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ABSTRACT 

 
 

The human face contains important organs which perform vital functions such as 

eating and breathing, sensory functions such as seeing and smelling, as well as signaling 

sex, emotions, and identity. It is also quite variable within and across human populations. 

Very little is known about the evolution of facial shape in humans, or the genetic 

architecture underlying the development of facial shape. In this dissertation, I have 

investigated the evolutionary genetics of certain aspects of the three-dimensional shape of 

the human face. In chapter one, I provide a literature review of the various hypotheses 

regarding the evolution of facial shape and the current evidence supporting them. In chapter 

two, I used a quantitative genetic framework to test the hypothesis that human variation in 

the shape of the nose seems to have been influenced by local adaptation to temperature. 

The results from this chapter suggest that the evolution of certain aspects of human nose 

shape, such as nostril size and nasal ridge may have been driven by local adaptation to 

temperature. In chapter three, I used an admixture mapping approach to identify three 

genomic loci associated with nose shape variation in a sample of individuals with mixed 

African and European ancestry. The nearest genes to the admixture peaks are LHX8 (LIM 

Homeobox 8), MITF (Micropthalmia-associated transcription factor), and, UACA (Uveal 

autoantigen with coiled-coil domains and ankyrin repeats). Chapter four is an investigation 

in the effects of genetic heterozygosity on traits such as facial asymmetry, facial 

masculinity, and height, which are thought to signal genetic quality and 

immunocompetence. Finally, in chapter five, I discuss the evolutionary implications of 

these results and future directions for this research.  
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Chapter 1  
Introduction 

Facial shape exhibits extensive variation, both within and among human populations. 

Similarities between twins, within families, and among individuals with similar ancestries suggest 

that facial shape is highly heritable. In spite of this, the genetics underlying human facial shape 

variation is poorly understood. The broad purpose of this research is to investigate the evolutionary 

genetics underlying facial shape variation in humans. Since this is a very broad topic of research, I 

have focused on two main questions: i. Is there evidence of climate-driven selection on nose shape 

in humans? ii. Are facial traits such as fluctuating asymmetry and masculinity indicative of mate 

quality, as measured by genetic heterozygosity?  

Background 

Several anthropometric studies have been conducted with the aim of describing the 

differences in face shape within and among populations [1–3]. For example, an extensive study 

was conducted by Farkas et al (2005) where 14 measurements of the face were used to describe 

variation within and across twenty six population from all over the world [1]. Vioarsdottir et al 

showed that there are significant average differences in adult facial shape among contemporary 

human populations and that linear discriminant analyses can be used to distinguish populations 

based on facial shape [3]. These authors also conclude that major differences in facial morphology 

across populations are established early in development [3,4]. Earlier studies of facial morphology 

were carried out with measurements derived from a relatively small set of anatomical landmarks, 

which are points that can be placed consistently and reliably across individuals, e.g. nasion, alare, 
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and pronasale. Recent developments in dense-correspondence landmark based techniques have 

enabled the characterization of more subtle variation in facial shape across populations [5]. 

An important aspect of facial shape that is clearly relevant from an evolutionary perspective 

is sexual dimorphism. The overall male face is, on average, more rectangular than the overall 

female face, which is more round in comparison [6].  Sex differences in specific features have also 

been reported, such as a greater protrusion of the brow-ridge and chin in males relative to females 

[7]. Additionally, it has been shown that significant sexual dimorphism in face shape exists even at 

birth and this is, at least partly, related to circulating levels of prenatal testosterone in the mother 

[8,9]. Furthermore, the ontogenetic growth trajectories of male and female crania are known to 

diverge from each other with some regions of the male cranium, such as the brow ridge and 

mandible, experiencing increased growth relative to females, especially after the onset of puberty 

[9]. These observations suggest that the development of sexual dimorphism in the face is likely 

dependent on levels of circulating androgens. In fact, clinical reports of males with androgen 

insensitivity syndrome (AIS) include female genitalia, breasts, and an overall feminine appearance 

[10]. 

What do we know about selection on the human face? 

The relative importance of drift and selection in the evolution of human craniofacial form 

is widely debated [11–13]. Most, if not all, of the heritable variation in the human cranium has long 

been thought to be due to neutral processes [14]. This is supported by the result that cranial 

morphology, when taken as a whole, shows little between-population differentiation (~10% of the 

total variation is due to differences between populations) [14] similar to that seen with neutral 

genetic markers, and is consistent with the isolation-by-distance model [15]. Because of this, 
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cranial morphology has been used as a reliable proxy for phylogeny and population history [16,17]. 

However, adaptive explanations have also been invoked.  

Variation in mandibular shape, for example, is thought to have been due to diversifying 

selection because of differences in subsistence strategies. The idea behind this being that a shift 

from hunter-gatherer to agriculturalist strategies has led to changes in mandibular shape due to 

changing requirements in terms of masticatory stress [18]. Indeed, the mandible has been reported 

to deviate from non-neutral expectations [19]. Another interesting hypothesis that has received 

considerable attention is that the shape of the nose has evolved across populations as a result of 

adaptation to climate [20]. An important function of the nose is to warm and humidify inspired air 

so as to prevent damage to the mucosal walls of the respiratory tract, and to facilitate gaseous 

exchange in lungs. Thus, it was hypothesized that climate variation may have had a role in 

influencing nose shape variation across the globe [20–22].  This hypothesis has been tested several 

times through craniometric studies. For example, Roseman (2004) showed, using linear distances 

measured on crania from ten populations, that the height of the nasal temperature is correlated with 

temperature [11]. This result has been replicated several times [23–25]. Recently, in an interesting 

study by Noback et al (2011), landmarks were used to measure the shape of the inner nasal cavity 

in one hundred crania from ten populations representing five different stress levels in terms of 

climate. They showed that the shape of the nasal aperture and the inner nasal cavity show significant 

correlations with both temperature and humidity [26]. 

What is known about sexual selection with respect to facial shape? 

It is clear from a whole suite of sexually dimorphic traits (e.g. height, strength, musculature, 

voice-pitch, facial hair, and masculinity) that sexual selection has likely played an important role 

in hominin evolution. The two major forms of sexual selection in humans are thought to be contest 
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competition and mate-choice [27]. It is suggested that the “two-dimensionality” of the human 

mating landscape may have made it easier to monopolize females, and thus, male-male competition 

may have been the primary form of sexual selection in human populations [27]. In populations 

where male-male competition is high, we would expect positive selection for alleles associated 

with traits that signal strength and dominance, such as large body size, high musculature, deep 

voice, and high facial masculinity [28,29]. Assuming they are all influenced to varying degrees by 

levels of circulating androgens, we would also expect to see a greater degree of sexual dimorphism 

in these traits. 

Facial masculinity in males has also been used to test hypotheses regarding mate choice. 

Examples of sexually selected ornaments such as eye-spots on the trains of peacocks, which are 

thought to indicate the physiological condition of males to females, are common in the animal 

kingdom [30]. In fact, the horn of a male rhinoceros beetle, which is also thought to be a sexually 

selected ornament, is now known to be directly linked to a male’s physiological condition [31]. In 

humans, aspects of facial shape such as a strong brow ridge and an angular jaw are regarded as 

ornaments which are thought to signal the physiological ‘quality’ of males, especially with respect 

to immune function. The premise behind this is that high levels of testosterone, which are needed 

for the development of masculinity-related traits, suppress immune function [32,33]. As such, facial 

masculinity might have been an indicator to females of the immunocompetence of males. Another 

phenotype that is often discussed in the context of mate-choice is bilateral symmetry. Stress during 

development, both due to genetic and environmental causes, can lead to perturbations in the 

symmetry of bilateral traits such as facial shape [34]. While small fluctuations in symmetry are 

common because of the randomness inherent in natural processes, larger deviations can be 

indicative of developmental instability. As such, it is thought that facial symmetry may have 

advertised the availability of ‘good genes’ and low levels of developmental stress to mates [35]. 
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How does one show that a trait is under divergent selection across populations? 

On a genome-wide level, most of the genetic variation in humans is due to the action of 

genetic drift. To show whether selection is acting on a locus, one must show that the pattern of 

genetic variation at that locus deviates significantly from that expected under genetic drift. A widely 

used statistic in this regard is Wright’s Fst, which measures the degree of genetic differentiation 

between two or more populations. Higher values of Fst at a locus relative to the genomic 

background, as a measure of divergence due to genetic drift, can be indicative of positive selection 

in one or more populations [36,37].  

Similarly, in order to provide support for the hypothesis that a trait has been under divergent 

selection across populations, one would have to show that the observed divergence in the trait 

among populations is more than that expected under genetic drift alone. A statistic that is often 

used in this regard is Qst [38], a quantitative genetic analogue of Wright’s Fst [39]. Qst is a measure 

of the genetic differentiation in a quantitative trait across populations. It has been shown that, in 

principle, the Qst of a quantitative trait that has evolved under genetic drift alone is expected to be 

equal to the Fst calculated from neutral genetic markers [40,41]. This expectation can be used to 

test whether a phenotype has evolved under divergent selection (Qst > Fst), or if it has evolved 

under uniform or stabilizing selection (Qst < Fst) [42]. Relethford (1994) was one of the first to use 

this approach with craniometric measurements to show that the variation in the human skull was 

consistent with neutral evolution [14]. Roseman (2004) also used Qst to show that aspects of nasal 

morphology and the shape and size of the cranial vault were more differentiated among populations 

than expected under genetic drift alone [11]. More recently, Qst was used by Guo et al (2014) in a 

study of soft tissue morphology to show that the nose, brow ridge, and cheek bones have been under 

accelerated evolution between people of European and Han-Chinese ancestry [43]. While these 

results are promising, there are limitations in the theoretical and methodological approaches used 
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in these studies which need to be overcome in order to identify aspects of facial shape that have 

been under divergent selection in the recent past. 

What do we know about the genetic variants underlying normal-range facial shape variation? 

An important step in achieving a comprehensive understanding of the evolutionary history 

of facial variation is to outline the underlying genetic basis. Most of the genetic information 

underlying the development of craniofacial form comes from linkage studies of rare Mendelian 

disorders.  This approach has been highly successful in identifying mutations with large effects that 

cause conditions with characteristic craniofacial dysmorphologies such as Pfeiffer Syndrome [10]. 

Pfeiffer Syndrome, which often manifests with craniosynostosis and midface hypoplasia, has been 

linked to mutations in FGFR1 and FGFR2. The Online Mendelian Inheritance of Man (OMIM) is 

replete with descriptions of such conditions and putative mutations that might be associated with 

them [10]. Despite this, most of the genetic variants underlying normal-range variation in 

craniofacial shape remain elusive. Advances in high dimensional phenotyping and genome-wide 

association studies (GWAS) have made practical the search for variants contributing to normal 

range facial variation [5,44,45]. However, because of the nascency of this field, the list of loci 

known to be associated with facial shape is quite short. In fact, PAX3 is the only locus that has been 

replicated across independent studies [44,45]. While this is promising, many more loci need to be 

identified before we can use this information in a population genetic framework to study the 

evolutionary history of facial form. 
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Outline of Chapters 

In this dissertation, I propose to explore some key hypotheses regarding the evolutionary 

genetics of the three dimensional (3D) morphology of the human face. In doing so, I have provided 

discussions on the limitations involved in studying the evolution of complex traits, especially, if 

the genetic variants underlying them are not known. 

Chapter two is an investigation of the hypothesis that the divergence of nose shape 

across populations is due to local adaptation to temperature and/or humidity. The chapter 

begins with a discussion of the methodological limitations of previous studies and how they can be 

overcome using a combination of high-dimensional genetic and phenotypic data. I describe the 

variation in nose shape within and across four human populations (West Africans, North 

Europeans, East Asians, and South Asians) and explore, using Qst – Fst comparisons, whether 

certain aspects of nose shape seem to be more differentiated across populations that expected under 

genetic drift alone. In contrast to previous studies, I will also test whether these aspects of nose 

shape are heritable within- and between-populations. Finally, I explore the association between 

nose shape and climate to test whether the differentiation of nose shape is driven by climate 

adaptation.  

The goal of chapter three is to identify genetic variants underlying aspects of nose 

shape that appear to be accelerated evolution across populations and to test whether these 

variants show signals of climate adaptation. I will be using an admixture mapping approach to 

identify loci that are associated with nose shape in individuals with mixed African and European 

ancestry. Ancestry informative markers (AIMs) are loci that have high allele frequency differences 

across populations. Admixture between two (or more) populations creates linkage disequilibrium 

(LD) between AIMs over long genomic distances [46]. Strong admixture LD has been observed to 
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extend to 17cM in African Americans [47,48]. This can lead to increased power to map traits that 

have diverged among the parental populations. To achieve this goal, we have designed an 

Affymetrix Axiom custom genotyping array with thousands of AIMs uniformly distributed along 

the genome. In addition, the array is designed to densely tag ~400 craniofacial candidate genes as 

well as regions flanking these genes up to 1 Mb on either side to capture variation in regulatory 

elements. Variants identified through the admixture mapping will then be tested for signatures of 

climate-driven selection.   

In chapter four I investigate evidence for the ‘good-genes’ hypothesis in humans. I 

test this by asking whether traits such as height, facial masculinity, and facial asymmetry reflect 

underlying genetic quality, as measured by genome-wide heterozygosity and heterozygosity at the 

MHC locus. 

The final chapter will summarize the results from the previous three chapters and present 

conclusions that can be made regarding the evolution of facial shape in humans. I will discuss the 

significance of this study and its implications in basic research, anthropology, and medicine. 

Finally, I will discuss limitations and how future research can help to provide a better, more 

comprehensive understanding of the subject.  
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Chapter 2  
 

Investigating the Case of Nose Shape and Climate Adaptation 

Introduction 

 

The shape of the nose, like many other parts of the face, varies across human populations. 

The distance between the nasal alae (wings of the nose) has been shown to be significantly larger 

in individuals of African, South Asian, and East Asian ancestry as compared to persons with 

European ancestry [2]. The nasal index (width/height of the nasal aperture of the skull) has also 

been reported to vary significantly among populations [2,22]. Whether these population differences 

in nose shape are due primarily to genetic drift or natural selection is unclear.  

A vital function of the nose is to warm inspired air to core body temperature and saturate 

it with water vapor before it reaches the inner respiratory tract [21]. One reason this is important is 

to maintain proper functioning of the mucociliary apparatus which is essential for trapping particles 

and pathogens and removing them from the airways. Low humidity in the respiratory tract leads to 

impaired ciliary function and increases the risk of both upper and lower respiratory tract infections. 

In fact, impaired mucociliary clearance is thought to be the primary cause in the development of 

lung disease in patients with Cystic Fibrosis [49]. Most of the air conditioning occurs as it passes 

though the turbinates, the walls of which are lined with blood vessels and mucus producing goblet 

cells [50]. Several studies have shown that the efficiency of the conditioning process depends on 

the flow dynamics of the inspired air, which in turn, depends on the geometry of the nasal cavity 

and inlets [51,52]. 

Because of the function of the nose as a conditioning apparatus, it is thought that 

geographical variation in nose shape may be due to climate adaptation [20,21]. This hypothesis 

finds some support in the literature. Roseman (2004) used linear distances on crania from ten 
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populations to show a positive correlation with height of the nasal aperture and temperature [11]. 

Hubbe et al. (2009) report similar results with a larger set of populations [24]. More recently, 

Noback et al. (2011) reported significant correlations between the geometry of the inner nasal 

cavity and both temperature and humidity [26]. Most of the studies conducted so far have focused 

on craniometric measurements, which has left the fine-scale variation of the external nose, the first 

barrier between climate and the internal respiratory tract, unexplored. Recent developments in 

dense-correspondence based techniques and geometric morphometrics have allowed more detailed 

and accurate quantification of facial shape [53,54]. Guo et al. (2014) recently used ~30,000 points 

measured on the soft tissue of the face to show that the 3D shape of several facial regions, including 

the nose, are significantly different between individuals with European and East Asian ancestry 

[43]. They also conclude that the magnitude of this differentiation is larger than that expected purely 

due to genetic drift alone. While this may be true, their methodology, which has also been used by 

others to address similar questions [14,24,55], is anticonservative, and generates dramatically 

inflated test statistics. 

Here we carried out a detailed exploration of the variation in the shape of the external nose, 

as well as a thorough treatment of the underlying genetics to investigate whether global variation 

in nose shape has been driven by adaptation to climate. We used 709 quasi-landmarks to quantify 

the variation in nose shape within and across four human populations (West Africans, Northern 

Europeans, South Asians, and East Asians). We used quantitative genetic theory to test whether 

nose shape varies more between populations than expected under genetic drift alone. We compared 

the differentiation of nose shape with two other traits, height and skin pigmentation, which are 

thought to have been under divergent selection in the recent past. We found that the surface area of 

the nose and the size of the nostrils exhibit signatures of accelerated evolution between populations. 

We also report heritability estimates for both these traits in Europeans. Finally, we tested whether 

geographical variation in nose shape is correlated with temperature and humidity. We find that 
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nostril size is correlated with temperature but not with humidity, and conclude that this is a signal 

of long-term adaptation and not of phenotypic plasticity. However, we think that climate may not 

have been the only non-neutral force responsible for the differentiation of nose shape, and other 

forces such as sexual selection need to be considered. 

Results 

Describing variation in nose shape 

To quantify variation in nose shape, we first captured high resolution 3D images of 

participants’ faces using the 3dMD Face system (3dMD Atlanta, GA). Five positioning landmarks 

(two on the inner corner of the eyes, two on the outer corners of the mouth, and one on the tip of 

the nose) were placed in order to establish facial orientation. An anthropometric mask comprised 

of 10,000 quasi-landmarks (QLs) was mapped on each original image as well as its reflection. 

Generalized Procrustes Superimposition (GPS) [56] was carried out on both sets of images (original 

and reflected) to remove differences in size, position, and orientation. The Procrustes coordinates 

of the original and reflected image for each participant were then averaged to remove effects of 

bilateral asymmetry following Claes et al. [5]. Of the 10,000 QLs, 709 that comprise the nasal 

region were selected for downstream analyses. Principal Components Analysis (PCA) [57] was 

carried out on the x, y, and z coordinates of the 709 QLs for 2,031 individuals (Methods). The top 

four nose principal components (nPCs), which together explain >90% of the total variance in nose 

shape were then used in further analyses (Fig. S1 in Appendix A). These nPCs can be used as 

proxies to represent variable aspects of nose shape, which can be studied with the help of shape 

transformations and heatmaps (Fig. 2-1). 
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Figure 2-1. Effects of the first four nPCs on nose shape: The first two columns show the 

transformations of 3D nose shape along nPC (-/+ 3 SD). The third column shows a heat map of 

the effects of nPC on area ratio, i.e., a region will be red if its area increases along nPCs in the 

positive direction and blue if the area decreases. The heatmaps are scaled to the magnitude of 

changes in area seen along nPC1, which explains the most variation in the shape of the nose. 
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Figure 2-2. Comparison of the first four nPCs with standard anthropometric measurements: 
A) Landmarks used to calculate linear distances and angles. Paired landmarks are written with a 

subscript indicating the side of the face (left/right) on which they were placed. B) Matrix of pie 

charts showing the correlation between nPCs and anthropometric measurements. Positive 

correlations are shown in blue and negative correlations are shown in red. The strength of the 

correlation is represented by the darkness of the color and size of the slice. 

 

To assist in the interpretability in the effects of nPCs, we also compared nPC scores against 

linear distances and angles computed from standard anthropometric landmarks that are typically 

used to describe nose shape [58,59]. Fig. 2-2 shows the correlations between nPCs1-4 and these 
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measures, as well as with the external surface area of the nose (Methods). It is clear from both Figs. 

1 and 2 that each nPC captures variation in several aspects of nose shape. For example, among the 

distance measures, nPC1 is positively correlated with the distance between the alare (alr – all, acr – 

all) and negatively correlated with distances measuring the forward protrusion of the nose tip (prn 

– sn, prn – (alr – all), prn - al). NPC1 is also strongly negatively correlated with the external surface 

area of the nose, with high nPC1 scores corresponding with lower external surface area (Fig. 2-2). 

These observations agree with the changes seen in the 3D shape of the nose along nPC1 in Fig. 2-

1. NPC2 appears to capture the length of the nasal ridge and height of the nose, as seen by its 

correlation with the distance between the nasion and pronasale, and to a lesser extent, with the 

distance between the nasion and subnasale. It also seems to be capture the tilt in the tip of the nose 

(Fig. 2-1). According to Fig. 2-1, the effects of nPC3 on area appears to be localized to the nares 

and the nostrils. Fig. 2-2 is in agreement with this observation, which shows that nPC3 is correlated 

with measurements describing the shape of the nostrils and the alare. It appears that nPC3 is also 

capturing variation in the length of the nasal ridge (Fig. 2-2). The effects captured by nPC4 seem 

to be localized to the columella, and to a lesser extent, the nostrils (Fig. 2-1 and Fig. 2-2).  

In Fig. 2-3, we show the distribution of height, skin pigmentation (melanin index), and the 

first four nPCs by sex and across four human populations: West African, East Asian, Northern 

European, and South Asian. We used height and skin pigmentation alongside nPCs in our analyses 

to compare the degree of differentiation in nose shape with other polygenic traits that are known to 

be heritable and have been well-studied with respect to phenotypic divergence in humans [60–68]. 

Interestingly, all phenotypes, including nPCs are sexually dimorphic in most populations. There 

are important population-level differences in nose shape that can be observed in Fig. 2-3. The 

distribution of nPC1 shows that N. European and S. Asian noses have a more outward projecting 

ridge and a larger surface area than W. African and E. Asian noses. Looking at the patterns in nPC3, 
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it seems that W. Africans and S. Asians, on average, have larger nostrils compared to N. Europeans 

and E. Asians. 

. 

 

Figure 2-3. Boxplots of phenotypes by population and sex overlaid with the actual data points. 

Height is measured in centimeters and melanin index is measured in percentage reflectance. The 

nPCs are in arbitrary units. Points are individual observations and the color of the boxplots and 

points represents the sex with red indicating males and blue indicating females. 
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Tests for accelerated evolution 

We used a quantitative genetic framework to test for accelerated evolution in facial shape 

across four populations. Qst is a measure of the genetic differentiation in a quantitative trait across 

populations and is analogous to Wright’s Fst [38,39]. It is defined as: 

Qst =             (1) 

where  „  and „  are the components of phenotypic variance due to additive genetic 

effects between and within populations respectively. It has been shown that, in principle, the 

distribution of Qst of a quantitative trait that has evolved under neutral drift alone is expected to be 

equal to Fst of neutral genetic markers [40,41]. This expectation allows one to compare Qst to Fst 

to test whether genetic drift alone is sufficient to explain the divergence of a trait among 

populations. If the Qst of a trait across a set of populations is much greater than the Fst, it means 

that the phenotypic divergence exceeds the expectation of neutrality. A recent review on the 

theoretical and methodological advances in Qst can be found in Leinonen et al. [42].  

Estimation of „  and „  is ideally carried out in ‘common-garden’ experiments in which 

the effects of environment can be controlled [42]. This is often not possible in non-model 

organisms, especially in humans. Alternatively, knowledge of the causal variants underlying the 

trait of interest, their allele frequencies, and effect sizes can be used to estimate the additive genetic 

components [69,70]. While linkage-based studies and genome-wide association studies (GWAS) 

have been successful in identifying variants for a large number of diseases, accurate knowledge of 

causal loci and their effect sizes is still limited for most anthropometric traits [71]. While some 

recent studies have had success in mapping certain aspects of facial shape to regions of the genome, 

these findings need to be replicated, more loci need to be discovered, and precise estimates of effect 

sizes need to be ascertained before these findings can be effectively employed in a quantitative 
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genetic framework [5,44,45]. Alternatively, we should be able to calculate Qst directly from 

phenotypic data using the following equation [72]: 

Qst =  =  
 

   
          (2) 

Here „ and „  are among- and within-population components of the phenotypic 

variance and c and h2 are proportions of „ and „  that are due to additive genetic effects, 

respectively. Both c and h2 can range from 0 (none of the variance is due to additive genetic effects) 

to 1 (all of the variance is due to additive genetic effects). Without prior information, we must make 

an assumption regarding the ratio c/h2 in the calculation of Qst since separate estimates of both c 

and h2 are not required [72]. We assumed c/h2 = 1 in our calculations of Qst, i.e., the proportion of 

phenotypic variance due to additive genetic effects is the same between and within populations. 

Qst calculated this way is sometimes referred to as Pst [73]. However, we will continue to use the 

term Qst to avoid confusion and will evaluate the validity of the assumption that c/h2 = 1 in the 

following section. 

We calculated Qst, for each of the first four nPCs, standing height, and skin pigmentation, 

across four human population groups: i) West African, ii) North European, iii) East Asian, and iv) 

South Asian. We used a non-parametric bootstrap approach to calculate the confidence intervals 

around Qst and to test whether the observed value of Qst is much higher than the Fst across 

populations (Methods).  The statistic we used is Qst – Fst, which under the null hypothesis of 

genetic drift, is expected to be zero. Thus, the empirical p-value of this test is the proportion of 

bootstrapped values of Qst – Fst that are less than zero. The results of the test are illustrated in Fig. 

2-4 and the p-values are listed in Table 2-1. It’s clear from Fig. 2-4 and Table 2-1 that skin 

pigmentation, nPC1, and nPC3 show significant deviations from neutrality across all populations 

(Bonferroni corrected ‌ = 0.05/6 = 0.008). 
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Figure 2-4. Qst – Fst results across all populations: The distributions of Qst - Fst are compared 

against the expected value of zero under neutrality (horizontal dashed line) for all six phenotypes 

(Height, Skin, nPC1, nPC2, nPC3, and nPC4). Values of Qst – Fst that are significantly greater 

than zero (Qst >> Fst, P-value < 0.008) are indicated with red asterisks. 

 

Table 2-1. Qsta across all populations and results for Qst – Fst test 

Phenotype Qst (Qstlcl, Qstucl) P-valueb 

Height (N = 321) 0.136 (0.083, 0.188) 0.2260 

Skin Pigmentation  

(N = 283) 

0.681 (0.571, 0.774) <1e-4 

nPC1 (N = 321) 0.538 (0.478, 0.596) 0.0012 

nPC2 (N = 321) 0.031 (0.006, 0.069) 0.6758 

nPC3 (N = 321) 0.463 (0.391, 0.533) 0.0017 

nPC4 (N = 321) 0.072 (0.027, 0.134) 0.4035 

a Qst calculated from full dataset, and Qstlcl and Qstucl are the lower and upper 95% confidence intervals 

respectively. The confidence intervals and P-value were calculated using a non-parametric bootstrap 

approach. 
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Evaluating validity of assumptions regarding c and h2: 

We assumed in our estimation of Qst that c/h2 = 1. This means that we assume that the 

proportion of between-population variance in the trait due to additive genetic effects is the same as 

the proportion of within-population variance due to additive genetic effects. This can be an 

incorrect assumption if the mean difference in the trait between populations is mostly due to direct 

environmental effects (i.e., phenotypic or developmental plasticity). In our case, if the true value 

of c/h2 is drastically lower than 1.0, our phenotype-derived estimates of Qst would be inflated 

resulting in false-positive signals of accelerated evolution. This fact has largely been ignored in 

previous studies of human morphological divergence where instead ‘corrected’ Qst values were 

calculated by using a value for h2 less than one (h2 for craniofacial traits was assumed to be 0.55 in 

these studies) while implicitly keeping c at a value of one [11,14,24,43]. While this might be true 

for some traits, this is an anticonservative approach in our opinion because it assumes that more of 

the phenotypic differences between populations is due to additive genetic effects compared to the 

phenotypic differences within populations i.e., c/h2 > 1. In contrast, our approach is to calculate Qst 

assuming c/h2 = 1 and evaluate the sensitivity of our results to the case where c/h2 < 1 [72]. We did 

this by lowering the value of c/h2 below 1 to determine the ‘critical value’ at which the 95% lower 

confidence limit of Qst meets the 95% upper confidence limit of Fst (Fig. 2-5). We did this only 

for the case where Qst across all populations was calculated. A low critical value means that our 

results are robust to the situation where the true value of c is lower than the true value of h2. We 

observe in Fig. 2-5 that in the case of skin pigmentation, the critical value of c/h2 is around 0.2. In 

the case of nPC1, it is around 0.55, and in the case of nPC3, it is around 0.65. 
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Figure 2-5: Sensitivity plots showing critical values of c/h2: Change in Qst of skin pigmentation, 

nPC1, and nPC3 across all populations is shown as a function of c/h2 (solid red line). Mean Fst is 

shown as a blue solid line. The 95% confidence intervals for Qst and Fst are shown as dashed red 

and blue lines, respectively. The critical value (solid black line) is the value of c/h2 at which the 

lower confidence limit of Qst meets the upper confidence limit of Fst. A critical value of 0.20 (as 

in the case of skin pigmentation) means that Qst will be greater than Fst even if c/h2 is as low as 

0.20.  
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In addition to the sensitivity analysis, we estimated h2 for nPC1, nPC3, height, and skin 

pigmentation. The within-population component (h2), or narrow-sense heritability, is traditionally 

estimated from data collected on large sets of twins, both identical and fraternal, or from pedigrees 

where the genetic relationships among individuals are known. Yang and colleagues introduced a 

linear mixed model approach, which can be used to estimate an alternative statistic in unrelated 

individuals; the proportion of phenotypic variance explained by genotyped SNPs (hg
2) [60]. 

Estimates of hg
2
 based on genotyping arrays tend to be conservative and generally much lower than 

h2 for reasons which are discussed elsewhere [60,74]. We used this method, implemented in the 

GCTA software [75], to calculate hg
2  for nPC1, nPC3, height, and skin pigmentation using 118,420 

autosomal SNPs in a sample of 1,731 unrelated Europeans (Methods). The first ten eigenvectors of 

the genetic relationship matrix were included as covariates to correct for population structure, along 

with sex, age, and BMI. The restricted maximum likelihood (REML) estimates of the total 

phenotypic variance (Vp), the variance due to additive genetic effects of genotyped SNPs (VG), the 

residual variance (Ve), and hg
2 are given in Table 2-3. While the standard errors are large due to the 

relatively small sample size (N = 1,718), the point estimates of hg
2 for nPC1 (h2

g = 0.38, S.E. = 

0.18) and nPC3 (h2
g = 0.41, S.E. = 0.18) are high suggesting that the aspects of nose shape captured 

by these nPCs are highly heritable, at least in Europeans. Our estimates of hg
2 for height (h2

g = 0.39, 

S.E. = 0.17, N = 1,816) are very similar to those reported earlier using this method [60]. Skin 

pigmentation was not very heritable in our sample (h2
g = 0.18, S.E = 0.26, N = 1,231). This is likely 

because, relative to other populations such as Africans, there might not be much variability in 

Europeans with respect to melanin index. This can be observed to a certain extent in Fig. 2-3. 
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Table 2-2. Estimates of variance components and hg2 for height, skin pigmentation, nPC1, 

and nPC3 

 
Height  

(N = 1,816) 

Skin Pigmentation  

(N = 1,231) 

nPC1 

(N = 1,718) 

nPC3 

(N = 1,718) 

Source Variance SE Variance SE Variance SE Variance SE 

V(G) 16.66 7.44 1.54 2.32 0.16 0.08 0.03 0.01 

V(e) 25.67 7.34 7.23 2.32 0.26 0.08 0.04 0.01 

Vp 42.33 1.42 8.77 0.36 0.42 0.01 0.06 0.00 

hg
2 =  

V(G)/Vp 0.39 0.17 0.18 0.26 0.38 0.18 0.41 0.18 

 

Estimation of c is more difficult since, in most cases, the genetic effects between 

geographically distant populations are confounded with direct environmental effects (i.e., due to 

developmental or phenotypic plasticity). This parameter is often reliably estimated through 

‘common garden’ experiments, in which individuals of different genetic backgrounds can be raised 

under similar environmental conditions to remove any systematic differences in the environment 

which might be confounded with genetic differences. However, this approach is only possible in 

non-model organisms, which are amenable to experimental manipulation. In humans, a different 

approach must be taken.  

The process of admixture brings together genetic material from different populations in the 

same individuals. Initial admixture, followed by recombination, results in segments of DNA from 

the parental populations segregating in admixed individuals. As such, in principle, if the phenotypic 

variation between populations has an underlying genetic component, then we would expect to see 

a correlation between phenotype and genetic ancestry in recently admixed populations. As such, 

we calculated the correlation between nPC score and proportion of W. African ancestry in a sample 

of 129 African Americans, who derive most of their genetic ancestry from West Africans and 

Northern Europeans (see methods, Fig. 2-11). Sex, age, and BMI were included as covariates. The 

slope between nPC1 and ancestry is significantly different from zero (t = 3.21, r2
partial = 0.048, p-

value = 1.72 x 10-3), as well as that between nPC3 and ancestry (t-stat = 6.353, r2
partial = 0.241, p-
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value = 3.87 x 10-9). As expected, the slope between skin pigmentation and ancestry is also very 

significant (t = 7.296, r2
partial = 0.308, p-value = 5.86 x 10-11). 

These results suggest that genetic differences underlie the phenotypic variation in skin 

pigmentation, nPC1 and nPC3, at least between W. Africans and N. Europeans. However, we 

would like to caution against interpreting the coefficients of determination presented above as 

reliable estimates of c. Significant associations between phenotype and global ancestry in a recently 

admixed population, such as African Americans, are likely driven by ancestry stratification [76]. It 

is also possible that such associations are due to environmental factors that covary with ancestry 

[77]. As such, we recommend estimating c using a linear mixed model approach from the 

proportion of phenotypic variance explained by local ancestry (hγ
2) as presented recently in Zaitlen 

et al. [74]. This approach corrects for ancestry stratification by including global ancestry as a fixed 

effect, essentially estimating variance in the phenotype explained by randomly segregating 

segments of ancestry within ‘ancestry strata’. The downside to this approach is that it requires data 

from a large number of admixed individuals to accurately estimate the variance components, which 

were not available for this study. 

Phenotype-Climate Association 

Testing for Adaptation to Climate 

It has been suggested previously that climate has played an important role in the recent 

evolution of human nose shape [11,26]. In order to investigate this, we evaluated the association 

between nPCs and two climatic variables: i) mean annual temperature (hereafter referred to as 

temperature) and ii) mean annual aridity index (AI). This was carried out in a subset of the 

individuals used in the Qst analyses who reported their parents having been born in a region that 
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coincided with their continental ancestry (N = 86) (Fig. 2-6). The reason for this is to use the climate 

value at their parents’ birthplaces as proxy for the ancestral climate. It is helpful to note here, to 

avoid confusion, that high values of AI mean high humidity and vice versa. We used a linear mixed 

model approach to test the association between nPCs and climate variables while correcting for age 

and BMI as fixed effects (Table 2-4). We corrected for autocorrelation due to genetic similarity by 

allowing the covariance between observations to be determined by the genome-wide kinship matrix 

(see Methods). Sex was not included as a covariate as we only retained females for this analysis 

(Methods). Similarly, we tested for a significant association between skin pigmentation and 

ground-level ultraviolet-B (UVB) levels in order to compare with a phenotype that is known to 

have evolved in response to climate (Table 2-4). 
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Figure 2-6: Geographic distribution of parents’ birthplaces and locations where individuals 

grew up. A) Individual points represent the birth locations of the parents with a line connecting 

two parents. A single point indicates that the two parents were born in the same location. Climate 

values at these locations were used to test for signals of climate adaptation.  B) Individual points 

represent locations in which individuals spent most of their childhood growing up. The climate 

values at these locations were used to test for signals of phenotypic plasticity.  
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Table 2-3. Results of test for climate adaptation 

Variable 

nPC1 (N = 86) 

T-statisticc P-valued 

AI -0.0093 0.993 

Temp -0.456 0.648 

 

nPC3 (N = 86) 

T-statistic P-value 

AI -1.946 0.052 

Temp 3.764 2e-4 

 

1/Melanin Index (N = 72) 

T-statistic P-value 

UVB -6.724 <1.0e-4 

c T-statistic for the slope between phenotype and climate variable. 
d P-value for the T-statistic. Significant P-values are in bold.  

As expected, we detect a strong association between skin pigmentation and UVB (t = -

6.724, p-value < 1.0e-4). Given that we are using the inverse of melanin index, this means that 

higher melanin levels are observed in regions with high UVR. This pattern is expected and provides 

further support to the notion that evolution of skin pigmentation has been driven by selection 

imposed by UVR. Of the nose PCs, neither nPC1 nor nPC3 is associated with AI (Table 2-4). 

However, nPC3 shows a significant positive association with temperature (t = 3.764, p-value = 

2.0e-4). This translates to smaller nostrils being more common in cooler regions and vice versa.  

In order to check whether this result is driven by the inclusion of any one population, we 

fit the model between nPC3 and temperature, as well as that between skin pigmentation and UVB, 

after removing each population in turn. The slope estimates and their confidence intervals are 

illustrated in Fig. 2-7. This shows us that the association between nPC3 and temperature, and the 
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association between skin pigmentation and UVB, do not change qualitatively as a result of 

removing any one population (Fig. 2-7).  

 

 

Figure 2-7: The effect of removing each population on the significance of the slope between 

phenotype and climate: The red point shows the estimate of the slope between A) nPC3 and 

temperature, and B) skin pigmentation and UVB. Blue lines represent the 95% confidence interval 

of the slope and the size of the red point indicates the sample size used to estimate the slope. The 

black vertical solid line is fixed at zero to represent the expectation under the null and the p-value 

of the test of no relationship is listed on the right of each panel. It is clear that removing any one of 

the populations does not affect the significance of the relationship between nPC3 and temperature, 

or of the relationship between skin pigmentation and UVB. However, there are changes in effect 

sizes which might be due to differences in sample size.  

Test for Phenotypic Plasticity 

A significant association between a phenotype and an environmental variable could be a 

signal of evolutionary adaptation or it could be a signal of phenotypic plasticity. For example, we 

would expect the exposed skin of people living in high UVR regions to be, on average, darker than 

the exposed skin of people living in low UVR regions as a result of the facultative tanning response 

alone. We investigated whether this was the reason for the observed association between nPC3 and 

temperature. For this purpose, we selected a subset of individuals (N = 70) from the Qst analyses 

who reported to have grown up in a region that did not coincide with their continental ancestry. 

The regional distribution of these individuals is shown in Fig. 2-6. We used a linear model, as 
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described above and in the methods section, to test the association between nPC3 and temperature 

at these locations, correcting for age, BMI and autocorrelation due to genetic similarity. Similarly, 

we also tested the association between skin pigmentation and UVB (N = 60). We found no 

association between nPC3 and temperature (t-stat = -0.281, p-value = 0.779), or between skin 

pigmentation and UVB (t-stat = 0.787, p-value = 0.435). This suggests that the signal of climate 

adaptation observed for nPC3 and skin pigmentation is not due to phenotypic plasticity.  

 

Table 2-4: Results of linear models testing for phenotypic plasticity  

  

nPC3 (N = 69) 

T-state P-valuef 

Temp -0.281 0.779 

  

1/Melanin Index (N = 60) 

T-stat P-value 

UVB 0.787 0.435 
c T-statistic for the slope between phenotype and climate variable. 
d P-value for the T-statistic.  

Discussion 

 

The diversity of facial features across human populations has had a long fascination for 

scientists. Even though genetic drift has played an important role in human evolution, external 

physical traits such as facial shape and skin pigmentation, because of their proximity to the 

environment, have likely been influenced by natural selection. Substantial evidence has 

accumulated over the years which supports the hypothesis that differences in skin pigmentation 

across human populations have evolved in response to selection pressures imposed by exposure to 

ultraviolet radiation [78]. The case for selection on facial shape, a trait that is also highly variable 

between populations, is not as clear, likely in large part, because it has received much less attention 
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to date. Given the complexity of the face, we have taken the approach to study one particularly 

interesting part of the face; the nose. We focus on answering the question: Has climate adaptation 

had a role in influencing the variation in human nose shape? 

We used Qst, the quantitative genetic analogue of Fst, as an exploratory tool to test whether 

the observed variation in nose shape between populations is greater than that expected under 

genetic drift alone. The calculation of Qst relies on stipulating the within- and among-population 

components of phenotypic variance that are due to additive genetic effects. These variance 

components are ideally calculated through breeding experiments in which the effects of 

environmental variables can be controlled [42]. Since this is not practical in humans, we estimated 

Qst directly from phenotype data under the assumption that the proportion of phenotypic variance 

due to additive genetic effects between populations (c) is equal to the proportion of phenotypic 

variance due to additive genetic effects within populations (h2). We believe Qst calculated this way 

to be equivalent to the ‘minimum’ Qst proposed by Relethford (1994) [14]. However, the notion 

that this takes the minimum value of Qst rests on h2 always being less than c, which is 

anticonservative [72]. In fact, calculations of Qst directly from the phenotype should be followed 

by sensitivity analysis [42,72]. We not only checked the sensitivity of our results to decreasing 

values of c/h2, but also show that both between- and within-population components of variance in 

the shape of the nose are heritable. 

We found that nPC1, which captures variation in the nasal ridge and surface area of the 

nose, and nPC3, which captures variation in the length of the nose and the size and shape of the 

nostrils, show signals of accelerated evolution across populations. In testing the correlation between 

nPCs and climatic variables, we found only nPC3 to be correlated with mean annual temperature 

with smaller nostrils observed in individuals living in cooler climates and larger nostrils in 

individuals living in warmer climates. Other aspects of the nose such as orientation of the nostrils 

and length of the nasal ridge are also thought to play a role in air-conditioning [52]. Among the 
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four nPCs that we studied, the orientation of the nares is captured by nPC2 and nPC4, neither of 

which show signals of accelerated evolution. 

Advances in computational fluid dynamics (CFD) offer insight into why aspects of nose 

shape, such as nostril size, might be important for the proper functionality of the nose and the inner 

respiratory tract [51,79]. For example, it is well known that inhaled air reaches 90% of the required 

temperature and humidity levels before even reaching the nasopharynx, implicating the nasal 

cavity, especially the turbinates, as the major conditioning apparatus in the respiratory tract [50,51]. 

Narrow airways and small nostrils allow for better conditioning, as shown by increased heat and 

moisture exchange, by accelerating inspired air before it reaches the turbinates and facilitating 

contact with the nasal mucosa [51]. While these traits might be less important in warm, humid 

climates, they could be vital in cold, dry parts of the world. These aspects of nose shape could also 

be important in populations living at high altitudes where the air is not only very cold and dry, but 

low oxygen partial pressures necessitate greater ventilation [80]. Unfortunately, so far most CFD 

studies have used models based on nasal geometries derived from individuals of European ancestry 

[79]. They would be even more informative if carried out for models capturing a wider range of 

ancestries. 

There are other possible explanations for human nose shape diversity. While a thorough 

discussion of all evolutionary scenarios is beyond the scope of this paper, we feel the need to discuss 

the importance of mate preferences and social interactions in the evolution of facial shape. The 

human face is important for signaling relatedness, dominance, attractiveness, identity, and emotion 

[27]. Given the very high degree of sexual dimorphism in both nPC1 and nPC3 (Fig. 2-3), one 

needs to consider the possibility of sexual selection. It is possible that differences in perceptions of 

dominance and attractiveness between populations may have been a driving factor in the divergence 

of nose shape. For example, if female preference for a wider nose in males becomes prevalent in 

one population, selection would favor the alleles for a wider nose in males. Assuming selection is 



31 

not sexually antagonistic [81], these alleles will be expected to rise in frequency in the population 

relative to other populations where the same preferences might not be as common. 

While the investigation of nose shape evolution with respect to climate adaptation is 

interesting anthropologically, it is also of tremendous medical relevance. As humans are becoming 

more of a global community, the study of local adaptation is becoming more crucial to 

understanding health risks involved in living in ‘foreign’ climates. Obvious examples of such health 

risks are of increased risk of sunburn, skin cancer, and folate deficiency in light-skinned individuals 

exposed to high UVR, and of low birth weight and chronic mountain sickness associated with 

hypoxia at high altitudes [78,82]. While our findings support the link between nose shape variation 

and climate, which has previously been investigated using craniometric data [11,22,25,26], these 

results need to be replicated in a larger set of populations. We would expect that studies focused 

on populations who have been living long-term (>10,000 Yrs.) in some of the most extreme 

environments, such as the tropics, neotropics, deserts, and circumpolar regions, to nicely 

complement this study. Especially interesting in this regard would be representation of populations 

from higher altitude regions, such as Andeans and Tibetans, who not only have to cope with the 

stress of a cold and dry climate, but also that of low atmospheric oxygen levels. Future directions 

should also be focused on genome-wide association studies (GWAS) of nose shape. An admixture 

mapping approach would provide greatest power to detect loci that contribute to differences 

between populations [83]. Knowledge of loci associated with nose shape and their effect sizes will 

allow the use of locus-specific methods which are able to take complex population histories into 

account [84]. 
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Materials and Methods 

Participant recruitment and data collection 

The data used in this paper are part of a larger dataset that were collected through studies 

based at the Pennsylvania State University (IRB#44929, IRB#45727, and IRB#32341) and at the 

University of Illinois at Urbana-Champaign (IRB#13103). The majority of the participants were 

recruited in the United States at the Pennsylvania State University, at the World Science Festival 

in New York, and at the University of Illinois at Uraban-Champaign. Data collection in Europe 

took place in Dublin (Ireland), in Rome (Italy), in Warsaw (Poland), and in Porto (Portugal). All 

necessary approvals were obtained from the institutional review boards (IRBs) at Pennsylvania 

State University and University of Illinois at Urbana-Champaign and written informed consent was 

obtained from all participants.  

Data collected from participants included phenotypic, genetic, and demographic 

information. The phenotype data included three dimensional (3D) images, melanin index (%skin 

reflectance), standing height, and body weight. 3D images of participants were taken using the 

3dMD system (3dMD System, Atlanta, GA). Melanin index (% skin reflectance) was recorded for 

the inner left arm and inner right arm, to avoid areas exposed to sunlight, using the Derma 

Spectrometer (Cortex Technology, Hadsund, Denmark). The inverse of the mean melanin index 

values from the left and right arms was then used in further analyses since it was more normally 

distributed than the mean itself. Demographic information was collected through questionnaires 

and included self-reported ancestry and sex, participant’s birthplace, the birthplaces of the parents 

and grandparents, and the locations where participants spent most of their time growing up. The 

total number of samples collected was 3,666, of which we had genotype data for 3,027 samples. 

We selected 2,129 individuals from the full set of 3,666 for this study based on their ancestry (see 
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below). An Excel spreadsheet (File_S1) is provided in the supplement with de-identified, summary 

data for these participants. The spreadsheet also summarizes which individuals were used for 

different analyses. A summary of how these samples were filtered for various analyses is shown in 

Fig. 2-12. The genotype data are described below. 

Genotype processing and quality control 

Since the data were collected as part of different studies over a long period of time, the 

genotype data came from different genotyping arrays, which include the Illumina HumanHap300v1 

BeadChip (Illumina, Inc., San Diego, CA), and the 23andMe v3 and v4 arrays (23andMe 

Mountainview, CA). 

For samples genotyped on the dense-arrays, we performed data cleaning using standard 

quality-control criteria and only retained SNPs that intersected across all three platforms as well as 

the HapMap 3 dataset [85]. Palindromic (AT/GC) SNPs were removed and genotypes were recoded 

in the Illumina A/B format before merging across platforms to prevent strand inconsistencies. SNPs 

were pruned for linkage disequilibrium (r2 > 0.8) and minor allele frequency (MAF > 0.05) in 

PLINK 1.9 [86,87] which resulted in a set of 118,420 autosomal SNPs. Related individuals were 

identified using identity-by-state (IBS) analysis which was also carried out in PLINK 1.9. 

Relationships between individuals identified this way (IBS > 0.8) were confirmed through 

enrolment data. Individuals were removed to minimize relatedness and maximize sample size (e.g. 

In the case of a mother-father-siblings quartet, the siblings were removed). The resulting dataset 

had an individual genotyping rate of 99.9%. 
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Genomic ancestry estimation and principal components analysis 

Where genotype data were available (2,066 out of 2,129), we used ADMIXTURE [88] to 

estimate ancestry proportions. To assist with the clustering and visualization, we merged this 

dataset with the HapMap 3 genotype data (Populations: YRI, LWK, CEU, TSI, CHB, CHD, JPT, 

GIH, MEX, N = 988). We ran ADMIXTURE on this merged set for k  ɴ{5, 6, 7} clusters and 

visually determined the optimum clustering scheme to be k = 6. We also carried out unsupervised 

principal coordinate analysis (PCoA) on the merged dataset and created biplots to visualize the 

fine-scale genetic structure. To ensure that the ancestry of individuals was primarily from the 

populations of interest, we used a combination of filters on the ADMIXTURE and PCoA outputs, 

which are described later for each population separately. 

 

 

 

 

 



35 

 

Figure 2-8. Admixture ancestry proportions (k = 6) of genotyped individuals in our dataset 

compared with ancestry proportions of samples from the HapMap 3 data. Each vertical bar in 

the panels is an individual and the colors represent the proportion of ancestry derived from each of 

6 clusters (k = 6). In each panel, the HapMap samples are arranged on the left with a three-letter 

acronym for the population they are from (e.g. GIH refers to the Gujarati Indians from Houston) 

listed under them. The samples from our dataset are arranged to the right of the HapMap samples 

with their population designation (e.g. South Asian) under them. 

Qst – Fst analyses 

Sub-selection of individuals 

For the Qst – Fst analyses, we were interested in selecting individuals with ancestry 

primarily from one of four populations: i) North European, ii) West African, iii) East Asian, and 

iv) South Asian. Much of this was based on genetic ancestry calculated from dense genotype data. 

However, in a few cases (see Northern European below), reliable demographic information was 

used where genetic data were unavailable. 
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West African (N = 41): We identified 41 individuals who had close to 90% or greater 

ancestry from ADMIXTURE cluster 1. Given the ADMIXTURE proportions of the YRI (Yoruba 

in Ibadan, Nigeria), cluster 1 seems to represent genetic ancestry from West Africa (Fig. 2-8). These 

41 individuals were included in the ‘West African’ population group. 

East Asian (N = 127): 168 individuals had 90% or more ancestry from ADMIXTURE 

cluster 4 who were included in the ‘East Asian’ population (Fig. 2-8). Comparison with the CHB 

(Han Chinese in Beijing, China), CHD (Chinese in Metropolitan Denver, Colorado), and JPT 

(Japanese in Tokyo, Japan) samples shows that cluster 4 represents genetic ancestry from East Asia 

(Fig. 2-8). We further examined the distribution of the PCoA biplots and removed 8 individuals 

who tended to cluster awat from the CHB, CHD, and JPT samples (Fig. S2 in Appendix A). Of the 

remaining 160 individuals, we had high quality 3D images for 127 individuals, who were then used 

in our analyses. 

South Asian (N = 73): 98 individuals in our dataset had more than 60% ancestry from 

ADMIXTURE cluster 2, which seems to be represent the South Asian cluster (Fig. 2-8). These 98 

individuals were added to the “South Asian” group. While the cutoff here seems liberal compared 

to that used for the other populations, it is only meant to be a rough guide and was used after 

comparing with the ancestry estimates of the GIH (Gujarati Indians in Houston, Texas) samples 

(Fig. 2-8). Upon visually examining the distribution of these individuals in the PCoA plot, we see 

that most of these tightly cluster around the GIH (Gujarati Indians in Houston, Texas) samples (Fig. 

S2 in Appendix A). However, eight of them appear to fall further away from the main cluster, and 

were subsequently removed.  Of the remaining, we had high quality 3D images for 73 individuals, 

who were used for further analyses.  

Northern European (N = 80): Our full dataset had a large number of individuals with 

European ancestry from different regions of Europe. In order to minimize structure within Europe, 

we only retained individuals with Northern European ancestry. Thus, we restricted the analysis to 
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Europeans collected in Ireland (N = 133) and Poland (N = 86). Of this set, we had genotypes for 

86 females (Irish = 42, Polish = 44) but none for males. The ADMIXTURE results for these females 

are shown in Fig. 2-8 alongside the results of the CEU (Utah residents with Northern and Western 

European ancestry from the CEPH collection) and TSI (Tuscans from Italy) samples. Given the 

ancestry profiles of the females, and that all individuals reported both parents being born in the 

same country in Europe, we have no reason to believe that the males are not of Northern European 

ancestry. For the Qst analyses, we wanted to keep a sample size comparable to the other populations 

and thus, randomly drew 20 males and 20 females from the full Irish set (N = 133) and 20 males 

and 20 females from the full Polish set (N = 86) making up a total of 80 individuals of Northern 

European ancestry. 

Fst Calculation 

Wright’s Fst measures the genetic divergence between two or more populations. We 

estimated the Fst  for 118,420 autosomal SNPs using Weir and Cockerham’s — [89]. The genomic 

Fst distribution in shown in Fig. 2-9. 
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Figure 2-9: The genome-wide Fst distribution calculated using autosomal markers. The 

distribution was generated from 118,420 autosomal SNPs using Weir and Cockerham’s —. 

Qst calculation 

Estimation of the variance components, „  and „ , was carried out using restricted 

maximum likelihood (REML) in a linear mixed effects model where population group was treated 

as a random effect and sex, age, and BMI were treated as fixed effects. Specifically, this is a random 

intercept model in which the intercept is allowed to vary randomly for each level of the random 

effect.  

ώ  ‍ ‍Ȣὼ ‘ Ὡ   

Here, ‍ and ‍ are fixed effects, ‘ ͯ ὔπȟ„  is the random population effect and 

Ὡ ͯὔπȟ„  is the error term. We used the lme function in the R package nlme to fit this model 

[90,91].  
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We note here that while we chose to model population group as a random effect, treating 

it as a fixed effect produces similar estimates of Qst. In this case, estimation of „ and „  is 

straightforward [38,92,93]. If MSB is the mean square among populations, MSW is the mean square 

within populations, ni is the number of individuals in the ith populations, and a is the number of 

populations, „ and „  can be estimated as described as follows: 

 

n0 =  (В ὲ-  
В

В
)            (3) 

 

„  = MSW             (4) 

 

„ =              (5) 

 

Qst – Fst comparison 

We used a non-parametric bootstrap approach to test whether the Qst for a phenotype is 

significantly greater than the Fst. This was done by computing each value of Qst from a 

bootstrapped sample generated by randomly selecting individuals with replacement, within 

population and sex such that the number of males and females in each population remains 

unchanged. Values of Fst were simulated by randomly sampling from the Fsts of 118,420 SNPs 

(Fig. 2-10). We conducted 10,000 simulations and for each simulated value of Qst and Fst, we 

computed the difference Qst – Fst. High values of Qst – Fst are indicative of divergent selection, 
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and the p-value to test for this can be determined by calculating the proportion of Qst – Fst values 

that are less than zero.  

Estimation of ▐▌ and c 

Estimation of Ὤ 

For the calculation of Ὤ, we identified 1,825 unrelated individuals with primarily 

European ancestry. These were selected from the list of 2,066 genotyped individuals because they 

derived more than 80% of their combined genetic ancestry from Cluster 3 and Cluster 6 based on 

the ADMIXTURE output (Fig. 2-10). This cutoff was chosen based on comparison with the genetic 

ancestries of CEU and TSI individuals from the HapMap dataset (Fig. 2-10). We used GCTA to 

calculate the genome-wide kinship matrix for the 1,825 individuals from 118,420 autosomal SNPs. 

Of the 1,825 individuals with European ancestry, we had measure height for 1,816, measured skin 

reflectance for 1,231, and 3D photos for 1,718 individuals. From these data, we used GCTA to 

estimate the variance components, Vg and Ve for the three phenotypes. The top ten genetic PC were 

included as covariates to correct for population structure, along with sex, age, and BMI. 
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Figure 2-10: ADMIXTURE ancestry proportions (k = 6) of European individuals who were 

used to estimate h2
g 

 

Making inferences regarding c 

In order to show that genetic differences underlie the among-population phenotypic 

variation, we calculated the correlation between phenotype and genetic ancestry in a sample of 

individuals with primarily mixed West African and European ancestry. However, as we mention in 

the results section, such correlations are likely driven by ancestry stratification in African 

Americans, and should not be used as accurate estimates of c [64]. Regardless, phenotype-ancestry 

correlations in an admixed population can be informative about whether or not genetic differences 

underlie phenotypic variation between the parental populations. We selected people with primarily 

West African and European ancestry by first identifying individuals with more than 90% combined 

ancestry from ADMIXTURE clusters 1 and 3. From this set, we only retained individuals 129 with 
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at least 10% and at most 90% ancestry from cluster 1 to be part of the admixed W. African - N. 

European group (Fig. 2-11). 

 

Figure 2-11: ADMIXTURE ancestry proportions (k = 6) of individuals with mixed W. African 

and N. European ancestry. These were used to validate that genetic differences underlie 

phenotypic variation among N. Europeans and W. Africans.  

Phenotype-Climate associations 

Testing for local adaptation 

The primary focus here was to answer the question: a) Does nose shape variation between 

geographically distant populations show signals of local adaptation? To answer this question, we 

needed to ascribe a climate value to every individual that can serve as a proxy of their ancestral 

environment. For this reason, we first filtered the dataset used in the Qst – Fst analyses for 

individuals who reported at least one parent’s birthplace. These were further filtered to retain 

individuals whose parents’ birthplaces coincided with their continental ancestry, e.g., East Asian 

individuals whose parents were born in the United States were removed. Finally, we decided to 

restrict the analyses to females since genetic data were not available for males collected in Ireland 
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and Poland. This resulted in 86 females with genetic, phenotypic, and geographic data. We have 

plotted the geographic distribution of the parents of these individuals in Fig. 2-6 with a line 

connecting the two parents of each individual. A single dot means that the parents were born in the 

same location. We geocoded these locations to obtain the latitude and longitude in decimal degrees 

using the ggmap package in R [90,94]. 

We used present-day climate data (1950-2000) as proxy for the long-term climate 

experienced by human populations in the past. Temperature  data were obtained from the 

WorldClim Database (http://www.worldclim.org/bioclim) [95]. Global aridity index (AI), which 

was also modeled from WorldClim data, was downloaded from the CGIAR-CSI Database 

(www.cgiar-csi.org) [96]. UVB data were obtained from the World Ozone and Ultraviolet 

Radiation Center (WOUDC, http://www.woudc.org) [97]. These data were downloaded in 

GeoTIFF format and the Raster package in R was used to extract climate values at each location 

[90,98]. We used the climate values at the parents’ birthplace to represent the ancestral climate for 

each individual. Where the birthplace of both parents was available, we used the mean climate 

values extracted at the two locations. We note that the two parents of each individual come from 

nearby regions, at least on a continental scale (Fig. 2-6), and that the climate values for both parents 

are quite similar (Fig. 3 in Appendix A).  

To investigate whether nose shape variation shows signals of climate adaptation, we tested, 

using each individual as an observation, the relationship between nPCs that showed signals of 

accelerated evolution (Qst – Fst > 0) and two climate variables i) mean annual temperature (hereafter 

referred to as temperature) and ii) mean annual aridity index (AI), while correcting for age and 

BMI. Similarly, we also tested the relationship between skin pigmentation and UVB levels for 

comparison. The inverse of melanin index was used as a proxy for skin pigmentation as it was more 

normally distributed. We modeled the autocorrelation due to genetic similarity by allowing the 

http://www.worldclim.org/bioclim
http://www.cgiar-csi.org/
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observations to be correlated according to the genome-wide kinship matrix. In matrix notation, the 

linear mixed model takes the following form: 

ὣ ὢ‍  ὤό ‐             (8) 

Where ‍ are fixed effects and ό are the random genetic effects. Thus, the variance-

covariance matrix of Y, ὺὥὶὣ Ὃ„  Ὅ„ , where Ὃ is the genome-wide kinship matrix, 

which was constructed from the genotypes at 118,420 SNPs in GCTA [75]. The linear models were 

fit through maximum likelihood using the rma.mv function in the metafor package in R [90,99]. 

Testing for phenotypic plasticity 

In order to test whether phenotypic plasticity was driving the association between nPC3 

and temperature, we selected 70 individuals used for the Qst – Fst analyses who reported growing 

up in a region different from their continental ancestry (e.g. a South Asian individual who grew up 

in Europe). We extracted the climate values at these locations and tested the association between 

nPC3 and temperature, while correcting for age, BMI, and genetic similarity as described above.  

We also tested the association between skin pigmentation and UVB in a similar fashion.  

Morphometric analyses 

Testing the sufficiency of the nPC space 

The nPC space for the nose shape data was calculated using the combined set of 2,316 

individuals. This combined set is heterogeneous with respect to genetic ancestry and has more 

Europeans than individuals of other ancestries. As such, it is possible that the higher nPCs might 
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explain more Euro-specific variation and be less informative for other populations. To check 

whether this is the case, we compared the sufficiency of the space in explaining nose shape variation 

across the four populations. In order to accomplish this, we first re-constructed the configurations 

(x, y, and z coordinates of the 709 QLs) of the nose of each individual using an increasing number 

of nPCs, up to 10 nPCs. These ‘projected’ configurations were compared to the original 

configurations by calculating the Euclidean distance between them. This is essentially similar to 

asking the question: How well does x number of PCs describe the nose shape of an individual? The 

Euclidean distances between the original and projected configurations of each individual is plotted 

as a single grey line in Fig. S4 in Appendix A and the mean Euclidean distance per population is 

plotted in black. It is clear from the image that while there are individual level differences across 

populations, the mean Euclidean distance between the original and projected configurations are 

comparable across populations using four nPCs (red vertical line in Fig. S4 in Appendix A). This 

means that the nPC space, on average, does not explain nose shape variation in Europeans any 

better than the variation in the other populations. 

Additionally, we carried out PCA on the reduced subset of 321 individuals used in the Qst 

– Fst analyses to check whether this alters the nPC space compared to when the complete set of 

2,294 individuals. We report that not only does the order of nPCs not change, the nPCs calculated 

from the subset are highly correlated with the nPCs calculated using the full set (Fig. S5 in 

Appendix A).  

Traditional morphometric measures 

In addition to using transformations and heatmaps, we also compared nPC scores against 

measurements made from more traditional landmarks to assist in interpretation and to make the 
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nPCs more comparable across studies. The list of landmarks is a subset previously described in 

Ferrario et al. [58].  

Two different individuals placed each landmark three different times. Twelve Euclidean 

distances and three angles were calculated from these landmarks for each iteration (Fig. 2-2). To 

obtain the mean value for each distance and angle, we first averaged them across iterations for each 

individual, and then across individuals. Additionally, we also calculated the external surface area 

of the nose from the sum of the areas of all the polygons bounded by the 709 QLs. The correlation 

of the four nPCs with these measurements are shown in Fig. 2-2 

 

Figure 2-12: Flowchart describing how the dataset was filtered based on ancestry and data 

availability for different analyses.  
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Chapter 3  
Admixture and Association Mapping of Nose Shape 

Introduction 

In chapter two, I concluded that certain aspects of nose shape, such as nostril size, exhibit 

signals of accelerated evolution across populations and that these might be driven by local 

adaptation to temperature. I also showed that these aspects of nose shape appear to be heritable 

both within and between populations. My primary goal in this chapter is to use admixture mapping 

to identify genetic loci underlying nose shape and investigate if any of these loci show signatures 

of climate-driven selection. 

Background 

The process of admixture brings together genetic material from two or more populations, 

which have diverged due to genetic drift or selection. This event, which may occur repeatedly over 

several generations, followed by recombination, leads to chromosomes that are essentially mosaics 

of ancestry segments from the parental populations (Fig. 3-1). At a particular locus, all 

chromosomes in the population can be thought of as being related to each other through a 

genealogical tree where segments of the same ancestry are identical-by-descent. This process is a 

‘natural experiment’ [46] which can be used to answer important questions in evolutionary 

genetics, genomics, and association mapping of phenotypes.  

Conceptually, admixture mapping is very similar to genome-wide association mapping. In 

admixture mapping, the goal is to identify causal variants with large allele frequency differences 

between populations which might be contributing to phenotypic variation across populations [100]. 

Often admixture mapping is carried out using inferred local ancestry along chromosomes. Local 
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ancestry at genotyped SNPs is best inferred using Hidden Markov Models (HMMs) which take into 

account the haplotype structure in reference parental populations [83,101,102]. For example, local 

ancestry inference in African Americans is often carried out using the HapMap CEU (CEPH 

Europeans from Utah) and YRI (Yoruba from Ibadan, Nigeria) as reference populations [85,101]. 

 

Figure 3-1: Genetic admixture and how it is used to identify regions associated with disease 

risk. Chromosomal ancestry breaks down over a number of generations producing admixed 

individuals with ‘mosaic’ chromosomes. If ancestry from one population is overrepresented at a 

locus in disease cases relative to controls, that region is likely to contain the disease risk variant. 

Figure from ‘The Beauty of Admixture’, by Darvasi and Shifman, 2005, Nature Genetics, vol 37 

[103].  

 

Admixture mapping, in comparison with genome-wide association studies (GWASs), 

makes it possible to map causal variants with far fewer markers. This is possible because the 

process of admixture generates linkage disequilibrium (LD) between ancestry markers over long 

distances (~9-17cM in African Americans) [48,100]. This extended LD (often referred to as 

admixture LD) can be thought of as long ancestry blocks. If the interest is in identifying variants 
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contributing to phenotypic variation across populations only, typically a few thousand markers is 

enough to characterize the gross ancestry architecture of recently admixed individuals [47,104]. 

Thus, an admixture signal can be detected even if the causal variant is within a few centiMorgans 

of the genotyped SNP. However, dense SNP maps allow one to characterize the ancestry 

architecture at a higher resolution and admixture signals to be localized with more precision [83]. 

The ancestry structure of chromosomes in an admixed population depends on a number of 

factors which include the number of generations since admixture, whether the admixture event 

occurred once or several times over a number of generations, non-random mating with respect to 

ancestry (ancestry stratification), and the local recombination rate [48]. The ancestry structure of 

admixed chromosomes can be informative about the demographic history of the population. These 

factors are important from an association stand-point as they can determine the range of admixture 

LD. For example, admixture LD can often extend across chromosomes, particularly in populations 

with ancestry stratification. In this case, admixture mapping can result in spurious associations, 

necessitating correction for ancestry stratification. Fortunately, this can be taken into account 

simply by using global ancestry as a covariate in linear models testing for an association between 

local ancestry and phenotype [104,105]. 

Admixture mapping has been successfully used to identify variants underlying the risk for 

numerous diseases such as prostate cancer [106,107], type 2 diabetes [108], and hypertension 

[109,110], as well as several non-disease traits such as skin pigmentation [63,64,66], facial shape 

[5], and hair morphology [111].  

Following the results from chapter one, I conducted an admixture mapping study of 

variants associated with nPC1 and nPC3 using local ancestry estimated at 26,111 SNPs distributed 

non-randomly across the autosome in a sample of 748 individuals with mixed African and 

European ancestry. Furthermore, I investigated if any of the variants identified show signals of 
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divergent selection across populations, and whether these signals were due to adaptation to 

temperature. 

Materials and Methods 

Data collection 

Participants used in these analyses were recruited under studies based at The Pennsylvania 

State University (PSU): GHPAFF (IRB#32341), ADAPT (IRB#44929), and ADAPT2 

(IRB#45727). Data collection in the United States took place at PSU, and at the World Science 

Festival in New York. Data collection in Brazil took place in Brasilia. Data collection in Cape 

Verde took place on six Islands in the Cape Verdean Archipelago. All necessary approvals were 

obtained from the institutional review board (IRB) based at PSU, and written informed consent was 

obtained from all participants. For simplicity, I will refer to individuals collected in the United 

States and Brazil as American and individuals collected in Cape Verde as Cape Verdeans.  

The phenotypes collected were 3D photos, height, and weight. 3D images were collected 

using the 3dMD system (3Dmd, Atlanta, GA). DNA collected through the ADAPT and ADAPT2 

studies was in the form of saliva. DNA obtained through the GHPAFF study was in the form of 

finger-stick blood on Whatman FTA cards (Whatman, Florham Park, NJ). 

Genotyping 

Because these samples were collected through studies over a long period of time, they were 

genotyped on three different platforms. The saliva samples collected through the ADAPT and 

ADAPT2 studies were sent to 23andMe (23andMe, San Diego, CA) for genotyping and were 
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genotyped on the 23andMe v4 array. The raw genotypes were downloaded for each individual from 

the 23andMe website after which, the account was relinquished to the participants. The Cape 

Verdeans sampled through the GHPAFF study were genotyped on the Illumina Infinium HD 

Human 1M-Duo Beadarray (Illumina, San Diego, CA) at the HudsonAlpha Institute for 

Biotechnology. The remaining samples collected through GHPAFF were extracted in the Shriver 

Lab by Zach Heimerr, a research assistant in the lab, and myself. These were genotyped on the 

Affymetrix Axiom custom array (Affymetrix, San Diego, CA) which was designed by Laurel 

Pearson and myself, in collaboration with Affymetrix. The genotyping was conducted at the 

Clinical Genomics Centre, Mount Sinai Hospital, in Toronto, Canada. The marker count for each 

array are listed in Table 3-1. 

 

Table 3-1: Number of SNPs genotyped by genotyping platform 

Platform Number of SNPs 

23andMe v4 602,366 

Illumina 1M-Duo 977,476 

Affy Axiom 116,135 

 

Design of the Affymetrix Axiom custom array 

Our goal for this project was to detect variants that contribute to facial shape variation in 

individuals with mixed African and European ancestry. In order to maximize the likelihood of 

detecting functional variants, we designed an Affymetrix custom array enriched for functional 

regions of the genome. These candidate regions were selected based on a priori information 
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regarding their involvement in the development of facial shape. The candidate regions are roughly 

divided into three categories which were are described in detail below: 

a. Uniformly distributed ancestry informative markers (AIMs): These ~3,400 AIMs were 

selected because they had high Fst across Africans, Europeans, and Native Americans. These 

markers are relatively uniformly distributed across the genome. 

b. Candidate coding genes: A substantial portion of the array is dedicated to candidate 

coding genes, which might be involved in craniofacial development, based on a priori information. 

This information comes primarily from the Online Mendelian Inheritance of Man (OMIM) [10]. 

OMIM is a database which catalogues thousands of known Mendelian disorders, and if known, the 

genes underlying their development. This database was searched for keywords such as “facial” and 

“craniofacial”, and the resulting list of genes was curated to include 199 genes that are known in 

some way to be involved in craniofacial development. This was carried out mostly by Denise 

Liberton and Mark Shriver. I updated this list by searching OMIM and the literature for previously 

unknown genes. Some of these were identified through genome-wide association studies over the 

last few years [5,44,45,112]. Additionally, I supplemented this list with genes known to be 

expressed in the craniofacial tissue of mice from the Mouse Genome Informatics (MGI) database 

[113]. The final list of 371 craniofacial candidate genes is provided in Appendix B. 

We densely tagged candidate genes upto 1 Mb upstream and downstream of the 

transcription start sites (TSSs) and transcription end sites (TESs), respectively, to capture both 

coding and cis-regulatory variation. Two sets of markers were chosen for each region: a) SNPs 

with large allele frequency difference between West Africans and Europeans (hereafter referred to 

as AIMs), and b) SNPs with small allele frequency differences (hereafter referred to as AUMs). 

The purpose behind selecting these is to capture variation both between- and within-West Africans 

and Europeans. The AIMs were selected up to 1Mb upstream and downstream of the TSSs and 

TEs, respectively, because of the long-range LD between AIMs in admixed populations. The 
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AUMs are low-Fst markers that are polymorphic (MAF > 0.05) in both Africans and Europeans. 

The purpose of selecting these markers is to capture genetic variation that is shared between the 

parental populations. These markers were selected within 250Kb upstream and downstream of the 

TSSs and TESs, respectively.  

c. Candidate regulatory elements: For this project, I was not only interested in tagging 

coding variation, but also regulatory variation that is likely to be involved in subtle differences in 

phenotypic variation. While there are many different kinds of regulatory elements, both coding and 

non-coding, I focused on non-coding cis-regulatory elements. These are often difficult to identify 

because they don’t code for products at the transcriptomic or proteomic level, as do coding genes. 

I compiled a list of putative regulatory elements from three different sources, which were all tagged 

using AIMs: 

 i. Joanna Wysocka, a collaborator at Stanford University, has identified a set of 

668 DNAseI Hypersensitive sites (DHSs) in human neural crest cell lines (hNCCs). 

Transcriptionally active elements are often amenable to cutting by DNAseI enzyme in cells in 

which they are active. Thus, sites that are hypersensitive to cutting by DNAseI enzyme can be 

suggestive of functionally active elements. 

 ii. I also selected 70 functionally validated elements known to regulate gene 

expression in the craniofacial tissue in transgenic mice from the VISTA Enhancer Browser [114].  

 iii. A recent study identified 103 putative regulatory elements that were 

functionally shown to be associated with changes in craniofacial morphology in mice [115]. The 

human homologs of these elements were also added to the list of putative regulatory elements. 

In order to maximize the utility of the array for multiple projects, we also tagged candidate 

genes for skin pigmentation and preterm premature rupture of membrane (PPROM). The total 

number of protein-coding genes represented on the array is 761. A karyogram showing the locations 
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of SNPs and the candidate regions tagged is shown in Fig. 3-2. The complete list of protein-coding 

genes tagged on the array is provided in the Appendix B. 

 

 

Figure 3-2: Karyogram showing locations of candidate regions tagged and the coverage of 

SNPs on the Affymetrix Axiom custom array. The black lines on the left side of each 

chromosome are SNPs and the red lines on the right side of the chromosomes are candidate 

genes/regions tagged. 

Estimation of global ancestry and input filtering  

Estimation of global ancestry was carried out on the merged autosomal genotype dataset 

from all three platforms and the HapMap3 dataset [85]. Strand inconsistencies and SNP 

missingness across platforms can lead to serious problems in inference if left unresolved. In order 

to avoid these issues, I first removed all SNPs that were not genotyped in all four datasets. I also 
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removed palindromic (A/T, G/C) SNPs and converted the genotypes to Illumina A/B format. The 

genotypes of the resulting 26,111 autosomal SNPs were then merged across platforms. 

Global ancestry was estimated with an unsupervised clustering approach in ADMIXTURE 

with k = {5, 6, 7} clusters [88]. I determined k = 6 to be the best clustering scheme. To select 

individuals with primarily African and European ancestry, I first filtered people who had more than 

90% combined African and European ancestry (C1+C2+C3 > 0.9 in Fig. 3-3) (N = 2,532). I further 

filtered this list to include only individuals who had more than 10% and less than 90% African 

ancestry (N = 1,061). ADMIXTURE was then re-run on the genotypes of these individuals using 

an unsupervised scheme with two parental populations (k = 2) (Fig. 3-3). 
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Figure 3-3: ADMIXTURE proportions for individuals with mixed West African and 

European ancestry. A. shows the ADMIXTURE proportion of individuals with primarily West 

African and European ancestry (k = 6). From these, only individuals with more than 10% and less 

than 90% African component (C3) were retained. B. shows the ADMIXTURE proportions for this 

subset using an unsupervised k = 2 approach.  
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Estimation of local ancestry 

Local ancestry was estimated only for the admixed individuals identified in the previous 

section (N = 1,061). This was done separately for individuals genotyped on different platforms so 

as not to reduce the number of markers to just the overlap across platforms. This approach 

maximizes the LD information used to generate local ancestry. Local ancestry estimation was 

carried out using LAMP-LD, which uses phased genotype data from parental populations to 

estimate local ancestry at each SNP [116,117]. I used the HapMap CEU and YRI phased genotype 

data as proxies for the European and African parental populations, respectively. To check the 

validity of local ancestry estimates, I calculated the average genomic ancestry by computing the 

mean local ancestry across all SNPs for each individual divided by two to account for diploidy. 

This was then compared with genomic ancestry estimates calculated using ADMIXTURE (Fig. 3-

4). 

 

Figure 3-4: Correspondence between global ancestry calculated using ADMIXTURE and 

LAMP-LD. Ancestry calculated using local ancestry with LAMP-LD is highly correlated with 

global ancestry calculated using ADMIXTURE.  
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I also estimated the number of generations since admixture (ʐ) for each individual based 

on the total number of observed switches in local ancestry. This was done using the following 

equation [101]: 

ʐ
ὔ

τ‘ρ ‘συȢυ
  

Here, N is the total number of local ancestry switches, ‘ is the average contribution of 

ancestry from one of the parental populations, and 35.5 is the size of the human genome in Morgans. 

Split karyotype test 

I used the split karyotype test (SKT) to explore the degree of ancestry stratification in 

Americans and Cape Verdeans [118]. This is a simple and elegant way to test for the presence of 

ancestry stratification in a population. Recombination and random assortment in a randomly mating 

admixed population will lead to breakdown of ancestry segments, given enough generations, such 

that global ancestry calculated from non-syntenic marker sets will be uncorrelated. Populations 

mating non-randomly with respect to ancestry exhibit ancestry stratification. In this case, non-

syntenic marker sets are likely to yield similar global ancestry estimates. Following this logic, I 

divided the genomes in each population (separately in Americans and Cape Verdeans) in two non-

syntenic marker sets. These sets were created by randomly sampling chromosomes without 

replacement for one set and then using the remaining chromosomes for the other set. Global 

ancestry was calculated from local ancestry for each set and the correlation in ancestry estimates 

across sets was calculated. This was repeated one hundred times within Americans and Cape 

Verdeans separately and the correlations were recorded for each iteration.  Fig. 3-5 shows that the 

global ancestry estimates are highly correlated across non-syntenic marker sets in both Americans 

and Cape Verdeans. These means that substantial ancestry stratification exists within both 
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Americans and Cape Verdeans. However, it should be noted that the ancestry stratification is much 

higher in Americans relative to Cape Verdeans (Wilcoxon rank sum test: W = 1000, p-value <2.2e-

16). 

 

 

Figure 3-5: Americans show higher correlations of global ancestry calculated from non-

syntenic marker sets than Cape Verdeans. The plot shows the distribution of the correlation 

coefficient (for 100 iterations) between ancestry calculated using two non-syntenic marker sets. 

Higher correlations in Americans suggests a greater degree of ancestry stratification than in Cape 

Verdeans. 

Admixture mapping 

I carried out admixture mapping for nPC1, and, nPC3 in the combined set of Americans, 

and Cape Verdeans (N = 749, this number represents the subset of the 1,079 participants for whom 

3D photos were available) using local ancestry at 26,111 SNPs that overlapped between the three 

platforms. This was done following the approach of Shriner et al. [119]. Genomic significance 

thresholds determined using Bonferroni and false-disocvery rate (FDR) corrections are extremely 
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conservative for admixture mapping, given the high degree of correlation in ancestry over long 

distances in an admixed population (~9cM on average in African Americans) [47,48]. Shriner et 

al. have proposed a method to empirically calculate the ‘effective’ number of tests being performed 

by taking into account the autocorrelation in local ancestry [119]. They used the spectrum0 function 

in the R package coda [120] to fit an autoregressive model to the vector of local ancestries to 

calculate the effective number of tests per chromosome per individual. The total effective number 

of tests performed (N*) is then determined by summing across chromosomes for each individual 

and then averaging across individuals. The false-positive rate is given by 1/N*, which serves as the 

prior in a Bayesian framework used to test for the association between phenotype and local 

ancestry. This approach, also known as BMIX, calculates the posterior probability of the alternate 

hypothesis that a locus has an effect, conditional on the data ὖὌȿὈ . The admixture signal at a 

locus is considered significant if the posterior probability is greater than 0.5 [119]. Within this 

framework, I tested the association between local ancestry at 26,111 autosomal SNPs and nPCs 1 

and 3, while correcting for global ancestry, sex, age, and BMI. The value of N* was found to be 

98.1 in the total sample. This is lower than the value of 368.8 reported by Shriner et al. for their 

sample, which is not surprising since they used a much larger panel of markers i.e. 797,831 SNPs, 

which allows more number of ancestry switches to be detected [119]. The admixture mapping 

results for nPC1, and nPC3 are shown in Figs. 3-8, and 3-9, respectively, and the list of SNPs with 

posterior probabilities greater than 0.5, which is considered an appropriate threshold, are provided 

in the Appendix C. 

Association mapping 

Another important feature of BMIX is that it combines admixture mapping and association 

mapping to identify variants that are contributing to both between-population and within-
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population variation in the phenotype. At each SNP, the association tested is between phenotype 

and genotype, stratified by local ancestry at that SNP. The effects of genotype at each SNP are 

pooled from the three different local ancestry ‘strata’ and a combined p-value is determined. 

Finally, BIMX makes use of the posterior probability from the admixture mapping as the prior 

probability for the association test. This way, information from the admixture mapping is leveraged 

in the association test [119]. The association mapping results are shown in Figs. 3-7, 3-8, and 3-9. 

Signature of climate-related selection 

The geographic distribution of allele frequencies is often used to infer population history 

[121]. In humans, much of the geographic patterning of allele frequencies reflects demographic 

events such as migrations [122,123], genetic stratification [124], and admixture [37,125]. However, 

the allele frequency of certain loci under spatially divergent selection can deviate from these 

patterns and can be informative about the kinds of selection pressures involved [36]. As such, I was 

interested in testing whether there is evidence of climate-driven selection at the loci associated with 

nPC3, which seems to have evolved across populations under local adaptation to temperature 

(chapter two). Specifically, I scanned the variants around nPC3-associated SNPs for two signals: i) 

high level of population differentiation (or accelerated evolution) based on Fst, and ii) 

correspondence between geographic distribution of allele frequency and temperature.  

Wright’s Fst measures the proportion of total genetic variation that is due to differences 

between populations [39]. Fst provides a measure of the degree of divergence in allele frequency 

between two or more populations. The tail of the empirical genome-wide Fst distribution is likely 

to be enriched in loci that have been under positive selection [36,82]. I used this as an exploratory 

tool to look for signals of accelerated evolution in a 10Mb region (5Mb upstream and downstream 

of top hit) around admixture mapping peaks for nPC3 (region 1 = chr3: 64,791,738 – 74,808,638; 
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region 2 = chr15: 63,524,204 – 73,524,204). I calculated Fst across 51 populations from the Human 

Genome Diversity Project (HGDP) dataset for each SNP within this region [126]. Fst was estimated 

in Plink 1.9 [86,87] with Weir and Cockerham’s theta estimator (—), which takes into account 

differences in sample size across populations [89]. A SNP in a region was said to exhibit accelerated 

evolution if the Fst of that SNP was in the 5% tail of the empirical genome-wide Fst distribution.  

Correspondence between the geographic distribution of allele frequency and temperature 

was tested using an approach similar to that described in Coop et al. (2010) [127]. To do this, I first 

selected SNPs around admixture peaks for nPC3 (within 5Mb on either side of top hit). For each 

of these SNPs, I tested whether allele frequency in 51 populations from the Human Genome 

Diversity Project (HGDP) is correlated with temperature, while taking into account the covariance 

in allele frequency between populations. This was done using the following model: 

ώ ‍ὼ  ‐ , ‐ ͯὔπȟ•  

Where ώ is the allele frequency of a SNP in the ith population, and ‍ is the fixed effect of 

temperature. The error term ‐ is assumed to follow a normal distribution with mean zero and 

variance-covariance matrix •. • is a matrix containing the pair-wise covariances in allele 

frequency between populations, which was estimated using Bayesenv [127]. The linear model 

parameters were estimated using the rma.mv function in the metafor package in R [90,99]. If 

climate-related selection has shaped variation in SNPs associated with nPC3, we might expect to 

see a significant association between allele frequency and temperature for that SNP (p-value < 

0.05/number of SNPs in the region). The negative logarithm of the p-values for the effect of 

temperature is plotted for SNPs in each admixture peak and the regional significance threshold are 

shown in Figs. 3-13, 3-14. 

For comparison, I also looked for signals of climate-related selection around a locus 

associated with skin pigmentation, a phenotype that is thought to have evolved across populations 

through local adaptation to ultraviolet radiation. For this purpose, I chose SLC24A5 (solute carrier 
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family 24 member 2) as a candidate locus. The SLC24A5 gene encodes for the production of the 

NCKX5 protein which is involved in melanogenesis and transport of melanosomes in melanocytes 

[66,128]. Variation in this gene is strongly associated with skin pigmentation differences between 

Europeans and Africans. SLC24A5 is a well-studied example of recent positive selection in 

Europeans [66,129]. Variants in this gene have been found to be associated with skin pigmentation 

in several studies and this result has been replicated here as well [63,66]. I defined a ~10Mb region 

around SLC24A5 (chr15: 41,652,089 – 55,776,840) and calculated the Fst of SNPs in this region 

across 51 populations from the HGDP dataset. Then I tested the association between allele 

frequency and UVB levels using the linear model described above. The results are shown in Fig. 

3-11. 

Results 

Inferences of population history from global and local ancestry 

The mean proportion of African ancestry in Americans in our sample is 0.69 using global 

ancestry (Fig 3-6). In Cape Verdeans, the mean proportion of African ancestry is 0.61 (Fig 3-6). I 

calculated time since admixture (ʐ) separately for the Cape Verdeans and Americans typed on the 

23andMe v4 array. The axiom data was not used because of the non-uniform distribution of SNPs, 

which might lead to underestimation of the number of ancestry switch points, and thus, time since 

admixture. I estimated the mean value of ʐ to be 8.45 generations or 211 YBP (assuming 25 years 

in each generation) for Americans, which is similar to previously reported estimates. [47]. The 

value of ʐ for Cape Verdeans is 9.63 generations, which has not been reported before and sets the 

mean time since admixture at around 241 YBP. It is important to consider the effect of ancestry 

stratification on the calculation of ʐ, which should be biased downwards, in a population stratified 
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by ancestry. In such a population, an individual is more likely to have long tracts of the same 

ancestry on both chromosomes compared with an individual from a less structured population. 

Recombination events occurring within such tracts will go undetected, leading to an under 

estimation of time since admixture. The results from the split karyotype test show that ancestry 

stratification exists in both Americans and Cape Verdeans. As such, we would expect time since 

admixture calculated from number of ancestry switch points to be underestimated in both of these 

admixed populations. The inference of time since admixture is thus, confounded by presence of 

ancestry stratification in a population and is an interesting problem that has not been considered so 

far in the literature. 

 

 

Figure 3-6: Distribution of global ancestry in Americans and Cape Verdeans 
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Admixture mapping and association mapping 

The results of admixture mapping are displayed using Manhattan plots in Fig. 3-7, Fig. 3-

8, and Fig. 3-9. SNPs on odd chromosomes are shown in blue and those on even chromosomes are 

colored in orange. The posterior probability threshold used to determine whether a peak shows a 

significant signal of association is shown as a horizontal red line. 

There was one admixture peak for nPC1 on chromosome 1 (top hit: rs6685154, p-value = 

1.24e-4, posterior probability = 0.887). This peak lies near a gene LHX8 (LIM Homeobox 8). LHX8 

is involved in the development of maxilla [130,131], odontogenesis (tooth development) [132], 

oogenesis [133], and neurogenesis [134]. Mutations in LHX8 are associated with several 

phenotypic defects including cleft lip/palate [135]. 

There were two admixture peaks for nPC3. The peak on chromosome 3 (top hit: rs9869047, 

p-value = 6.83e-4, posterior probability = 0.541) lies within a gene called MITF (Micropthalmia-

associated transcription factor), and the peak on chromosome 15 (top hit: rs925481, p-value = 

4.94e-4, posterior = 0.633) lies near UACA (Uveal autoantigen with coiled-coil domains and 

ankyrin repeats). MITF is a transcription factor, which regulates the differentiation of various cells, 

such as melanocytes [136], mast cells[137], osteoclasts [138], and retinal pigment epithelium [139]. 

Mutations in MITF are associated with several diseases, such as Waardenburg Syndrome (WS) 

[139,140]and MITF-related melanoma [141,142]. Patients with WS develop several craniofacial 

phenotypes including underdeveloped nasal alae, wide nasal bridge, short philtrum, and cleft 

lip/palate [139]. WS also manifests non-craniofacial phenotypes such as white forelock, unibrow, 

iris hypopigmentation, and hearing deficiency [139]. It is also interesting to point out that MITF 

expression is strongly regulated by PAX3 [143], which has been to be associated with nose shape 

morphology in several independent studies [44,45]. UACA is thought to play a role in cell growth, 

cell motility, and the regulation of stress-induced apoptosis. UACA is also an autoantigen, which 
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is associated with autoimmune diseases such as sarcoidosis and panuveitis [144]. How UACA might 

be associated with nose shape morphology needs further investigation. No genotype association 

signals were identified for either nPC1 or nPC3. 
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Figure 3-7: Manhattan plots showing admixture and association mapping results for nPC1. 
The y-axis shows the posterior probability of observing an association between the nPC1 and SNP 

(A. local ancestry/B. genotype). The odd chromosomes are shown in orange and even 

chromosomes are shown in blue. The red horizontal line shows the threshold for genome-wide 

significance. 
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Figure 3-8: Manhattan plots showing admixture and association mapping results for nPC3. 

The y-axis shows the posterior probability of observing an association between the nPC3 and SNP 

(A. local ancestry/B. genotype). The odd chromosomes are shown in orange and even 

chromosomes are shown in blue. The red horizontal line shows the threshold for genome-wide 

significance. 
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Signatures of climate-related selection 

Fig. 3-11 shows the Fst of SNPs from the HGDP dataset (black dots) in a region around 

SLC24A5 (panel A) and the negative logarithm of the p-values for the association between allele 

frequency and UVB level (panel B). It is clear from the Fst peak upstream of SLC24A5 that this 

locus exhibits a strong signal of accelerated evolution across populations (Fig. 3-11, panel A). The 

same region also contains SNPs, allele frequencies of which are significantly correlated with UVB 

level (Fig. 3-11, panel B). However, this second result is not very convincing since only a few 

SNPs in this region rise above the significance threshold. 
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Figure 3-9: Tests for signatures of climate-driven selection in admixture peak on chromosome 

15 associated with skin pigmentation. A) Fst for each SNP (black dot) across 51 HGDP 

populations with the red horizontal line showing the 95th percentile of the genome-wide Fst 

distribution. B) Negative log of the p-value of the association between allele frequency for each 

SNP in the region (black dot) and UVB while correcting for covariance in allele frequency among 

populations. The red horizontal line represents the region-wide significance level (Bonferroni 

correction for the number of SNPs in the region). Location of SLC24A5 is indicated.  

 

Fig 3-12 shows the same results for SNPs from the HGDP dataset (black dots) within the 

two regions spanning nPC3-associated SNPs (hg18 coordinates: region 1 = chr3: 64,791,738 – 

74,808,638; region 2 = chr15: 63,524,204 – 73,524,204). The colored dots show SNPs which were 

used in the admixture mapping, where red color indicates strong association with nPC3 and yellow 

color indicates no association. Fig. 3-12 shows that the association signal is localized within MITF, 

which overlaps with some high-Fst SNPs (Fig 3-12, panel A). However, this signal is not as strong 

as the Fst-peak near SLC24A5. This signal lies near a SNP, which reaches the regional threshold 

for significant associations with temperature (Fig. 3-13, panel B). As with SLC24A5, this result is 

not very convincing and warrants further investigation. The red dot in region 2 for nPC3 lies near 

UACA, which does not overlap with a defined high-Fst peak and does not show any significant 

associations with temperature (Fig. 3-14). Methodological and theoretical reasons behind these 

results are presented in the discussion section. 
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Figure 3-10: Tests for signatures of climate-driven selection in admixture peak on 

chromosome 3 associated with nPC3. A) Fst for each SNP (black dot) across 51 HGDP 

populations with the red horizontal line showing the 95th percentile of the genome-wide Fst 

distribution. B) Negative log of the p-value of the association between allele frequency for each 

SNP in the region (black dot) and UVB while correcting for covariance in allele frequency among 

populations. The red horizontal line represents the region-wide significance level (Bonferroni 

correction for the number of SNPs in the region). Colored dots are SNPs which were used in the 

admixture mapping. The strength of association of these SNPs with nPC3 is indicated by degree of 

redness (posterior probability indicated with a scale on the right).  
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Figure 3-11: Tests of climate-driven selection in admixture peak on chromosome 15. A) Fst 

for each SNP (black dot) across 51 HGDP populations with the red horizontal line showing the 95th 

percentile of the genome-wide Fst distribution. B) Negative log of the p-value of the association 

between allele frequency for each SNP in the region (black dot) and UVB while correcting for 

covariance in allele frequency among populations. The red horizontal line represents the region-

wide significance level (Bonferroni correction for the number of SNPs in the region). Colored dots 

are SNPs which were used in the admixture mapping. The strength of association of these SNPs 

with nPC3 is indicated by degree of redness (posterior probability indicated with the scale on the 

right). 

Discussion 

 In this chapter, I tested the hypothesis that there are genetic variants underlying the nose 

shape variation in individuals with mixed West African and European ancestry. I used a candidate-

region based admixture mapping approach to identify genetic variants underlying nose shape and 

skin pigmentation. This type of approach minimizes genotyping costs and increases power by 
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focusing on markers in candidate regions on the genome, which, based on a priori information, are 

more likely to be associated with facial shape than randomly distributed markers. 

I identified one admixture peak for nPC1 on chromosome 1, which lies near a gene called 

LHX8. LHX8 is involved in the development of craniofacial tissue [130,131], and mutations in this 

gene appear to be associated with cleft-lip and palate [145]. There were two admixture peaks for 

nPC3, which captures variation in the size and shape of the nostrils. The peak on chromosome 3 

lies in a gene called MITF which is involved in the development of several cell types such as 

melanocytes [136], mast cells [137], osteoclasts [138], and retinal pigment epithelium [139]. 

Mutations in MITF are associated with Waardenburg Syndrome, which often manifests with 

craniofacial symptoms such as underdeveloped nasal alae, wide nasal bridge, and cleft lip/palate 

[139]. The gene nearest the second peak on chromosome 15 is UACA, which is thought to play a 

part in stress-induced apoptosis [146]. Mutations in this gene are not known to be associated with 

any craniofacial symptoms. 

While these loci are promising candidates, further work needs to be done to validate them. 

The most important step will be to replicate these findings in an independent sample. Because of 

the fact that admixture LD extends over long-distances, an association signal could be tagging 

variants in a large genomic region. Thus, future work should also focus on fine-mapping the 

associated regions with a large number of SNPs to identify causal variants. Once putative causal 

variants are identified, they will need to be functionally validated in animal models. 

Next, I tested whether these admixture peaks show signals of climate-driven adaptation. In 

chapter two, I showed that differences in certain aspects of nose shape, such as nostril size and 

length of nasal ridge, might have evolved across populations due to local adaptation to temperature. 

In this chapter, I followed this observation by investigating whether regions associated with nPC3, 

which captures variation in nostril size and length of nasal ridge, show signals of selection that 

might be due to local adaptation to temperature. To demonstrate the utility of methods applied here 
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in answering this difficult question, I tested whether SLC24A5, a gene which plays an important 

role in melanin production, shows signals of selection due to local adaptation to UV exposure. 

SNPs upstream of SLC24A5 show much higher Fst values compared to the genomic background, 

which is in agreement with previous findings of strong positive selection at this locus [66,147]. 

However, the geographic distribution of allele frequency of SNPs in this region do not show strong 

correlations with geographic distribution of UVB levels. SNPs near nPC3-associated SNPs do not 

exhibit strong signals of accelerated evolution across populations, or allele frequency correlations 

with temperature. Thus, there is insufficient evidence, given these results, that climate-related 

selection has been involved in the evolution of nPC3-associated loci identified here. 

There are some limitations of the methods used here which need to be kept in mind. First, 

I used a candidate gene-based approach to search for loci underlying nose shape. As a result, this 

approach likely missed loci, which were not tagged on the Axiom array. Second, because of the 

nature of the sample, the admixture mapping conducted here only has power to identify regions 

underlying nose shape variation across West Africans and Europeans. As such, variants in the loci 

identified here do not capture variation within and across other populations. Thus, the fact that we 

did not see strong signals of selection at nPC3-associated loci in the HGDP dataset is not surprising. 

Finally, while Fst is a useful measure of population differentiation, it can take on large values even 

in the absence of selection [148,149]. Fst should be used with a combination of statistics [150] 

based on the site frequency spectrum (e.g. Tajima’s D [151]), and statistics based on linkage 

disequilibrium patters (e.g. Extended Haplotype Homozygosity [129]), for robust detection of 

positive selection signals.  

Testing for signals of adaptation for complex traits is an area of current research. We know 

signatures of hard sweeps are not common in humans and weaker signals of selection are difficult 

to detect because of the ubiquitous effect of genetic drift, which is especially strong in humans 

given our small effective population size [152]. This issue is compounded by the fact that 
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anthropometric traits (or most traits for that matter) are likely polygenic. If there are many variants 

underlying a phenotype, selection could choose any combination of them. As such, we shouldn’t 

necessarily expect a strong signature of selection in all populations at any one locus. For example, 

while SLC24A5 exhibits signatures of strong positive selection in Europeans, it does not explain 

the lightening of pigmentation in East Asians [67,147]. In this respect, the study by Berg and Coop 

(2014) is an interesting development [84]. Their method uses the effect sizes additively across 

known loci to estimate ‘genetic values’ for each population and calculates the correlation of this 

value with climate to test for a signal of climate adaptation. The mathematical framework, which 

is grounded in quantitative genetic theory [69], is a welcome development. However, its use is 

limited currently because it relies on knowledge of effect sizes, which are error-prone and depend 

on the genetic and environmental background 
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Chapter 4  
Investigating the ‘good genes’ hypothesis in humans  

Introduction 

Parasite-resistance is thought to play an important role in the evolution of mate choice 

[153] . According to the ‘good genes’ hypothesis of sexual selection [154], females look for 

phenotypic signals of heritable parasite-resistance in their mates in order to ensure survival of their 

offspring. These phenotypic signals are often termed ‘honest signals’ of genetic quality. There are 

two types of traits that have been extensively studied in this context, namely, fluctuating 

asymmetry, and male ornamentation.  

Fluctuating asymmetry in morphological traits arises due to imprecisions in the 

development process [155–157]. Small imprecisions exist at all levels of biological organization 

that can manifest as random deviations from perfect bilateral asymmetry. However, environmental 

stressors such as infections can lead to higher levels of fluctuating asymmetry if not adequately 

canalized by ‘good genes’, such as immune-function genes. As such, low levels of fluctuating 

asymmetry are hypothesized to signal genetic quality to mates [158]. 

Male ornaments, such as reindeer antlers and peacock trains [30,159], are observable traits 

that often grow to exaggerated proportions. These traits are thought to provide reliable signals of 

genetic and physiological quality to females (mate choice). They are also thought to signal strength 

and status to rival males (contest competition), in which case they might be more appropriately 

called ‘male weapons’. Male ornaments are thought to be reliable signals of genetic quality, as they 

are ‘costly’ to produce and sensitive to the physiological condition of the male [31]. Thus, only 

high-quality males are able to express them well-enough to attract females and deter rival males 

[160]. Besides signaling overall quality, these traits are also considered to be a display of 

immnocompetence because of the immunosuppressive action of androgens [33]. Thus, only males 
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with a higher testosterone load who also have a good immune-system will be able to effectively 

allocate resources for the development of exaggerated ornaments. 

In this paper, I am interested in exploring the effects of overall genomic heterozygosity and 

heterozygosity at the major histocompatibility (MHC) locus, as proxies for genetic quality and 

immuncompetence, on physical traits such as height, fluctuating facial asymmetry, and facial 

masculinity. The premise behind this is that females prefer such traits as tall height, low fluctuating 

asymmetry, and high masculinity to recruit heterozygosity for their offspring [161]. Genome-wide 

heterozygosity might benefit the offspring is by masking the effect of deleterious recessive 

mutations. At the same time, heterozygosity at specific loci, such as the MHC, provides offspring 

the ability to combat a wider array of parasites. 

To my knowledge, only two studies have investigated the effect of overall genetic 

heterozygosity on fluctuating asymmetry in humans. Livshits and Smous tested the hypothesis that 

genetic heterozygosity should be negatively correlated with fluctuating asymmetry in a sample of 

208 subjects of predominantly jewish ethnicity recruited in Israel [162]. They used 11 allozyme 

markers to calculate heterozygosity and found that it was not significantly correlated with 

fluctuating asymmetry in a set of 26 anthropometric traits [162]. However, in this study, the 

anthropometric measures were taken on individuals 75 years and older. As such, much of the 

variation in these measurements might be due to the effect of aging, and not because of 

developmental history. More recently, Quinto-Sanchez et al. studied the same question in a large 

admixed Latin American population (N = 4,104) and found that genome-wide heterozygosity, 

calculated from around 90,000 SNPs, was negatively correlated with facial asymmetry. The authors 

of this paper correct for ancestry stratification in this sample by including European and African 

ancestry components as covariates (Native American component was not included to avoid 

multicollinearity issues) [163]. While their results are based on a large sample size and a dense-

array of genome-wide SNPs, the analysis is complicated by the fact that heterozygosity does not 
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vary linearly as a function of genetic ancestry in an admixed population [70]. Thus, including 

ancestry components as a covariate in a linear model may not be appropriate. 

The fitness effects of heterozygosity in the context of specific loci such as the major 

histocompatibility complex (MHC), have also been well-studied [164]. The MHC genomic region 

spans around 4 Mb in humans and consists of over 200 known protein coding genes, most of which 

are involved in the regulation of immune-function [164]. Genes in the MHC region are some of the 

best-known examples of balancing selection in humans since increased diversity in the region is 

positively correlated with the diversity of foreign antigens that the immune system is capable of 

recognizing [165–167]. Whether sexual selection has had a role in maintaining genetic diversity at 

the MHC in humans is unclear. Balancing selection could potentially be acting at the MHC locus, 

not just because heterozygous individuals are better equipped to deal with infections, but also 

because they appear more attractive to mates. While a number of studies have attempted to 

investigate the effect of MHC heterozygosity on perceived facial attractiveness, the evidence is 

mixed and inconclusive [168–171]. This is likely because these studies have used too few markers 

at the MHC locus to adequately capture the variation at the MHC locus, which is highly 

polymorphic. Perhaps more importantly, correction for genome-wide heterozygosity and genetic 

structure has largely been ignored. To the best of my knowledge, Lie et al. (2008) [171] is the only 

study in which correction for genome-wide heterozygosity has been carried out. 

In this chapter, my primary question is: Is genetic heterozygosity (genome-wide and at the 

MHC locus) reflected in so-called phenotypic signals of mate-quality such as facial asymmetry, 

height, and facial masculinity? 
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Materials and Methods 

Participant recruitment 

The majority of participants were recruited in the United States at The Pennsylvania State 

University and at the World Science Festival in New York. A smaller number of participants were 

also recruited in Europe, in Dublin (Ireland), in Rome (Italy), in Warsaw (Poland), and in Porto 

(Portugal). Details of these samples are given in Table 4-1. The studies were approved by the 

institutional Review Boards of The Pennsylvania State University (IRB# 44929, IRB#45727, and 

IRB#32341). Data were collected with either verbal or written consent from the participants in 

accordance with the internal review boards at The Pennsylvania State University. 

Table 4-1: Sample size breakdown 

Location 

Sample 

Size 

Female; 

Male 

3D 

photos Genotyped Platform 

Autosomal  

SNPs 

Ireland 173 119; 54 173 42 

Illumina 

HumanHp200v1  308,330 

Italy 124 95; 29 124 45 

Illumina 

HumanHp200v1  308,330 

Poland 81 64; 17 81 44 

Illumina 

HumanHp200v1  308,330 

Portugal 161 124; 37 161 39 

Illumina 

HumanHp200v1  308,330 

USA 1587 1166; 421 1587 1539 23andMe v4 521,304 

Total 2126 1568; 558 2126 1709 NA NA 

Genotyping 

Participants were genotyped on two different platforms. Participants recruited in the United 

States were genotyped on the 23andMe v4 array (23andMe Mountainview, CA) for a total of ~521k 

autosomal markers and the participants recruited in Europe were genotyped on the Illumina 
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HumanHp200v1 BeadChip (Illumina Inc., San Diego, CA) for ~308k autosomal markers  (Table 

1-1). 

Genetic ancestry and population structure 

In order to describe the genetic structure in the dataset, I needed to merge the genotype 

data across two platforms. Prior to merging the genotype data, I removed SNPs that did not intersect 

between platforms. I also removed palindromic (A/T, G/C) SNPs, and recoded genotypes for the 

remaining SNPs to Illumina A/B format to avoid problems due to strand inconsistencies. SNPs and 

individuals with a missing genotype rate of more than 10% were also removed. Finally, the 

genotype data was merged using Plink 1.9 [86,87]. Related individuals were identified using 

identity-by-state (IBS > 0.8). Individuals were removed to minimize relatedness and maximize 

sample size (e.g. in the case of a mother-father-siblings quartet, the siblings were removed). The 

dataset was filtered for autosomal SNPs and was pruned for linkage disequilibrium (LD) with a 

window size of 50 SNPs, a step size of 5 SNPs, and a variance inflation factor threshold of 2 as per 

standard recommendations [172]. This resulted in a total of ~118k autosomal SNPs. At this stage, 

genetic ancestry estimation was carried out using an unsupervised clustering scheme in 

ADMIXTURE [88]. Based on the ancestry composition, I determined k = 6 to be an appropriate 

clustering scheme. The ADMIXTURE proportions of individuals of primarily European ancestry 

are shown alongside the TSI (Tuscans from Italy) and CEU (Utah residents with Northern and 

Western European ancestry) from the HapMap dataset [85] in Fig. 4-1. I further carried out 

unsupervised principal components analysis (PCA) on the genotypes of these individuals to 

visualize genetic substructure (Fig. 4-2).  
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Figure 4-1: ADMIXTURE results of individuals of European ancestry. The HapMap European 

individuals (CEU and TSI) are used here as reference to show that the individuals used for analyses 

in this chapter are primarily of European ancestry.  
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Figure 4-2: PCA biplot of individuals of European ancestry. The individuals collected in Europe 

are colored by region while the individuals collected in the US are colored in grey. Individuals who 

reported as being Jewish are shown in color to identify the cluster that separates out on the right 

along PC1.  

Processing facial images 

The images of participants’ faces were captured using the 3dMD Face system (3dMD 

Atlanta, GA). The images were ‘cleaned’ to remove hair, ears, and disassociated polygons. Five 

positioning landmarks were placed (two on the inner corner of the eyes, two on the outer corners 

of the mouth, and one on the tip of the nose) to establish facial orientation. An anthropometric mask 

comprised of 10,000 quasi-landmarks (QLs), which is later trimmed to 7,150 QLs, was mapped 

onto each 3D image such that each QL is spatially homologous across individuals [173].  
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Calculating facial asymmetry 

Facial asymmetry was calculated following the procedure described in Claes et al. (2002) 

[7]. For each 3D image, a mirror image was created by changing the sign of the x coordinates 

following Klingenberg (2002) [174]. A generalized Procrustes superimposition of both the original 

and reflected images together, was performed, to eliminate differences in position, orientation, and 

scale. At this point, the variation in face shape can be decomposed into the symmetric and 

asymmetric components of facial shape. The total facial asymmetry for each person was calculated 

from this as the root mean squared error (RMSE) between the original and reflected images. This 

measure essentially, describes the total degree of difference between the right and left sides of an 

individual’s face. 

Calculating facial masculinity 

Facial masculinity was generated from the symmetric component of facial shape, which is 

obtained by averaging the coordinates of the original and reflected configurations for each person. 

Principal components analysis (PCA) was carried out on the symmetrized coordinates of the sample 

(N = 2,126, Table 4-2) to reduce the dimensionality of the data and to remove variation due to 

imaging artifacts etc. The first 100 principal components (PCs) which explain 99.9% of the total 

variance in the dataset were retained to represent the facial shape of each person. 
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Table 4-2: Sample sizes for various analyses referred to in text 

Location 

Used to construct  

Consensus faces 

(males; females) 

Height 

under 25 

(males; 

females) 

Masculinity  

under 25 

(males; 

females) 

Asymmetry  

under 25 

(males, 

females) 

Ireland 54; 119 0 0 0 

Italy 29; 95 0 0 0 

Poland 17; 64 0 0 0 

Portugal 37; 124 0 0 0 

United States 0 299; 648 300; 655 300; 655 

Total 539 947 955 955 

 

Facial masculinity was calculated using a vector-projection approach that is similar to the 

approach described in Valenzano et al. (2006) [175]. A depiction of the methodology is presented 

in Fig. 4-3. First, I used the PC scores for a subset of the data to generate reference European male 

and female faces. The samples collected in Europe were used for this purpose (N = 539, table 2). 

This was carried out by averaging PC scores for males and females separately first within each 

population (Irish, Italian, Polish, Portuguese), then across populations, in order to avoid bias due to 

sample size differences. The difference between the reference male and female faces is a vector 

(ὠᴆ ) that represents the direction of sexual dimorphism (Fig. 4-3a). For consistency I will assume 

the female consensus face is subtracted from the male face, but the reverse is equally appropriate. 

For a target face X in the remaining sample (N = 947, Table 4-2), we can calculate how it changes 

relative to the female consensus face by subtracting the two. This will be represented by ὠᴆ  (Fig. 

4-3b). The scalar projection of in the direction of ὠᴆ  gives us a measure of the degree of facial 

masculinity of the target face (Fig. 4-3c). This can be calculated as follows: 

ὊὥὧὭὥὰ άὥίὧόὰὭὲὭὸώ 
ὠᴆ Ȣ ὠᴆ

ὠᴆ 
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Figure 4-3. Calculation of facial masculinity: A) the sex difference direction (ὠᴆ ) is created by 

subtracting the female face from the male face. B) The direction of a target face from the female 

face is calculated (ὠᴆ ). C) The component of ὠᴆ  in the sex difference direction (ὠᴆ ) is 

calculated. This is referred to as ὠᴆ. D) The magnitude of ὠᴆ is used as a measure of the facial 

masculinity of the target face (Image designed by Julie White). 

 

Note that facial masculinity will take a negative sign if the vector projection of ὠᴆ  is in the opposite 

direction of ὠᴆ . 

Calculating genomic and MHC heterozygosity 

I restricted the heterozygosity analyses to the subset of the Europeans genotyped on the 

23andMe v4 array (~521k) (Table 4-1). Heterozygosity was calculated as the number of 

heterozygous SNPs divided by the total number of SNPs in a region. For the calculation of genomic 

heterozygosity, I started with a set of ~500k autosomal, non-palindromic SNPs. LD pruning was 
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carried out as described above in Plink 1.9 [86]. The resulting dataset contained ~172k SNPs from 

which genomic heterozygosity per person was calculated. For MHC heterozygosity, I started with 

2,139 SNPs in the region defined by Shiina et al. [164]. These were also pruned for LD in the same 

manner as described above, which resulted in 409 SNPs, which were used to calculate MHC 

heterozygosity. The genomic locations of these SNPs is shown in fig. 4-4. 

Linear models 

To test the effects of genomic heterozygosity and MHC heterozygosity, linear models were 

fit separately for each phenotype (height, facial asymmetry, and facial masculinity) in individuals 

of primarily European ancestry who were between 18 and 25 years of age. The age restriction was 

used to isolate phenotypic effects due to variation in development and not because of aging. For 

height and facial masculinity, the models were fit first with both sexes combined, then within males 

and females separately. The sample size used for each phenotype is listed in Table 4-2. Covariates 

included in the models were gPCs 1-3 to correct for genetic stratification, and age. BMI was 

included as a covariate only with facial asymmetry and facial masculinity, but not for height. Sex 

(coded as -1 and 1) was used as a covariate when both males and females were used in a combined 

sample. I did not apply any corrections for multiple testing because of the exploratory nature of this 

work and because of the small number of tests being performed. 
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Figure 4-4. Distribution of SNPs at the MHC locus from which heterozygosity was calculated. The top panel shows that location of the 

MHC region on chromosome 6. The middle line shows the distribution of SNPs in the MHC region used to calculate heterozygosity. The bottom 

panel shows the distribution of genes in the region. 
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Results 

Facial asymmetry 

The calculation of facial asymmetry is described in the methods section. The distribution 

of facial asymmetry and patterns of facial asymmetry in males and females is shown in Fig. 4-5. 

These patterns are very similar to those reported in Claes et al. (2012) [7]. In order to validate the 

calculation of facial asymmetry, I compared it with perceived asymmetry and attractiveness in a 

sample of 99 individuals with mixed West African and Northern European ancestry. These data 

were part of a different study which will be described elsewhere. A linear model was fit between 

facial asymmetry and perceived facial symmetry, with sex, age, BMI, and proportion of West 

African ancestry as covariates. Similarly, another model was fit between facial asymmetry and 

perceived attractiveness since attractiveness is reported to be related to fluctuating asymmetry 

[176,177]. Perceived facial asymmetry and perceived attractiveness are both significantly 

associated with the estimate of facial asymmetry (Table 4-3 and Table 4-4).  
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Figure 4-5. Distribution of facial asymmetry in Europeans. A) The distribution of facial 

asymmetry is divided into four quantiles. B) Scaled heat maps depicting the Euclidean distance per 

QL between original and reflected configurations for males and females within each quantile. Red 

color indicates high asymmetry and blue indicates low asymmetry. 

 

Table 4-3: Results for linear model between facial asymmetry and perceived symmetry 

 Slope SE t P 

West African ancestry -2.43E-06 4.44E-06 -0.547 0.586 

Sex -5.81E-05 1.41E-04 -0.414 0.680 

Perceived symmetry -1.05E-03 3.25E-04 -3.236 1.67E-03 
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Table 4-4: Results for linear model between facial asymmetry and perceived attractiveness 

 S SE t p 

West African 

ancestry 

-1.04E-05 4.46E-06 -2.341 0.021 

Sex -1.03E-05 1.42E-04 -0.073 0.942 

Perceived 

attractiveness 

-8.21E-04 2.30E-04 -3.568 5.67E-04 

 

Table 4-5 shows the t-statistics of the slope for each relationship and the corresponding p-

values. Sex (t-stat = -3.748, P-value = 1.9e-4) is a significantly associated with facial asymmetry 

where males are, on average, more asymmetric than females. This makes sense in light of 

hypermorphosis of the male face, which continues to develop up until 20 years of age, long after 

the development of the female face has ceased at around 15 years of age [9]. BMI is a significant 

predictor (t-stat = -3.38, P-value = 7.5e-4) with higher facial asymmetry observed in individuals 

with lower BMI. This might be if rounder faces (high BMI) superimpose more readily than angular 

faces (low BMI), which would lead to a greater Euclidean distance between original and reflected, 

and thus higher measured asymmetry, for higher BMI faces. Including BMI in the model as a 

covariate likely accounts for this bias. MHC heterozygosity is not correlated with facial asymmetry 

(combined sample: t-stat = 0.164, P-value = 0.870; males: t-stat = 0.268, P-value = 0.789; females: 

t-stat = 0.686, P-value = 0.493). In contrast, genomic heterozygosity appears to be positively 

correlated with facial asymmetry in the combined sample (t-stat = 2.414, P-value = 0.016), and this 

pattern seems to be driven by males (males: t-stat = 3.133, P-value = 1.9e-3; females: t-stat = -

0.069, P-value = 0.945). This result is counter-intuitive since it implies that individuals who are 

more heterozygous are, on average, more asymmetric. 
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Table 4-5: Results of linear model for facial asymmetry 

 
Combined sample  

(N = 955) 

Males (N = 300) Females (N = 655) 

Predictor T-stat* P-value T-stat P-value T-stat P-value 

Sex 
-3.748 1.9e-4 NA NA NA NA 

Age 
1.603 0.109 0.123 0.902 2.048 0.041 

BMI 
-3.381 7.5e-4 -2.076 0.039 -2.921 3.6e-3 

MHC heterozygosity 
0.164 0.870 0.268 0.789 0.686 0.493 

Genomic 

heterozygosity 

2.414 0.016 3.133 1.9e-3 -0.069 0.945 

*T-statistic for slope between facial asymmetry and corresponding variable after adjusting for 

other variables 

 

Relationship between MHC heterozygosity and height 

In the combined sample, sex is strongly associated with height, as expected, with males 

being taller than females (t-stat = -28.81, P-value = 1.03e-148). The slope is negative since the 

males were coded as -1 and females as 1. Genomic heterozygosity was not a significant predictor 

of height in (combined sample: t-stat = 0.23, p-value = 0.817; males: t-stat = -0.514, p-value = 

0.607; females t-stat = 0.785, p-value = 0.433). However, MHC heterozygosity is positively 

correlated with height (combined sample: t-stat = 2.22, p-value = 0.026), and this relationship 

seems to be stronger in males, despite their smaller sample size (males: t-stat = 1.972, p-value = 

0.049; females: t-stat = 1.381, p-value = 0.168). The positive relationship between MHC 

heterozygosity and height, while not very strong, makes intuitive sense. If males who are more 

MHC heterozygous are able to combat infections more effectively during development, their 

growth might not have been affected as much as males who are more homozygous at the MHC 

locus. 
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Table 4-6: Results of linear model for height  

 
Combined sample  

(N = 947) 

Males (N = 299) Females (N = 648) 

Predictor T-stat* P-value T-stat P-value T-stat P-value 

Sex 
-28.81 1.03e-148 NA NA NA NA 

Age 
-1.548 0.122 -0.457 0.648 -1.621 0.106 

MHC heterozygosity 
2.22 0.026 1.972 0.049 1.381 0.168 

Genomic 

heterozygosity 

0.23 0.817 -0.514 0.607 0.785 0.433 

*T-statistic for slope between standing height and corresponding variable after adjusting for other 

variables 

 

Relationship between facial masculinity and heterozygosity 

The results of the linear model between facial masculinity and heterozygosity and other 

covariates are presented in Table 4-7. Expectedly, facial masculinity is significantly higher, on 

average, in males than in females (t-stat = -35.13, p-value = 1.31e-198). Moreover it is positively 

correlated with standing height (combined: t-stat = 5.79, p-value = 19.76e-09; males: t-stat = 2.79, 

p-value = 5.70e-03; females: t-stat = 5.31, p-value = 1.56e-07), after accounting for sex, age, and 

gPCs1-3. The distribution of facial masculinity in males and females and its relationship with 

standing height is shown in Fig. 4-6. This suggests that there might be a common mechanism 

underlying the development of facial masculinity and height. BMI is inversely correlated with 

masculinity in both sexes (combined: t-stat = -4.74, p-value = 2.50e-6; males: t-stat = -3.065, p-

value = 0.002; females: t-stat: -3.637, p-value = 2.97e-4) to the effect that individuals with a higher 

BMI tend to be less facially masculine than individuals with a lower BMI. Neither MHC 

heterozygosity nor genomic heterozygosity are significantly associated with facial masculinity in 

either sex.  
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Figure 4-6: Facial masculinity is correlated with height in both males and females. Orange 

dots represent females and blue dots represent males. The density plots on the right show the 

distribution of facial masculinity in males (blue), and females (orange). Regression lines show the 

direction of the relationship between facial masculinity and height within the sexes. 

Table 4-7: Results of linear model for facial masculinity 

 Combined sample (N = 955) Males (N = 300) Females (N = 655) 

Predictor T-stat* P-value T-stat P-value T-stat P-value 

Sex 
-35.13 1.31e-198 NA NA NA NA 

Age 
1.87 0.063 -0.935 0.351 2.618 0.009 

BMI 
-4.74 2.50e-6 -3.065 0.002 -3.637 2.97e-4 

MHC heterozygosity 
1.46 0.145 1.443 0.150 0.884 0.377 

Genomic 

heterozygosity 

1.12 0.263 -0.019 0.985 1.244 0.214 
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Discussion 

The incorporation of genetic heterozygosity in the good-genes hypothesis can be traced 

back to Brown (1997) [161], who proposed that females should prefer males who are more 

heterozygous to recruit genetic variation for their offspring. This expression of heterozygosity as a 

reliable signal of mate quality is thought to be mediated through condition-dependent traits such as 

fluctuating asymmetry and male ornamentation. Here, I tested whether heterozygosity is expressed 

in these traits in humans by using facial asymmetry as a measure of fluctuating asymmetry, and 

height and facial masculinity as measures of male ornamentation. It appears that, in males, genomic 

heterozygosity is positively correlated with facial asymmetry. This result is contradictory to 

expectation, and the results from previous studies [163,171], warranting further exploration. 

Height, also in males, is positively correlated with MHC heterozygosity. This agrees with the 

hypothesis that males who are more homozygous at the MHC locus had a higher infection load 

during development, which might have impeded their growth. An important result that has not been 

reported before, to my knowledge, is that facial masculinity is positively correlated with height, in 

both sexes. This suggests that there are common underlying mechanisms, such as testosterone level, 

which lead to the development of height and facial masculinity. However, facial masculinity was 

not correlated with either MHC heterozygosity or genomic heterozygosity in either sex. 

Given the results discussed here, it seems that female preference for fluctuating asymmetry 

and facial masculinity, might not be a way to recruit genetic variation. However, mates could still 

recruit genetic variation for their offspring by choosing individuals who are genetically different 

from them through inbreeding avoidance and disassortative mating [178]. There seems to be some 

evidence supporting this view in humans. For example, Thornhill et al. have found that women 

prefer the scent of men who are more dissimilar at their MHC locus than men who are more similar 

to themselves [168]. This is interesting since the extended MHC locus is known to be linked to a 
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large cluster of olfactory receptor genes which provides some evidence that disassortative mating 

might occur through olfaction [179]. Additionally, Chaix et al. have reported that couples from the 

HapMap data are more dissimilar to each other at the MHC locus than two individuals randomly 

selected from the same population after a genome-wide correction [180]. Thus, it is possible that 

sexual selection might be contributing to the signal of balancing selection observed at the MHC 

locus.    
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Chapter 5  
 

Conclusions 

The role of selection in influencing facial shape variation within and across human 

populations is a subject of continuing debate. In this dissertation, I have focused on two widely 

studied hypotheses regarding the evolution of facial shape: i. that differences in nose shape across 

populations have evolved in response to climate-related selection pressures, and ii. that traits such 

as facial symmetry and facial masculinity may have been used as honest signals of genetic quality 

by mates to recruit genetic diversity. 

Hypothesis 1: Differences in nose shape across populations appear to be driven by local 

adaptation to temperature, but not by humidity. 

In chapter two, I used 709 quasi-landmarks to quantify the three dimensional (3D) structure 

of nose shape and used principal components analysis (PCA) to reduce the high-dimensionality of 

the data to four principal components that describe more than 90% of the total variation in nose 

shape. Qst – Fst comparisons were used to test whether each of the four nose shape PCs (nPCs) 

show signatures of accelerated evolution across four populations: W. African, N. European, E. 

Asian, and S. Asian. Qst is usually estimated from phenotypic data under simplifying assumptions 

regarding the within- and between-population components of phenotypic variation due to additive 

genetic effects. Previous studies investigating positive selection on facial shape have estimated Qst 

by assuming that the heritability across populations is greater than the heritability within 

populations. This is an anti-conservative approach, which has led to inflated Qst statistics. As such, 

inferences regarding positive selection cannot be reliably made from these results. The approach 

used here, which is widely used in ecology, is to assume that heritability across populations is equal 

to heritability within populations, and to use sensitivity analysis to evaluate the validity of this 
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assumption. I found that skin pigmentation, nPC1, and nPC3 show signatures of accelerated 

evolution across populations (i.e. Qst >> Fst) and that these signals are robust to a wide range of 

heritability assumptions as discussed earlier. While all nPCs capture variation in multiple aspects 

of nose shape, nPC1 seems to mostly capture variation in the external surface area of the nose and 

the protrusion of the nasal ridge. NPC3 captures variation in the size of the nostrils and the length 

of the nasal ridge. Both nPC1 and nPC3 appear to be heritable within and between populations. 

Next, I tested whether the geographic distribution of nPC1 and nPC3 show correspondence with 

two climate variables: mean annual temperature and aridity index (AI). Neither nPC1 nor nPC3 

were found to be associated with AI. However, nPC3 was significantly correlated with mean annual 

temperature. 

The results from this work are significant from an anthropological perspective because they 

help to address the long-debated question of whether or not nose shape has evolved in response to 

climate. This is achieved by applying a rigorous treatment of the quantitative genetics underlying 

phenotypic differentiation, and combining information from both phenotypic and genetic data. This 

represents a significant improvement in methodology over previous studies, and will be useful for 

future phenotype-based human evolutionary studies. 

In chapter three, I carried out an admixture mapping study to identify variants that are 

contributing to variation in nPC1 and nPC3 in individuals with mixed African and European 

ancestry. I found local ancestry at a region on chromosome 1 (71,462,591 – 819,625,99 ) to be 

significantly associated with nPC1 and two regions, on chromosome 3 (64,766,778 – 74,891,328) 

and on chromosome 15 (63,524,204-73,524,204), to be significantly associated with nPC3. 

Because admixture mapping signals extend for long genetic distances, it is difficult to say which 

variants within this region are causal. Based on proximity to nearby genes, LHX8 (LIM 

Homeobox 8) is a candidate gene for nPC1, and MITF (Microopthalmia-associated transcription 
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factor) and UACA (Uveal autoantigen with coiled-coil domains and ankyrin repeats) are candidate 

genes for nPC3. 

Next I scanned regions around these genes for SNPs showing signatures of climate-

adaptation. Using the allele frequency data in 51 populations representing different climate zones 

from the Human Genome Diversity Project (HGDP), I searched each admixture peak for SNPs 

that show unusually high Fst values relative to the genomic background and also show allele-

frequency correlations with mean annual temperature.  Evidence of both in the same region could 

be indicative of positive selection driven by climate. Neither of the two regions tested for nPC3 

showed strong signals of temperature-related selection. 

The admixture mapping approach taken here identified long regions of the genome which 

might contain variants that are associated with nose shape. This effect should be fine-mapped in a 

larger sample size and with a dense set of markers to localize the causal variant which will be more 

informative about the development of nose shape. While this type of fine-mapping is not planned, 

I am collaborating with Joanna Wysocka (Institute for Stem Cell and Regenerative Medicine, 

Stanford University), who studies the role of functional non-coding elements in differentiating 

human neural crest cells, to functionally validate the association mapping results. The idea here is 

to provide her with a set of candidate regions, within which putative enhancers can be identified. 

The effect of variants in these enhancers on allele-specific expression of nearby genes can then be 

studied to make inferences regarding the role of these variants in craniofacial development. 

Hypothesis 2: Preference for facial masculinity, facial symmetry, and height is an adaptation 

to recruit genetic diversity.  

In chapter four, I investigated whether traits that are correlated with attractiveness (facial 

masculinity, facial asymmetry, and height) reflect the underlying genetic heterozygosity of the 
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individual. Facial asymmetry and masculinity of individuals was measured using geometric 

morphometric techniques.  Heterozygosity was calculated on a genome-wide level and at the MHC 

locus. For each phenotype (height, facial masculinity, and facial asymmetry), I tested for an 

association with MHC heterozygosity and genome-wide heterozygosity. This was carried out in a 

sample of individuals with primarily European ancestry. I found that height is positively correlated 

with MHC heterozygosity, but not with genome-wide heterozygosity. This means that individuals 

who are more MHC homozygous, on average, tend to be shorter than individuals who are more 

MHC heterozygous. On the other hand, facial asymmetry is positively correlated with genome-

wide heterozygosity, and not correlated with MHC heterozygosity. This pattern contradicts 

previous findings, as well as the expectation of the ‘good genes’ hypothesis that individuals with 

higher genetic heterozygosity would be more attractive to mates by being more symmetric. These 

patterns are interesting and require further investigation before we can conclude whether or not 

facial masculinity, facial asymmetry, and height play a role in advertising heterozygosity to mates. 

Another way that mates might recruit genetic heterozygosity for their offspring is through 

disassortative mating. Women’s preferences for the scent of MHC dissimilar men and a lower 

similarity in MHC haplotypes in couples might be indicative of this [168]. While this effect has 

also been detected through haplotype sharing in couples [180], it needs to be replicated in a larger 

sample size and supplemented with perception data in future studies. 

Concluding remarks 

An important goal of this dissertation is to demonstrate the utility of integrating both 

genetic and phenotypic data to study evolution of complex traits such as facial shape. Approaches 

that rely solely on studying patterns of genetic variation have power to detect signals of strong 

selection at single loci, but will miss signals of polygenic adaptation, which are likely to be more 
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common for complex traits. This approach of analyzing patterns of phenotypic variation in relation 

to the underlying genetic variation would especially be important in making inferences regarding 

sexual selection, the genomic footprints of which will not be easily disentangled from those of 

natural selection.
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Appendix A 

Supplementary figures from Chapter 1 

 

Fig. S 1: Cumulative proportion of total variance in nose shape explained by the first 10 

PCs. Four PCs explain around 90% of the total variation in nose shape. 
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Fig. S 2: Unsupervised PCoA biplots generated using genotypes at 118,420 SNPs. The colored 

points are reference samples from the HapMap 3 dataset and the grey points are individuals from 

our dataset. The East Asian and South Asian clusters are magnified to show where cutoffs (red line) 

were applied to exclude individuals from our dataset who clustered away from the Han Chinese 

from Beijing (CHB) and Gujarati Indians from Houston (GIH), respectively. 
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Fig. S 3: Correspondence between the climate values at parents’ birthplaces. 
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Fig. S 4 The sufficiency of nPC space constructed from the full dataset (N = 2,249). This figure 

shows that the accuracy of the nPC space in capturing variation in nose shape is comparable across 

populations. We show this using the Euclidean distance between the original nose shape and 

‘projected’ nose shape constructed using x number of top PCs. The Euclidean distance is shown on 

the y-axis. The x-axis is the number of top nPCs used to make the projected face. Each grey line is 

an individual and the sold black line is the mean Euclidean distance. The number next to the solid 

red line is the mean Euclidean distance per population based on 4 nPCs. 
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Fig. S 5: Correlation between corresponding PCs across full PCA space and reduced PCA 

space. The full PCA space was constructed using the full set of 2,249 faces while the reduced 

PCA space was based on 321 faces used for Qst – Fst analyses. The plot shows that not only does 

the order of the first four nPCs not change, they are also very highly correlated across the full and 

reduced PCA spaces. 
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Appendix B 

List of candidate genes tagged on the Affymetrix Axiom array 

Gene Phenotype  Chromosome Start End 

ECE1 Skin Pigmentation 1 21546447 21671871 

LMX1A Skin Pigmentation 1 165173116 165324796 

LYST Skin Pigmentation 1 235826239 235993717 

MCOLN3 Skin Pigmentation 1 85484805 85511043 

TBX19 Skin Pigmentation 1 168250328 168282240 

WNT3A Skin Pigmentation 1 228194829 228247166 

MCOLN3 Skin Pigmentation 1 85484805 85511043 

LYST Skin Pigmentation 1 235826239 235993717 

ZMYM6 Skin Pigmentation 1 35452704 35496240 

AGT PPROM 1 230838886 230846596 

CSF1 PPROM 1 110453645 110467811 

F13B PPROM 1 197008507 197036353 

F3 PPROM 1 94996015 95007192 

F5 PPROM 1 169483550 169555624 

GJA4 PPROM 1 35259814 35260816 

HSPG2 PPROM 1 22149808 22263710 

IL10 PPROM 1 206941980 206945780 

IL12RB2 PPROM 1 67786051 67861263 

IL6R PPROM 1 154378105 154437856 

MTHFR PPROM 1 11850736 11863173 

NPPA PPROM 1 11906065 11907741 

NPR1 PPROM 1 153651584 153665890 

PTGER3 PPROM 1 71419468 71513260 

PTGS2 PPROM 1 186643484 186649422 

REN PPROM 1 204124143 204135421 

SELE PPROM 1 169694884 169702753 

SELP PPROM 1 169559385 169599312 

SERPINC1 PPROM 1 173873026 173886397 

TLR5 PPROM 1 223283796 223286373 

TNFRSF1B PPROM 1 12227148 12267077 

TNR PPROM 1 175292492 175375850 

EPHX1 PPROM 1 226016430 226033048 

FASLG PPROM 1 172628341 172635156 

GSTM1 PPROM 1 110230495 110235917 

MTR PPROM 1 236959003 237060944 
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SKI Craniofacial 1 2160205 2238204 

PEX10 Craniofacial 1 2337204 2343941 

PEX14 Craniofacial 1 10535023 10690044 

ECE1 Craniofacial 1 21546447 21671871 

HSPG2 Craniofacial 1 22149808 22263710 

SLC35D1 Craniofacial 1 67470022 67519696 

LHX8 Craniofacial 1 75602299 75626580 

RPL5 Craniofacial 1 93297671 93307422 

DPYD Craniofacial 1 97544531 98386478 

COL11A1 Craniofacial 1 103343574 103573734 

ALX3 Craniofacial 1 110603354 110613234 

TBX15 Craniofacial 1 119427354 119474342 

LMNA Craniofacial 1 156096593 156107555 

PRRX1 Craniofacial 1 170633359 170699472 

IRF6 Craniofacial 1 209961764 209969786 

ACTA1 Craniofacial 1 229567245 229568862 

TBCE Craniofacial 1 235543364 235612077 

HES5 Craniofacial 1 2460907 2461603 

PRDM16 Craniofacial 1 2985823 3350375 

PAX7 Craniofacial 1 18958097 19062533 

RERE Craniofacial 1 8415146 8716356 

CTNNBIP1 Craniofacial 1 9910775 9932122 

VANGL2 Craniofacial 1 160385627 160395168 

HSD17B7 Craniofacial 1 162760590 162782210 

PBX1 Craniofacial 1 164529059 164818639 

POU2F1 Craniofacial 1 167190134 167385047 

EPHB2 Craniofacial 1 23037475 23240063 

CACNA1S Craniofacial 1 201008958 201081467 

MDM4 Craniofacial 1 204494646 204518810 

PTPRF Craniofacial 1 44010746 44087674 

SSBP3 Craniofacial 1 54692803 54871681 

DISP1 Craniofacial 1 223116165 223179314 

PHC2 Craniofacial 1 33790465 33841140 

HS2ST1 Craniofacial 1 87380719 87563622 

MTHFR Craniofacial 1 11850736 11863173 

MTR Craniofacial 1 236959003 237060944 

TTF2 Craniofacial 1 117602968 117644146 

GSTM1 Craniofacial 1 110230495 110235917 

MYSM1 Craniofacial 1 59125668 59165724 

CYP1B1 Skin Pigmentation 2 38297864 38302531 
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MLPH Skin Pigmentation 2 238402069 238462235 

MREG Skin Pigmentation 2 216809585 216878050 

PAX3 Skin Pigmentation 2 223065892 223163334 

POMC Skin Pigmentation 2 25383949 25387641 

ADAM17 Skin Pigmentation 2 9630305 9695734 

POMC Skin Pigmentation 2 25383949 25387641 

MLPH Skin Pigmentation 2 238402069 238462235 

MREG Skin Pigmentation 2 216809585 216878050 

ZRANB3 Skin Pigmentation 2 135957911 136262059 

NFE2L2 Skin Pigmentation 2 178095512 178098996 

LCT Skin Pigmentation 2 136545893 136594739 

R3HDM1 Skin Pigmentation 2 136362415 136481862 

MCM6 Skin Pigmentation 2 136598404 136633935 

AGPS Skin Pigmentation 2 178257517 178402923 

APOB PPROM 2 21224601 21266817 

COL3A1 PPROM 2 189839215 189876500 

COL4A3 PPROM 2 228029442 228176586 

COL4A4 PPROM 2 227872040 228012199 

COL5A2 PPROM 2 189898795 190044330 

FN1 PPROM 2 216226277 216300525 

IL1A PPROM 2 113532643 113541347 

IL1B PPROM 2 113587937 113593806 

IL1R1 PPROM 2 102774184 102793219 

IL1RN PPROM 2 113875595 113890448 

IRS1 PPROM 2 227659725 227663454 

PIGF PPROM 2 46815243 46842303 

PROC PPROM 2 128177518 128186522 

CPS1 PPROM 2 211342487 211542709 

FSHR PPROM 2 49189871 49381556 

SIX3 Craniofacial 2 45169243 45171899 

PEX13 Craniofacial 2 61244894 61275905 

INHBB Craniofacial 2 121103764 121107450 

ZEB2 Craniofacial 2 145147017 145274917 

DLX2 Craniofacial 2 172965270 172967266 

FRZB Craniofacial 2 183699575 183731280 

SATB2 Craniofacial 2 200136933 200320760 

PAX3 Craniofacial 2 223065892 223163334 

HDAC4 Craniofacial 2 239974792 240274394 

ITGAV Craniofacial 2 187465061 187542019 

FIGN Craniofacial 2 164466061 164591437 
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FBXO11 Craniofacial 2 48035256 48132859 

DLX1 Craniofacial 2 172950405 172952985 

SP3 Craniofacial 2 174774668 174829899 

GBX2 Craniofacial 2 237074556 237076614 

PGAP1 Craniofacial 2 197705957 197791340 

SUMO1 Craniofacial 2 203071975 203103174 

EDAR Craniofacial 2 109513362 109547470 

SOX11 Craniofacial 2 5832853 5834179 

ANTXR1 Craniofacial 2 69240631 69372508 

GLI2 Craniofacial 2 121554896 121748251 

MYCN Craniofacial 2 16080708 16082251 

SOS1 Craniofacial 2 39212964 39347563 

TGFA Craniofacial 2 70677990 70780899 

GAD1 Craniofacial 2 171675101 171716392 

THADA Craniofacial 2 43458086 43819531 

DAG1 Skin Pigmentation 3 49547967 49570632 

HPS3 Skin Pigmentation 3 148847510 148890009 

MITF Skin Pigmentation 3 69928336 70014399 

MITF Skin Pigmentation 3 69928336 70014399 

HPS3 Skin Pigmentation 3 148847510 148890009 

RARB Skin Pigmentation 3 25542702 25638107 

NAALADL2 Skin Pigmentation 3 174577197 175520991 

TOP2B Skin Pigmentation 3 25639797 25705788 

NGLY1 Skin Pigmentation 3 25760950 25824881 

OXSM Skin Pigmentation 3 25832511 25835985 

AGTR1 PPROM 3 148447966 148459902 

CCR2 PPROM 3 46399018 46401351 

IL12A PPROM 3 159706843 159713346 

IL5RA PPROM 3 3131926 3146668 

LTF PPROM 3 46477685 46506357 

OXTR PPROM 3 8794662 8809873 

PPARG PPROM 3 12421204 12475644 

PROS1 PPROM 3 93593088 93692593 

THPO PPROM 3 184090385 184094047 

TLR9 PPROM 3 52255232 52259545 

CAV3 Craniofacial 3 8775562 8787553 

TGFBR2 Craniofacial 3 30648375 30733091 

CSRNP1 Craniofacial 3 39184545 39188173 

TDGF1 Craniofacial 3 46620597 46622740 

HESX1 Craniofacial 3 57232224 57233946 
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FLNB Craniofacial 3 57994291 58156489 

TIPARP Craniofacial 3 156395486 156422920 

CHRD Craniofacial 3 184098106 184107210 

EPHB3 Craniofacial 3 184280023 184299410 

TP63 Craniofacial 3 189349304 189612291 

OPA1 Craniofacial 3 193311166 193409916 

HES1 Craniofacial 3 193854169 193856022 

BOC Craniofacial 3 112968649 113005709 

DLG1 Craniofacial 3 196771493 196910679 

RYK Craniofacial 3 133876996 133969496 

CTNNB1 Craniofacial 3 41265559 41280833 

SLMAP Craniofacial 3 57743378 57913115 

RARB Craniofacial 3 25542702 25638107 

SOX2 Craniofacial 3 181430148 181431102 

PLXND1 Craniofacial 3 129275154 129325482 

CHDH Craniofacial 3 53851803 53858035 

CD96 Craniofacial 3 111261095 111368653 

KIT 

Skin 

Pigmentation 4 55524181 55604723 

SLC7A11 

Skin 

Pigmentation 4 139093109 139163223 

KIT 

Skin 

Pigmentation 4 55524181 55604723 

SLC7A11 Skin 

Pigmentation 4 139093109 139163223 

FABP2 PPROM 4 120240195 120243257 

FGB PPROM 4 155484170 155491802 

FGF2 PPROM 4 123747930 123813551 

HPGD PPROM 4 175413206 175443602 

IL2 PPROM 4 123372906 123377595 

NFKB1 PPROM 4 103446675 103537751 

PDGFC PPROM 4 157684241 157892055 

SOD3 PPROM 4 24801143 24801866 

TLR1 PPROM 4 38798091 38800452 

TLR2 PPROM 4 154624059 154626414 

TLR3 PPROM 4 186997773 187006027 

TLR6 PPROM 4 38828703 38831094 

VEGFC PPROM 4 177605076 177713465 

ADD1 PPROM 4 2877642 2929898 

FGFR3 Craniofacial 4 1795661 1808989 

WHSC1 Craniofacial 4 1902381 1980636 
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MSX1 Craniofacial 4 4861626 4864870 

EVC2 Craniofacial 4 5564574 5710240 

EVC Craniofacial 4 5713107 5812764 

PDGFRA Craniofacial 4 55124935 55161439 

FRAS1 Craniofacial 4 78979163 79366941 

PITX2 Craniofacial 4 111539280 111554154 

EDNRA Craniofacial 4 148406833 148463770 

GAB1 Craniofacial 4 144258341 144390342 

LEF1 Craniofacial 4 108984784 109088923 

PDGFC Craniofacial 4 157684241 157892055 

SFXN1 

Skin 

Pigmentation 5 174919106 174953737 

SLC45A2 

Skin 

Pigmentation 5 33947252 33984688 

SLC45A2 

Skin 

Pigmentation 5 33947252 33984688 

AP3B1 Skin 

Pigmentation 5 77298725 77563400 

CTNND2 Skin 

Pigmentation 5 10973564 11903965 

ADRB2 PPROM 5 148206394 148207636 

CD14 PPROM 5 140011440 140012656 

CSF2 PPROM 5 131409516 131411545 

F12 PPROM 5 176829292 176836528 

FGF1 PPROM 5 141974854 141993692 

FLT4 PPROM 5 180035280 180076545 

IL12B PPROM 5 158743692 158753790 

IL3 PPROM 5 131396399 131398484 

IL4 PPROM 5 132009742 132018279 

IL5 PPROM 5 131877502 131879170 

IL9 PPROM 5 135228079 135231505 

PTGER4 PPROM 5 40681095 40692480 

SPARC PPROM 5 151043131 151055749 

THBS4 PPROM 5 79336084 79378964 

CRHBP PPROM 5 76248959 76264710 

F2R PPROM 5 76012132 76029328 

MTRR PPROM 5 7870907 7900171 

NR3C1 PPROM 5 142661453 142780404 

CTNND2 Craniofacial 5 10973564 11903965 

ANKH Craniofacial 5 14711305 14871556 

NIPBL Craniofacial 5 36953798 37064125 
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SIL1 Craniofacial 5 138282805 138463532 

TCOF1 Craniofacial 5 149737309 149763318 

SH3PXD2B Craniofacial 5 171765372 171881356 

MSX2 Craniofacial 5 174151662 174156586 

NSD1 Craniofacial 5 176562171 176722460 

B4GALT7 Craniofacial 5 177027211 177036696 

ADAMTS2 Craniofacial 5 178540867 178772329 

NDST1 Craniofacial 5 149900816 149932894 

PDGFRB Craniofacial 5 149495325 149516610 

PITX1 Craniofacial 5 134364468 134369571 

SMAD5 Craniofacial 5 135489449 135513168 

NKX2-5 Craniofacial 5 172660345 172662086 

FGF18 Craniofacial 5 170847203 170883809 

EFNA5 Craniofacial 5 106716955 107006314 

MTRR Craniofacial 5 7870907 7900171 

BHMT Craniofacial 5 78407708 78426939 

CITED2 

Skin 

Pigmentation 6 139694268 139695081 

OPRM1 

Skin 

Pigmentation 6 154360679 154428698 

TFAP2A 

Skin 

Pigmentation 6 10398649 10411829 

IRF4 Skin 

Pigmentation 6 393152 407598 

EDN1 PPROM 6 12290862 12296300 

ESR1 PPROM 6 152129047 152420101 

F13A1 PPROM 6 6145851 6318897 

HLA-E PPROM 6 30457308 30460358 

HLA-G PPROM 6 29795621 29798159 

IFNGR1 PPROM 6 137519167 137540464 

IGF2R PPROM 6 160390278 160526116 

LPA PPROM 6 160952760 161085246 

LTA PPROM 6 31540519 31541470 

TAP1 PPROM 6 32813355 32821593 

TNF PPROM 6 31543518 31545314 

ENPP1 PPROM 6 132129175 132211651 

NCR3 PPROM 6 31556843 31560498 

TREM1 PPROM 6 41243862 41254393 

TFAP2A Craniofacial 6 10398649 10411829 

EDN1 Craniofacial 6 12290862 12296300 

DDR1 Craniofacial 6 30856506 30867073 
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COL11A2 Craniofacial 6 33131454 33160017 

POLR1C Craniofacial 6 43484847 43489038 

RUNX2 Craniofacial 6 45390313 45515042 

TFAP2B Craniofacial 6 50786604 50811105 

GJA1 Craniofacial 6 121767993 121769142 

ENPP1 Craniofacial 6 132129175 132211651 

PEX3 Craniofacial 6 143772179 143810363 

PLAGL1 Craniofacial 6 144262560 144269273 

FOXC1 Craniofacial 6 1610680 1612342 

REV3L Craniofacial 6 111621218 111804091 

MAP3K7 Craniofacial 6 91226219 91296602 

CDKN1A Craniofacial 6 36651878 36653577 

HEY2 Craniofacial 6 126070922 126080948 

VEGFA Craniofacial 6 43738443 43752299 

SOX4 Craniofacial 6 21594765 21596190 

ESR1 Craniofacial 6 152129047 152420101 

NFYA Craniofacial 6 41046828 41065149 

EGFR 

Skin 

Pigmentation 7 55086970 55238237 

GPNMB 

Skin 

Pigmentation 7 23286476 23313843 

BRAF 

Skin 

Pigmentation 7 140434396 140624503 

GPNMB Skin 

Pigmentation 7 23286476 23313843 

KCND2 Skin 

Pigmentation 7 119914686 120387912 

COL1A2 PPROM 7 94024343 94059705 

CRHR2 PPROM 7 30693075 30739649 

ELN PPROM 7 73442517 73483030 

IL6 PPROM 7 22766881 22771192 

LEP PPROM 7 127892071 127894816 

NOS3 PPROM 7 150690891 150711257 

NPY PPROM 7 24324859 24331306 

PON1 PPROM 7 94928255 94953787 

SERPINE1 PPROM 7 100771674 100780723 

TBXAS1 PPROM 7 139529186 139719840 

CYP3A4 PPROM 7 99355755 99381704 

PON2 PPROM 7 95034641 95064263 

FAM20C Craniofacial 7 193199 299946 

MEOX2 Craniofacial 7 15652011 15726027 
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TWIST1 Craniofacial 7 19156335 19156944 

HOXA7 Craniofacial 7 27194527 27196164 

INHBA Craniofacial 7 41729247 41739972 

GLI3 Craniofacial 7 42003927 42262852 

GUSB Craniofacial 7 65425883 65447170 

GTF2IRD1 Craniofacial 7 73922410 74016760 

SEMA3E Craniofacial 7 82996901 83277858 

PEX1 Craniofacial 7 92116770 92157749 

COL1A2 Craniofacial 7 94024343 94059705 

DLX5 Craniofacial 7 96650047 96653935 

PLOD3 Craniofacial 7 100849561 100860555 

RELN Craniofacial 7 103113258 103629803 

BRAF Craniofacial 7 140434396 140624503 

SHH Craniofacial 7 155592700 155599443 

POR Craniofacial 7 75583310 75615799 

GTF2I Craniofacial 7 74103462 74173168 

KCNH2 Craniofacial 7 150646986 150652591 

VPS13B 

Skin 

Pigmentation 8 100026016 100887894 

ANGPT2 PPROM 8 6360621 6420455 

DEFA5 PPROM 8 6912952 6914219 

DEFB1 PPROM 8 6728202 6735379 

LPL PPROM 8 19796951 19822821 

MMP16 PPROM 8 89053688 89339435 

PLAT PPROM 8 42033510 42050703 

NAT1 PPROM 8 18079556 18080429 

NAT2 PPROM 8 18257513 18258386 

ESCO2 Craniofacial 8 27633031 27660955 

FGFR1 Craniofacial 8 38271145 38314964 

CHD7 Craniofacial 8 61653991 61778492 

ASPH Craniofacial 8 62415917 62626930 

EYA1 Craniofacial 8 72111574 72267140 

RDH10 Craniofacial 8 74207524 74235271 

OSR2 Craniofacial 8 99961180 99963903 

VPS13B Craniofacial 8 100026016 100887894 

RSPO2 Craniofacial 8 108913302 109094866 

TRPS1 Craniofacial 8 116426250 116635864 

PTK2 Craniofacial 8 141669564 141900836 

EXT1 Craniofacial 8 118811950 119123285 

DLC1 Craniofacial 8 12943319 13133909 
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SNAI2 Craniofacial 8 49831365 49833824 

MSC Craniofacial 8 72754895 72756413 

HEY1 Craniofacial 8 80677422 80679898 

IMPAD1 Craniofacial 8 57876351 57906144 

UBR5 Craniofacial 8 103266529 103424462 

GSDMC Craniofacial 8 130760746 130789833 

BNC2 Skin Pigmentation 9 16419630 16870646 

GNAQ Skin Pigmentation 9 80336238 80646151 

TYRP1 Skin Pigmentation 9 12693996 12709182 

GNAQ Skin Pigmentation 9 80336238 80646151 

TYRP1 Skin Pigmentation 9 12693996 12709182 

SPIN1 Skin Pigmentation 9 91041454 91090192 

COL5A1 PPROM 9 137534033 137734149 

PTGS1 PPROM 9 125140827 125154823 

TLR4 PPROM 9 120475006 120476926 

TPM2 Craniofacial 9 35682077 35689814 

ROR2 Craniofacial 9 94485943 94712245 

PTCH1 Craniofacial 9 98209193 98270643 

FOXE1 Craniofacial 9 100616196 100617318 

TGFBR1 Craniofacial 9 101867487 101911587 

PRRX2 Craniofacial 9 132428146 132484631 

RAD23B Craniofacial 9 110045910 110091937 

ENG Craniofacial 9 130577960 130616634 

GAS1 Craniofacial 9 89560656 89561694 

NOTCH1 Craniofacial 9 139390522 139440238 

ALDH1A1 Craniofacial 9 75516123 75567916 

BNC2 Craniofacial 9 16419630 16870646 

RXRA Craniofacial 9 137218477 137328460 

BSPRY Craniofacial 9 116111859 116132422 

ANKS6 Craniofacial 9 101498800 101558773 

CYP2C8 Skin Pigmentation 10 96796884 96829159 

FGFR2 Skin Pigmentation 10 123239370 123353331 

HPS1 Skin Pigmentation 10 100177320 100202997 

HPS6 Skin Pigmentation 10 103825231 103827559 

HPS1 Skin Pigmentation 10 100177320 100202997 

HPS6 Skin Pigmentation 10 103825231 103827559 

BLOC1S2 Skin Pigmentation 10 102035218 102045896 

COMMD3 Skin Pigmentation 10 22605346 22608927 

SPAG6 Skin Pigmentation 10 22634692 22701434 

IL2RA PPROM 10 6054834 6104114 
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MBL2 PPROM 10 54527896 54531395 

PLAU PPROM 10 75671649 75676323 

CYP2C19 PPROM 10 96522462 96612671 

CYP2E1 PPROM 10 135340899 135352468 

FAS PPROM 10 90750633 90774207 

NEBL Craniofacial 10 21074811 21462762 

ARID5B Craniofacial 10 63661468 63852789 

PTEN Craniofacial 10 89623706 89725229 

CHUK Craniofacial 10 101949354 101989289 

FGF8 Craniofacial 10 103530085 103535657 

CASP7 Craniofacial 10 115451730 115489299 

FGFR2 Craniofacial 10 123239370 123353331 

PLEKHA1 Craniofacial 10 124152716 124189454 

CYP26A1 Craniofacial 10 94833691 94837061 

VCL Craniofacial 10 75757965 75877927 

ZEB1 Craniofacial 10 31610454 31816192 

TCF7L2 Craniofacial 10 114710515 114925731 

NRP1 Craniofacial 10 33469003 33623310 

ZMIZ1 Craniofacial 10 80961389 81072506 

VAX1 Craniofacial 10 118893518 118897567 

HPS5 Skin Pigmentation 11 18301428 18339405 

MYO7A Skin Pigmentation 11 76841680 76895794 

RAB38 Skin Pigmentation 11 87847155 87908552 

TYR Skin Pigmentation 11 88911121 89028534 

TYR Skin Pigmentation 11 88911121 89028534 

RAB38 Skin Pigmentation 11 87847155 87908552 

HPS5 Skin Pigmentation 11 18301428 18339405 

MYO7A Skin Pigmentation 11 76841680 76895794 

APOA1 PPROM 11 116706523 116708103 

APOC3 PPROM 11 116701298 116703600 

DLAT PPROM 11 111896196 111933259 

F2 PPROM 11 46740785 46760958 

FGF4 PPROM 11 69588076 69589852 

IGF2 PPROM 11 2154216 2156753 

IL10RA PPROM 11 117857182 117870356 

IL18 PPROM 11 112014318 112025776 

IL18BP PPROM 11 71711030 71712907 

MMP1 PPROM 11 102661142 102668138 

MMP10 PPROM 11 102641523 102651322 

MMP12 PPROM 11 102733830 102745667 
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MMP13 PPROM 11 102814994 102826434 

MMP3 PPROM 11 102706856 102714277 

MMP7 PPROM 11 102391506 102401431 

MMP8 PPROM 11 102584078 102595586 

VEGFB PPROM 11 64002305 64005105 

GSTP1 PPROM 11 67351314 67354048 

PGR PPROM 11 100909846 100999309 

SERPINH1 PPROM 11 75277394 75283128 

HRAS Craniofacial 11 533295 534322 

TNNI2 Craniofacial 11 1860926 1862781 

CDKN1C Craniofacial 11 2905233 2906686 

PAX6 Craniofacial 11 31811481 31827959 

WT1 Craniofacial 11 32410603 32456891 

EXT2 Craniofacial 11 44129262 44265837 

ALX4 Craniofacial 11 44286403 44331612 

PEX16 Craniofacial 11 45931804 45939362 

LTBP3 Craniofacial 11 65306550 65321831 

DHCR7 Craniofacial 11 71146420 71155998 

DYNC2H1 Craniofacial 11 102980303 103349981 

LRP4 Craniofacial 11 46880533 46939930 

IGF2 Craniofacial 11 2154216 2156753 

CDON Craniofacial 11 125830836 125893371 

CHKA Craniofacial 11 67821454 67888644 

MMP3 Craniofacial 11 102706856 102714277 

ADAMTS20 

Skin 

Pigmentation 12 43748011 43945724 

KITLG 

Skin 

Pigmentation 12 88898972 88974055 

KRT1 

Skin 

Pigmentation 12 53068976 53074132 

VPS33A 

Skin 

Pigmentation 12 122716792 122750955 

WNT1 

Skin 

Pigmentation 12 49372433 49375423 

KITLG Skin 

Pigmentation 12 88898972 88974055 

VPS33A Skin 

Pigmentation 12 122716792 122750955 

AQP2 PPROM 12 50344613 50349391 

GNB3 PPROM 12 6950451 6956062 

IGF1 PPROM 12 102796318 102874159 

LYZ PPROM 12 69742188 69746999 
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MGP PPROM 12 15035072 15038725 

MMP17 PPROM 12 132313039 132335819 

MMP19 PPROM 12 56230819 56236614 

TNFRSF1A PPROM 12 6438477 6450980 

VWF PPROM 12 6058180 6232362 

SCNN1A PPROM 12 6457038 6486432 

PEX5 Craniofacial 12 7342973 7362819 

LRP6 Craniofacial 12 12274059 12419669 

KRAS Craniofacial 12 25368374 25398318 

COL2A1 Craniofacial 12 48367189 48398104 

WNT10B Craniofacial 12 49359877 49364312 

SP7 Craniofacial 12 53721929 53729430 

ALX1 Craniofacial 12 85674039 85695253 

APAF1 Craniofacial 12 99042137 99126344 

PTPN11 Craniofacial 12 112856915 112924437 

ATP6V0A2 Craniofacial 12 124197112 124242579 

TBX3 Craniofacial 12 115109645 115121005 

ACVRL1 Craniofacial 12 52306258 52314677 

GDF11 Craniofacial 12 56137100 56143666 

RARG Craniofacial 12 53605459 53609546 

NCOR2 Craniofacial 12 124809947 124979797 

SOX5 Craniofacial 12 23687152 24048957 

ATP7B 

Skin 

Pigmentation 13 52508891 52585473 

DCT 

Skin 

Pigmentation 13 95092151 95131509 

EDNRB 

Skin 

Pigmentation 13 78472334 78492708 

ZIC2 

Skin 

Pigmentation 13 100634318 100637936 

EDNRB Skin 

Pigmentation 13 78472334 78492708 

DCT Skin 

Pigmentation 13 95092151 95131509 

ATP7B Skin 

Pigmentation 13 52508891 52585473 

COL4A1 PPROM 13 110802709 110959374 

COL4A2 PPROM 13 110960250 111164538 

F7 PPROM 13 113760155 113773322 

FLT1 PPROM 13 28942714 29068980 

GJB2 PPROM 13 20763039 20763720 

HTR2A PPROM 13 47408971 47470041 
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ALOX5AP PPROM 13 31287862 31338243 

KL PPROM 13 33590578 33638323 

POLR1D Craniofacial 13 28196120 28197387 

FREM2 Craniofacial 13 39261481 39454924 

ZIC2 Craniofacial 13 100634318 100637936 

EFNB2 Craniofacial 13 107145387 107187312 

IFT88 Craniofacial 13 21142115 21265314 

FGF9 Craniofacial 13 22246051 22275574 

FOXO1 Craniofacial 13 41133659 41240349 

SPRY2 Craniofacial 13 80910892 80911840 

RABGGTA 

Skin 

Pigmentation 14 24734820 24740321 

RABGGTA Skin 

Pigmentation 14 24734820 24740321 

SLC24A4 Skin 

Pigmentation 14 92790174 92959972 

PRKCH Skin 

Pigmentation 14 61788819 62016549 

KCNH5 Skin 

Pigmentation 14 63175159 63511904 

RHOJ 

Skin 

Pigmentation 14 63671587 63757742 

GPHB5 

Skin 

Pigmentation 14 63779641 63784563 

PPP2R5E 

Skin 

Pigmentation 14 63842726 64006403 

WDR89 

Skin 

Pigmentation 14 64065496 64066660 

ANG PPROM 14 21161723 21162167 

ESR2 PPROM 14 64699854 64749703 

MMP14 PPROM 14 23306026 23315248 

PGF PPROM 14 75409408 75421945 

PTGER2 PPROM 14 52781266 52794172 

MMP14 Craniofacial 14 23306026 23315248 

FOXG1 Craniofacial 14 29236485 29237955 

PAX9 Craniofacial 14 37131294 37145657 

SEC23A Craniofacial 14 39502442 39565322 

BMP4 Craniofacial 14 54416749 54418940 

TGFB3 Craniofacial 14 76425529 76447236 

FOXN3 Craniofacial 14 89628757 89878820 

GSC Craniofacial 14 95234827 95236352 

JAG2 Craniofacial 14 105609031 105634757 

BCL11B Craniofacial 14 99640487 99737555 
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SMOC1 Craniofacial 14 70346395 70496975 

HIF1A Craniofacial 14 62162522 62213657 

OTX2 Craniofacial 14 57268452 57272174 

KIAA0586 Craniofacial 14 58896136 59014650 

BMP4 Craniofacial 14 54416749 54418940 

MTHFD1 Craniofacial 14 64855145 64925021 

DPF3 Craniofacial 14 73137843 73360796 

NRXN3 Craniofacial 14 79117567 80328307 

MTA1 Craniofacial 14 105886372 105936552 

CYP1A2 

Skin 

Pigmentation 15 75042079 75047429 

MYO5A 

Skin 

Pigmentation 15 52605892 52821003 

OCA2 

Skin 

Pigmentation 15 28000533 28327020 

RAB27A 

Skin 

Pigmentation 15 55497704 55527132 

HERC2 

Skin 

Pigmentation 15 28356908 28566579 

LOXL1 

Skin 

Pigmentation 15 74219124 74244178 

OCA2 

Skin 

Pigmentation 15 28000533 28327020 

SLC24A5 

Skin 

Pigmentation 15 48413241 48434548 

MYO5A Skin 

Pigmentation 15 52605892 52821003 

RAB27A Skin 

Pigmentation 15 55497704 55527132 

IGF1R PPROM 15 99192810 99500671 

LIPC PPROM 15 58724231 58861026 

THBS1 PPROM 15 39874058 39887570 

CYP1A1 PPROM 15 75012829 75015438 

NDN Craniofacial 15 23931398 23932364 

SNRPN Craniofacial 15 25219600 25223591 

CHST14 Craniofacial 15 40763412 40764543 

FBN1 Craniofacial 15 48703186 48936966 

MAP2K1 Craniofacial 15 66679685 66782953 

ACAN Craniofacial 15 89379437 89417712 

ALDH1A3 Craniofacial 15 101420112 101454978 

GABRB3 Craniofacial 15 26792939 26874150 

OCA2 Craniofacial 15 28000533 28327020 

SMAD3 Craniofacial 15 67358492 67482874 
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GLCE Craniofacial 15 69548145 69561583 

GREM1 Craniofacial 15 33022891 33023446 

FMN1 Craniofacial 15 33066510 33360085 

MC1R 

Skin 

Pigmentation 16 89985666 89986620 

MGRN1 

Skin 

Pigmentation 16 4674961 4736300 

MC1R 

Skin 

Pigmentation 16 89985666 89986620 

MGRN1 Skin 

Pigmentation 16 4674961 4736300 

WWOX Skin 

Pigmentation 16 78133675 79245693 

CETP PPROM 16 56995891 57017578 

IL4R PPROM 16 27351524 27375151 

MMP15 PPROM 16 58060254 58079350 

MMP2 PPROM 16 55515787 55539354 

MMP2 Craniofacial 16 55515787 55539354 

E2F4 Craniofacial 16 67226130 67232026 

DHODH Craniofacial 16 72042663 72058098 

CFDP1 Craniofacial 16 75327849 75467250 

FANCA Craniofacial 16 89805008 89883023 

CDH5 Craniofacial 16 66413240 66437072 

GLG1 Craniofacial 16 74485953 74640992 

MKL2 Craniofacial 16 14234463 14355301 

RBL2 Craniofacial 16 53468468 53524212 

BRCA1 

Skin 

Pigmentation 17 41197694 41276113 

TP53 Skin 

Pigmentation 17 7576536 7579912 

USP32 Skin 

Pigmentation 17 58256615 58469300 

RGS9 Skin 

Pigmentation 17 63133658 63206780 

C17ORF64 

Skin 

Pigmentation 17 58499953 58508627 

APPBP2 

Skin 

Pigmentation 17 58524941 58603168 

PPM1D 

Skin 

Pigmentation 17 58677775 58740913 

BCAS3 

Skin 

Pigmentation 17 58756818 59469486 

AXIN2 

Skin 

Pigmentation 17 63526093 63554738 

ACE PPROM 17 61562228 61574727 
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CCL2 PPROM 17 32582368 32583846 

COL1A1 PPROM 17 48262862 48278874 

CRHR1 PPROM 17 43893924 43912130 

CSF3 PPROM 17 38171727 38173212 

GP1BA PPROM 17 4835899 4837858 

ITGB3 PPROM 17 45331227 45387570 

PAFAH1B1 PPROM 17 2541582 2585096 

PECAM1 PPROM 17 62401175 62407083 

TIMP2 PPROM 17 76851748 76921170 

SHMT1 PPROM 17 18232063 18259295 

HIC1 Craniofacial 17 1959984 1962129 

RAI1 Craniofacial 17 17696262 17713295 

LHX1 Craniofacial 17 35295494 35300428 

SOST Craniofacial 17 41832709 41836109 

WNT3 Craniofacial 17 44845685 44895963 

COL1A1 Craniofacial 17 48262862 48278874 

NOG Craniofacial 17 54671584 54672283 

TRIM37 Craniofacial 17 57060278 57183822 

KCNJ2 Craniofacial 17 68171180 68172464 

SOX9 Craniofacial 17 70117532 70120528 

PYCR1 Craniofacial 17 79891089 79894690 

MNT Craniofacial 17 2290194 2304006 

RARA Craniofacial 17 38498956 38512478 

FZD2 Craniofacial 17 42635056 42636754 

VEZF1 Craniofacial 17 56051833 56065472 

WNT9B Craniofacial 17 44929004 44954084 

TBX2 Craniofacial 17 59477537 59485867 

RPL38 Craniofacial 17 72200094 72205968 

CCL2 Craniofacial 17 32582368 32583846 

PEMT Craniofacial 17 17409104 17480326 

ERBB2 Craniofacial 17 37856491 37884297 

BCL2 

Skin 

Pigmentation 18 60795857 60985899 

SERPINB2 PPROM 18 61558678 61570539 

CCBE1 Craniofacial 18 57103139 57364574 

RAX Craniofacial 18 56936235 56940438 

CDH2 Craniofacial 18 25532116 25756986 

AP3D1 

Skin 

Pigmentation 19 2102171 2151333 

BLOC1S3 

Skin 

Pigmentation 19 45682554 45683163 
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ERCC2 

Skin 

Pigmentation 19 45854886 45873798 

GNA11 

Skin 

Pigmentation 19 3094649 3121177 

STK11 

Skin 

Pigmentation 19 1206912 1226646 

GNA11 Skin 

Pigmentation 19 3094649 3121177 

AP3D1 Skin 

Pigmentation 19 2102171 2151333 

BLOC1S3 Skin 

Pigmentation 19 45682554 45683163 

ERCC2 Skin 

Pigmentation 19 45854886 45873798 

APOE PPROM 19 45409881 45412507 

IL12RB1 PPROM 19 18170417 18197633 

PLAUR PPROM 19 44150608 44174272 

PTGER1 PPROM 19 14583371 14585132 

TGFB1 PPROM 19 41836956 41858949 

ICAM1 PPROM 19 10381835 10395963 

GNA11 Craniofacial 19 3094649 3121177 

MAP2K2 Craniofacial 19 4090595 4123872 

ADAMTS10 Craniofacial 19 8645776 8657046 

LTBP4 Craniofacial 19 41099071 41135455 

TGFB1 Craniofacial 19 41836956 41858949 

RPS19 Craniofacial 19 42364844 42375445 

MIDN Craniofacial 19 1250295 1257271 

NFIC Craniofacial 19 3359680 3462767 

PTPRS Craniofacial 19 5206784 5286151 

BCL3 Craniofacial 19 45252047 45262872 

ASIP 

Skin 

Pigmentation 20 32848180 32856973 

ATRN 

Skin 

Pigmentation 20 3451754 3627494 

EDN3 

Skin 

Pigmentation 20 57875867 57899422 

SOX18 

Skin 

Pigmentation 20 62679518 62680869 

ASIP 

Skin 

Pigmentation 20 32848180 32856973 

EDN3 Skin 

Pigmentation 20 57875867 57899422 

SOX18 Skin 

Pigmentation 20 62679518 62680869 
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ATRN Skin 

Pigmentation 20 3451754 3627494 

MMP9 PPROM 20 44637565 44645007 

THBD PPROM 20 23028413 23030141 

PROCR PPROM 20 33759957 33764616 

SLC23A2 PPROM 20 4837617 4913208 

JAG1 Craniofacial 20 10620145 10654178 

FOXA2 Craniofacial 20 22562487 22564916 

VSX1 Craniofacial 20 25059371 25062732 

DNMT3B Craniofacial 20 31368129 31395709 

ITCH Craniofacial 20 33000438 33095599 

GDF5 Craniofacial 20 34021706 34025708 

GNAS Craniofacial 20 57470704 57485884 

BMP2 Craniofacial 20 6750773 6759736 

OVOL2 Craniofacial 20 18005279 18038278 

MAFB Craniofacial 20 39316518 39317490 

SNAI1 Craniofacial 20 48599596 48604593 

BMP7 Craniofacial 20 55746014 55841178 

LAMA5 Craniofacial 20 60884391 60942301 

IFNGR2 PPROM 21 34775849 34809269 

CBS PPROM 21 44473989 44492303 

SIM2 Craniofacial 21 38072046 38120393 

CBS Craniofacial 21 44473989 44492303 

GART Craniofacial 21 34876430 34911621 

SOX10 

Skin 

Pigmentation 22 38369501 38379791 

MIF PPROM 22 24236661 24237293 

MMP11 PPROM 22 24115057 24125731 

PDGFB PPROM 22 39621727 39639968 

PPARA PPROM 22 46594280 46631277 

GSTT1 PPROM 22 24376422 24384231 

PEX26 Craniofacial 22 18561142 18570841 

UFD1L Craniofacial 22 19438192 19466608 

TBX1 Craniofacial 22 19747166 19770545 

YPEL1 Craniofacial 22 22055417 22065033 

MN1 Craniofacial 22 28146902 28196531 

NF2 Craniofacial 22 29999987 30079044 

TCN2 Craniofacial 22 31003318 31022508 

CELSR1 Craniofacial 22 46759074 46933067 

COL4A5 PPROM X 107683355 107939608 
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COL4A6 PPROM X 107400229 107681426 

FIGF PPROM X 15364254 15402068 

IL13RA2 PPROM X 114238642 114251832 

IL1RAPL1 PPROM X 28807460 29973937 

IL3RA PPROM X 1460658 1501358 

IL9R PPROM X 155227424 155240074 

TIMP1 PPROM X 47442814 47446090 

MID1 Craniofacial X 10474480 10535587 

NHS Craniofacial X 17393880 17750584 

AR Craniofacial X 25022786 25033854 

EBP Craniofacial X 48382159 48386845 

PQBP1 Craniofacial X 48755792 48760361 

FGD1 Craniofacial X 54472541 54521865 

EFNB1 Craniofacial X 68049619 68060497 

MED12 Craniofacial X 70338604 70362068 

TBX22 Craniofacial X 79277768 79286610 

GPC3 Craniofacial X 132670151 133119476 

SOX3 Craniofacial X 139585884 139587225 

FLNA Craniofacial X 153577216 153599613 

PHEX Craniofacial X 22051123 22266070 
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Appendix C 

SNPs from admixture mapping with posterior probability greater than 0.5 

Phenotype SNP Chromosome Position peak admix.posterior 

nPC1  rs1124171 1 76690003 1 0.597483364 

nPC1  rs512082 1 76699912 1 0.622614481 

nPC1 rs7413797 1 76927675 1 0.86520492 

nPC1 rs6685154 1 76957470 1 0.887360996 

nPC1 rs315091 1 76975060 1 0.882199836 

nPC1 rs649328 1 77190011 1 0.536772069 

nPC3  rs9869047 3 69791738 1 0.541418858 

nPC3  rs13073599 3 69808638 1 0.541418858 

nPC3  rs925481 15 70737151 2 0.632734451 
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Appendix D 

Genes in a 10Mb region around admixture peaks 

Phenotype Gene Chromosome Start End 

nPC1 LHX8 1 75368987 75399168 

nPC3 MITF 3 69788748 70014399 

nPC3 MAP2K1 15 66679685 66782953 

nPC3 SMAD3 15 67358492 67482874 

nPC3 GLCE 15 69548145 69561583 

nPC3 LOXL1 15 74219124 74244178 

nPC3 CYP1A1 15 75012829 75015438 

nPC3 CYP1A2 15 75042079 75047429 
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