M, Kondo O, Toma T, Haneji K, Hanihara T, 

Matsukusa H, Kawamura S, and Maki K. 2009. A common variation in EDAR is 

a genetic determinant of shovel-shaped incisors. The American Journal of Human 

Genetics 85(4):528-535. 

King CA, Ķĸcan MY, and Loth SR. 1998. Metric and comparative analysis of sexual 

dimorphism in the Thai femur. Journal of Forensic Sciences 43(5):954-958. 

Klales AR, and Kenyhercz MW. 2015. Morphological assessment of ancestry using 

cranial macromorphoscopics. Journal of Forensic Sciences 60(1):13-20. 

Konigsberg LW. 1990. Analysis of prehistoric biological variation under a model of 

isolation by geographic and temporal distance. Human Biology 62(1):49-70. 

LôAbb® EN, Van Rooyen C, Nawrocki SP, and Becker PJ. 2011. An evaluation of non-

metric cranial traits used to estimate ancestry in a South African sample. Forensic 

Science International 209(1-3):195. e191-195. e197. 

Landis JR, and Koch GG. 1977. An application of hierarchical kappa-type statistics in the 

assessment of majority agreement among multiple observers. Biometrics:363-374. 

Latter B. 1980. Genetic differences within and between populations of the major human 

subgroups. The American Naturalist 116(2):220-237. 



362 
 

 

Ledolter J. 2013. Data mining and business analytics with R: John Wiley & Sons. 

Lewontin RC. 1972. The apportionment of human diversity. Evolutionary biology: 

Springer. p 381-398. 

Mahakkanukrauh P, Sinthubua A, Prasitwattanaseree S, Ruengdit S, Singsuwan P, 

Praneatpolgrang S, and Duangto P. 2015. Craniometric study for sex 

determination in a Thai population. Anatomy & Cell biology 48(4):275-283. 

Maier C. 2017. The combination of cranial morphoscopic and dental morphological 

methods to improve the forensic estimation of ancestry [Dissertation]. Reno, NV: 

University of Nevada, Reno. 

Man Group Alpha Technology. 2021. D-Tale. 1.61.1 ed. 

Mann RW, Labrash S, and Lozanoff S. 2020. Medical school hotline: A new osteological 

resource at the John A. Burns School of Medicine. Hawai'i Journal of Health & 

Social Welfare 79(6):202. 

McHugh ML. 2012. Interrater reliability: the kappa statistic. Biochemia medica 

22(3):276-282. 

Mielke JH, Konigsberg LW, and Relethford JH. 2011. Population genetics and human 

variation. In: Mielke JH, Konigsberg LW, and Relethford JH, editors. Human 

biological variation. New York: Oxford University Press. p 50-88. 

Miller V. 2019. History of Japan: A brief history of Japanese history: Dingo Publishing. 

Mizoguchi Y. 2013. Signiýcant among-population associations found between dental 

characters and environmental factors. In: Scott GR, and Irish J, editors. 

Anthropological perspectives on tooth morphology: Genetics, evolution, 

variation: Cambridge University Press. p 582. 

Moorrees CFA. 1957. The Aleut dentition: A correlative study of dental characteristics in 

an Eskimoid people. Cambridge, MA: Harvard University Press. 

Nakashima A, Ishida H, Shigematsu M, Goto M, and Hanihara T. 2010. Nonmetric 

cranial variation of Jomon Japan: Implications for the evolution of eastern Asian 

diversity. American Journal of Human Biology 22(6):782-790. 

NamUs. 2019. National Missing and Unidentified Persons System. In: Justice Do, editor. 

Nikita E. 2017. Statistical methods in human osteology. In: Nikita E, editor. 

Osteoarchaeology. San Diego: Academic Press. p 355-442. 

Okamura JY. 1998. Why there are no Asian Americans in Hawai ói: The continuing 

significance of local identity. In: Ng F, editor. Asian American Family Life and 

Community: Garland Publishing, Inc. p 251-268. 

Ossenberg NS. 2013. Cranial Nonmetric Trait Database. In: Ossenberg NS, editor. 

Kingston, Ontario, Canada: Queen's University Library Data and Government 

Information Centre. 

Parsons H. 2021. Ancestry estimation in practice: An evaluation of forensic anthropology 

reports in the United States. Forensic Anthropology 4(4):192. 

Patterson MM, and Tallman SD. 2019. Cranial and postcranial metric sex estimation in 

modern Thai and ancient Native American individuals. Forensic Anthropology 

2(4):233-253. 

Paul KS, and Stojanowski CM. 2015. Performance analysis of deciduous morphology for 

detecting biological siblings. American Journal of Physical Anthropology 

157(4):615-629. 



363 
 

 

Pearson K. 1900. Mathematical contributions to the theory of evolution.ðVII. On the 

correlation of characters not quantitatively measurable. Philosophical 

Transactions of the Royal Society of London Series A, Containing Papers of a 

Mathematical or Physical Character 195(262-273):1-47. 

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M, 

Prettenhofer P, Weiss R, Dubourg V et al. . 2011. Scikit-learn: Machine Learning 

in Python. Journal of Machine Learning Research 12(85):2825-2830. 

Perash RL, Cirillo LE, Cole SJ, Hulse CN, Skipper CE, Vlemincq-Mendieta T, and Scott 

GR. 2018. Feast or famine: Global frequencies of the potato tooth, a newly 

defined dental non-metric trait of potential utility in intracemetery analyses. 

Western Bioarchaeology Group (WeBiG). Chica, CA. 

Perez SI, Bernal V, Gonzalez PN, Sardi M, and Politis GG. 2009. Discrepancy between 

cranial and DNA data of early Americans: Implications for American peopling. 

PLOS ONE 4(5):e5746. 

Perini TA, de Oliveira GL, Ornellas JS, and de Oliveira FP. 2005. Technical error of 

measurement in anthropometry. Rev Bras Med Esporte 11(1):81-85. 

Pietrusewsky M. 1992a. Japan, Asia and the Pacific: A multivariate craniometric 

investigation. p 9-52. 

Pietrusewsky M. 1992b. Modern and near-modern populations of Asia and the Pacific: A 

multivariate craniometric interpretation. 531-558 p. 

Pilloud M, Maier C, Scott G, and Edgar H. 2018. Molar crenulation trait definition and 

variation in modern human populations. Homo : internationale Zeitschrift fur die 

vergleichende Forschung am Menschen 69(3):77-85. 

Pilloud MA. 2018. The definition of new dental morphological variants related to 

malocclusion. Dental Anthropology Journal 31(1):10-18. 

Pilloud MA, Edgar HJH, George R, and Scott GR. 2016. Dental morphology in 

biodistance analysis. Biological Distance Analysis. San Diego: Academic Press. p 

109-133. 

Pilloud MA, Hefner JT, Hanihara T, and Hayashi A. 2014. The use of tooth crown 

measurements in the assessment of ancestry. Journal of Forensic Sciences 

59(6):1493-1501. 

Pilloud MA, and Kenyhercz MW. 2016. Dental metrics in biodistance analysis. In: 

Pilloud MA, and Hefner JT, editors. Biological Distance Analysis. San Diego: 

Academic Press. p 135-155. 

Pilloud MA, and Scott GR. 2017. A dental anthropological databank for use in the 

statistical estimation of ancestry and sex in forensic anthropology. Award 2017-

DN-BX-0143. National Institute of Justice. 

Pilloud MA, Skipper CE, Horsley SL, Alba C, Latham K, Clemmons CM, Zejdlik K, 

Boehm DA, and Philbin CS. 2021. Terminology used to describe human variation 

in forensic anthropology. Forensic Anthropology 4(4):119. 

Pinhasi R, and Meiklejohn C. 2011. Dental reduction and the transition to agriculture in 

Europe. In: Pinhasi R, and Stock JT, editors. Human bioarchaeology of the 

transition to agriculture. West Sussex, UK: John Wiley & Sons, Ltd. p 451-474. 



364 
 

 

Pink CM. 2016. Forensic ancestry assessment using cranial nonmetric traits traditionally 

applied to biological distance studies. In: Pilloud MA, and Hefner JT, editors. 

Biological Distance Analysis. San Diego: Academic Press. p 213-230. 

Pink CM, Maier C, Pilloud MA, and Hefner JT. 2016. Cranial nonmetric and 

morphoscopic data sets. In: Pilloud MA, and Hefner JT, editors. Biological 

distance analysis. San Diego: Academic Press. p 91-107. 

Prabhakaran S. 2019. Mahalanobis distance ï Understanding the math with examples 

(Python). Machine Learning Plus. 

Rathmann H, Reyes-Centeno H, Ghirotto S, Creanza N, Hanihara T, and Harvati K. 

2017. Reconstructing human population history from dental phenotypes. 

Scientific reports 7(1):12495. 

Relethford JH. 1994. Craniometric variation among modern human populations. 

American Journal of Physical Anthropology 95(1):53-62. 

Relethford JH. 2001. Global analysis of regional differences in craniometric diversity and 

population substructure. Human Biology 73:629+. 

Relethford JH. 2002. Apportionment of global human genetic diversity based on 

craniometrics and skin color. American Journal of Physical Anthropology 

118(4):393-398. 

Relethford JH. 2004. Global patterns of isolation by distance based on genetic and 

morphological data. Human Biology:499-513. 

Relethford JH. 2007. The use of quantitative traits in anthropological genetic studies of 

population structure and history. In: Crawford MH, editor. Anthropological 

genetics: Theories, methods, and applications. New York: Cambridge University 

Press. p 187-209. 

Relethford JH. 2009. Race and global patterns of phenotypic variation. American Journal 

of Physical Anthropology 139(1):16-22. 

Relethford JH. 2016. Biological distances and population genetics in bioarchaeology. In: 

Pilloud MA, and Hefner JT, editors. Biological distance analysis. San Diego: 

Academic Press. p 23-33. 

Relethford JH, and Blangero J. 1990. Detection of differential gene flow from patterns of 

quantitative variation. Human Biology:5-25. 

Rhine S. 1990. Nonmetric skull racing. In: Gill G, and Rhine S, editors. Skeletal 

Attribution of Race: Methods for Forensic Anthropology: Maxwell Museum of 

Anthropology. 

Roseman CC, and Weaver TD. 2004. Multivariate apportionment of global human 

craniometric diversity. American Journal of Physical Anthropology: The Official 

Publication of the American Association of Physical Anthropologists 125(3):257-

263. 

Ross AH, and Pilloud M. 2021. The need to incorporate human variation and 

evolutionary theory in forensic anthropology: A call for reform. American Journal 

of Physical Anthropology 176(4):672-683. 

Savell KRR. 2020. Evolvability in human postcranial traits across ecogeographic regions. 

American Journal of Physical Anthropology:1-13. 

Scott G, and Turner CI. 1997. The anthropology of modern human teeth. Cambridge: 

Cambridge University Press. 



365 
 

 

Scott GR. 1977. Classification, sex dimorphism, association, and population variation of 

the canine distal accessory ridge. Human Biology 49(3):453-469. 

Scott GR, and Irish JD. 2017. Human tooth crown and root morphology: The Arizona 

State University Dental Anthropology System. Cambridge: Cambridge University 

Press. 

Scott GR, Pilloud MA, Navega D, d'Oliveira Coelho J, Cunha E, and Irish J. 2018a. 

rASUDAS: A new web-based application for estimating ancestry from tooth 

morphology. Forensic Anthropology 1(1):18-31. 

Scott GR, Turner CGI, Townsend GC, and Martinon-Torres M. 2018b. The anthropology 

of modern human teeth: Dental morphology and its variation in recent and fossil 

Homo sapiens. New York: Cambridge University Press. 

Sjøvold T. 1984. A report on the heritability of some cranial measurements and non-

metric traits. Multivariate statistical methods in physical anthropology: Springer. 

p 223-246. 

Spradley MK. 2006. Biological anthropological aspects of the African disapora: 

Geographic origins, secular trends, and plastic versus genetic influences utilizing 

craniometric data [Dissertation]. Knoxville, Tennessee: The University of 

Tennessee, Knoxville. 123 p. 

Spradley MK, and Jantz RL. 2011. Sex estimation in forensic anthropology: Skull versus 

postcranial elements. Journal of Forensic Sciences 56(2):289-296. 

Spradley MK, and Stull KE. 2018. Advancements in sex and ancestry estimation. In: 

Latham K, Bartelink EJ, and Finnegan M, editors. New perspectives in forensic 

human skeletal identification. San Diego: Elsevier. p 13-21. 

Stojanowski CM, and Schillaci MA. 2006. Phenotypic approaches for understanding 

patterns of intracemetery biological variation. American Journal of Physical 

Anthropology 131(43):49-88. 

Stull KE, Bartelink EJ, Klales AR, Berg GE, Kenyhercz MW, LôAbb® EN, Go MC, 

McCormick K, and Mariscal C. 2020. Commentary on: Letter to the Editor - 

Moving beyond a lost cause: Forensic anthropology and ancestry estimates in the 

United States. Journal of Forensic Sciences 66:417ï420. 

SWGANTH. 2010. Sex assessment. In: (SWGANTH) SWGfFA, editor. 

SWGANTH. 2013. Ancestry assessment. In: (SWGANTH) SWGfFA, editor. 

Tallman S. 2017. Cranial and pelvic nonmetric sexual dimorphism in modern Japanese 

and Thai individuals. 

Tallman SD. 2016. The evaluation and refinement of nonmetric sex and ancestry 

assessment methods in modern Japanese and Thai individuals [Doctoral 

Dissertation]. Knoxville, TN: University of Tennessee, Knoxville. 313 p. 

Tallman SD. 2019. Cranial nonmetric sexual dimorphism and sex estimation in East and 

Southeast Asian individuals. Forensic Anthropology 2(4):204-222. 

Tallman SD, Kincer CD, and Plemons ED. 2021a. Centering transgender individuals in 

forensic anthropology and expanding binary sex estimation in casework and 

research. Forensic Anthropology. 

Tallman SD, Parr NM, and Winburn AP. 2021b. Assumed differences; unquestioned 

typologies: The oversimplification of race and ancestry in forensic anthropology. 

Forensic Anthropology 4(4):73. 



366 
 

 

Townsend GC, and Brown T. 1978. Heritability of permanent tooth size. American 

Journal of Physical Anthropology 49(4):497-504. 

Turner CG. 1989. Teeth and Prehistory in Asia. Scientific American 260(2):88-97. 

Turner CI. 1987. Late Pleistocene and Holocene population history of East Asia based on 

dental variation. American Journal of Physical Anthropology 73:305-321. 

Turner CI, Nichol C, and Scott G. 1991. Scoring procedures for key morphological traits 

of the permanent dentition: The Arizona State University Dental Anthropology 

System. In: Kelley M, and Larsen C, editors. Advances in Dental Anthropology. 

New York: Wiley-Liss, Inc. p 13-31. 

US Census Bureau. 2021. Race and ethnicity in the United States: 2010 Census and 2020 

Census. 

van Rossum G. 1995. Python reference manual. Department of Computer Science. 

Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau D, Burovski 

E, Peterson P, Weckesser W, and Bright J. 2020. SciPy 1.0: Fundamental 

algorithms for scientific computing in Python. Nature methods 17(3):261-272. 

von Cramon-Taubadel N. 2016. Population biodistance in global perspective: Assessing 

the influence of population history and environmental effects on patterns 

of craniomandibular variation. In: Pilloud MA, and Hefner JT, editors. Biological 

Distance Analysis. San Diego: Academic Press. p 425-445. 

von Cramon Taubadel N, and Weaver TD. 2009. Insights from a quantitative genetic 

approach to human morphological evolution. Evolutionary anthropology 

18(6):237-240. 

Walker PL. 2008. Sexing skulls using discriminant function analysis of visually assessed 

traits. American Journal of Physical Anthropology 136(1):136-139. 

Weinberg SM, Scott NM, Neiswanger K, and Marazita ML. 2005. Intraobserver error 

associated with measurements of the hand. American journal of human biology 

17(3):368-371. 

Willing E-M, Dreyer C, and Van Oosterhout C. 2012. Estimates of genetic differentiation 

measured by FST do not necessarily require large sample sizes when using many 

SNP markers. 

Winburn A, Jennings A, Steadman D, and DiGangi E. 2022. Ancestral diversity in 

skeletal collections: Perspectives on African American body donation. Forensic 

Anthropology:1-12. 

Xanthopoulos P, Pardalos PM, and Trafalis TB. 2013. Linear discriminant analysis. 

Robust data mining: Springer. p 27-33. 

Yang J, Yu P, and Wang P, editors. 2022. Rise: A pop history of Asian America from the 

nineties to now. New York: Mariner Books. 

Zheng A, and Casari A. 2018. Feature engineering for machine learning: Principles and 

techniques for data scientists: O'Reilly Media, Inc. 

Zong J, and Batalova J. 2016. Asian immigrants in the United States. Migration 

Information Source. 

 


	Abstract
	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	Introduction
	Background
	The Problem
	Current Methods to Estimate Population Affinity and Sex in Forensic Anthropology
	Critiques of Population Affinity within Forensic Anthropology
	Terminology Employed in This Research

	Research Aims
	Significance

	Literature Review
	Biological Distance Analysis
	Datasets: Heritability and Evolution
	Cranial nonmetrics and macromorphoscopics
	Dental nonmetrics
	Craniometrics
	Odontometrics
	Microevolutionary Forces in the Current Work

	Population History
	Japan
	Asians in America


	Materials
	Study Samples
	Comparative Samples

	Methods
	Data Collection and Trait Lists
	Cranial Nonmetric and Macromorphoscopic Data
	Dental Morphological Data
	Craniometric Data
	Odontometric Data

	Exploratory Data Analyses and Data Preprocessing
	Intraobserver Error
	Dichotomizing Data
	Outliers
	Normality
	Sexual Dimorphism
	Feature Scaling
	Encoding Categorical Variables
	Intertrait Correlations
	Missing Data and Imputation Methods

	Statistical Analyses
	Frequency Distributions
	Evolutionary Influences and Population Variation: Nonmetric Data
	Evolutionary Influences and Population Variation: Metric Data
	Classification
	Logistic Regression
	Linear Discriminant Analysis
	k-Nearest Neighbor
	Support Vector Machine
	Naive Bayes/Simple Bayesian Classifier
	Decision Trees
	Random Forest Modeling
	Multilayer Perceptron
	Classification Model Accuracy


	Research Aims and Questions
	Aim #1: Test the accuracy of existing ancestry and sex estimation methods and available reference samples.
	Research Question 1 (Q1): Do current ancestry estimation methods accurately classify Japanese and Asian American individuals?
	Research Question 2 (Q2): Do current sex estimation methods accurately classify Japanese and Asian American individuals?

	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 processes have most influenced Japanese and Asian American cranial and dental traits?

	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 global reference samples and from each other?

	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 (Q5): 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?
	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?



	Results
	Intraobserver error
	Aim #1: Test the accuracy of existing ancestry and sex estimation methods and available reference samples.
	Research Question 1 (Q1): Do current ancestry estimation methods accurately classify Japanese and Asian American individuals?
	Cranial nonmetrics and macromorphoscopics
	Dental morphology
	Craniometrics
	Odontometrics

	Research Question 2 (Q2): Do current sex estimation methods accurately classify Japanese and Asian American individuals?
	Craniometrics
	Odontometrics


	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 processes have most influenced Japanese and Asian American cranial and dental traits?
	Cranial nonmetrics and macromorphoscopics
	Dental morphology
	Craniometrics
	Odontometrics


	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 global reference samples and from each other?
	Cranial nonmetrics and macromorphoscopics
	Dental morphology
	Craniometrics
	Odontometrics


	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 (Q5): 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?
	Cranial nonmetrics and macromorphoscopics
	Dental morphology
	Craniometrics
	Odontometrics

	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?


	Discussion
	Identity
	Aim #1: Test the accuracy of existing ancestry and sex estimation methods and available reference samples.
	Research Question 1 (Q1): Do current ancestry estimation methods accurately classify Japanese and Asian American individuals?
	Research Question 2 (Q2): Do current sex estimation methods accurately classify Japanese and Asian American individuals?

	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 processes have most influenced Japanese and Asian American cranial and dental traits?

	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 global reference samples and from each other?

	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 (Q5): 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?
	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?


	Conclusions
	Appendix A
	Bibliography

