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ABSTRACT 

Reconstructing the origins and evolutionary journey of humans is a central piece 

of biology. Complementary to archeology, population genetics studying genetic variation 

among individuals in extant populations has made considerable progress in understanding 

the evolution of our species. Particularly, studies in indigenous humans provide valuable 

insights on the prehistory of humans because their life history closely resembles that of 

our ancestors. Despite these efforts, it can be difficult to disentangle population genetic 

inferences because of the interplay among evolutionary forces, including mutation, 

recombination, selection, and demographic processes. To date, few studies have adopted 

a comprehensive framework to jointly account for these confounding effects. The 

shortage of such an approach inspired this dissertation work, which centered on the 

development of model-based analysis and demonstrated its importance in population 

genetic inferences. Indigenous African Pygmy hunter-gatherers have been long studied 

because of interest in their short stature, foraging subsistence strategy in rainforests, and 

long-term socio-economic relationship with nearby farmers. I proposed detailed 

demographic models using genomes from seven Western African Pygmies and nine 

Western African farmers (Appendix A). Statistical evidence was shown for a much 

deeper divergence than previously thought and for asymmetric migrations with a larger 

contribution from the farmers to Pygmies. The model-based analyses revealed significant 

adaption signals in the Pygmies for genes involved in muscle development, bone 

synthesis, immunity, reproduction, etc. I also showed that the proposed model-based 

approach is robust to the confounding effects of evolutionary forces (Appendix A). 

Contrary to the low-latitude African homeland of humans, the indigenous Siberians are 
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long-term survivors inhabiting one of the coldest places on Earth. Leveraging whole-

exome sequencing data from two Siberian populations, I presented the first demographic 

models for these North Asian dwellers that include divergence, isolation, and gene flow 

(Appendix B). The best-fit models suggested a closer genetic affinity of these Siberians 

to East Asians than to Europeans. Using the model-based framework, seven NCBI 

BioSystems gene sets showed significance for polygenic selection in these Siberians. 

Interestingly, many of these candidate gene sets are heavily related to diet, indicating 

possible adaptations to special dietary requirements in these populations in cold, 

resource-limited environments. Finally, I moved beyond studying the history of extant 

humans to explore the origins of our species in Africa (Appendix C). Specifically, with 

statistical analyses using genomes only from extant Africans, I rejected the null model of 

no archaic admixture in Africa and in turn gave the first whole-genome evidence for 

interbreeding among human species in Africa. Using extensive simulation analyses under 

various archaic admixture models, the results suggest recurrent admixture between the 

ancestors of archaic and modern Africans, with evidence that at least one such event 

occurred in the last 30,000 years in Africa. 
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I. INTRODUCTION 

Explanation of the problem, its context, and the dissertation format 

 The fundamental goal in the study of human evolution is to understand the origin 

of anatomically modern humans (AMHs), Homo sapiens, and how individual populations 

have evolved over time. Fossil evidence suggests that our genus Homo emerged in 

Eastern Africa ~2.8 million years ago (Mya) (Villmoare et al. 2015). Since then, multiple 

species/subspecies of Homo had evolved and later dispersed to the Old World outside 

Africa, starting at least 1.8 Mya (e.g. Homo habilis, Homo erectus, and Home ergaster) 

(Stringer 2012). Several morphologically mosaic forms of Homo were found coexisting 

until ~35 thousand years ago (kya), well after the first emergence of AMHs at ~200,000 

years ago in Africa (Bräuer 2008; Rightmire 2009; Harvati et al. 2011). Furthermore, the 

AMHs began to disperse ~70–45 kya, rapidly spread in much of the world outside of 

Africa, and reached the northeast coast of Asia ~20–15 kya, followed by the colonization 

of the American continent (Henn et al. 2012). These geographic range expansions of our 

species throughout the world were very likely associated with climatic fluctuations, and 

subsequently, might have promoted evolution through demographic processes (e.g. 

divergence and migration) and/or adaptations to new habitats (Stewart and Stringer 2012; 

Potts 2013). 

Population genetics offers an alternative means of deciphering our own history by 

utilizing genetic variation observed in the genome. Similar to the variation patterns found 

in archeological and linguistic records that are used to study human evolution, 

evolutionary forces also leave genetic traces in our genome. At the molecular level, 

mutation is the ultimate source of new genetic variation. Recombination, on the other 
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hand, is the process by which DNA segments are reshuffled, resulting in new genetic 

composition of variants on chromosomes. Additionally, whereas natural selection shapes 

local genetic variation when different genotypes lead to differential success in 

reproduction or survival of individuals in a population, demographic processes influence 

the genome as a whole. Importantly, it has been shown that mutation and recombination 

rate heterogeneity across the genome and demographic processes can distort genetic 

signatures of selection (Tajima 1989; Andolfatto and Przeworski 2000; Wall et al. 2002; 

Schaffner et al. 2005; Teshima et al. 2006; Hsieh et al. 2016). Thus, a complete 

understanding of our evolutionary history requires carefully designed methods to 

simultaneously account for the interplay of these evolutionary forces. To date, very few 

studies have approached this level of complexity in study design, and the history of our 

species remains largely inconclusive. 

 This dissertation is centered on the evolution of humans, specifically of 

indigenous hunter-gatherers in the Central Africa rainforest, the Baka and Biaka 

Pygmies, and in artic/subarctic Central Siberia, the Nganasans and Yakuts. These 

indigenous people have historically subsisted by an economy of hunting and gathering in 

their unique habitats, which many still practice today (Cavalli-Sforza et al. 1994). 

Importantly, these indigenous people live in relatively small, isolated groups (although 

the census size of the Yakuts is > 380,000 people, see Uinuk-Ool et al. 2003; Pugach et 

al. 2015), and their hunting-gathering lifestyle resembles the mode of subsistence of our 

ancestors (Cavalli-Sforza et al. 1994; Phillipson 2005). In addition, African Pygmies 

inhabit warm and humid rainforests and North-Central Siberians live in a cold climate. 

The long-term settlements and survival of these populations almost certainly required 
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biological adaptations to their environments. Thus, these indigenous people represent a 

useful avenue to explore the pre-historical demographic dynamics of our species and 

understand how natural selection might have promoted the evolution of indigenous 

populations in sub-Saharan Africa and North Asia. 

 Toward this end, in my dissertation work I took advantage of whole 

genome/exome sequencing data from these indigenous people and developed model-

based statistical approaches that account for the effects of the aforementioned 

evolutionary forces. I reported detailed demographic models and promising candidates 

for genetic adaptations in these populations (Appendix A and B). These results can serve 

as informative resources for future research in understanding the evolutionary history of 

these indigenous people. In addition, I also tested the hypothesis of archaic admixture in 

Africa in order to investigate the origins of our species. I reported whole-genome 

evidence of at least one archaic admixture event that occurred in the last 30,000 years in 

Africa (Appendix C). With recent evidence of Neanderthal and Denisovan admixture in 

Eurasians (Green et al. 2010; Reich et al. 2010; Prufer et al. 2014), this result in turn 

suggests hybridization among different archaic human species might have been a 

common feature in human evolution both inside and outside Africa. Together, these 

results extend our understanding of human evolution and demonstrate the importance of a 

model-based framework for population genetics. 

A review of the literature 

 A detailed review of the indigenous populations of interest can be found in 

Appendix A, B, and C. In this section, I review the background of methods for the 
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demography and adaptive selection inferences using genetic data, as well as the models 

for the origin of anatomically modern humans. 

A. Background: Demographic Inference and the Inference Methods 

The importance of demographic inference is that it complements archeological 

evidence, especially when the fossil records of the species/populations of interest are 

scarce (Becquet and Przeworski 2007). The inference results of demography also provide 

new insights into future research. For example, although the general topology of 

chimpanzee genealogy is well established, the demographic history of wild chimpanzees 

remains elusive because of very limited fossil record. Our knowledge of the key 

demographic events within wild chimpanzee species, such as current and past population 

sizes, migration patterns, etc., mainly relies on inference using genetic data from extant 

individuals (Wegmann and Excoffier 2010). The inferred demographic model can thus 

guide preservation efforts of wild chimpanzees. 

Demographic inference consists of fitting patterns of genetic variation with a 

population genetic model of demographic history. Autosomal single nucleotide 

polymorphism (SNP) data are the most useful data for the purpose of demographic 

inference (Nielsen and Beaumont 2009). Although a large number of autosomal SNPs 

can be genotyped by high-density SNP arrays, it is hard to control for the ascertainment 

bias regarding which SNPs appear on the chip; therefore, such data is not suitable for 

demographic inference (Clark et al. 2005). Fortunately, with the advent of whole-genome 

sequencing data, we can now survey the entire genome thoroughly. A demographic 

model is a set of hypotheses regarding the key events in the history of the populations of 

interest. The parameters in the model are then optimized to best reproduce the data. To 
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assess the quality of a model, the goodness-of-fit of the model can be tested. Model 

selection procedures can also be applied to determine the best-fitting model among 

alternative models (Gutenkunst et al. 2009). 

There are several methods to infer demographic history. Coalescent-genealogy 

sampling methods, such as IM (Hey and Nielsen 2004; Hey 2010), calculate the full 

likelihood of genetic variation of SNPs given a demographic model. These methods thus 

extract maximal information from the data about model parameters. However, methods in 

this class are typically computationally expensive, especially for large datasets, or under 

complex models (Nielsen and Beaumont 2009). Methods of approximate Bayesian 

computation (ABC) approximate, rather than directly calculate, likelihoods of models 

(Beaumont et al. 2002). For methods in this class, data are first transformed into 

summary statistics and a large number of simulations are then performed. The main idea 

is that the probability of obtaining the observed summary statistics from the data is 

proportional to the number of simulations yielding summary statistics that lie within 

some small distance of those computed from the data. ABC can be easily scaled up to 

accommodate complex models, while the computation overhead is still manageable. Its 

likelihood-free property, however, forces users to examine whether the summary 

statistics used are appropriate for the data and model (Nielsen and Beaumont 2009).  

Recently, models based on reconstructing the ancestral recombination graph were 

implemented for demographic inferences, including Pairwise Sequential Markovian 

Coalescent (PSMC; Li and Durbin 2011a) and Multiple Sequential Markovian Coalescent 

(MSMC; Schiffels and Durbin 2014) analyses. These methods utilize sequence pairs 

(from either a single (PSMC) or multiple (MSMC)) diploid genomes and model effective 
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population sizes estimated based on sequence heterozygosity as a function of time 

inferred from sequence coalescence. These methods are easy to use as there is no need to 

explicitly specify a demographic model and thus are useful for making new hypotheses; 

however, interpretations of their results can be rather difficult, as discussed later in 

Appendix A. 

An intermediate class of methods uses the allele frequency spectrum (AFS), 

which summarizes the number of SNPs observed at any given set of frequencies within 

the sampled populations. Theories of AFS have shown that the composite likelihood of 

the data can easily be calculated from the expected AFS under a given demographic 

model (Wiuf 2006). Methods based on AFS can be computationally efficient (Gutenkunst 

et al. 2009), because the expected AFS for a demographic model can be calculated by 

numerically solving a diffusion equation (Kimura 1964). However, solving the diffusion 

equation for models with more than three populations becomes computationally intensive 

(Gutenkunst et al. 2009; Schraiber and Akey 2015). 

B. Background: Adaptive Selection and the Inference Methods 

Adaptive selection is the process leading to the increase in frequency of beneficial 

alleles in a population over time because of increased fitness (at the level of the 

phenotype) of the carriers of the alleles. Under the classic selective sweep model, a de 

novo advantageous variant arises in a population and rapidly increases in frequency, 

eventually reaching fixation. This in turn causes the hitchhiking effect, which produces 

decreased genetic variation at linked neutral sites around the selected one, because the 

local genetic background is also passed on to offspring during the sweep (Smith and 

Haigh 1974a). This produces correlations in allele frequencies that extend out along the 
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chromosome from the selected site and results in extended linkage disequilibrium (LD), 

the nonrandom association of alleles between two or more loci. Incomplete sweeps 

denote any stage prior to the fixation of the advantageous allele. Once it becomes fixed, 

the sweep is said to be complete. 

In the case of an incomplete sweep, tests like the integrated haplotype score, iHS 

(Voight et al. 2006b), can be used to compare patterns of extended haplotype 

homozygosity to detect alleles that have increased to high frequency and/or near-fixation 

in a population. Tests based on the AFS, such as Tajima’s D (Tajima 1989) and Fay and 

Wu’s H (Fay and Wu 2000), are useful for complete sweeps. In general, AFS-based 

neutrality tests search for regions of excess of low-frequency variants because a classic 

selective sweep tends to reduce nucleotide diversity around the selected allele.  There are 

tests, like the Fst statistic (Weir and Cockerham 1984), based on allele frequency 

differences in loci between populations (Nielsen et al. 2009b). Recently, the population 

branch statistic (Yi et al. 2010), a variant of FST, was proposed to specifically measure the 

branch length that leads to the focal population of interest for each SNP by transforming 

pairwise FST estimates calculated among three populations. The longer the branch length 

of the focal population, the larger the allele frequency change is for this focal population 

compared to others, which can be a result of positive natural selection. 

An alternative to the classic hard sweep model is known as a soft sweep 

(Hermisson and Pennings 2005). There are two slightly different soft sweep models. In 

one scenario, previously neutral or slightly deleterious mutations become adaptive due to 

changes in the environment or genetic background. Hence, selection acts on standing 

variation. In the second scenario, at a single locus multiple alleles that are similarly 
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advantageous all increase simultaneously in frequency. As a result, none of these favored 

alleles fix during the selective sweep. Patterns of genetic variation arising from selection 

can differ markedly between soft and hard sweeps (Przeworski et al. 2005). It has been 

suggested that selection through the soft sweep could be more profound in human 

evolution than the classic hard sweep (Pritchard et al. 2010). Along these lines, Coop et al. 

(2010) proposed a promising method that uses a Bayesian linear model approach that 

tests correlations between environmental variables and allele frequencies. A different 

class of methods to detect polygenic selection is based on comparison of measurements 

of population differentiation between a specific gene set and the genome background 

(Daub et al. 2013a; Hsieh et al. 2015; White et al. 2015). Detailed descriptions and 

insights from this class can be found in Appendices A and B. 

C. Background: Models for the Origin of Anatomically Modern Humans 

For decades, many studies have attempted to reconstruct the origin of modern 

humans using anatomical, archeological, behavioral, and genetic data. Originally, there 

were two basic schools of thought on this issue: Out of Africa Replacement models and 

Multiregional Evolution models. Both schools agree on the African origin of Homo 

erectus and its subsequent dispersal to the Old World outside Africa. Out of Africa 

Replacement models suggest that modern humans arose ~200 kya as a distinct species in 

sub-Saharan Africa and went on to completely replace all archaic humans without 

interbreeding (Stringer and Andrews 1988). On the other hand, in Multiregional 

Evolution models, modern traits arose individually in different archaic humans inside and 

outside Africa and gradually assembled into a single modern form through migration and 

mating (Wolpoff et al. 1984). Hybridization Replacement models, an intermediate class 
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of models, are in general similar to the Out of Africa Replacement models, but allow for 

hybridization between archaic and modern humans (Bräuer 1989). 

Over the years, while there were a few studies showing evidence for archaic 

admixture in modern humans (Garrigan et al. 2005; Plagnol and Wall 2006; Hammer et 

al. 2011), most of works in this field have focused on and refined the Out of Africa 

Replacement models in detail (Veeramah and Hammer 2014a; Haber et al. 2016). A 

major breakthrough in this debate came from two ancient DNA studies published in 

2010. These studies sequenced genomes from three Neanderthals (Green et al. 2010) and 

a Denisovan (Reich et al. 2010) and found evidence that all non-Africans have on 

average ~1 – 4% of Neanderthal ancestry, and Melanesians share ~4% of their genome 

with the Denisovan individual in addition. These findings, along with those that came 

after, have led to reassessments of models for the origins of our species and provided a 

strong support for hybridization models, at least for non-Africans. It is, however, still 

unclear if interbreeding did occur between archaic and modern humans in Africa, because 

of the lack of direct evidence from ancient DNA due to the tropical conditions in Africa 

disfavoring the preservation of ancient DNA. However, fossil evidence indeed indicates 

that the ancestors of modern humans and various archaic forms coexisted in Africa 

(Bräuer 2008; Rightmire 2009; Harvati et al. 2011). 
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II. PRESENT STUDY 

The detailed background, methods, results, discussions, and conclusions of this 

study are presented in the manuscripts appended to this dissertation. The following is a 

summary of the most important findings in these manuscripts. 

Appendix A: Whole-Genome Sequence Analyses of Western Central African Pygmy 

Hunter-Gatherers Reveal a Complex Demographic History and 

Identify Candidate Genes under Positive Selection 

The goal of Appendix A was to study the evolutionary history of Western Central 

African Pygmy populations, who are indigenous people still practicing a hunting-

gathering lifestyle in rainforests. I developed a computationally efficient model-based 

approach that leveraged newly generated high-coverage genomes of four Biaka Pygmies 

and jointly analyzed these data with the genome sequences of three Baka Pygmies and 

nine Yoruba farmers. The best-fit demographic models inferred in this study incorporate 

detailed demographic features, such as population divergence, isolation, population size 

change, gene flow, etc. In contrast to the previous studies, the inference results suggest an 

ancient divergence between the ancestors of the farmers and Pygmies and that 

bidirectional asymmetric gene flow is statistically better supported than a single pulse of 

unidirectional gene flow from farmers to Pygmies. In the inferences of natural selection, I 

showed that conventional statistical outlier approaches can be biased by mutation and 

recombination rate heterogeneity in the genome. Using whole-genome simulations that 

account for variation in recombination and mutation rates and demography, I found genes 

involved in muscle development, bone synthesis, immunity, reproduction, cell signaling 

and development, and energy metabolism are likely to have been targets of positive 
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natural selection in Western African Pygmies or their recent ancestors. 

Appendix B: Exome Sequencing Deciphers Demographic Prehistory and Provides 

Evidence of Polygenic Adaptations in Indigenous Siberian Populations 

Appendix B reports the results of population genetic inferences for two Northern 

Central Siberian populations, the Nganasans and Yakuts, most of whom are still 

practicing hunting-gathering lifestyle in the one of the coldest environments on Earth. 

Using whole-exome sequencing data, I inferred the first comprehensive demographic 

models for these indigenous Siberian people. The results of demographic inference show 

that Northern Central Siberians are more distantly related to Europeans than to East 

Asians. The best-fit models also provide evidence for gene flow between these Siberian 

groups and East Asians. Because many proposed physiological adaptations in Siberians 

are likely polygenic, I designed a statistical test that compares the distribution of the 

estimated allele frequency changes for variants in a gene set to that in the remaining data. 

Through extensive simulations that account for the confounding effects of demography 

and mutation/recombination rate variation in the genome, seven candidate gene sets show 

significant departure from neutrality. Interestingly, many of these candidates are dietary 

related, especially with respect to the metabolisms of fat, suggesting possible polygenic 

adaptations to special dietary requirements in Central Siberian population at high latitude. 

Appendix C: Model-based Analyses of Whole Genome Data Reveal a Complex 

Evolutionary History Involving Archaic Introgression in Central 

African Pygmies 
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In Appendix C, I moved beyond the genetic history of the extant indigenous 

humans to explore the origins of anatomically modern humans in Africa. The absence of 

ancient DNA in Africa makes a direct comparison between archaic and modern human 

genomes infeasible. Therefore, to test the hypothesis of archaic introgression into modern 

humans, I used a model-based approach and whole-genome sequencing data from extant 

African Pygmies. Leveraging the detailed demographic models without archaic 

admixture inferred in Appendix A, this model-based inference showed the first whole-

genome level evidence of genetic introgression from unknown archaic human species 

into modern humans in Africa. To dissect the signals of archaic admixture, I examined 

the distributions of the time to the most recent common ancestor and the genetic length, 

as well as the pattern of linkage disequilibrium decay for the candidate introgressive loci. 

Using whole-genome simulations under a variety of plausible demographic scenarios of 

archaic admixture, my results suggest recurrent archaic admixture in the evolution of 

anatomically modern humans in Africa, with evidence that at least one such event 

occurred in the last 30,000 years. 
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III. FUTURE DIRECTIONS 

In summary, this dissertation aims to understand human evolution using genomic 

sequencing data from indigenous populations and emphasizes the importance of a model-

based framework to improve both sensitivity and specificity in statistical hypothesis 

testing. It is worth noting that this dissertation has opened several potential avenues of 

future research. First, demographic inferences can be biased because of factors not 

incorporated in the models of interest. The ancient divergence inferred between the 

ancestors of African Pygmies and farmers in Appendix A might therefore be 

overestimated, because of possible distortion due to the contribution of archaic lineages 

in the Pygmies as shown in Appendix C. Although it is still a challenge to determine the 

abundance and the precise boundaries of introgressive regions in the population samples, 

refitting models using data excluding archaic lineages might provide a finer resolution on 

the prehistory of African Pygmies and farmers.  

Second, the inference method for detecting polygenic selection proposed in 

Appendix A and B, although presenting promising candidate gene sets, requires further 

theoretical work to better understand its statistical properties, particularly under different 

selection and demographic scenarios. In addition, a possible improvement in statistical 

power of this method is to incorporate weights for variants based on their annotation as 

suggested in recent genome-wide association studies (Sveinbjornsson et al. 2016).  

Finally, several observations made along the course of the analyses in this study 

indicate the importance of incorporating different genetic aspects and theories for better 

inferences results. For instance, in Appendix A and C, demographic model inferences 

were performed using different statistics (e.g. allele frequency distribution versus linkage 
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disequilibrium) and theories (e.g. diffusion versus coalescence theories). Computationally 

efficient model-based approaches that jointly utilize different genetic information might 

enhance future population genetic inferences in human evolution. 
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Abstract 

African Pygmies practicing a mobile hunter-gatherer lifestyle are phenotypically and 

genetically diverged from other anatomically modern humans, and they likely 

experienced strong selective pressures due to their unique lifestyle in the Central African 

rainforest. To identify genomic targets of adaptation, we sequenced the genomes of four 

Biaka Pygmies from the Central African Republic and jointly analyzed these data with 

the genome sequences of three Baka Pygmies from Cameroon and nine Yoruba famers. 

To account for the complex demographic history of these populations that includes both 

isolation and gene flow, we fit models using the joint allele frequency spectrum and 

validated them using independent approaches. Our two best-fit models both suggest 

ancient divergence between the ancestors of the farmers and Pygmies, 90,000 or 150,000 

years ago. We also find that bi-directional asymmetric gene-flow is statistically better 

supported than a single pulse of unidirectional gene flow from farmers to Pygmies, as 

previously suggested. We then applied complementary statistics to scan the genome for 

evidence of selective sweeps and polygenic selection. We found that conventional 

statistical outlier approaches were biased toward identifying candidates in regions of high 

mutation or low recombination rate. To avoid this bias, we assigned P-values for 

candidates using whole-genome simulations incorporating demography and variation in 

both recombination and mutation rates. We found that genes and gene sets involved in 

muscle development, bone synthesis, immunity, reproduction, cell signaling and 

development, and energy metabolism are likely to be targets of positive natural selection 

in Western African Pygmies or their recent ancestors. 
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Introduction 

Recent archaeological and genetic studies suggest that anatomically modern 

humans (AMH) originated in Africa prior to 160-190 thousand year ago (kya, Cavalli-

Sforza et al. 1994; McDougall et al. 2005; Garrigan and Hammer 2006). Before the 

invention of agriculture in the Neolithic (~6–10 kya), hunting and gathering was the 

subsistence strategy employed by early human societies (Cavalli-Sforza 1986; 

Scheinfeldt et al. 2010; Hill et al. 2011). Among extant African human populations, the 

Pygmies, commonly identified by their short stature (mean adult height < 160 cm), are 

one of the few that still predominantly practice a hunting and gathering lifestyle. Western 

Pygmies (e.g., Baka and Biaka) mainly reside in rainforest west of the Congo Basin, 

while Eastern Pygmies (e.g., Mbuti and Efe) live in and around the Ituri rainforest and 

further south extending toward Lake Victoria (Cavalli-Sforza et al. 1994). Although still 

living as mobile hunter-gatherers, Pygmies have established social and economic contacts 

with nearby settled farmers (Cavalli-Sforza et al. 1994; Joiris 2003). For example, the Efe 

Pygmies trade forest food to Lese farmers in exchange for cultivated goods (Terashima 

1987). Moreover, most Pygmies now speak Niger-Kordofanian (e.g. Bantu) or Nilo-

Saharan languages, possibly acquired from neighboring farmers, especially since the 

expansion of Bantu-speaking agriculturalists, beginning about 5 kya (Blench 2006).  

Recent genetic evidence favors a single origin of African Pygmies (Patin et al. 

2009; Batini et al. 2011; Veeramah et al. 2011).Western Pygmies have likely experienced 

greater genetic admixture with neighboring farmer populations than Eastern Pygmies 

(Patin et al. 2009; Tishkoff et al. 2009; Veeramah et al. 2011; Verdu et al. 2013). Several 

mitochondrial and multi-locus DNA studies estimated that African Pygmies diverged 
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from the ancestors of present-day Niger-Cordofanian agriculturalists ~60 kya (95% C.I.: 

25–130 kya, Patin et al. 2009), ~70 kya (95% C.I.: 51–106 kya, Batini et al. 2011), and 

~49 kya (95% C.I.: 10-105 kya, Veeramah et al. 2011). However, because each of these 

studies employed less than 60 loci, they either made strong a priori assumptions to 

restrict parameter space in their demographic modeling (Patin et al. 2009) or did not have 

sufficient statistical power to infer gene flow (Batini et al. 2011, Veeramah et al. 2011). 

Thus, a comprehensive understanding of the demographic prehistory of African Pygmies 

remains lacking. 

Pygmy populations have long been studied because of their distinct phenotypes, 

particularly short stature. Physiological evidence suggests that short stature is associated 

with low growth hormone binding protein and insulin-like growth factor-1 (IGF1) levels 

in Pygmy groups (Baumann et al. 1989; Dávila et al. 2002). Using high-density SNP chip 

data, several population genetic studies have reported candidates for Pygmy short stature, 

including genes in the IGF1 pathway (Pickrell et al. 2009; Jarvis et al. 2012; Migliano et 

al. 2013), the iodine-dependent thyroid hormone pathway (Herráez et al. 2009; Migliano 

et al. 2013), and the bone homeostatsis/skeletal remodeling pathway (Mendizabal et al. 

2012). Lachance et al. (2012) searched for signals of positive selection in five high-

coverage Western Pygmy genomes and suggested that short stature may be due to 

selection on genes involved in development of the anterior pituitary, as well as the 

crosstalk between the adiponectin and insulin-singling pathways. A more recent study 

using admixture mapping identified 16 regions associated with height in Batwa Pygmies, 

which were enriched for SNPs associated with height in Europeans and for genes with 

growth hormone receptor and regulation functions (Perry et al. 2014). 
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Several hypotheses have been proposed regarding Pygmy adaptation to the dense, 

humid forest environment, all of which may influence stature. These include 

thermoregulatory adaptation to the tropical forest (Cavalli-Sforza 1986), reduction of 

caloric intake in a food-limited environment (Shea and Bailey 1996), improved mobility 

in the dense forest (Diamond 1991), and earlier reproduction to compensate for short 

lifespans (Migliano et al. 2007). In addition, the equatorial rainforest in Central Africa is 

enriched in pathogens and parasites, such as malaria and haemorrhagic fever (Ohenjo et 

al. 2006). Loci involved in immunity have thus been suggested to be targets for 

adaptation (Jarvis et al. 2012; Lachance et al. 2012). 

 Although previous studies have identified many possible targets of adaptive 

selection in African Pygmies, challenges remain. First, demographic events and local 

genomic architecture (e.g., heterogeneity in mutation and recombination rates) can mimic 

the genetic patterns generated by adaptation (Schaffner et al. 2005; Teshima et al. 2006). 

High false positive and false negative rates are expected in studies that determine 

candidates of natural selection based solely on selecting outliers from the distribution of a 

test statistic (Jeffreys et al. 2005; Schaffner et al. 2005; Teshima et al. 2006; Akey 2009). 

In addition, the large genomic sizes of candidate regions (on the order of 100 kb), 

especially for those reported in SNP-microarray studies, make inference of the genetic 

basis of adaptation difficult. 

Understanding genetic adaptation in African Pygmies, therefore, requires not only 

high-coverage whole-genome data, but also realistic demographic models to assess 

statistical significance. To provide a genomic perspective on adaptation in Pygmies, we 

sequenced four western Biaka Pygmies from the Central African Republic and combined 
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these data with similar data from three Baka Pygmies (Lachance et al. 2012) from 

Cameroon and nine unrelated Yoruba farmers. We inferred the demographic history of 

these populations and searched for positive selection using several complementary 

statistical methods. We assessed statistical significance in our selection scans using 

genome-scale simulations that incorporated recombination and mutation rate 

heterogeneity along the genome. Finally, we functionally annotated our candidates, and 

we discuss their biological impact. Our analysis thus provides unique insights into the 

complex demographic and adaptive history of Western African Pygmies. 

Results 

Demographic history inference for West African Pygmies and Farmers 

We used the demographic inference tool !a!i (Gutenkunst et al. 2009) to infer the 

joint demographic history of one farmer (Yoruba) and two Pygmy (Baka and Biaka) 

populations using our high coverage (median=60.5X) Complete Genomics (CGI, 

Drmanac et al. 2010) whole genome data. After removing single nucleotide variants 

(SNVs) that failed quality control (see Materials and Methods), we used 1.58 million 

intergenic autosomal SNVs to build a 3-population unfolded allele frequency spectrum 

(AFS, Materials and Methods), which we statistically corrected to account for ancestral 

state misidentification (Hernandez et al. 2007). We chose this statistical approach over 

obtaining consensus outgroup information from multiple primates for ancestral alleles 

because the latter causes a substantial reduction in our data and does not completely 

alleviate the problem of ancestral state misidentification (Hernandez et al. 2007). We also 

found that removing sites within functional ENCODE elements (Support Materials, 
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Gerstein et al. 2012) had little effect on the resulting AFS (Figure S1), so we kept those 

sites in our analysis.  

To guide development of three-population models, we first considered simpler 

one- and two-population models. These initial models consistently suggested a more 

recent divergence between the two Pygmy populations than between either of those 

populations and the farmers. Based on these results and previously published inferences 

(Patin et al. 2009; Batini et al. 2011; Veeramah et al. 2011; Verdu et al. 2013), we tested 

multiple three-population models, considering a variety of scenarios for gene flow and 

population size changes (Table S1). The best-fit three-population demographic model, 

Model-1, had continuous asymmetric gene flow (composite log-likelihood= –6,712, 

Figure 1A, Table 1). The joint frequency spectra resulting from this model qualitatively 

reproduce the data (Figure 1C), although our model does produce an excess of high 

frequency shared variants. In Model-1, the ancestors of contemporary farmers and 

Pygmies diverged ~156 kya (95% C.I.: 140–164 kya) from an ancestral population that 

had expanded roughly three-fold prior to divergence. The ancestors of the farmers and 

Pygmies remained isolated until ~40 kya (95% C.I.: 36–44 kya), at which point bi-

directional gene flow began, with the flow from farmers to Pygmies being 10 times 

greater than from Pygmies to farmers (Table 1). Following the Pygmy-farmer 

divergence, the effective population size of farmers increased and the effective 

population size of Pygmies decreased. The Baka and Biaka diverged much more recently, 

about 5 kya (95% C.I.: 4.7–5.7 kya). Because our small sample size limits power to infer 

recent demographic events (Robinson et al. 2014), we assumed that the Baka-Biaka 



 
 

 

36 

divergence did not change the rates of gene flow with the Yoruba, and our model 

includes no Baka-Biaka gene flow. 

Our second best-fit model involves a recent pulse of unidirectional gene flow 

from farmers to Pygmies (Model-2, Figure 1B and 1C, Table 1) after the divergence of 

the two populations. The maximum composite log-likelihood of Model-2 (-7,737) is 

lower than Model-1. In Model-2, we inferred that Pygmies and farmers diverged about 90 

kya (95% C.I.: 85–92 kya). The pulse of gene flow is estimated to have occurred ~7 kya 

(95% C.I.: 6.8–7.7 kya), while the inferred admixture proportion in our Pygmy sample 

resulting from the pulse of gene flow from the farmers is ~68% (C.I.: 67.9–68.2%). 

Model Selection and Validation of Demographic inference 

We used three approaches to validate our demographic inference (Materials and 

Methods). First, to remove the effects of linkage we refit our models to a subset of the 

data in which variant sites were at least 0.01 centiMorgan (cM) apart. The two best-fitting 

models remained the same as using the whole dataset, and the parameter estimates were 

compatible (Table S2). Under the assumption that the likelihoods calculated using the 

thinned dataset are full likelihoods, we applied the Akaike (AIC, Akaike 1974) and 

Bayesian information criteria (BIC, Schwarz 1978) for model selection. Both AIC and 

BIC prefer the continuous asymmetric gene-flow model to the single-pulse gene flow 

model (Table S2).  

As a second validation, we used patterns of linkage disequilibrium (LD) decay, 

information not utilized by !a!i. We calculated LD using sliding windows of 0.1 cM in 

the real data and in simulated whole-genome data, using 100 models drawn from the 

parameter confidence intervals of our two best-fit demographic models. We found that 
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the patterns of LD decay predicted by the models generally matched the data well for 

both Pygmies and farmers (Figure S2), but with discrepancies at different distance 

regimes. This comparison of LD decay suggest that the two best-fit models capture 

different aspects of the demographic history of our populations, and not perfectly. 

 As a third validation, we applied the pairwise sequentially Markovian coalescent 

(PSMC, Li and Durbin 2011b) and multiple sequentially Markovian coalescent (MSMC, 

Schiffels and Durbin 2014) as independent means to explore the demographic history of 

our populations (Materials and Methods). As a test of goodness-of-fit, we applied both 

methods to our intergenic data and simulations under both models (Figure S3). Under 

Model-1, the PSMC curves of the simulated Pygmy and farmer genomes split at about 

the same time as in the PSMC analysis of the real data, while the two simulated 

populations of Model-2 do not show clear separation until ~70 kya (Figure S3A-C). The 

MSMC curves of Model-1 and those of real data agree well, but Model-2 seems to fit the 

MSMC curve from the real data poorly (Figure S3D-E). Together, the PSMC/MSMC 

results suggest that Model-1 qualitatively fits the data better and that the inferred ancient 

divergence time in Model-1 is plausible.  

In general, these validations suggest that Model-1 is our best estimate of 

demographic history for these populations, but it is an imperfect model. In order to lessen 

the impact of model misspecification on our selection inference, we conservatively report 

candidates under both Model-1 and Model-2. 

Prioritizing Selection Candidates using Whole Genome Demographic Simulations 

Because conventional statistical outlier approaches are prone to false positives, 

we used MaCS (Chen et al. 2009) to perform whole-genome simulations under our 
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realistic demographic models to assign statistical significance (P-values) in our selection 

scan (Materials and Methods). Methods for detecting natural selection often rely on 

summaries of local genetic variation, and they may be biased by variation in mutation 

rate across the genome (Reich et al. 2002; Drake et al. 2005; Schaffner et al. 2005; 

Sainudiin et al. 2007). Indeed, we found that if mutation rate variation is not controlled 

for, selection scan candidates are highly enriched in genomic regions with greater 

heterozygosity (Supplemental Materials, Figure S4-7). From here on, we thus used the 

per-window mutation rate approach (Materials and Methods) for all simulations to 

account for possible biases due to genomic mutation rate heterogeneity. We recognize 

that this approach may discount some selection signals, yielding a more conservative 

inference of natural selection. The distribution of P-values was also sensitive to the 

genetic recombination map used in the simulations (Figure S8-9). To assess possible 

biases due to imperfection of the genetic recombination map, we ran two sets of 

simulations, using two published genetic maps: the African American map (Hinch et al. 

2011) and the HapMap Yoruba map (The International HapMap Consortium 2007) 

(Materials and Methods).Both these maps likely represent the recombination process 

better in the Yoruba than in the Pygmies, but no Pygmy-specific map is available.  

Our top hits are the top 0.5% of windows in the P-value distribution of each test 

statistic. To avoid potential biases due to the choice of map and/or null model, we 

restricted our candidates to those that are top hits using all four combinations of the two 

genetic maps and the two best-fit demographic models. Unless mentioned otherwise we 

report P-values and false discovery rates obtained using Model-1 and the African 

American map, because they are most conservative (Figure S8 & S9). 
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 To illustrate the importance of using P-values to determine candidates, rather than 

relying on outliers in the distribution of a test statistic, we plotted the P-value based on 

Model-1 as a function of the G2D statistic for each of the windows (Figure 2; similar 

result holds for the iHS analysis, Figure S10). Quadrant I contains windows that have 

extreme G2D values but are not statistically significant when the confounding effects of 

demography and genomic architecture are controlled for. Conversely, Quadrant III 

contains windows that are statistically significant even though their G2D values are not 

extreme on a genome-wide basis. Because the association between functional elements 

(e.g. exon and regulatory sequences) and selection is not expected if a large fraction of 

significant tests are false positives, we validated our P-value approach by comparing the 

spatial distribution of our candidates for selection with the distribution of known 

functional sequences in the genome (Voight et al. 2006a; Williamson et al. 2007; 

Mendizabal et al. 2012). As expected, we found that our top hits of the P-value approach 

were enriched in exons of genes (Table S3; one-sided Fisher exact test, p=0.029). 

Interestingly, we find no enrichment of top hits in regions deemed functional based on 

five types of ENCODE (Supporting Materials, Gerstein et al. 2012) regulatory elements 

(Materials and Methods; Table S3).  

Evidence of Local Adaptation in Western African Pygmies: iHS 

To detect recent incomplete selective sweeps, we scanned the genome using the 

haplotype-based iHS statistic (Voight et al. 2006a) for the farmer and Pygmy samples 

separately (Materials and Methods). Using all four simulation sets, we defined Pygmy-

specific signals as those windows that were a top-hit (the top 0.5% in the P-value 

distribution) in the Pygmy sample, but not in the Yoruba sample (not within the top 1% 
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in the P-value distribution), yielding 35 distinct genomic regions (Table S4). We used a 

looser P-value cutoff to define Yoruba top-hits in order to be more conservative in 

identifying regions as Pygmy-specific. We evaluated the robustness of this prioritization 

criterion for iHS candidates by repeating the same analysis using 4 and 7 individuals 

randomly sampled from the 9 Yoruba genomes. The same genomic regions were 

identified as candidates in all experiments, suggesting that our iHS analysis is consistent 

even when the sample size is small.  

Five of our candidate regions contain genes associated with bone synthesis. 

EPHB1, (locus: Chr3:134572433-134716365, Figure 3A) is an ephrin receptor at sites of 

osteogenesis. Interestingly, this region has been previously associated with the short 

stature in Pygmies (Jarvis et al. 2012). Our candidate region spans ~140 kb, containing 

exon 2 and exon 3 of EPHB1 (which has a size of >460 kb and 16 coding exons). 

Elevated FST has been widely used to infer selection (Nielsen et al. 2009a; Pickrell et al. 

2009; Jarvis et al. 2012), and FST is elevated in this region, although we found no non-

synonymous variants. To further investigate the signal of selection, we used hierarchical 

clustering and network analysis of the phased haplotypes (Supplemental materials) for 

the region around exon 3 (± 10kb). Interestingly, both analyses suggest that Pygmy and 

farmer groups are almost fixed for different haplotypes (Figure 3B-C). This is consistent 

with an incomplete selective sweep (Voight et al. 2006a; Pickrell et al. 2009; Pritchard et 

al. 2010) and indicative of different selective pressures in these two groups. The other 

four bone-synthesis related candidates are SLCO2A1 (locus: Chr3:133506737-

133863702), ZBTB38 (locus: Chr3:141105569-141333249), TSPAN5 (locus: 
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Chr4:99496207-99673561), and GAREM (locus: Chr18:29766032-29896024) 

(Supplemental materials, Figure S11). 

Consistent with the hypothesis of selection for mobility (Diamond 1991), we 

found candidate loci in several muscle-related genes (Table S4). In particular, OBSCN 

(spans >150 kb with 81 exons within the candidate locus Chr1:228103665-228842760, 

Figure 4A), an obscurin gene, has an important role in the organization of myofibrils 

during assembly and may mediate interactions between the sarcoplasmic reticulum 

(striated muscle fibers found in the skeletal system) and myofibrils (Young et al. 2001; 

Ackermann et al. 2014). Within this gene, 16 out of 46 non-synonymous amino acid 

variants are predicted as functionally important by either SIFT or PolyPhen-2. The SNV 

with the largest FST (Chr1:228475848, rs437129, FST = 0.54) in this region is 

nonsynonymous and functionally important (PolyPhen-2 score=0.968, although SIFT 

score=0.43). It is fixed for the ancestral allele (Guanine, PanTro3, Hg19) in our Pygmy 

sample but is segregating at much lower frequency in our Yoruba farmer sample (allele 

frequency for G = 0.39 or 7/18), in both homozygote and heterozygote forms. The 

ancestral allele (G) frequencies of rs437129 in Yoruba, Luhya, and African American 

based on the 1000 Genome Project (Phase I) are 0.551, 0.665, and 0.590 (dbSNP 137). 

Analyses of the haplotypes between the two non-synonymous sites with FST > 0.5 

(Chr1:228475848 and Chr1:228520973, including the 10kb flanking region; Figure 4B-

C) suggest the existence of two major haplotypes in our sample that are relatively 

population-specific. We thus postulate that natural selection might have acted in different 

directions for this region between these two groups. Other muscle-related genes include 
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COX10 (locus: Chr17:13911228-14241158) and LARGE (locus: Chr22:34224706-

34359718) (Supplemental materials).  

Our whole-genome selection scan also identified a variety of genes (Table S4) 

involved in immune function, one of the most common targets of adaptive evolution 

(Williamson et al. 2007; Barreiro and Quintana-Murci 2009), and in reproduction, which 

is compatible with the life-history tradeoff hypothesis (Migliano et al. 2007). Other 

functional categories for genes of potential interest within the top hits of our iHS signals 

(Table S4) include energy metabolism, cell signaling, and neural development. 

Evidence of Local Adaptation in Western African Pygmies: G2D 

To complement our iHS scan, we performed a scan using the G2D statistic 

(Nielsen et al. 2009), which measures how different the local farmer-Pygmy 2-D joint 

allele frequency spectrum is from the genome-wide spectrum. We found low P-value top-

hit windows on all 22 chromosomes (Figure S12). To identify Pygmy-specific signals of 

selection, we used the composite likelihood ratio (CLR, Nielsen et al. 2005) statistic. Our 

Pygmy-specific top-hit windows satisfied three conditions for all four simulation sets: 1) 

they were in the top 0.5% of the P-value distribution of the G2D statistic, 2) they were in 

the top 0.5% of the P-value distribution of the Pygmy-specific CLR statistic, and 3) they 

were not within the top 1% of the P-value distribution of the Yoruba-specific CLR 

statistic. This procedure identified 7 distinct Pygmy-specific candidates (Table S5), and 

these candidates do not overlap with those from iHS scan. 

Our top candidate region from the G2D scans (locus: Chr6:32968692-33049012; 

Figure 5A; P-value=9.90x10-6, FDR=0.03) includes three members of the Class II 

Human Leukocyte Antigen (HLA) gene family, HLA-DPB1, HLA-DOA, and HLA-DPA1, 
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which play a critical role in initiating the immune response to invading pathogens 

(Barreiro and Quintana-Murci 2009; O'Brien et al. 2011). The HLA region has a complex 

genomic architecture with several recombination hotspots (Figure 5A; also see Jeffreys 

et al. 2005). To avoid possible artifacts due to sequencing and genotyping errors, we 

reanalyzed this region after removing variants violating Hardy-Weinberg Equilibrium, an 

indicator of possible genotyping errors. 14 out of 1478 SNVs in this region fail the HWE 

test (cutoff p < 0.05); yet the P-value for this region remains the same after their removal. 

11 non-synonymous variants were found in this region; of these sites, five are predicted 

to be deleterious or possibly damaging by SIFT (SIFT score " 0.05, Kumar et al. 2009) 

and/or PolyPhen-2 (PolyPhen-2 score # 0.995, Adzhubei et al. 2010). Haplotype analyses 

(Figure 5B-C) of the region with elevated FST around the gene HLA-DPA1 show that 

while the farmer samples possess two major haplotypes, most of the Pygmy samples 

belong to a single haplogroup. Because of the existence of several recombination 

hotspots in this locus, we plotted the diplotypes for this region in our sample to avoid 

possible biases due to phasing error (Figure S13). Consistent with the haplotype 

analyses, most of the Pygmy samples (5 out of 7) are homozygous for a single diplotype, 

while the farmers have two diplotypes. We thus hypothesize that a specific immunity-

related pressure has driven the evolution of this locus in the Pygmies.  

This scan also identified two candidate regions that contain genes associated with 

bone synthesis and development. The gene FLNB in the first region (locus: 

Chr3:57918877-58055004) encodes filamin B, a multifunctional cytoplasmic protein that 

plays a critical role in skeletal development. Flnb knockout mice are phenotypically 

similar to individuals with spondylocarpotarsal syndrome as they exhibited short stature 
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and similar skeletal abnormalities (Farrington-Rock et al. 2008). FLNB is known to be 

associated with height in African Pygmies (Jarvis et al. 2012; Lachance et al. 2012) and 

has also been reported to be associated with osteoporosis in women (Wilson et al. 2009). 

Although we did not find any amino acid substitution variants in FLNB in our sample, we 

did find many variants with large FST that may lie in regulatory elements (Figure S14). 

The second region (locus: Chr1:179361049-179468857) contains the gene AXDND1. 

Although the function of AXDND1 is unclear, a recent genome-wide association study 

reported a statistically significant association between this gene and fracture risk. This 

implies a potential role of AXDND1 in bone synthesis or musculoskeletal traits (Medina-

Gomez and Rivadeneira 2014). 

Other G2D candidate loci include the reproduction-related gene LAMC1 (locus: 

Chr1:183076845-183184161) gene regulation-related gene ZNF (Chr19:12386669-

12523799) (Supplemental materials) 

Inference of Polygenic Selection in Western African Pygmies 

To detect polygenic selection that results in small allele frequency changes at 

multiple loci involved in a biological function or pathway (Pritchard et al. 2010; Berg and 

Coop 2014), we used FST (Weir and Cockerham’s estimator) (Weir and Cockerham 1984) 

to estimate the level of population differentiation for each SNV and compared the FST 

distribution of the SNVs of all genes in a given gene set (a specific biological function or 

pathway) to that in the rest of our genic sequences. We used 1,454 Gene Ontology (GO) 

gene sets from the Gene Set Enrichment Analysis (GSEA) project (Subramanian et al. 

2005).  
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Using the Mann-Whitney U test, we found 113 gene sets that show significant 

evidence of having larger FST values compared to the FST distributions of the rest of genic 

sequences (one-sided test, Bonferroni corrected p < 10-10). Surprisingly, however, we also 

found as many or more significant gene sets in 72.9% and 48.5% of our neutral whole 

genome simulations under the Model-1 and Model-2, respectively. This suggests that 

demographic processes and genomic architecture can mimic the signals of polygenic 

adaptation, and in turn suggests that many of these 113 significant gene sets are false 

positives. 

Only 3 out of the 113 significant gene sets had significant U tests less than 5% of 

the time in all of our neutral whole genome simulation sets, and we consider these sets as 

true positives (Table S6). Among these three gene sets, there were no overlapping genes, 

nor did any genes overlap with those identified in our G2D and iHS analysis, suggesting 

that the significance of three gene sets is not due to hitchhiking on selective sweeps. The 

two strongest signals of polygenic selection are both related to immunity (GO categories: 

“Antigen binding”, Bonferroni p-value = 2.31x10-25; “Pattern recognition receptor 

activity”, Bonferroni p-value = 5.04x10-14). The other candidate is “G1 phase of mitotic 

cell cycle” (Bonferroni p-value = 1.75x10-19). Although the corresponding phenotype for 

this group is unknown, accurate transition from G1 phase of the cell cycle is crucial for 

control of eukaryotic cell proliferation (Bertoli et al. 2013). 

Discussion 

Ancient Divergence and More Recent Gene Flow between African Farmer and Pygmy 

Populations 
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Our demographic inference for the farmer (Yoruba) and Western Pygmy hunter-gatherer 

groups (Baka and Biaka) offers insight into the demographic dynamics of sub-Saharan 

Africa over the past hundreds of thousands years. The deep divergence time between the 

ancestors of the agricultural and Pygmy groups we found in Model-1 (~155 kya, 95% 

C.I.: 139–164 kya) is inconsistent with several recent publications (Patin et al. 2009; 

Batini et al. 2011; Veeramah et al. 2011), while the divergence time inferred in Model-2 

(~90 kya, 95% C.I. 85–91 kya) is more consistent with those earlier studies. Our PSMC 

analysis is consistent with old divergence between the ancestors of the two groups 

(Figure S3) and our MSMC analysis supports Model-1 over Model-2, (Figure S3), but 

these results must be interpreted carefully because these methods do not explicitly model 

population divergence. Africa experienced dramatic climate fluctuations between dry and 

wet conditions near the end of Marine Isotope Stage 6 (MIS 6, 190-135 kya) and through 

the whole MIS 5 (75–135 kya) (Blome et al. 2012; Rito et al. 2013). It is believed that it 

was about this time period when dramatic climate change caused forest defragmentation 

in Central Africa. (Blome et al. 2012; Rito et al. 2013; Ziegler et al. 2013). Such 

environmental changes may give rise to different niches (e.g. savanna vs. forest), and in 

turn promoted population isolation and differentiation (Blome et al. 2012, Ziegler et al. 

2013). We thus speculate that environmental change and forest fragmentation may have 

caused the ancestors of Pygmy rainforest dwellers to diverge from those of agricultural 

groups within the past 75–190 kya.  

 Both our best-fit models infer asymmetric gene flow, with greater flow from 

farmers to Pygmies than vice versa. These inferences are consistent with observed socio-

economic contacts between contemporary Pygmies and farmers (Terashima 1987; 
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Bahuchet 2012), and was also observed previously in Patin et al. (2009). However, Patin 

et al. (2009) had little power to infer gene flow since divergence (95% C.I. covers 0). 

Interestingly, our Model-2 suggests a single pulse of gene flow from farmers to Pygmies 

~7 kya, resulting in a ~68% admixture in our Western Pygmy sample. This admixture 

proportion is consistent with the recent findings of Verdu et al. (2013), who analyzed 

autosomal microsatellite data from 23 Central African Pygmy and non-Pygmy 

populations and inferred admixture proportions of up to 50-70% in these Pygmy 

populations, although recent evidence shows that admixture proportions may vary 

between 0-90% among individual Pygmies (Patin et al. 2009; Tishkoff et al. 2009; Jarvis 

et al. 2012; Patin et al. 2014). This substantial agriculturalist genetic ancestry in Pygmies 

has been hypothesized to be a consequence of the recent expansion of Bantu/Niger-

Kordofanian-speaking farmers from West Africa about 5 kya (Cavalli-Sforza 1986; 

Tishkoff et al. 2009; Patin et al. 2014). Indeed, our inferred time of admixture coincides 

with the time of Neolithic agricultural development in Africa about 5–10 kya (Phillipson 

2005), as well as with the estimated times of agriculturalist expansion for both Bantu-

speaking (5.6 kya, 95% C.I.: 3.2–8.2 kya) and Niger-Kodorfanian-speaking (7.3 kya, 

95% C.I.: 5.7–9.6 kya) people (Li et al. 2014b). Many Pygmies today speak languages 

adopted from neighboring Bantu-/Sudanic-speaking farmer groups, with whom they 

exchange goods (Bahuchet 2012). Because the social-economic relationship between the 

two groups promotes intermarriage (Terashima 1987, Bahuchet 2012), this symbiotic 

bond may contribute to the observed substantial admixture in the Pygmy groups, 

especially since the development and expansion of agriculture in Africa. 
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There are important differences between the approach used here and those used in 

earlier demographic studies of African Pygmies (Patin et al. 2009, Batini et al. 2011, 

Veeramah et al. 2011). First, we jointly estimated all parameters simultaneously for a 

given model, but some previous studies first estimated effective population sizes and then 

optimized other model parameters given the pre-estimated population sizes (Patin et al. 

2009). They thus explored a smaller region of parameter space, potentially biasing their 

inferences. Second, our inference was based on whole genome sequencing data with a 

relatively small sample size of 16 genomes, while these previous studies all used less 

than 60 loci, but had much larger samples of  >100 individuals. Two of these studies 

(Patin et al. 2009; Batini et al. 2011) inferred recent population contraction in the Pygmy 

groups. Our small sample size limits our power to detect such recent events, but the 

simulation study of Robinson et al. (2014) suggests that !a!i can confidently infer ancient 

events in models of similar complexity to those we infer here.  

 Our inferred dates are based on a phylogeny-based mutation rate of 2.35x10-8 per-

site per-generation (Gutenkunst et al. 2009; compatible with Nachman and Crowell 2000) 

. This value is compatible to those used in those earlier studies (autosomal mutation rate: 

2.5x10-8 and 2.6x10-8 per site per generation for Patin et al. 2009 and Veeramah et al. 

2012; mitochondrial substitution rate of 27.8x10-8 per site per generation in Batini et al. 

2011). A generation time of 25 years was used to convert time estimates to years, 

although there is some evidence that generation time may differ between the two 

populations (Migliano et al. 2007). Our date estimates would be two times older if we 

used the rate of ~1.2x10-8 per-site per-generation estimated by recent pedigree-based 

whole genome sequence studies (Conrad et al. 2011; Kong et al. 2012). For example, the 
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split time between the ancestors of Pygmies and farmers would be pushed back further to 

~300 kya, which predates the earliest emergence of AMH in fossil record ~200 kya 

(McDougall et al. 2005; Scheinfeldt et al. 2010). This deep Pygmy-farmer divergence 

could be in part due to imperfections in the model. For example, our model does not 

incorporate archaic admixture, which has been reported in Western African Pygmies 

(Hammer et al. 2011). Such introgression might cause us to overestimate the Pygmy-

farmer divergence. Nevertheless, both approaches to estimating the human mutation rate 

have limitations, including inaccuracy of the human-chimpanzee divergence time in the 

phylogenetic approach and false negative mutations in the pedigree sequencing approach 

(Veeramah and Hammer 2014b). We used the phylogenetic estimate because of its 

history in population genetics, but caution is advised when comparing population genetic 

date estimates with the fossil record. 

Importance of Prioritizing Selection Candidates Using P-values From Whole Genome 

Simulations  

Our results highlight the importance of using a model-based approach to assess 

statistical significance in whole-genome selection scans. Genomic scan studies using the 

tail of an empirical summary statistic distribution (an “outlier” approach) to define a 

significance cutoff for positive selection have been highly criticized. Non-selective forces, 

including demography and local genomic architecture, such as variation in mutation and 

recombination rates (Reich et al. 2002; Drake et al. 2005; Jeffreys et al. 2005; Schaffner 

et al. 2005; Sainudiin et al. 2007) across loci, can produce signals similar to positive 

selection (Tajima 1989; Andolfatto and Przeworski 2000; Wall et al. 2002; Jensen et al. 

2005; Schaffner et al. 2005; Teshima et al. 2006). For example, we observed that larger 
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G2D scores are associated with higher heterozygosity (Figure S6), so candidates 

determined using an empirical outlier approach might be biased towards regions with 

higher mutation rates. By matching local mutation rate in our simulations to local 

heterozygosity in the data, we eliminate this bias (Figure S7). Worryingly, the false 

targets identified by a genomic scan that fails to account for non-selective forces can be 

misleading because they might still make biological sense a posteriori (Pavlidis et al. 

2012). 

Prioritizing selection candidates based on P-values identifies candidates that 

would be missed by an empirical p-value approach and avoids potential false positive 

candidates caused by demography or recombination and mutation rate variation (Figure 

2). Even more striking is the high proportion of GO gene sets that are identified as 

significant by a Mann-Whitney U test but that are not significant when compared against 

our neutral simulations that account for demographic history and genomic architecture. 

Caution is still advised when interpreting our selection scan results, particularly for the 

results of iHS scan, because power may be limited due to our relatively small sample of 7 

Pygmies and 9 Yoruba farmers (Pickrell et al. 2009). However, a recent simulation study 

showed that iHS has up to 80% power with a similar sample size to detect classic hard 

sweeps (Ferrer-Admetlla et al. 2014). 

Candidates of adaptation in Western African Pygmy groups 

With our high coverage whole-genome sequencing data, we conducted 

comprehensive model-based selection scans for Western African Pygmies using a series 

of complementary statistical approaches. Many loci detected by our approach are 



 
 

 

51 

involved in muscle development, bone synthesis, immunity, reproduction, cell signaling 

and development, and energy metabolism (see Results).  

Of particular interest are several genomic regions that show signatures of 

selection in African Pygmies that might contribute to short stature. Seven genes known to 

be associated with bone synthesis were identified by either iHS or G2D analysis. Among 

them, FLNB, EPHB1, and TSPAN5 have been functionally shown to affect body size 

through gene knockout or knockdown experiments in mice (Iwai et al. 2007; Farrington-

Rock et al. 2008; Benson et al. 2012; Zhou et al. 2014), and FLNB, AXDND1, ZBTB38, 

and GAREM have been shown to be associated with human height in multiple 

populations (Lettre et al. 2008; Weedon et al. 2008; Kim et al. 2012; Wang et al. 2013; 

Medina-Gomez and Rivadeneira 2014; Wood et al. 2014). EPHB1 was reported to be 

genetically associated with height in African Pygmies (Jarvis et al. 2012). Interestingly, 

although we found no non-synonymous variants in the locus containing EPHB1, the 

Pygmy and farmer populations are each nearly fixed for a single population-specific 

haplotype (Figure 3B-C), a pattern expected under an incomplete selective sweep 

(Voight et al. 2006, Pickrell et al. 2009, Pritchard et al. 2010). FLNB (locus: 

Chr3:57,918,877-58,055,004) is within the locus Chr3:45–60Mb that was also previously 

reported to be associated with height in Pygmies (Jarvis et al. 2012, Lachance et al. 

2012). Clinically, nonsense mutations in FLNB cause of Spondylocarpotarsal synostosis 

syndrome (SCT), a recessive disease characterized by short stature and fusions of the 

vertebrae and carpal and tarsal bones (Krakow et al. 2004). Our observation of many 

large FST variants within ENCODE regulatory sequences (Figure S14) around this locus 
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suggests that short stature in Western African Pygmies might arise through cis-regulatory 

evolution. 

Several studies (e.g. Diamond 1991; Venkataraman et al. 2013) have 

hypothesized that the ability to quickly climb trees and move in dense forest is a potential 

adaptation of Pygmy hunter-gatherers. One of our candidates, OBSCN, a myofibrils 

regulating obscurin gene, harbors several highly differentiated, putatively functionally 

important SNVs, including rs437129 (see Results). Our haplotype analyses suggest that 

rs437129 is associated with population-specific haplotypes in the Pygmies and the 

farmers (Figure 4B-C), although the signal is noisy. In Pygmies, the fixed allele of 

rs437129 is consistent with the ancestral state (PanTro3, Hg19). Under a classic selective 

sweep model, one might expect a derived beneficial allele to sweep up in frequency, but a 

nearby ancestral allele could hitchhike with the selected site (Smith and Haigh 1974b). 

However, selection may sometimes favor an ancestral allele that has been segregating in 

the population (Pritchard et al. 2010). Because accessing essential foods is crucial for 

hunter-gatherers, mobility-related adaptation to locomotor efficiency amid dense 

vegetation has been emphasized in several recent studies (Diamond 1991; Bramble and 

Lieberman 2004; Perry and Dominy 2009). Indeed, Venkataraman et al. (2013) recently 

presented evidence of a positive correlation between tree climbing ability and muscle 

fiber length in African Twa and Asian Agta Pygmies compared to neighboring non-tree-

climbing farmers, suggesting that natural selection might have favored anatomical 

structures (e.g. muscle fiber length) that promote safe vertical climbing (Venkataraman et 

al. 2013). A plausible evolutionary explanation for our observed selective signal is that 

natural selection favors the ancestral haplotype of OBSCN possessed in hunter-gatherer 
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Pygmies to adapt specific muscle architecture to locomotor efficiency, while local 

adaptation outside the forest to an alternative allele or relaxation of selection might 

promote the observed population differentiation around this locus. The signal we found 

around the gene OBSCN could thus be the first genetic evidence that supports the 

mobility hypothesis. 

 We employed several complementary statistical tests to detect different modes of 

adaptation. The haplotype-based iHS test has greatest power for detecting recent (< 30 

kya) incomplete sweeps, but the AFS-based G2D test is capable of detecting completed 

and ongoing sweeps that occurred < 300 kya as well as balancing selection (Sabeti et al. 

2006; Nielsen et al. 2009a). Our gene set enrichment analysis, on the other hand, has little 

power to detect sweeps but can detect polygenic selection (Daub et al. 2013b). It is thus 

not surprising that there is no overlap among the candidates identified by our different 

tests. All three tests did, however, detect regions including genes associated with 

immunity (see Results). The pervasive signals of selection on immune function we found 

in all three scans are consistent with the view that genes involved in pathogen response 

are among the most common targets of adaptive evolution (Williamson et al. 2007; 

Barreiro and Quintana-Murci 2009; Jarvis et al. 2012; Novembre and Han 2012). 

We leveraged whole-genome sequence data from African Pygmy and 

agriculturalist populations to infer their prehistory and search for Pygmy-specific 

adaptation signals through a carefully designed computational and statistical framework. 

In doing so, we accounted for many potentially confounding factors, including 

demography and mutation and recombination rate heterogeneity. Future work may be 

needed to account for additional confounding factors, but we believe the framework 
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presented here offers great promise for shedding light on the complex demographic and 

adaptive history of human populations. 

Materials and Methods 

Whole genome sequencing data and data quality assurance 

Our Biaka Pygmy (N=4) DNA samples were obtained from publicly available cell lines 

administrated by the Centre d’Etude du Polymorphism Human Genome Diversity Panel 

(Li et al. 2008). Details regarding the Baka Pygmies (N=3) samples are in Lachance et al. 

(2012). Whole-genome sequencing data for the unrelated Yoruba farmers (N=9) were 

downloaded from the CGI data repository (Drmanac et al. 2010). The median coverage 

across the samples was 60.5X (s.d. = 8.54X). Genome assembly and variant calling were 

done using the standard CGI Assembly Pipeline 1.10, CGA Tools 1.4, and NCBI Human 

Reference Genome build 37 (Supplemental materials). After applying quality control 

filters (Supplemental materials) we found 10,865,288 autosomal single nucleotide 

variants in our samples. 

Estimation of demographic parameters using !a!i 

We used the allele frequency spectrum (AFS) based demographic inference tool !a!i 

(Gutenkunst et al. 2009) to build and fit our demographic models (Supplemental 

materials). After additional data quality control steps, we built an unfolded AFS using 

1,575,394 intergenic SNVs, polarized via human-chimpanzee alignment and statistically 

corrected to mitigate possible biased due to ancestral state misidentification 

(Supplemental materials). Because linkage among sites means that !a!i calculates a 

composite rather than the full likelihood, confidence intervals of model parameters were 

estimated via 100 non-parametric bootstraps of the intergenic data. These confidence 



 
 

 

55 

intervals thus account for sampling uncertainty within the data, but not for systematic 

uncertainties (e.g. the assumed mutation rate).  

Assessment of demographic model 

The composite likelihood !a!i calculates is not the full likelihood due to the linkage. To 

minimize linkage in our model selection analysis, we thinned our data by choosing 

variants at least 0.01 cM apart and re-fit the candidate models to the resulting sub-dataset. 

We then calculated AIC (Akaike 1974) and BIC (Schwarz 1978) for model selection. In 

our comparisons of real and simulated LD decay, we estimated LD between pairs of 

variants by their correlation coefficient (r2) using a genotype code (0, 1, or 2 reference 

alleles). We performed our PSMC/MSMC analyses (v0.6.3, Li & Durbin 2011 and 

Schiffels & Durbin 2014) using the default parameters suggested by the authors. To 

assess variation in the inferred PSMC curves, we analyzed 100 non-parametric bootstraps 

using the utility provided with the PSMC software. We used MSMC command: msmc --

fixedRecombination --skipAmbiguous on the haplotypes of random Pygmy-Yoruba pairs 

phased using the Python scripts from the authors. 

Coalescent whole-genome simulations 

We used MaCS (Chen et al. 2009) for our coalescent simulations, because of its ability to 

efficiently perform whole genome simulations with recombination. To avoid potential 

underestimation of recombination rates, we removed the first 5 Mb on each chromosome 

as suggested by the creators of the African American recombination map (Hinch et al. 

2011). For consistency, we also did this for the HapMap Yoruba map. To model 

mutational heterogeneity, we carried out a 3-step procedure. First, we divided the genome 

into 25,000 bp windows and estimated the population genetic mutation parameter !! 
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using !a!i given a demographic model. Second, we performed each MaCS using a 

mutation parameter !!"#, the largest $ estimated among all of the windows. Third, for 

each window we adjusted its mutation rate by dropping a proportion 1 – (
!!!

!!"#!
! of the 

simulated variants. All simulations presented here model the effects of demography, 

recombination heterogeneity, and mutation heterogeneity. For our simulations, we 

excluded the regions that were excluded in the real data due to our quality control criteria.  

Scan for signals of selection 

All test statistics were calculated using pre-defined sliding windows of 500 SNVs, with a 

step size of 100 SNVs. Windows longer than 1 Mb were dropped to avoid complex 

genomic regions, such as centromeres or large structure variants. To maximize statistical 

power and focus on signals of selection in Western Pygmies generally, for all our tests we 

combined samples from the two Pygmy populations, because they are so recently 

diverged. We calculated statistical significance of each window using our whole-genome 

coalescent simulations under the best-fit demographic models. To account uncertainty in 

parameters, we drew 1,000 parameter sets from the confidence intervals from each model, 

assuming that they had a multivariate normal distribution. The per-window P-value was 

defined as the fraction of simulations with statistic values greater or equal to the observed 

value of the same window in the real data. Candidates for each neutrality test were 

defined as the top 0.5% of the P-value distribution. We then ran 100,000 additional local 

simulations for each candidate to obtain a finer P-value resolution. We estimated false 

discovery rates using the method of Williamson et al. (2007). 

We computed the G2D score defined as in Nielsen et al. (2009) and the integrated 

haplotype score (iHS, Voight et al. 2006) using the software selscan (Szpiech and 



 
 

 

57 

Hernandez 2014). Haplotype phasing was done using BEAGLE v3.1.1 (Supporting 

Materials, Browning and Browning 2007). To account for possible biases in the iHS 

analysis due to phasing errors, haplotype phase was estimated using the same procedure 

used for the both real and simulated data. iHS was calculated with the default parameters 

in selscan, standardized, and quantified the strength of selection following Voight et al. 

(2006). To search for evidence of polygenic selection, we downloaded 1,454 Gene 

Ontology gene sets from the Gene Set Enrichment Analysis (GSEA) project at the Broad 

Institute in January 2014 (Subramanian et al. 2005), discarding 13 gene sets that shared 

more than 90% of their genes with another set. One-sided (alternative distribution is 

greater than the null) Mann-Whitney U tests were performed in R (R Development Core 

Team, 2012). In our simulations, the genic FST distributions were obtained by calculating 

FST for all SNVs within the same genomic regions that are defined as genes in the real 

data (RefSeq, downloaded from USCS Genome Browser in May 2013). The likelihood of 

a gene set being significant was calculated as  

!! !!!"#$%!!"#$"%"&'$(!!"#$%!!!!!!
!!! ,  (1) 

where |S| is the total number of whole genome simulations, s is a given whole genome 

simulation, and I is an indicator function of being significant under s. 

Data Accessibility 

Our genomic data of Biaka and Baka are available in dbSNP 

(http://www.ncbi.nlm.nih.gov/projects/SNP/) with batch IDs: HammerLab_Biaka_CGI, 

Lachance2012Cell_snp, Lachance2012Cell_deletion, Lachance2012Cell_insertion, and 

Lachance2012Cell_complex_substitution.  
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Figure Legends 

Figure 1. Best-fit demographic models and observed and predicted frequency 

spectra for African farmer (Yoruba) and Pygmy (Baka and Biaka) populations. (A) 

The continuous asymmetric gene flow model (Model-1), with the 10 free parameters 

labeled. (B) The single-pulse admixture model (Model-2), with the 9 free parameters 

labeled. (C) The marginal spectra for each pair of populations. Row one is data, row two 

(Model-1) and four (Model-2) are models, and row three and five are Anscombe residuals 

of model minus data for Model-1 and Model-2, respectively.  

Figure 2. Importance of using P-values to define candidates in the G2D analysis. 

Each point is a window of 500 single nucleotide variants, and color represents the density 

of points. The vertical black line and the horizontal purple line are the top 0.5% 

significance cutoffs for the G2D and P-value distributions, respectively. Windows in 

Quadrant I are outliers in the G2D distribution but are not statistically significant when 

the effects of demography and genome architecture are controlled for. In Quadrant III are 

the many windows that are statistically significant even though their G2D values are 

modest. 
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Figure 3. Candidate selection signal in EPHB1. (A) Distribution of FST, functional 

annotation (Refseq and ENCODE elements, see Materials and Methods), and 

recombination rate (Hinch et al. 2011) for all variants (dots) in the candidate locus 

chr3:134572433-134716365. Genes are shown under the plot with black (non-coding 

sequences) and brown (exons) lines. (B) Haplotype network for the region (chr3: 134.66-

134.68 Mb, the region between the two arrows in panel A) with elevated FST. Each circle 

is a haplotype with size proportional to the number of chromosomes compared to the size 

of single chromosome shown on the legend and colors indicating the counts of that 

haplotype in our farmer and Pygmy samples. Haplotypes are connected by lines 

indicating the pairwise nucleotide distance between them. (C) Hierarchical clustering of 

the haplotypes in (B). Columns are SNPs, with grey and black for ancestral and derived 

alleles, respectively, while rows show individual haplotypes. 

Figure 4. Candidate selection signal near OBSCN. (A) As in Fig. 3, but for the region 

chr1:228103665-228842760. (B-C) As in Fig. 3, but for the region chr1: 228.46-228.54 

Mb with elevated FST. 

Figure 5. Candidate selection signal near HLA-DPA1. (A) As in Fig. 3, but for the 

candidate locus chr6:32968692-33049012. (B-C) As in Fig. 3, but for the region chr6: 

33.03-33.05 Mb with elevated FST. 
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Figure 3 
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Figure 4 
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Figure 5 
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Tables 

 

Table 1. Parameter estimates and confidence intervals for two best-fit demographic models. Model-1: continuous asymmetric 
gene flow. Model-2: single-pulse gene flow. Estimates and confidence intervals are shown for effective population sizes (N), times 
(T) of population divergence and gene flow onset, levels of gene flow (m) between farmer (F) and Pygmy (P) populations. Tadmixture 
and fadmixture refer to the timing and strength of the single-pulse gene flow from the farmers (F) to Pygmies (P) in Model-2. 
 Model-1  

(Asymmetric gene flow) 
Model-2 

(Single-pulse gene flow) 
Demographic parameters Estimates +95% C.I. Estimates +95% C.I. 
Na: Ne

* ancestral population 6,727 6,676 – 6,819 6,735 6,671- 6,826 
Nep: Ne ancestral population after expansion 20,473 15,560 – 27,561 15,236 14,436 – 15,894 
NF: Ne contemporary Farmer (F) 11,900 11,714 – 12,138 13,854 13,721 – 14,055 
NP: Ne contemporary Pygmy (P) 5,831 5,631 – 5,986 5,373 5,217 – 5,530 
Tep: Time† of ancestral expansion 221,118 210,513 – 236,634 232,629 223,172 – 

244,327 
Tsplit-PF: Time of P-F split 155,671 139,661 – 164,280 89,645 85,503– 91,725 
Tmig-PF: Time of onset of gene flow between P and F 39,337 36,565 – 43,550 – – 
Tadmixture: Time of admixture from F to P – – 7,136 6,887 – 7,656 
Tsplit-P: Time of split between the two P populations 5,139 4,762 – 5,630 4,049 3,803 - 4,396 
mPF: Gene flow‡ (P ! F) 9.0x10-4 8.4x10-4 – 9.4x10-4 – – 
mFP: Gene flow (F ! P) 9.1x10-5 8.2x10-5- 1x10-4 – – 
fadmixture: Strength of admixture (P ! F) – – 0.6799 0.6789 – 0.6818 
*Effective population size in individuals. †Time in years, assuming 25 years per generation and mutation rate 2.35x10-8 per base per 
generation (Gutenkunst et al. 2009). ‡Fraction of the population each generation that are new migrants. +Confidence intervals 
estimated using100 conventional bootstraps. 
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Supplemental Materials 

Results 

Demographic model selection: using PSMC/MSMC 

We applied the pairwise sequentially Markovian coalescent (PSMC, Li and 

Durbin 2011b) and multiple sequentially Markovian coalescent (MSMC, Schiffels and 

Durbin 2014) as  independent means to explore the demographic history of our 

populations (Materials and Methods). PSMC infers effective population size over time 

from a single diploid genome, while MSMC measures genetic separation of populations 

using relative cross coalescence rates between pairs of haplotypes from two populations. 

We applied both PSMC and MSMC to our quality-controlled intergenic data. The PSMC 

curves of the farmers begin to separate from those of the Pygmies roughly 100–200 kya 

(Figure S3A), suggesting that the ancestors of the farmers and Pygmies began 

differentiating from each other as early as 100–200 kya, consistent with the inferred 

divergence time in Model-1. The MSMC curves indicate declining genetic exchange 

between Pygmies and farmers ~40-60 kya, suggesting that these two populations may 

have diverged from each other at this time (Figure S3D-E). To test if Model-1 and 

Model-2 recapitulate the divergence times between farmers and Pygmies indicated by 

PSMC/MSMC, we applied both methods to simulated genomes under both models 

(Figure S3B-E). Under Model-1, the PSMC curves of the simulated Pygmy and farmer 

genomes split at about the same time as in the PSMC analysis of the real data (Figure 

S3B), while the two simulated populations of Model-2 do not show clear separation until 

~70 kya (Figure S3C). The MSMC curves of Model-1 and those of real data agree well, 

but Model-2 seems to fit the MSMC curve from the real data poorly (Figure S3D-E). 
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Interestingly, the divergence times indicated using MSMC differ from those we simulated, 

highlighting the complexity of interpreting MSMC results. Together, however, these 

results suggest that Model-1 qualitatively fits the data better, and the inferred ancient 

divergence time in Model-1 is plausible.  

 

Importance of controlling variation in mutation and recombination rates across the 

genome 

Methods for detecting natural selection often rely on summaries of local genetic 

variation, and they may be biased by variation in mutation rate across the genome (Reich 

et al. 2002; Drake et al. 2005; Schaffner et al. 2005; Sainudiin et al. 2007). For example, 

G2D values (Nielsen et al. 2009a) are correlated with local genetic diversity (Pearson 

correlation 0.298, p<2.2x10-16, Figure S4). We addressed this by estimating and 

incorporating local mutation rate variation in our simulations (Materials and Methods), 

and our simulations can reproduce local genetic diversity in the real data (Pearson 

correlation=0.902, Figure S5). To assess whether mutation-rate heterogeneity could bias 

downstream inferences of selection, we compared results using two different sets of 

simulations under Model-1 to assign P-values. In the first set, the local mutation rate for 

each window was assigned to be the mean rate of the recombination decile to which that 

window belonged (Figure S6). In the second set, we estimated a local mutation rate for 

each window individually (Figure S7). The P-value distributions of G2D based on these 

two sets of simulations were calculated, and for both analyses we chose the top 0.5% 

windows in the P-value distributions as the top-hits. There is a clear shift to larger 

heterozygosity (estimated using !/base) for the top hits in the first simulation set (Figure 
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S6A), compared with the second set (Figure S7A). As expected, the top hits in the first 

simulation set tended to be windows with larger numbers of variants, while the top hits 

from the second set were distributed across the whole range of observed heterozygosity 

across the genome (Figure S6B vs. Figure S7B). This suggests that incorrectly 

incorporating mutation rate variation in whole-genome simulations might lead to biases 

toward regions with unusually high mutation rate as candidates of natural selection.  

 The distribution of P-values was sensitive to the genetic recombination map used 

in the simulations (Figure S8). In particular, the distribution of G2D p-values using the 

African American map (Hinch et al. 2011) is shifted more toward p=1 than using the 

Yoruba HapMap map, suggesting that inference using the African American map would 

be more conservative (Figure S8). To avoid potential biases due to the choice of map 

and/or null model, we restricted our candidates to those that are top hits using all four 

combinations of the two recombination maps and the two best-fit demographic models. 

Because the P-value distributions based on the two null demographic models are highly 

correlated (Pearson correlation=0.984, p<2.2x10-16, Figure S9), and the analysis based on 

the African American map is more conservative, unless mentioned otherwise we report 

P-values and false discovery rates obtained using Model-1 and the African American 

map. 

Selection scan using iHS: bone synthesis and muscle-related candidates 

Among the candidates of our iHS scans for signals of selection, five loci contain 

genes associated with bone synthesis. Except EPHB1, which is discussed in details in the 

main text, the other four are SLCO2A1 (locus: chr3:133506737-133863702), ZBTB38 

(locus: chr3:141105569-141333249), TSPAN5 (locus: chr4:99496207-99673561), and 
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GAREM (locus: chr18:29766032-29896024). SLCO2A1 encodes a prostaglandin 

transporter protein, and mutations in this gene have been shown causing Primary 

Hypertrophic Osteoarthropathy, a rare genetic disease that affects both skin and bones 

(Zhang et al. 2012). ZBTB38 encodes a zinc finger transcriptional activator expressed in 

the brain, and has been associated with adult height in multiple populations (Lettre et al. 

2008; Weedon et al. 2008; Wang et al. 2013). TSPAN5 is a member of the tetraspanin 

protein family and is up-regulated during osteoclast differentiation (Iwai et al. 2007); 

knockdown of its expression dramatically inhibits osteoclastogenesis in vitro (Iwai et al. 

2007; Zhou et al. 2014), suggesting its regulatory role in bone development. GAREM is 

an adapter protein in intracellular signaling cascades and has recently been associated 

with human height in a whole-exome sequencing association study (Kim et al. 2012). A 

few large FST (" 0.2) non-synonymous amino acid substitutions were observed within 

these candidate regions, but they are not suggested as functionally important by SIFT 

(Kumar et al. 2009) or PolyPhen-2 (Adzhubei et al. 2010). Regions near four out of these 

five genes, however, show high levels of differentiated SNVs in enhancer/Polycomb-

repressed sequences, implying that Pygmy short stature might arise partly through cis-

regulatory evolution (Figure S11). 

 In addition to OBSCN, two candidate loci also encompass muscle-related genes, 

COX10 (locus: chr17:13911228-14241158) and LARGE (locus: chr22:34224706-

34359718). COX10 is a cytochrome c oxidase, and Diaz et al. (2005) reported that 

COX10 knockout mice develop a slowly progressive myopathy. LARGE is a member of 

the N-acetylglucosaminyltransferase gene family, and mutations in this gene cause a form 

of congenital muscular dystrophy (Longman et al. 2003). Interestingly, Andersen et al. 
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(2012) recently found evidence that variants in LARGE might have been positively 

selected for the resistance of Lassa fever in Western African populations. 

Selection scan using G2D: reproduction and gene regulation-related candidates 

One of our G2D candidate regions (locus: chr1:183076845-183184161) includes 

the gene LAMC1, which plays a role in reproductive development. LAMC1 expression 

increases in bovine, pig, and rabbit basal lamina during follicular development (Irving-

Rodgers and Rodgers 2005), and is also expressed in the human ovary (Berkholtz et al. 

2006). A recent genome-wide association study reported that polymorphisms in LAMC1 

are associated with an increased risk of premature ovarian failure, which is characterized 

as the cessation of ovarian function before the age of 40 and could result in amenorrhea 

and infertility (Pyun et al. 2012). Another interesting G2D candidate region 

(chr19:12386669-12523799) contains cell signal transmission genes, the ZNF genes, 

which encode proteins with KRAB and zinc-finger domains. Genes in this protein family 

have been previously shown to be under positive selection in African Americans (Nielsen 

et al. 2005; Nielsen et al. 2009a). It is unclear what phenotype these variants are 

associated with, but the role of ZNF442 in transcriptional binding activity suggests trans-

regulatory evolution might play a role in the adaptation of Pygmies.  

Methods 

Using GRCh37/hg19 for read alignment 

Our genomes were assembled using the default Complete Genomics (CGI) analysis 

pipeline (v.1.10). Because CGI is currently not supporting GRCh38 (personal 

communication with the senior scientist Dr. Birgit Crain at CGI, E-mail date: 12.07.2015), 

our data was aligned according to GRCh37/hg19. According to the Genome Reference 
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Consortium 

(http://www.ncbi.nlm.nih.gov/projects/genome/assembly/grc/info/index.shtml), the major 

improvements in GRCh38, compared to GRCh37/hg19, are in 1) providing alternative 

scaffolds to better represent complex regions (e.g. centromeres) in the genome; 2) 

closing/reducing the known gaps in the previous releases (sizes of gaps: ~234 Mb or 

7.6% in GRCh37/hg19 and ~151Mb or 4.9% in GRCh38); 3) correcting assembly errors, 

particularly for complex regions, in the previous releases. While realigning our data to 

GRCh38 might yield more data in complex regions, we do not expect this will affect our 

conclusions, because we excluded most complex regions and known gaps from all of our 

analyses (Materials and Methods). 

Data quality control for genotype calls 

Before any quality control filters, 13,276,198 autosomal single nucleotide variants (SNVs) 

were called in our samples. Unless mentioned otherwise, we analyzed only variants that 

were 1) fully called across all samples, 2) not in any known or called indels, 3) not in any 

known or CGI called copy number variants, 4) not in any known segmental duplication 

regions, and 5) aligned against chimpanzee (PanTro3, Hg19). Databases used for steps 3, 

4, and 5 were downloaded from UCSC Genome Browser in May 2013. We used Hg19 

coordinates, using the UCSC Genome Browser liftOver program if necessary. After 

filtering, our data consist of 10,865,288 SNVs. 

Demographic inference using !a!i 

#a#i is a forward time simulator of allele frequency spectrum (AFS) based on a diffusion 

approximation (Kimura 1964). To ensure genotype quality for demographic inference 

using our sample, SNVs were removed if they overlapped with any known repetitive 
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genomic regions based on the UCSC Genome Browser databases, Self Chain (if sequence 

identity > 0.9) and RepeatMasker. We also excluded sites that are within known copy 

number variants (CNVs; Database of Genomic Variants, as of May 2013) as well as the 

CGI called CNVs. Sites within genes or 1,000 flanking base pairs were excluded to 

minimize possible effects of natural selection. Coordinates of genes were from the 

RefSeq genes database, downloaded from the UCSC Genome Browser in May 2013. We 

used the remaining 1,575,394 SNVs from a total of 325,957,426 non-genic base pairs to 

build an unfolded AFS. Ancestral states were inferred using chimpanzee as the outgroup, 

using human-chimpanzee alignment (PanTro3, Hg19). The estimated sequence 

divergence between human and chimpanzee based on these non-genic sequences is 

1.14%. We used the #a#i implementation of a context-dependent substitution model to 

statistically correct the unfolded AFS to mitigate possible biases due to ancestral state 

misidentification (Hernandez et al. 2007). To estimate demographic parameters, the 

derivative-based BFGS algorithm was used to optimize the composite log-likelihood.  

 To test if including sites within putatively functional non-genic regions could bias 

the AFS, SNPs within the top 12 strongest signals (i.e. not including the three types: 

13_Heterochrom/low signal, 14_Repetitive/CNV, 15_Repetitive/CNV) of ENCODE 

elements (Gerstein et al. 2012) were removed from our original non-genic data, resulting 

in a 20% reduction of the data (from ~1.5 millions to ~1.2 millions). To quantitatively 

assess for deviations between the AFS of the two data sets, from the original data set we 

computationally generated 1,000 bootstraps (random sampling with replacement), in 

which each bootstrap has the same number of SNPs as in the ENCODE-filtered data set. 

For each entry in the AFS, we then assessed where the ENCODE-filtered data set was 
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within the distribution of values obtained from the bootstraps of the original data (the 

third row of Figure S1). We found that the two AFS from the 1.5 millions and 1.2 

millions SNPs are neither qualitatively nor quantitatively different (Supporting Materials, 

Figure S1). Thus, we expect that using the ENCODE-filtered AFS will not change any of 

our conclusions of demographic inference. 

Haplotype phasing 

Haplotype phasing was done using BEAGLE v3.1.1 (Browning and Browning 2007). To 

enhance phasing accuracy, we included two additional public pygmy genomes, a Bakola 

and a Bedzen genome (CGI Assembly Pipeline 1.10, CGA Tools 1.4) from Lachance et 

al. (2012), into our genome sample. In order to obtain population-specific phased 

haplotypes for the Pygmies, we first constructed a scaffold for each chromosome using 

the 36 SNP-chip samples, including 16 Biaka Pygmies genotyped by the Human Genome 

Diversity Project (HGDP, Li et al. 2008, Illumina 650 K), and 10 Baka and 10 Bakola 

Pygmies genotyped by the Hammer lab of the University of Arizona (Affymatrix Axiom 

500K). The 9 Pygmy genomes were then phased using BEAGLE, with the pre-phased 

scaffold as the reference. The 9 Yoruba genomes were phased separately using the same 

framework, together with an additional 4 Luhya genomes from the CGI public data 

repository. The scaffold for the Yoruba genomes consisted of genotype data for 81 

Yoruba and 86 Luhya samples from the 1000 Genomes Project and 21 Yoruba and 10 

Luhya samples from the HGDP. All of these samples were determined to be unrelated 

using the identical-by-descent operation in PLINK (Purcell et al. 2007). All positions 

were converted into Hg19 coordinates using the UCSC LiftOver utility if necessary.  
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Haplotype and diplotype analyses 

Hierarchical clustering for both haplotype and diplotype data was performed using the R 

function “hclust” in the stats package (R Development Core Team, 2012). We used the R 

package pegas (v.0.6, Paradis 2010) to plot haplotype network, using pairwise nucleotide 

differences as the distance matrix. 

ENCODE regulatory elements 

We downloaded the ENCODE (Gerstein et al. 2012) database 

(wgEncodeBroadHmmHsmmHMM) using the UCSC Genome Browser in February 2014. 

We used the five most reliable functional categories: Active Promoter (state 1), Strong 

Enhancer (states 4 and 5), Insulator (state 8), and Polycomb-repressed (state 12). This 

yielded 134,769 regulatory elements. 
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Supplemental Figures 
 
 
 

 
Figure S1. Evaluation of the possible effect of including ENCODE functional elements on 
the allele frequency spectrum (AFS). Top row: the 2-population marginal AFS of original 1.58 
million intergenic SNPs, scaled to match the number of SNPS in the ENCODE-filtered subset. 
The middle row: the 2-population marginal AFS of the ENCODE-filtered 1.2 million intergenic 
SNPs, after excluding the three lowest signals among the ENCODE elements 
(13_Heterochrom/low signal, 14_Repetitive/CNV, 15_Repetitive/CNV). Bottom row: location of 
each entry of the ENCODE-filter AFS in the distribution of values from 1,000 bootstraps, each of 
which had 1.2 million SNPs sampled from the original intergenic data set.  
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(A) 

 
(B) 

 
 

 
Figure S2. Decay of linkage disequilibrium in Pygmies and farmers in real and simulated 
data. Simulations are based on 100 models drawn from the confidence intervals of the parameter 
estimates for each of the two best-fit models. LD is estimated using correlation coefficient (r2) 
between pairs of variants in 0.1 cM windows across the whole genome. (A) The Pygmies; (B) the 
Yoruba farmers. 
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(D) 

 
(E) 

 
Figure S3. PSMC and MSMC analyses. (A) We performed PSMC (Li and Durbin 2011b) 
analysis on the whole genome samples of the farmer and Pygmy populations. Each line represents 
a genome, plotted as the evolution of effective population size against time. The number inside 
parentheses in the legend indicates the sample size in each population. (B-C) PSMC analysis 
using simulated genomes: Model-1, the continuous asymmetric gene flow (B), Model-2, the 
single pulse admixture model (C). Red lines are the farmer population (Yoruba), and the green 
and blue lines are the two Pygmy groups (Baka and Biaka). (D) The MSMC (Schiffels and 
Durbin 2014) results for two random pairs of Biaka-Yoruba (blue solid lines) and of Baka-
Yoruba (green solid lines), one random pair for simulated Biaka-Yoruba and Baka-Yoruba 
genomes from Model-1 (dash lines) and Model-2 (dot lines). Curves are plotted on a logarithm 
scale on x-axis. (E) The same results from (D), but plotted on a regular scale. 
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Figure S4. Dependency of G2D statistic on local heterozygosity. Each point represents a 
window with 500 SNVs. Red dashed line shows the result of a linear regression. Correlation is 
Pearson’s correlation.  
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Figure S5. Correlation of per-base ! (Watterson’s estimator) between windows in real and 
simulated whole-genome data. Window are defined as in our selection scans. Pearson 
correlation is 0.902. 
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(A) 

 
 
(B) 

 
 

Figure S6. Biased distribution of candidates for selection (top 0.5% in P-value distribution) 
with respect to local mutational heterogeneity. The mutation parameter of each window in the 
simulation is assigned to be the mean rate of the recombination decile to which that window 
belonged. Each subpanel shows one of the 10 recombination rate deciles. (A) A clear shift to 
larger heterozygosity for the top hits under this simulation design. (B) The top hits (red vertical 
lines) tended to be windows with larger numbers of variants. 



 
 

 

89 

(A) 

 
 
(B) 

 
 

Figure S7. Unbiased distribution of candidates for selection (top 0.5% in P-value 
distribution) with respect to local mutational heterogeneity. The mutation parameter of each 
window in the simulation matches its local mutation rate. (A) No clear shift in heterozygosity for 
the top hits under this simulation design. (B) The top hits were distributed across the whole range 
of observed heterozygosity across the genome. 
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(A) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(B) 

 
 
 
 
 

 
Figure S8. Dependence of top-hits in P-value approach on genetic recombination map used 
in simulations. (A) Shown are the P-values for windows simulated using the per-window 
mutation-rate estimation approach under Model-1 (AsymModel), but with two different published 
genetic recombination maps: AAmap: African American genetic recombination map (Hinch et al. 
2011), HapMapYRI: Yoruba HapMap genetic recombination map (The International HapMap 
Consortium 2007). (B) Zoom in to the bottom-left corner of (A). Black and purple lines indicate 
the top 0.5% and 1% cutoff in P-value distributions. Only windows in Quadrant-III are robust to 
the choice of genetic recombination map. The color scheme represents the density of the windows 
on the plot. Similar results hold for simulations under Model-2 and for iHS as well 

III
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Figure S9. Correlation between P-values under our two best-fit models. Each point is a 
window of 500 SNVs and color represents the density of the points. 
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Figure S10. Importance of using P-values to define candidates in the iHS analysis. Each 
point is a window of 500 single nucleotide variants, and color represents the density of points. 
The vertical black line and the horizontal purple line are the top 0.5% significance cutoffs for the 
G2D and P-value distributions, respectively. Windows in Quadrant I are outliers in the iHS 
distribution but are not statistically significant when the effects of demography and genome 
architecture are controlled for. In Quadrant III are the many windows that are statistically 
significant even though their iHS values are modest. Cross marks (x) represent those Pygmy 
specific top-hits as discussed in the main text. 

 
 
 



 
 

 

93 

 
Figure S11. Elevated population differentiation (FST) in ENCODE regulatory element sequences in four candidate loci containing several 
bone-synthesis related genes. Each panel is titled by the bone-synthesis related gene. Green symbols indicate SNPs residing in ENCODE 
elements, while red symbols are variants within protein coding sequences. 
 
 



 
 

 

94 

 

 
Figure S12. Genome-wide Manhattan plot of the G2D statistic. Each dot is a window of 500 single nucleotide variants. The dashed line 
represents the top 0.5% of the outlier threshold of the G2D statistic. Red dots are the candidates selected using the P-value approach (consensus 
windows based on the two best-fit demographic models). Most of chromosome 9 was masked by our quality control filters. 
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Figure S13. Candidate region of HLA-DPA1 (chr6: 33.03-33.05 Mb) in the farmer and Pygmy samples. Columns are SNPs and rows are 
individual diploid-types. Light grey, dark grey, and black represent homozygous ancestral (Hom. ancestral), heterozygous (Het.), and homozygous 
derived (Hom. derived) genotypes. 
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Figure S14. Elevated population differentiation (FST) in ENCODE regulatory element sequences the candidate locus around the gene 
bone-synthesis related gene FLNB. Green symbols indicate SNPs residing in ENCODE elements, while red symbols are variants within protein 
coding sequences. 
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Table S1. Primary models evaluated during demographic inference using !a!i (Gutenkunst et al. 2009). Parameter !a is 4Naµ, 
where µ=2.35x10-8 per site per generation (Gutenkunst et al. 2009), N is effective population size, T is the time of a demographic 
event (in units of 2Na generations, where Na is the ancestral effective population size), m is migration rate (in units of 2Na), and f is 
admixture proportion. Events that occur at the same time are noted using “/”; otherwise, in our optimization procedure, the order of 
time parameters for the divergence and gene flow events is not fixed in a model. Note that we did not choose Model-5 over Model-2, 
even though Model-5 has a better log-likelihood than Model-2, because Model-5 is a special case of Model-1. 
 

Model Parameter: estimate Log-likelihood Optimization 
Model-1 

 

(10 parameters)  -6712 All converged. 

!a: 206127 Tsplit-PF: 0.46 
Nep: 3.02 Tmig-PF: 0.115 
NF: 1.76 Tsplit-P: 0.015 
NP: 0.86 mFP: 1.22 
Tep: 0.655 mPF: 11.9 

Model-2 

 

(9 parameters)  -7737 All converged. 

!a: 206375 Tsplit-PF: 0.266 
Nep: 2.26 Tadmixture: 0.021 
NF: 2.05 Tsplit-P: 0.012 
NP: 0.79 fadmixture: 0.6799 
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Model Parameter: estimate Log-likelihood Optimization 

Model-3 

 

(7 parameters)  -11877 All converged. 

!a: 207003 Tep: 0.668 
Nep: 2.62 Tsplit-PF: 0.048 
NF: 1.27 Tsplit-P: 0.019 
NP: 1.35  

Model-4 

 

(8 parameters)  -10978 All converged. 

!a: 206264 NP: 1.31 
Nep: 2.63 Tep: 0.677 
NF1: 0.64 Tsplit-PF: 0.047 
NF2: 44.56 Tsplit-P: 0.021 
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Model Parameter: estimate Log-

likelihood 
Optimization 

Model-5 

 

(10 parameters)  -7437 All converged. 

!a: 208385 Tep: 0.617 
Nep: 3.08 Tsplit-PF: 0.147 
NF1: 1.10 Tsplit-P/migration: 0.024 
NF2: 2.90 MFP: 1.73 
NP: 0.97 MPF: 22.36 

Model-6 

 

(12 parameters)  -6532 *: Parameter that 
did not converge. 
 

!a: 206308 Tsplit-PF: *0.3765 – 0.3785 
Nep: *9.8 – 21.9 TF2: *0.1265 – 0.1285 
NF1: 1.47 Tmig-PF: *0.0165 – 0.0185 
NF2: *5.0 – 7.1 Tsplit-P: 0.016 
NP: 0.95 MFP: 1.36 
Tep: *0.58 – 0.63 MPF: 10.64 
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Model Parameter: estimate Log-

likelihood 
Optimization 

Model-7 

 

(9 parameters)  -8085 *: Parameter that 
did not converge. 
 

!a: 206054 Tep: 0.677 
Nep: 2.63 Tsplit-PF: 0.127 
NF1: 1.42 Tsplit-P/admixture/F2: 0.016 
NF2: *41 - 45 fadmixture: 0.399 
NP: 1.06  

Model-8 

 

(12 parameters)  -10837 *: Parameter that 
did not converge. 
 
Also note that 
the estimates for 
Tsplit-P/F2 and 
Tadmixture are the 
same, suggesting 
these events 
occurred at the 
same time. 

!a: 206311 Tep: *0.768 – 0.868 
Nep: 2.66 Tsplit-PF: *0.153 – 0.253 
NF1: 0.58 Tsplit-P/F2: *0.126 – 0.246 
NF2: *40 - 42 Tadmixture: *0.126 – 0.246 
NP: 1.25 fadmixture: 0.116 
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Table S2. Refitting the two candidate models with thinned data set.  In the thinned data set, the polymorphisms are at least 0.01 cM apart from 
each other. Information criteria, AIC and BIC, were calculated for each of the two best-fit models. Model-1 is preferable over Model-2 using both 
AIC and BIC methods. 

Model 
(# parameters) 

Log likelihood 
(full data set) 

Log likelihood 
(thinned data set) AIC BIC 

Model-1, continuous gene flow (10) -6712 -2803 5624 5669 

Model-2, single pulse admixture (9) -7737 -2851 5718 5758 

 
 
 
 
 
Table S3. Overlap of selection candidates (top 0.5% in P-value distribution) with functional loci (i.e. protein-coding and ENCODE 
sequences). Enrichment of top-hit windows was found in genes, but not in ENCODE elements. P-values are calculated based simulations of 
Model-1 with the African American genetic recombination map. Similar results hold for the other three simulation conditions. 

 Non-exon Exon Non-ENCODE ENCODE 

Significant 117 275 62 330 

Non-significant 29392 55766 12865 72293 

P-value 
(one-sided Fisher Exact Test) 0.029* 0.682 
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Table S4. The 35 distinct genomic regions with the strongest evidence of Pygmy-specific signals of adaptation identified by iHS. For each 
locus, the third column, max(|iHS|), indicates the maximum iHS score among the variants inside the locus. 

Locus Gene Name(s) max(|iHS|) P value FDR Notes 
chr1:97708629-97876524 DPYD,DPYD-AS1 4.64 1.00x10-3 0.16  

chr1:151752870-152059462 
TDRKH,LINGO4,RORC,C2CD4D, 
LOC100132111,THEM5,THEM4, 
S100A10,NBPF18P,S100A11,TCHHL1 

4.62 0.00 0 S100A10 is an regulatory element of innate immunity (Han et al. 2012). 

chr1:154382442-154782105 IL6R,SHE,TDRD10,UBE2Q1,CHRNB2, 
ADAR,KCNN3 5.36 0.00 0 

IL6R encodes an interleukin receptor, associated with inflammatory 
diseases, such as rheumatoid arthritis and asthma; (Briso et al. 2008). 
ADAR involves A-to-I RNA editing and acts as an antiviral gene 
(Haralambieva et al. 2011). 
TDRD10 is a member of methylarginine-binding proteins that have 
enriched expression in the germ line and are strongly associated with 
gametogenesis (Chen et al. 2011). 

chr1:226265661-226580188 ACBD3,MIXL1,LIN9,PARP1 4.99 0.00 0 ACBD3 is a Golgi-resident protein involved in hormone-induced steroid 
biosynthesis in testicular Leydig cells (Fan and Papadopoulos 2013). 

chr1:226865560-227209786 ITPKB,PSEN2,ADCK3,CDC42BPA 5.16 0.00 0 ITPKB, Inositol-trisphosphate 3-kinase B, which plays an active role in 
innate immune system (Sauer and Cooke 2010). 

chr1:228103665-228842760 

WNT9A,MIR5008,WNT3A,ARF1, 
MIR3620,C1orf35,MRPL55,GUK1,GJC2, 
IBA57AS1,IBA57,C1orf145,OBSCN, 
TRIM11,MIR6742,TRIM17,HIST3H3, 
HIST3H2A,HIST3H2BB,MIR4666A, 
RNF187,BTNL10,RHOU,DUSP5P1 

5.11 0.00 0 OBSCN is an obscurin gene and has an important role in the organization 
of myofibrils. 

chr2:60242061-60398137 NA 5.10 0.00 0  

chr2:72210353-72344610 NA 4.93 0.00 0  

chr2:213722832-214136943 MIR4776-2,MIR4776-1,IKZF2 4.56 0.00 0 IKZF2 is a hematopoietic-specific transcription factor involved in the 
regulation of lymphocyte development (Stanic et al. 2014). 

chr2:236917302-237037341 AGAP1 4.96 1.00x10-3 0.16  

chr3:10080721-10242712 FANCD2,FANCD2OS,BRK1,VHL,IRAK2 5.00 1.00x10-3 0.16  

chr3:10285605-10695444 TATDN2,GHRLOS,LINC00852,GHRL, 
SEC13,ATP2B2,MIR885 5.00 0.00 0  

chr3:111396224-111555201 PLCXD2,PHLDB2 5.53 0.00 0  

chr3:133506737-133863702 SRPRB,RAB6B,C3orf36,SLCO2A1 4.59 0.00 0 
SLCO2A1 encodes a prostaglandin transporter protein, and mutations in 
this gene have been shown causing a rare genetic disease that affects both 
skin and bones (Zhang et al. 2012) 

chr3:134572433-134716365 EPHB1 4.44 0.00 0 EPHB1 is an Ephrin receptor at sites of osteogenesis. 

chr3:141105569-141333249 ZBTB38,RASA2 4.86 0.00 0 
ZBTB38 encodes a zinc finger transcriptional activator has been associated 
with adult height in multiple populations (Lettre et al. 2008; Weedon et al. 
2008; Wang et al. 2013). 



 
 

 

103 

Table S4. Continued.     

chr4:97467886-97840259 NA 5.65 0.00 0  

chr4:99496207-99673561 TSPAN5 3.50 0.00 0 TSPAN5 is a member of the tetraspanin protein family and is up-regulated 
during osteoclast differentiation (Iwai et al. 2007). 

chr5:156183805-156461833 SGCD,PPP1R2P3,TIMD4,HAVCR1 4.85 0.00 0 

TIMD4 is a T-cell immunoglobulin gene known to be associated with 
immune-related disorders, such as allergy and asthma (Li et al. 2014a). 
HAVCR1 has been implicated in susceptibility to allergic asthma in both 
mice and humans (McIntire et al. 2003) and has been hypothesized to have 
experienced both positive and balancing natural selection in the course of 
primate evolution (Nakajima et al. 2005). 

chr5:156595169-156722896 ITK,CYFIP2 5.04 1.00x10-3 0.16  

chr5:157044944-157310105 SOX30,C5orf52,THG1L,LSM11,CLINT1 5.49 1.00x10-3 0.16 
SOX30 is a transcription factor involved in the regulation of embryonic 
development, and its expression pattern is associated with testis 
development in mice (Han et al. 2014) 

chr7:10943346-11263539 NDUFA4,PHF14 3.72 0.00 0  

chr7:67145543-67233803 NA 4.57 0.00 0  

chr7:151529659-151654789 PRKAG2,PRKAG2-AS1,GALNTL5 4.21 0.00 0 
GALNTL5 is an essential functional molecule for sperm development, and 
the GALNTL5 mutation may cause human asthenozoospermia (Takasaki 
et al. 2014) 

chr7:152220265-152424951 XRCC2 3.77 0.00 0 XRCC2 is an immune-related gene (Sale et al. 2001) 

chr8:35242514-35469684 UNC5D 5.40 0.00 0  

chr8:35880031-36176084 NA 4.40 0.00 0  

chr8:37377237-37712337 ZNF703,ERLIN2,LOC728024,PROSC, 
GPR124,BRF2 5.08 0.00 0 GPR124 an immune-related gene (Fredriksson et al. 2003) 

chr11:17398742-17655840 NCR3LG1,KCNJ11,ABCC8,USH1C, 
OTOG 3.68 0.00 0 

NCR3LG1 is a ligand for natural killer cell receptors and appears to play 
an immunomodulatory role in response to pro-inflammatory cytokine 
signaling (Matta et al. 2013). 

chr14:76694616-76974036 ESRRB 5.04 0.00 0 
The gene product of ESRRB is similar to the estrogen receptor. Its function 
is unknown; however, a similar protein in mouse plays an essential role in 
placental development; (Luo et al. 1997) 

chr17:13911228-14241158 CDRT15P1,COX10-AS1,COX10,CDRT15, 
HS3ST3B1,MGC12916 3.36 0.00 0 

HS3ST3B1 encodes a heparan sulphate enzyme that alters the binding of 
sporozoite to hepatocytes and its subsequent development in mice infected 
by the malaria parasite P. Berghei (Brisebarre et al. 2014). 
Diaz et al. (2005) reported that COX10 knockout mice develop a slowly 
progressive myopathy. 

chr18:29766032-29896024 MEP1B,GAREM 4.58 0.00 0 

MEP1B encodes the subunit of Meprins, a multidomain zinc 
metalloprotease that has been implicated in intestinal inflammation 
(Claudia and Christoph 2013). 
GAREM is an adapter protein in intracellular signaling cascades and has 
recently been associated with human height in a whole-exome sequencing 
association study (Kim et al. 2012). 
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Table S4. Continued.     

chr21:23493685-23662959 NA 4.23 0.00 0  

chr22:34224706-34359718 LARGE 5.39 0.00 0 Mutations in LARGE cause a form of congenital muscular dystrophy 
(Longman et al. 2003). 

chr22:39290370-39477973 
APOBEC3A_B,APOBEC3A,APOBEC3B,
APOBEC3BAS1,APOBEC3C,APOBEC3, 
APOBEC3F,APOBEC3G 

3.99 1.00x10-3 0.16 
The APOBEC cluster includes seven related genes that play a role in 
immunity, especially against retroviruses such as HIV-1 and SIV (Bogerd 
et al. 2006). 

 
 

 

 

 

 

 

Table S5. The 7 distinct genomic regions with the strongest evidence of Pygmy-specific signals of adaptation identified by G2D. 

Position Gene Name Possible Associated Function G2D P-value FDR 
chr1:179361049-179468857 AXDND1 Bone Synthesis 2.30x103 1.82x10-3 0.23 

chr1:183076845-183184161 LAMC1,LAMC2 Ovary/Reproduction Development, 
skin 3.02x103 8.12x10-4 0.20 

chr1:219895606-220069861 RNU5F-1  1.80x103 3.76x10-4 0.15 
chr3:57918877-58055004 FLNB Bone Synthesis 9.47x102 3.12x10-3 0.23 

chr6:32968692-33049012 HLA-DOA, 
HLA-DPA1,HLA-DPB1 Immunity 2.60x103 9.90x10-6 0.03 

chr7:152201610-152337563 N/A   8.38x102 5.54x10-4 0.17 

chr19:12386669-12523799 ZNF44,ZNF563, 
ZNF442,ZNF799 Cellular Signaling Transmission 1.66x103 7.92x10-5 0.09 
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Table S6. Three Gene Ontology gene sets that show the strongest evidence of polygenic adaptation in the Pygmy groups. P-
values are from a one-sided Mann-Whitney U test and Bonferroni corrected. 

Name of gene set  P-value Gene members (number of genes) 
ANTIGEN BINDING 2.31x10-25 ALB, CD1D, CHRNA7  DHCR24  FCN1,  

FCN2,  IGHA2, IGHG1, IGHG2, IGHG3, 
IGHG4, IGHM,  IL7R,  KIR2DL3 LAG3,  
LILRA1  LILRA2  LILRA3  LILRB4  
MSLN,  PPP2R1A PPP2R1B SLAMF1  
SLC7A5  SLC7A8  SLC7A9  TAPBP, 
TOPORS (28) 

G1 PHASE  
OF MITOTIC CELL 
CYCLE 

1.75x10-19 CDC23, CDC25C, CDC6, CDK10, 
CDK2,CDK6, CDKN1C, E2F1, FOXO4, 
GFI1B, MAP3K11, TAF1, TBRG4 (13) 

PATTERN 
RECOGNITION 
RECEPTOR ACTIVITY 

5.04x10-14 CD14, CLEC7A, COLEC12 DMBT1, 
MARCO, PGLYRP1, PGLYRP2, 
PGLYRP3, PGLYRP4, TLR2 (10) 
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APPENDIX B 

 

EXOME SEQUENCING PROVIDES  

EVIDENCE OF POLYGENIC ADAPTATIONS AND DECIPHERS  

DEMOGRAPHIC PREHISTORY IN INDIGENOUS SIBERIAN POPULATIONS 

 

 

 

Manuscript prepared for submission to Molecular Biology and Evolution.



 
 

 

111 

Submission to Mol. Bio. Evol. as Article/Discovery 

Exome Sequencing Provides Evidence of Polygenic Adaptations and Deciphers 

Demographic Prehistory in Indigenous Siberian Populations 

 

PingHsun Hsieh,1 Brian Hallmark,2 Joseph Watkins,3 Tatiana M. Karafet,4 Ludmila P. 

Osipova,5 Ryan N. Gutenkunst,6* Michael F. Hammer3* 

 

*Corresponding authors 

Affiliations: 

1. Department of Ecology and Evolutionary Biology, University of Arizona, 

Tucson, AZ, USA 

2. Interdisciplinary Program in Statistics, University of Arizona, Tucson, AZ, 

USA 

3. Department of Mathematics, University of Arizona, Tucson, AZ, USA  

4. Arizona Research Laboratories Division of Biotechnology, University of 

Arizona, Tucson, AZ, USA 

5. Federal Research Center Institute of Cytology and Genetics, Siberian Branch 

of the Russian Academy of Sciences, Novosibirsk, Russian Federation, Russia 

6. Department of Molecular and Cellular Biology, University of Arizona, 

Tucson, AZ, USA 

 

Correspondence: Ryan N. Gutenkunst, rgutenk@email.arizona.edu 

Michael F. Hammer, mfh@email.arizona.edu 



 
 

 

112 

Abstract  

Siberia is one of the coldest environments on Earth and has great seasonal temperature 

variation. As early modern humans dispersed from their ancestral tropical African 

homeland into much cooler environments, long-term settlement in Siberia undoubtedly 

required biological adaptation to severe cold stress, dramatic variation in photoperiod, 

and limited food resources. In addition, recent archeological studies show that humans 

occupied Siberia at least ~45,000 years ago, but the prehistory of modern indigenous 

Siberians remains largely elusive. In this study, we leverage whole-exome sequencing 

data from two indigenous Siberian populations, the Nganasans and Yakuts, to infer the 

evolutionary history of these Northern people. Because many hypothesized physiological 

traits of adaptation in Siberians are likely polygenic, we designed a model-based test to 

search systematically for signatures of polygenic selection and assess potential biases due 

to neutral processes or the hitchhiking effect of classic selective sweeps. We found seven 

candidate gene sets with Siberian-specific polygenic selection signals, and many of them 

were related to diet, especially to fat metabolism, suggesting adaptions to the traditional 

fat-rich animal food diet in Central Siberians at high latitude. We also propose 

comprehensive demographic models that incorporate population divergence, isolation, 

and gene flow, for these Central Siberians and their Eurasian neighbors. We show that the 

ancestors of these Siberians and East Asians diverged ~12,000 – 14,000 years ago, with 

continuous gene flow among them. Our results also imply a scenario of post Last Glacial 

Maximum population expansion and replacement in Siberia.  

 

 



 
 

 

113 

Introduction 

Anatomically modern humans (AMHs) began to disperse ~70 – 45 thousand years 

ago (kya), rapidly spread through much of the world outside of Africa, reaching the 

northeast coast of Asia by ~20 – 15 kya, followed by the colonization of the American 

continent (Oppenheimer 2012). As part of this great human expansion, there is a growing 

interest in the settlement and the evolutionary history of AMHs in Siberia, in part, 

because of its landmass covering various ecological landscapes and its geographic 

position as the gateway via Beringia to the New World (Karafet et al. 2002; Fu et al. 

2014; Raghavan et al. 2014; Rolland 2014). Recent fossil evidence uncovered from 

Upper Paleolithic sites in the area of the Yana River (71˚N, dated ~28 kya) and in Central 

Siberia (72˚N, dated ~45 kya) suggests that Siberia was one of the earliest places in 

Eurasia that AMHs successfully colonized (Pitulko et al. 2004; Gillingham et al. 2007; 

Pitulko et al. 2016). The AMH fossils discovered at Mal’ta (dated ~24 kya) and Ust’-

Ishim (dated ~45 kya) in South/Central Siberia (Fu et al. 2014; Raghavan et al. 2014) 

indicate humans’ ability to adapt to and survive in a cold environment after their 

expansion out of the low-latitude African continent. Although the presence of humans 

might have continued throughout the severe Last Glacial Maximum (LGM), which 

occurred ~26 – 19 kya (Kuzmin 2008), some researchers have also suggested a possible 

scenario of complete depopulation in Siberia during this period of extreme cold (Rolland 

2014).  

Today, 31 indigenous populations live across Siberia, distinguished by language, 

culture, lifestyle, and means of subsistence (Karafet et al. 2002; Uinuk-Ool et al. 2003). 

Many of these Siberians are still practicing a foraging subsistence strategy in one of the 
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coldest places on Earth (mean January temperature -32 – -41°C) (Kathiresan et al. 2008). 

The cold climate and dramatic seasonal variation in photoperiod and daylight exposure 

cause unpredictable and limited food resources in Siberia (Uinuk-Ool et al. 2003). It has 

been hypothesized that these environmental (polar eco-region) and ecological constraints 

(subsistence/diet) likely impose selective stresses to and in turn promote adaptations in 

indigenous Siberians (Hancock et al. 2010). A recent study of Northeastern Siberians 

found evidence for a classic selective sweep associated with fat metabolism, suggesting 

an adaptation to diet (Clemente et al. 2014). Additionally, genome-scan studies in 

Siberians have reported candidate loci for classic selective sweeps that are associated 

with genes involved in energy metabolism, vascular smooth muscle contraction, and 

DNA damage response against UV radiation (Cardona et al. 2014). Even though these 

recent studies have provided evidence of genetic adaptations in Siberians via classic 

selective sweeps, the associated physiological traits are likely regulated by complex 

biological pathways involving tens or hundreds of genes (Pritchard et al. 2010; Devlin 

2015) and thus are highly polygenic. It is thus important to jointly assess adaptive signals 

for genes that are biologically relevant in order to identify polygenic selection. 

Demographic dynamics involving their European and East Asian neighbors can 

also contribute to the evolutionary history of indigenous Siberians. Much of the genetic 

evidence for understanding the history of Siberian populations was derived from 

uniparental mtDNA (Fedorova et al. 2013; Derenko et al. 2014) and Y chromosome 

(Karafet et al. 2002; Fedorova et al. 2013) data, as well as genome-wide single nucleotide 

polymorphism (SNP) genotyping array data (Fedorova et al. 2013; Cardona et al. 2014; 

Pugach et al. 2015). In general, these studies suggest a Central Asian/South Siberian 
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origin of modern Siberians (Karafet et al. 2002; Fedorova et al. 2013; Derenko et al. 

2014). Principle component and STRUCTURE-like analyses identified six genetic 

components across indigenous Siberians: two outside Siberia, namely East Asian and 

European, and four inside Siberia, namely West, South-Central, North-Central, and 

Northeastern Siberian (Fedorova et al. 2013; Cardona et al. 2014; Pugach et al. 2015). 

These results also showed that there are geographic clines of genetic admixture among 

indigenous Siberians with populations of East-Asian (e.g. Chinese/Japanese) and 

European ancestries, a latitudinal cline with more East Asian ancestry in South Siberia, 

and a longitudinal cline with more European ancestry in Southwestern Siberia (Fedorova 

et al. 2013; Cardona et al. 2014; Pugach et al. 2015). Despite these studies of 

demographic relationships among indigenous Siberian populations, there is no 

demographic model for native Siberians that jointly incorporates effective population 

size, population divergence/isolation, and gene flow. Such a demographic model will 

improve our understanding of the demographic dynamics among indigenous Siberians 

and their European/East Asian neighbors. 

In this study, we explored both the demographic and polygenic adaptive histories 

of indigenous Siberians using whole-exome sequencing data from two indigenous 

hunting-gathering Central Siberian populations, the Nganasans (NGA) from Taymyr 

Peninsula in the Arctic Ocean and the Yakuts (YAK) from North-Central Siberia. We 

also incorporated exome data from East-Asian (Han-Chinese: CHB) and European (CEU) 

populations from the 1000 Genome Project (1000 Genomes Project Consortium 2012). 

The demographic models presented here for indigenous Siberians jointly incorporate 

divergence, isolation, and gene flow. In order to detect polygenic selection in these 
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Siberian populations, we performed a polygenic analysis and assessed the significance of 

each candidate gene set using a permutation test and a parametric test using whole-exome 

coalescent simulations.  

Results 

Exome Sequencing and Estimation of joint Site Frequency Spectrum 

We used Illumina HiSeq 2000 target sequencing to generate 42 exomes for two 

indigenous Siberian populations (Figure S1): Nganasans (N=21) and Yakuts (N=21). We 

obtained ~6# and ~4# coverage on average for the NGA and YAK samples, respectively, 

using a series of quality control procedures as described in Hallmark et al. (2016, in 

prep.; also see Materials and Methods). We also obtained 97 CEU and 95 CHB exomes 

from the 1000 Genome Project (1000 Genomes Project Consortium 2012). Because of 

the relatively low sequence coverage of the Siberian exomes, we estimated the joint site 

frequency spectrum (SFS) directly from exome BAM files without calling genotypes 

(Materials and Methods). To mitigate possible confounding effects of natural selection, 

we restricted our demographic inference to strictly intronic sequences, assuming that they 

are selectively neutral (Williamson et al. 2005; Eyre-Walker and Keightley 2007). It was 

infeasible to estimate a joint four-population SFS using ANGSD, due to the large 

dimensionality of the resulting matrix (195#191#43#43 = 68,866,005 entries). Instead, 

we chose to build three SFSs for the population trios CHB-YAK-NGA, CEU-CHB-NGA, 

and CEU-CHB-YAK and used these SFSs to infer the demographic histories of these 

four populations.  

Demographic Relationships among Central Siberians, East Asians, and Europeans  
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To infer demographic histories among the four populations of interest, we used the SFS-

based demographic inference tool $a$i (Gutenkunst et al. 2009). We began our inference 

with pairwise two-population (2-D) models and then used the results of these models to 

parsimoniously test three-population (3-D) models. Table S1-S3 list the 2-D models that 

we considered for each population pair and their maximum likelihood estimates for 

model parameters (Supplementary Materials). The best-fit model for the Siberian 

population pair NGA-YAK (Table S1, Model S1_1) suggests that these two populations 

have been isolated from each other since their divergence. For both the pairs of NGA-

CHB and YAK-CHB, their best-fit models (Table S2, Model S2_4; Table S3, Model 

S3_4) suggest that the ancestors of the pairs experienced a population size bottleneck 

(~87-89% reduction), followed by an exponential recovery in size for both the two 

populations. Besides, there is also evidence of symmetric gene flow between each of the 

two pairs after their divergences (Table S2, Model S2_4; Table S3, Model S3_4). 

Because the split time of NGA-YAK is the most recent among these population pairs, we 

hypothesized the two Siberian groups are genetically more closely related than either is to 

the CHB or CEU. We tested this hypothesis by inferring the best-fit model topologies for 

each of the three population trios: CHB-YAK-NGA, CEU-CHB-NGA, and CEU-CHB-

YAK (Supplementary Materials). We found that the CHB is an outgroup to the two 

Siberian populations, and the CEU is the outgroup to the other three populations. (Table 

S4, Model S4_1-3; Table S5, Model S5_1-3; Table S6, Model S6_1-3).  

Complex Three-Population Demographic Models 

In order to gain more insights into the demographic prehistory among the four 

populations, we opted to build complex three-population models using the SFSs for the 
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three population trios: CHB-YAK-NGA (Figure 1, Table 1 and Table S4), CEU-CHB-

NGA (Figure 1, Table 1 and Table S5), and CEU-CHB-YAK (Figure 1, Table 1 and 

Table S6). Because the likelihood calculated by $a$i is composite, we determined the 

best-fit models using a likelihood ratio test (LRT) with statistical correction, which 

asymptotically adjusts the LRT statistic in order to conduct the conventional chi-squared 

test (Materials and Methods; also see Coffman et al. 2016). Figure 1 and Table 1 show 

the best-fit models among those we tested and their maximum likelihood parameter 

estimates, respectively, for the three population trios (Table S4-S6). In the case of CHB-

YAK-NGA, the best-fit model (9 parameters, log-likelihood = -221,308, Model-A, 

Figure 1 and Table 1) suggests that the ancestors of the CHB and the two Siberian 

populations diverged ~14 kya (95% C.I.: 11 – 15 kya) and both experienced the same 

~87% population bottleneck in size (95% C.I.: 86 – 88%), followed by an exponential 

recovery in size with a rate of 0.8% per generation (95% C.I.: 0.74 – 0.94%). Our 

inference also shows evidence of continuous symmetric gene flow after the divergence of 

the YAK and the NGA at ~9.6 kya (95% C.I.: 7.7 – 11 kya) with the same magnitude 

between the CHB and each of the two Siberian groups (adjusted D=3.7835; adjusted LRT 

p-value = 0.0259 when compared with a model with no gene flow: Table S5, Model 

S5_4). 

 As for the cases of CEU-CHB-NGA (Model-B, Figure 1) and CEU-CHB-YAK 

(Model-C, Figure 1), the best-fit models have the same tree topology and statistically 

highly compatible parameter estimates (Table 1). The divergence of the CEU and the 

ancestors of the CHB and Siberians occurred at ~14 – 15 kya (95% C.I. in Model-B: 14 – 

17 kya; 95% C.I. in Model-C: 12 – 15), followed by population bottlenecks with size 
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reductions of ~82 – 84% in the CEU (95% C.I. in Model-B: 79.8 – 83.9%; 95% C.I. in 

Model-C: 81.6 – 86.3%) and of ~92.6 – 93.2% in the ancestors of the CHB and Siberians 

(95% C.I. in Model-B: 91.8 – 93.4%; 95% C.I. in Model-C: 92.7 – 93.7%). Following the 

divergence and bottleneck events, these populations exponentially increased their 

effective population sizes with per-generation rates of 0.38 – 0.46% in the CEU (95% 

C.I. in Model-B: 0.35 – 0.43%; 95% C.I. in Model-C: 0.41 – 0.55%) and 0.68 – 0.82% in 

the ancestors of the CHB and Siberian populations (95% C.I. in Model-B: 0.63 – 0.75%; 

95% C.I. in Model-C: 0.74 – 0.91%). In addition, consistent with our results for CHB-

YAK-NGA, we also found that the CHB diverged from the ancestors of the two Siberian 

groups ~12 – 13 kya (95% C.I. in Model-B: 11 – 14 kya; 95% C.I. in Model-C: 11 – 12 

kya). Similar to previous studies (Gutenkunst et al. 2009; Gravel et al. 2011), we found 

evidence of continuous symmetric gene flow with similar magnitude between the CEU 

and the CHB since their divergence (Figure 1 and Table 1). Furthermore, we also found 

that the best-fit models, which incorporate continuous symmetric gene flow between the 

CHB and either of the two Siberian groups, are statistically better than models without 

gene flow (adjusted D statistics: 3.9928 and 18.5575 and adjusted LRT p-values: 0.0228 

and < 2.2#10-16 for the cases of the NGA and the YAK, respectively (Table S5-S6)).  

Together, our best-fit three-population models suggest plausible and complex 

demographic dynamics among the four populations. The ancestral population of the CHB 

and the present-day indigenous Siberians diverged from their common ancestors with the 

CEU at ~14 – 15 kya, followed by the CHB-Siberians split at ~12 – 14 kya and the more 

recent divergence of the two Siberian groups at ~9.6 kya. The ancestors of these four 

populations all experienced severe population size reduction by up to ~93%. While both 
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the CEU and CHB have substantially recovered in size today, indigenous Central 

Siberians still have much smaller population sizes. Finally, there is evidence of 

symmetric gene flow between the CHB and the present-day Siberians since their 

divergence from each other. 

Statistical Inferences for Polygenic Adaptation 

Many interesting traits in Siberian populations, such as body weight/height and diet-

related metabolism (e.g. metabolisms for carbohydrate, fat, and/or protein), are likely 

polygenic (Pritchard et al. 2010; Teslovich et al. 2010; Voruganti et al. 2012). To detect 

polygenic selection, we adopted a statistical approach similar to several recent studies 

based on the comparison of measurements of population differentiation between a 

specific gene set and the genome background (Daub et al. 2013; Hsieh et al. 2015; White 

et al. 2015). While the pairwise population differentiation statistic FST has been used to 

detect signatures of selection (Akey et al. 2002; Carlson et al. 2005; Nielsen et al. 2009), 

the signals observed from this test can be due to selection in either or both populations 

and thus are not population-specific. Because we are interested in detecting selection 

specifically in Siberians, we used the population branch statistic (PBS; Yi et al. 2010) by 

transforming pairwise FST statistics calculated among three populations for each SNV 

(Figure S5; Materials and Methods). In short, PBS measures the branch length that leads 

to the focal population of interest for each SNV: the longer the branch length leading to 

the focal population, the larger the allele frequency change is for this population 

compared to others, which can be a result of natural selection. 1,206 curated human-

specific gene sets were downloaded from the NCBI BioSystems Database 

(http://www.ncbi.nlm.nih.gov/biosystems/). The Mann-Whitney U test was used to test 
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the significance of the difference in PBS distribution between each gene set and the 

remaining data. To evaluate the significance of each of these top candidates, we 

calculated two types of p-value: 1) a non-parametric permutation p-value, which accounts 

for the importance of the gene memberships to a candidate gene set, and 2) a parametric 

simulation p-value using simulations based on the framework of Hsieh et al. (2016; 

Materials and Methods), which controls for the effects of demography and the 

heterogeneity of mutation and recombination rates across the genome. Figure S6 shows 

that this simulation approach indeed reproduces the pattern of local mutation density in 

the real data well (Pearson correlation= 0.88). Because we are interested in Siberian-

specific selection signals, all candidates reported in this study must be found in both 

NGA and YAK unless stated otherwise. 

Candidate Gene Sets for Polygenic Selection in Indigenous Siberian Populations  

Two separate PBS-based polygenic tests were performed to search for Siberian-specific 

selection signals: NGA (focal population) vs. CHB/CEU and YAK (focal population) vs. 

CHB/CEU (Figure S5). 9 and 26 gene sets for the NGA and YAK tests, respectively, 

have Bonferroni’s p < 0.05. Overall, we found that the Bonferroni’s p values of the gene 

sets have little to no correlation with the number of either SNVs (Pearson correlation= -

0.04, p= 0.125, Figure 2B) or genes in the gene sets (Pearson correlation= -0.025, p= 

0.371, Figure S7), suggesting that the observed significant signals are not biased toward 

either large or small gene sets. To make our inference more conservative, we focused on 

the 8 common gene sets of the two analyses as our polygenic selection candidates (Table 

2). Note that we excluded Glycerophospholipid Biosynthesis from any further analysis 

because genes in that set are completely shared with the other candidate gene set 
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Phospholipid Metabolism (Figure 2A). In all cases, the p values of the non-parametric 

permutation and parametric simulation tests for the candidates are all < 0.05. This 

suggests that our candidates are less likely to be false positives due to the stochasticity of 

the data, demographic processes, and heterogeneity of mutation and recombination rates 

in the genome (Table 2).  

To investigate if the observed significant signals of polygenic selection are driven 

by a subset of important genes within a candidate gene set, we used a leave-one-out 

analysis to assess the contribution of each individual gene to the polygenic signal. We 

strictly defined a gene to be a major contributing gene to a candidate gene set if that gene 

set was no longer statistically significant when that gene is not included in our polygenic 

selection test. Interestingly, both the candidate gene sets, VEGF Signaling Pathway and 

Phospholipid Metabolism, (Figure S8A, Figure S9, Table 2) have no major contributing 

genes identified using this procedure. This suggests that all genes in each set contribute to 

the observed polygenic selection signal as a whole. On the other hand, we found multiple 

major contributing genes in the remaining five candidate gene sets (Table 2). Indeed, in 

each case a much smaller p value was obtained when only these major contributing genes 

were included in the gene set in the polygenic test (Table 2), while the test became non-

significant if only the non-major contributing genes were used. These results imply that 

within each candidate gene set, the major contributing genes might have been the targets 

of polygenic selection in these Siberians. 

We noticed that within each candidate gene set, genes can be in close physical 

proximity, and thus it is possible that the polygenic signal observed from our analysis is 

due to the hitchhiking effect of a classic selective sweep at a single locus. Therefore, we 
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performed several analyses in order to assess the possibility of hitchhiking effect in our 

polygenic tests. Several studies have used PBS outliers to identify selected variants in 

classic selective sweeps (Yi et al. 2010; Huerta-Sanchez et al. 2013; Cardona et al. 2014; 

Udpa et al. 2014; Fumagalli et al. 2015). Here, we defined a SNV as a PBS outlier if its 

value was greater than the top 1% cutoff in the PBS distribution of the entire data (i.e. 

PBS > 0.43). As our first validation, we hypothesized that the observed signal of each 

candidate gene set was because of the hitchhiking effect driven by strongly selected 

variants in a single gene. If this were true, the observed polygenic signal should be 

diminished when we excluded the PBS outliers of a single gene from the polygenic test. 

We repeated this procedure for every gene in each candidate gene set and found that in all 

cases the candidate gene sets remain significant, suggesting that the observed polygenic 

signals are inconsistent with this hypothesis. Secondly, the hitchhiking effect of a 

selective sweep can also produce spurious selection signals at sites near the gene under 

selection. To test for this effect, similar to the first validation, but instead of a single gene, 

each time we excluded the PBS outliers from genes that are clustered within 1-Mb radius 

in distance of the focal gene. We found that the all the polygenic tests remain significant, 

and thus the observed polygenic signals are not because of hitchhiking effect at sites 

close to variants under selective sweeps. Finally, we specifically performed a gene-based 

PBS selection scan using the largest PBS value in each gene as the test statistic to 

determine candidate genes under the classic selective sweep model. The p value of each 

candidate gene is defined as the proportion of simulations that have their largest PBS 

values for the same genomic region as extreme as that observed from the data. There are 

13 genes with p values equal to zero in both the analyses for the two population trios 
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CEU-CHB-NGA and CEU-CHB-YAK (Table S7). We chose these 13 genes as our 

selective sweep candidates because their largest PBS values are highly unlikely to result 

from the neutral processes accounted for in our simulations. Interestingly, we found no 

overlap between these genes and those within any of our polygenic candidate gene sets, 

suggesting the observed polygenic signals are not confounded by classic selective 

sweeps. Together, these three validations suggest that the observed significant signals 

from our polygenic tests are likely driven by selection acting on multiple genes rather 

than the effect of hitchhiking after selective sweeps. 

 Among the candidate gene sets, we found that many are diet-related. The 

candidate gene set Fatty Acid Metabolism (BSID: 868084; Bonferroni’s p= 1.7#10-2, 

FDR= 2.4#10-3, Figure 3) plays significant roles in energy production and the structure of 

cellular membranes (KEGG: hsa01212; Turner et al. 2014). Within the seven major 

contributing genes (Table 2), FADS1 and FADS2 encode the enzymes delta-5 and delta-6 

desaturase, respectively, which participate in the synthesis of omega-3 docosahexaenoic 

acid (DHA) and omega-6 arachidonic acid (AA) long chain polyunsaturated fatty acids 

(LC-PUFAs). In addition, enzymes encoded by the other three major contributing genes, 

ACAA2, HADHA, and HADHB, are all involved in fatty acid beta-oxidation in 

mitochondria for energy production (Choi et al. 2007; Kathiresan et al. 2008). 

 The primary function of the diet-related candidate set Pancreatic Secretion (BSID: 

169306; Bonferroni’s p= 1.2#10-2, FDR= 2.1#10-3, Figure 3) is to synthesize and secrete 

digestive enzymes (KEGG: hsa04972). The enzymes synthesized through this system are 

responsible for digestion of essential nutrients, including protein, carbohydrates, fats, and 

other compounds, throughout the digestive tract (Whitcomb and Lowe 2007). The major 
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polygenic signal contributing genes, PRSS1-2-3, of this gene set are members of the gene 

family PRSS encoding serine peptidase enzymes that digest proteins into smaller pieces. 

Mutations of these PRSS genes (particularly PRSS1) are associated with hereditary 

pancreatitis, a disease of recurrent episodes of inflammation of the pancreas (Whitcomb 

and Lowe 2007; Ceppa et al. 2013). The gene set Protein Digestion and Absorption 

(BSID: 172847; Bonferroni’s p= 1.9#10-2, FDR= 2.4#10-3, Figure 3) includes genes that 

carry out a series of degradative processes on ingested proteins and affect the absorption 

of amino acids (KEGG: hsa04974). Within those major contributing genes, many encode 

digestive enzymes in the pancreas (PRSS1-2-3, CELA3B), intestines (MEP1A), and liver 

(CPB2), while the rest encode enzymes in the collagen family (members of the types IV, 

V, VI, XV, and XVIII), which are main constituents of protein structure in various 

connective tissues, such as blood vessel and adipose tissues (Pasarica et al. 2009). 

The candidate gene set Phospholipid Metabolism (BSID: 1270053, Bonferroni’s 

p= 2.3#10-3, FDR= 1.1#10-3, Figure S9) includes members that are major constituents of 

cellular membranes and also involved in important cellular signaling cascades and 

membrane trafficking activities (Demirkan et al. 2012). The major contributing genes, 

PLD2 and AGPAT1, are parts of the pathway for metabolism of glycerophospholipids 

(REACTOME: R-HSA-1483257), which is important for brain development (Farooqui et 

al. 2000). The members of the candidate gene set Ether Lipid Metabolism (BSID: 82990; 

Bonferroni’s p= 3.8#10-2, FDR= 4.3#10-3, Figure 3) regulate the lifecycle of ether lipids 

(KEGG: hsa00565), which are a special class of phospholipids with two types of ether 

bonds at the sn-1 position of the glycerol backbone: ether (platelet activating factor) and 

ether-vinyl (plasmalogens) bonds (Brites et al. 2004). 
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The gene set VEGF (vascular endothelial growth factor) Signaling Pathway 

(BSID: 83066; Bonferroni’s p= 4.5#10-3, FDR= 1.5#10-3, Figure S8A) primarily 

mediates angiogenesis and has been associated with diseases, including coronary heart 

diseases and diabetes (Sasso et al. 2005). Genes in the candidate set Calnexin/Calreticulin 

Cycle (BSID: 1268722; Bonferroni’s p= 4.4#10-4, FDR= 4.4#10-4, Figure S8B) ensure 

the proper folding of proteins/glycoproteins in the endoplasmic reticulum and serve as a 

quality control system by degrading misfolded proteins (REACTOME: R-HSA-532668). 

While the function of one of the two major contributing genes UGGT2 is unclear, the 

other gene MAN1B1 is associated with recessive cognitive disorders (Rafiq et al. 2011).  

Discussion 

Diet-related Polygenic Adaptation in Indigenous Central Siberians 

In this study, we aimed to detect signatures of Siberian-specific adaptation that resulted 

from multiple selected variants with relatively small changes in allele frequency within a 

biologically meaningful gene set. The rationale for this study design is that many 

observed physiological adaptations in indigenous Siberians are metabolism related 

(Leonard et al. 2005), and thus possibly polygenic (Voruganti et al. 2012). We found 7 

candidate gene sets of Siberian-specific polygenic selection after Bonferroni correction 

(Figure 2, Table 2). To assess if the signal for each candidate gene set could be mimicked 

by a random gene set, we performed a permutation test, finding that these signals are 

unlikely to be generated in random sets (Table 2). Demographic processes and variation 

in mutation/recombination rates in the genome can influence allele-frequency based 

statistics, including the PBS, which could bias our results (Tajima 1989; Andolfatto and 

Przeworski 2000; Wall et al. 2002; Schaffner et al. 2005; Teshima et al. 2006; Hsieh et al. 
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2015). Using whole-exome coalescent simulations that account for these potential 

confounding effects, we showed that our candidate gene sets all have small p values 

(<0.05, Table 2; also see Results), suggesting the observed polygenic signals are not 

likely due to non-selective forces and in turn supporting the possible action of selection in 

our samples. We also showed that our polygenic signals are not driven by hitchhiking 

effects of selective sweeps. Therefore, we consider these 7 candidate gene sets as true 

positives of polygenic adaptation. Interestingly, many of our candidates are dietary 

related, especially with respect to the metabolisms of fat.  

The major contributing genes FADS1 and FADS2 in the candidate set Fatty Acid 

Metabolism are involved in the synthesis of DHA and AA long chain polyunsaturated 

fatty acids (LC-PUFAs). Long-chain fatty acids are commonly found in foods such as 

milk and fish oils and are one of the major energy sources for many tissues. LC-PUFAs 

are essential for normal development in humans, especially in the brain, and their 

precursors for synthesis, linoleic acid and alpha-linolenic acid, must be supplied through 

dietary intake (Darios and Davletov 2006). FADS1 and FADS2 are also associated with 

the levels of low-density lipoprotein (LDL) and high-density lipoprotein (HDL), total 

cholesterol, type 2 diabetes, and cardiovascular heart diseases (Illig et al. 2010; Demirkan 

et al. 2012). Different variants in the two genes were reported recently as classic selective 

sweep candidates for cold adaptation or local dietary requirements in Alaskan/Greenland 

Inuit (Voruganti et al. 2012; Fumagalli et al. 2015), African (Mathias et al. 2012), 

European (Ameur et al. 2012), and ancient Eurasian populations (Mathieson et al. 2015). 

Moreover, the two major contributing genes HADHA and HADHB encode subunits of the 

enzyme complex mitochondrial trifunctional protein (MTP), which is required to break 
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down long-chain fatty acids, such as LC-PUFAs. Mutations in both genes are known to 

lead to MTP deficiency, a metabolic disorder, due to the inability to metabolize long-

chain fatty acids for energy production in tissues (Choi et al. 2007). Individuals with 

MTP deficiency are known to have abnormal body composition (e.g. higher fat mass) and 

elevated levels of leptin, a hormone secreted by adipose tissue and involved in energy 

balance through signaling energy sufficiency to the brain and promoting energy 

expenditure in the periphery (Gillingham et al. 2007). In a recent in-vitro/in-vivo rabbit 

physiological study, a significant increase in the enzyme level of HADHA was observed 

in rabbits with a diet rich in unsaturated fatty acids (e.g. DHA/AA). A diet rich in 

unsaturated fatty acids is also associated with low incidences of cardiovascular death in 

both rabbits and humans (Den Ruijter et al. 2012). ACAA2, on the other hand, is 

associated with both HDL and LDL levels in humans (Choi et al. 2007). A recent study 

showed that there is a marked reduction in the expression level of ACAA2 in mice with a 

high-fat diet, which is known to be associated with cardiovascular diseases, compared to 

those with normal diet (Soh et al. 2011). 

 The other two lipid/fat-metabolism related candidate gene sets found in our 

analysis are Phospholipid Metabolism and Ether Lipid Metabolism. The major 

contributing genes, PLD2 and AGPAT1, in the candidate set Phospholipid Metabolism 

are known to be associated with the levels of phospholipids and sphingolipids in blood 

plasma, respectively. Altered levels of circulating phospholipids have been implicated in 

the pathology of type 2 diabetes and cardiovascular diseases (Demirkan et al. 2012). Of 

the enzymes encoded by the members of Ether Lipid Metabolism, plasmalogens are 

known to serve as storage for PUFAs. The degradation of plasmalogens, which in turn 
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releases free DHA and AA, is mediated by phospholipidase A2 encoded by the gene 

family PLA2, including 8 out of 15 major polygenic signal contributing genes found in 

our analysis (Table 2). In addition, mutations in the other major contributing gene, APGS, 

can cause severe growth and neurological abnormalities, and carriers don’t survive past 

childhood (Shi et al. 2015). Interestingly, although not in humans, a recent mutagenesis 

study in C. elegans suggests the importance of ether lipids for the survival of C. elegans 

at cold temperatures (Shi et al. 2015). 

The strongest polygenic selection signal in our analysis is from the candidate set 

Calnexin/Calreticulin Cycle (BSID: 1268722). In the endoplasmic reticulum (ER), genes 

(e.g. the major contributing gene MAN1B1) in this set ensure proper folding of 

proteins/glycoproteins and serve as a quality control system by degrading misfolded 

proteins. Interestingly, the membrane of ER plays an essential role 

in lipid and protein biosynthesis. It produces all the transmembrane proteins and the 

lipids for most of the cell's organelles and almost all lipids for mitochondrial and 

peroxisomal membranes (Alberts et al. 2000). This highlights the important biochemical 

role of this gene set in both fat and protein metabolism. 

 As early modern humans dispersed from their ancestral tropical African homeland 

into much cooler environments, long-term settlement in Siberia undoubtedly required 

biological adaptation to severe cold stress, dramatic variation in photoperiod, as well as 

limited and highly variable food resources. Because a foraging lifestyle provides the most 

reliable subsistence in the challenging conditions in Siberia, today many indigenous 

Siberians, including both the Nganasans and Yakuts, still practice reindeer herding, 

hunting, trapping, and fishing (Karafet et al. 2002; Weber et al. 2002; Rolland 2014). 
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Although we were not able to directly identify the selected phenotypes using our data, the 

fact that our candidate gene sets are unequivocally related to diet suggests that these 

indigenous Siberian people must have adapted to their high-fat and protein-rich animal 

food diets. In particular, physiological studies have shown that indigenous Siberians have 

markedly higher basal metabolic rates (BMRs) and relatively lower blood lipid levels 

(e.g. HDL/LDL and triglycerides) (Leonard et al. 2005). Both elevation in BMRs and low 

blood lipid levels have been attributed to an adaptation to maintain stable lipid levels in 

the blood plasma and cope with severe cold stress by increasing heat production (Leonard 

et al. 2005; Cardona et al. 2014). Additionally, while low blood lipid levels are associated 

with reduced risk of cardiovascular disease, the traditional animal food diets of 

indigenous Siberians are known to associate with relatively low risk for metabolic 

syndrome, a disorder which later contributes to the development of cardiovascular 

diseases and type 2 diabetes (Leonard et al. 2005; Snodgrass et al. 2010). This implies 

possible protective roles of genetic adaptation in Siberians to their traditional diets.  

In addition to FADS1 and FADS2, which are associated with long-chain fatty-acid 

metabolism and have been reported as selective sweep candidates in different human 

populations (Ameur et al. 2012; Mathias et al. 2012; Voruganti et al. 2012; Clemente et 

al. 2014; Fumagalli et al. 2015; Mathieson et al. 2015), our analysis revealed several 

others (e.g. ACAA2, HADHA, HADHB, and genes in the PLA2 family) that might have 

played roles in the adaptation of energy homeostasis in our Central Siberian samples (Soh 

et al. 2011; Den Ruijter et al. 2012). Another member in the set of Fatty Acid 

Metabolism, CPT1A, was also recently reported as a candidate classic selective sweep for 

cold adaptation in Northeastern Siberians (Clemente et al. 2014). The enzyme that 
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CPT1A encodes is responsible for transporting long-chain fatty acids into mitochondria 

for energy production (Lemas et al. 2012). Interestingly, however, this gene was not one 

of the major contributing genes identified in our polygenic analysis, and in our sample 

the PBS scores of SNVs in this gene are all below 0.43 (the exome-wise significance 

cutoff; Figure 3A, Table 2). The fact that multiple genes identified in several worldwide 

populations using different methods and models (polygenic vs. classic selective sweep 

models) are involved in the same biological function (long-chain fatty acid metabolism) 

underscores the complexity of adaptation to diet in people at high latitude, perhaps 

through convergent evolution similar to high-altitude adaptation in humans (Yi et al. 

2010; Huerta-Sanchez et al. 2013; Udpa et al. 2014). 

Complex Demographic History of Indigenous Central Siberians 

Using whole-exome sequencing data, our inferences provide the most comprehensive 

demographic models to date for the two indigenous Central Siberian and two East Asian 

and European populations (Nganasans, Yakuts, Han-Chinese, and Europeans) and new 

insights into the demographic dynamics of AMHs in North Asia. Among models that we 

considered, the best-fit models consistently show that both the Nganasans and the Yakuts 

are more distantly related with Europeans than East Asians, suggesting a common origin 

of Central Siberians (Figure 1; Table S4-S6). This finding is consistent with the 

hypothesis that Central Siberians originated in South Siberia/Central Asia, the area 

adjacent to Mongolia/North China (Karafet et al. 2002; Derenko et al. 2014; Pugach et al. 

2015). This is also consistent with the observed early appearances of substantial East-

Asian ancestry components for most Siberians in the STRUCTURE-like analysis from 

several recent studies (Fedorova et al. 2013; Cardona et al. 2014; Pugach et al. 2015). 
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Our best-fit models also show continuous gene flow between the two Siberian groups and 

the East Asians (Figure 1, Table 1). While Yakuts are known to have substantial East-

Asian ancestries, relatively low East-Asian ancestries have been observed in Nganasans 

(Fedorova et al. 2013; Cardona et al. 2014; Pugach et al. 2015). The inferred gene flows 

in our models from the East-Asians to both Nganasans and Yakuts imply a more 

profound genetic influence from East-Asians on Central Siberians than previously 

thought, but further research is required to test this hypothesis.  

Our results also provide the first time estimates for the divergence among the 

Central Siberians and two major Eurasian populations. The inferred divergence time of 

~12 – 14 kya between the East-Asians and the ancestors of the two Central Siberian 

groups was after the end of Last Glacial Maximum (LGM, ~26 – 19 kya) and at the 

beginning of Holocene (~12 kya). The much milder climate in the Holocene might have 

permitted humans to expand northward into North Central Siberia (Mayewski et al. 

2004). Together with previous evidence for the Southern origin of modern Central 

Siberians, our estimated divergence time of the ancestors of East-Asians and the two 

Central North Siberian groups supports the hypothesis of post-LGM population 

expansion from South toward North Central Siberia (Karafet et al. 2002; Derenko et al. 

2014; Pugach et al. 2015). Additionally, because the 24,000 year-old ancient genome 

from the Mal'ta site in South Siberia shows no genetic affinity to modern South/Central 

Siberians (Raghavan et al. 2014), our recent divergence time estimate also implies the 

population to which this Upper-Paleolithic individual belonged was replaced by the 

ancestors of present-day Siberians. Although these results argue for a scenario of post-
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LGM population replacement (Raghavan et al. 2014), caution is required because the 

Mal'ta sample is a single, low-coverage ancient genome. 

Both the estimated contemporary effective population sizes of the Nganasans and 

the Yakuts in our best-fit models are relatively small. While the Nganasan hunters live in 

relatively small, isolated groups on the Taymyr Peninsula, the Yakuts are a much larger 

ethnic group of >380,000 people (Uinuk-Ool et al. 2003; Pugach et al. 2015). Recently, 

Pugach et al. (2015) applied an approach using linkage disequilibrium (LD), information 

that $a$i does not utilize, to study the prehistory of Siberians. They identified much 

higher LD in both Nganasans and Yakuts than that in the Han Chinese and Europeans, 

and suggested that these observations are consistent with a scenario of historically severe 

bottlenecks in these populations (Pugach et al. 2015). We noticed that the population size 

of the Yakuts inferred for the population trio CHB-YAK-NGA is larger than those in the 

other two trios; however, the 95% C.I.s of these three size estimates overlap, showing 

that they are statistically compatible (Table 1).  

 There are several points that are worth discussing regarding our demographic 

inferences. First, both our models and most of the parameter estimates that relate to the 

East Asians and Europeans are highly consistent with those from previous studies 

(Gutenkunst et al. 2009; Gravel et al. 2011), except for the relatively younger divergence 

time between the Europeans and East Asians in our models. While this should not be a 

surprise given that our analysis used similar data for the two populations, the fact that 

these inference results are so compatible for these two populations suggests that our 

relatively low coverage Siberian exome data had little to no effect on our inferences. Our 

inferred dates are based on a generation time of 25 years and a phylogeny-based mutation 
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rate of 2.35x10-8 per-site per-generation (Gutenkunst et al. 2009; compatible with 

Nachman and Crowell 2000). We used the phylogenetic estimate because of its long 

history in population genetics. Our date estimates would be two times older if we used 

the rate of ~1.2x10-8 per-site per-generation estimated by recent pedigree-based whole 

genome sequence studies (Conrad et al. 2011; Kong et al. 2012). For example, the 

divergence time between the ancestors of East-Asians and the two Siberian groups would 

be pushed back further to ~24 – 28 kya, a time around the LGM. However, this new date 

in general does not affect the aforementioned implications for the hypotheses of post-

LGM population expansion and replacement. Nevertheless, caution is still advised when 

comparing population genetic date estimates with the fossil record. 

In this study, we leveraged whole-exome sequence data from two indigenous 

Siberian groups to identify seven candidate gene sets of polygenic selection. Many of 

these candidate sets are related to diet, especially to fat metabolism, and thus imply 

genetic adaptations to special dietary requirements in indigenous Siberians. These results 

can serve as a genetically informative resource for understanding the complex polygenic 

basis of adaptation to diets in cold environments in human populations. In addition, we 

inferred the first demographic models for these Siberians and their East Asian and 

European neighbors. Our demographic models thus fill important gaps in understanding 

the prehistory of present-day Siberians.  

Materials and Methods 

Human Samples and Exome Sequencing 

DNA samples of both Nganasans (NGA, 21 samples) and Yakuts (YAK, 21 samples) 

were collected during field expeditions in Siberia by two of us (L.P.O. and T.M.K.) and 
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our collaborators from the Institute of Cytology and Genetics, Novosibirsk, Russia. 

Informed consent was obtained from all collected human subjects, and this study was 

approved by the Human Subjects Committee at the University of Arizona (#HSC 

A93.05). Exomes of these samples were captured using the Agilent SureSelect All Exon 

v5 no UTRs capture kit and pooled sequenced using Illumina HiSeq 2000 as described in 

Hallmark et al. (2016, in prep.). After applying the standard quality-control procedures of 

the University of Arizona Genetics Core, read mate pairs were aligned to the human 

reference genome (hg19), and it resulted in ~6# and ~4# coverage on average for the 

NGA and YAK samples, respectively. We also downloaded BAM files for 97 European 

(CEU) and 95 Han Chinese (CHB) exomes from the 1000 Genomes Project (1000 

Genomes Project Consortium 2012).  

Because of the low average coverage at the individual level of our Siberian 

samples, joint site frequency spectra for the population trios CHB-YAK-NGA, CEU-

CHB-NGA, and CEU-CHB-YAK, were inferred as described in Hallmark et al. (2016, in 

prep.). In short, Hallmark et al. (2016, in prep.) used an inference pipeline based on the 

program ANGSD (Korneliussen et al. 2014), which implements the full-likelihood 

method from Nielsen et al. (2012) to infer the SFS. Similarly, per site FST between pairs 

of populations was estimated using the program ngsTools (Fumagalli et al. 2014). This 

inference pipeline explicitly accounts for genotyping uncertainty by using the likelihoods 

of allele frequency estimated from the exome BAM files and infers the statistics of 

interest using the aforementioned programs without explicitly calling genotypes 

(Hallmark et al. 2016, in prep.). For these statistics, we only used sites from autosomal 

regions where we had coverage for all populations. To ensure the quality of statistical 
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inference, we excluded sites with < 90% posterior probabilities of being variable, as 

estimated by ANGSD. This resulted in a total of 508,160 single nucleotide variants 

(SNVs) from 81,441,327 base pairs in our data, including both exonic and intronic 

sequences. Ancestral states were determined using the EPO 6-way primate alignment 

(1000 Genomes Project Consortium 2012). 

Inference of Demographic History using $a$i 

We used the site frequency spectrum (SFS) based demographic inference tool $a$i 

(Gutenkunst et al. 2009) to build and fit our demographic models. To avoid possible 

biases in our demographic inferences due to natural selection, we annotated our data 

using ANNOVAR (Wang et al. 2010) and built three unfolded joint site frequency 

spectra for the population trios CHB-YAK-NGA, CEU-CHB-NGA, and CEU-CHB-

YAK using intronic sequences from our data. This resulted in ~227321, ~ 270604, and ~ 

272990 intronic SNVs in the SFSs of CHB-YAK-NGA, CEU-CHB-NGA, and CEU-

CHB-YAK, respectively, from a total of 42,325,419 intronic base pairs. We explicitly 

modeled possible ancestral state misidentification by including a parameter in our models 

for the fraction of SNVs whose ancestral states were incorrectly assigned.  

To estimate demographic parameters, the derivative-based BFGS algorithm was 

used to optimize the composite log-likelihood. We used the Godambe Information Matrix 

to estimate confidence intervals for model parameters and adjust the likelihood ratio test 

(LRT) for linkage (Coffman et al. 2016), as implemented in $a$i. Because this statistical 

approach requires bootstraps of SFS that preserve linkage, for each of the population trios 

we generated 100 Bootstraps of the SFS by summing over sampled spectra (with 

replacement) generated from 124 25-Mb non-overlapping regions across the entire 
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sequence data. Each of the 25-Mb SFS was estimated using the same inference pipeline 

described above.  

We used the phylogenic-based mutation rate of 2.35x10-8 per-site per-generation 

(Gutenkunst et al. 2009; compatible with Nachman and Crowell 2000) and a generation 

time of 25 years to calculate parameter estimates in physical units,. 

Coalescent Whole-Exome Simulations 

We used MaCS (Chen et al. 2009) for our coalescent simulations, because of its ability to 

efficiently perform large genomic scale simulations. We used the HapMap genetic map 

(The International HapMap Consortium 2007) to model recombination rate variation 

across the entire exome. To model mutational heterogeneity, we carried out a simulation 

procedure similar to that described in Hsieh et al. (2015). Briefly, we first estimated the 

population genetic mutation parameter ! using $a$i given the best-fit demographic model. 

For each locus j, we then performed MaCS using a mutation parameter !!, defined as 

(
!!!
!! !, where Sj is the number of variants in the locus. All simulations presented here model 

the effects of demography, recombination rate heterogeneity, and mutation rate 

heterogeneity. Only regions with sequence coverage in our exome data were simulated.  

Test for Classic and Polygenic Adaptation 

To search for signals of polygenic selection, we assessed if any gene set was enriched 

with highly differentiated SNVs in the population of interest using population branch 

statistic (PBS). PBS is defined as in Yi et al. (2010) to estimate the branch length of the 

focal population A by transforming the pairwise FST of three populations A, B, and C 

(Figure S5). 



 
 

 

138 

   !"#! ! ! ! !!"!!" !!! !!"!!" !!! !!"!!"
! ,   (1) 

where FST_AB, FST_AC, and FST_BC are the FST for population pairs A-B, A-C, and B-

C, respectively, and T = –log(1 – FST). For both the data and simulations, we calculated 

PBS values for all SNVs within the same genomic regions that are defined as genes in the 

real data (RefSeq, downloaded from USCS Genome Browser in May 2015). We 

downloaded the curated human-related (organism: Homo sapiens) gene sets from the 

NCBI BioSystems database (http://www.ncbi.nlm.nih.gov/biosystems/, as of May 2015). 

We excluded gene sets with < 10 genes, and this resulted in 1,206 gene sets. In addition, 

in each gene set, we also excluded sex-linked genes, because our demographic inference 

and simulations were specifically designed for autosomal data and do not control for 

possible biases due to differences in evolutionary history between autosomes and sex 

chromosomes. One-sided (alternative distribution is greater than the null) Mann-Whitney 

U tests were performed in R (R Core Team 2015) to quantify the difference in PBS 

distribution between a gene set and the rest of data. This test was applied to the PBS 

estimates inferred from the two population trios: CEU-CHB-NGA and CEU-CHB-YAK. 

Therefore, we called a gene set a Siberian-specific candidate gene set if it was found to 

be significant (Bonferroni’s p < 0.05) in both analyses.  

To determine the significance for each of the candidate gene sets, we calculated 

two types of p-value: 1) non-parametric permutation p-value, and 2) parametric 

simulation p-value. For the permutation p-values, in order to generate pseudo-gene sets 

that had similar amounts of SNVs as the data, we generated 10,000 non-parametric 

permutations by shuffling and re-assigning gene labels only within genes with similar 

amount of SNVs: <11, 11 – 20, 21 – 50, 51 – 100, and >101 SNVs. For the parametric p-
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values, we ran 10,000 whole-exome simulations under each of the best-fit demographic 

models of the two population trios of CEU-CHB-NGA and CEU-CHB-YAK (Figure 1 

and Table 1) using the method described in the previous section. To account for the 

uncertainty of demographic parameter estimates, the demographic parameters for each 

simulation were drawn from the confidence intervals of the parameters, assuming a 

multivariate normal distribution. Thus, the parametric p-value of a gene set was 

calculated as  

   !!!"#$%!!"#$"%"&'$(!!"#$%!!!!!!"#$%&'"()*
!!"#$%&'"()*! ,  (2) 

where |Simulations| is the total number of simulations, s is a given simulation, and I is an 

indicator function of being significant under s (Bonferroni’s p < 0.05). 

We performed a leave-one-out procedure, in which we defined that a gene is a 

major contributing gene for a candidate gene set if the non-parametric (MWU) polygenic 

test is not statistically significant when the SNVs of that gene were excluded. In addition, 

it is possible that PBS outliers (defined as if PBS > 0.43, which is the top 1% cutoff for 

the PBS distribution of the entire data) at a locus might result from a classic selective 

sweep and/or its hitchhiking effect and in turn drive the observed signal of polygenic 

selection. To test this hypothesis, we re-examined the statistical significance by removing 

PBS outliers of each single gene in the candidate gene set. We also repeated the 

procedure, but excluded PBS outliers in genes that are within 1Mb radius of the gene set. 

In addition, we assessed if a gene is a candidate for a classic selective sweep using the 

largest PBS value of the SNVs in the gene as the test statistic. In this case, for each gene 

the statistical significance of this test is defined as the fraction of the simulations that 
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have their largest PBS values for the same region greater than the observed largest PBS 

value. 

Databases 

A variety of databases that were used in this study, includinge the NCBI BioSystems 

(http://www.ncbi.nlm.nih.gov/biosystems/, as of May 2015), the Kyoto Encyclopedia of 

Genes and Genomes (KEGG: http://www.genome.jp/kegg/), and REACTOME 

(http://www.reactome.org/). 
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Figures 
 

 
Figure 1. Best-fit three-population demographic models for Nganasans (NGA), 
Yakuts (YAK), East-Asians (CHB), and Europeans (CEU). A) CHB-YAK-NGA, B) 
CEU-CHB-NGA, C) CEU-CHB-YAK. Maximum likelihood estimates for model 
parameters and corresponding site-frequency spectra for each model can be found in 
Table 1 and Figure S1-S3, respectively. 
 
 

 
Figure 2. Candidate gene sets of Siberian-specific polygenic selection. A) Genes 
shared between candidate gene sets. The numbers in the parentheses and on the edges are 
the numbers of genes within a gene set and shared between gene sets, respectively. The 
width of an edge reflects the number of genes shared between the two vertices (gene 
sets). B) Joint distribution of Bonferroni’s p values (in -log10 scale) from the polygenic 
tests using the NGA- and YAK-specific population branch statistic scores (see Results). 
Each gene set is plotted as a circle, whose size and color indicate the number of SNVs in 
that gene set (see Figure S6 for a similar plot, but for the number of genes). The dash 
gray lines are the significance cutoffs, -log10(Bonfferoni’s p = 0.05), for both the 
polygenic tests. 
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Figure 3. PBS distributions of genes in candidate gene sets. Each boxplot represents 
the PBS distribution for a given gene. The number inside the parentheses is the number of 
SNPs in a gene. The black dashed line indicates the exome-wide top 1% PBS outlier 
cutoff (PBS>0.43). Genes with * are the major contributing genes identified by the leave-
out-one procedure described in main text (Table 2). A) Fatty acid metabolism, B) Ether 
lipid metabolism, C) Pancreatic secretion, and D) Protein digestion and absorption. See 
Figures S7&S8 for the plots of the other three candidate gene sets. 
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Table 1. Maximum likelihood parameter estimates and confidence intervals for the best-fit demographic models for each of 
the population trios: CHB-YAK-NGA, CEU-CHB-NGA, and CEU-CHB-YAK (Figure 1). N is effective population size, where 
Na is the ancestral effective population size; T is the time of a demographic event (years), m is migration rate (per chromosome per 
generation). The parameter Pflip models the proportion of variants with ancestral state misidentification. 95% confidence intervals were 
estimated using Godambe Information matrix (Materials and Methods). 
 

 CHB-YAK-NGA 
Model-A 

CEU-CHB-NGA 
Model-B 

CEU-CHB-YAK 
Model-C 

parameters Estimate
s 

95% C.I. Estimates 95% C.I. Estimate
s 

95% C.I. 

Na 7,396 6,543 – 8,360 8,562 7,613 – 9,510 8,615 7,769 – 9,461 
NbCHB-YAK/NGA 939 894 – 983 – – – – 
NbCEU – – 1,558 1,378 – 1,729 1,387 1,180 – 1,585 
NbCHB/NGA – – 633 565 – 702 – – 
NbCHB/YAK – – – – 585 542 – 628 
NgCEU – – 17,004 15,505 – 18,493 19,323 18,177 – 20,469 
NgCHB 82,546 64,485 – 105,674 45,507 37,724 – 53,298 55,161 50,664 – 59,658 
NYAK 16,707 2,285 – 121,967 – – 3,316 1,679 – 4,953 
NNGA 2,840 2,499 – 3,232 1,926 1,840 – 2,003 – – 
TCHB-YAK/NGA 14,052 11,463 – 15,901 – – – – 
TCEU-CHB/NGA – – 15,838 14,127 – 17,124 – – 
TCEU-CHB/YAK – – – – 14,214 12,491 – 15,507 
TYAK-NGA 9,614 7,765 – 11,094 – – – – 
TCHB-NGA – – 13,271 11,986 – 14,555 – – 
TCHB-YAK – – – – 12,061 11,199 – 12,922 
mCHB-YAK/NGA 3.02x10-5 2.99x10-5 – 3.05x10-5 – – – – 
mCEU-CHB – – 7.6x10-5 6.94x10-5 – 8.35x10-5 6.5x10-5 5.89x10-5 – 7.12x10-5 
mCHB-NGA – – 2.2x10-5 1.87x10-5 – 2.59x10-5 – – 
mCHB-YAK – – – – 2.5x10-5 2.13x10-5 – 2.85x10-5 
Pflip 0.025 0.024 – 0.027 0.019 0.018 – 0.020 0.019 0.017 – 0.020 
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Table 2. Statistical significance of the Siberian-specific candidate gene sets for polygenic adaptation. The (Bonferroni’s) p values 
were calculated based on Mann-Whitney U (MWU) test, which compares the distributions of population branch statistic between an 
NCBI BioSystems gene set and the remaining data. Permutation and parametric simulation p values were obtained based on 10,000 
random permutations and 10,000 parametric simulations for each of the CEU-CHB-NGA and CEU-CHB-YAK analyses as described 
in Materials and Methods. Major contributing genes were identified using the leave-one-out procedure described in the main text, and 
MWU p values were calculated by comparing the PBS distributions of major contributing genes to the remaining data. 
 

 # 
genes 

Bonferroni’s 
p value 

Permutation  
p value 

Parametric 
simulation  

p value 

Major contributing genes 
(MWU p value) 

Calnexin/calreticulin 
cycle 

13 4.4x10-4 2.57x10-2 1.15x10-3 MAN1B1, UGGT2 
(1.30x10-20) 

Phospholipid metabolism 142 2.3x10-3 1.47x10-2 4.50x10-4 n.a. 
VEGF signaling pathway 60 4.5x10-3 1.22x10-2 5.00x10-4 n.a. 

Pancreatic secretion 96 1.2x10-2 2.08x10-2 5.50x10-4 PRSS1, PRSS2, PRSS3, CELA3B 
(4.45x10-19) 

Fatty acid metabolism 47 1.7x10-2 1.05x10-2 4.00x10-4 ACACA, ECHS1, HADHA, HADHB,  
FADS1, FADS2, ACAA2 

(1.27x10-15) 
Protein digestion and 

absorption 
89 1.9x10-2 1.94x10-2 1.20x10-3 COL4A3, COL5A1, COL6A1, 

COL15A1, CPB2, MEP1A, PRSS1, 
PRSS2, PRSS3, CELA3B, COL18A1 

(3.28x10-31) 
Ether lipid metabolism 44 3.8x10-2 1.68x10-2 7.00x10-4 PAFAH1B2, PAFAH2, PLA2G5, 

PLA2G7, PLA2G6, AGPS, PLA2G4C, 
PLD3, PLA2G2E, PLA2G3, LPCAT1, 

EPT1, PLD4, PLA2G4E, PLA2G4F 
(2.12x10-12) 
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Supplementary Materials 

Results 

Demographic Inferences of Indigenous Central Siberian Populations 

To infer the joint demographic history of the four populations of interest, we used the 

demographic inference tool !a!i (Gutenkunst et al. 2009). With each of the three-

population SFSs estimated using ANGSD (Materials and Methods), we began our 

inference with pairwise two-population (2-D) models and then used the results of these 

models to parsimoniously test three-population (3-D) models, because this bottom-up 

design provides guidance for more complex models. We constructed a variety of models 

based on recent demographic studies in Siberian populations (Karafet et al. 2002; 

Fedorova et al. 2013; Cardona et al. 2014; Pugach et al. 2015). Table S1-S3 list the 2-D 

models that we considered for each population pair and their maximum likelihood 

estimates for model parameters. For the Siberian population pair NGA-YAK, the best-fit 

model (Table S1, Model S1_1) suggests instantaneous population size changes of the two 

groups after their divergence with a smaller contemporary population size of NGA 

compared to that of YAK. Although we were able to obtain converged parameter 

estimates for a model that incorporated with gene flow between these two groups (Table 

S1, Model S1_2), adding this additional parameter into the model did not give a better 

log-likelihood, suggesting no evidence of gene flow between the two groups given our 

data. For both the pairs of NGA-CHB and YAK-CHB, the best-fit models (Table S2, 

Model S2_4; Table S3, Model S3_4) suggest that the ancestors of the pairs experienced a 

population size bottleneck (~87-89% reduction), followed by an exponential recovery to 

much larger contemporary sizes for both the populations compared to their ancestors. 
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Besides, for both pairs, there is also evidence of symmetric gene flow between the 

population pair after their divergences (Table S2, Model S2_4; Table S3, Model S3_4). 

Interestingly, while the results of STRUCTURE-like and principal component analyses 

from recent studies imply possible asymmetric gene flow between the CHB and YAK 

populations (Fedorova et al. 2013; Cardona et al. 2014; Pugach et al. 2015), we found no 

evidence for such demographic events from our analysis using our exome data (Table S3, 

Model S3_6, not converged). 

Evidence of Common Origin of the Two Indigenous Central Siberians 

Our inferences on the divergence times of these best-fit 2-D models suggest that the 

divergence of NGA and YAK occurred relatively more recently than that of CHB and 

either of the two Siberian populations (Table S1-S3). Indeed, our inferences indicate the 

model topology with the CHB as the out-group gives the highest likelihood compared to 

those from using either of the two Siberian groups (Table S4, Model S4_1-3). To 

investigate whether the CEU is more distantly related to the two Siberian groups than the 

CHB, we applied the same inference approach to the other two SFSs: CEU-CHB-NGA, 

and CEU-CHB-YAK. In both two cases, we found that the CEU is indeed the out-group 

population to either of the pairs CHB-NGA and CHB-YAK (Table S5-S6). Together, our 

results provide the first model-based genetic evidence for a common origin of the two 

present-day Siberian populations and suggest that the CHB population is more closely 

related to modern indigenous Central Siberian populations than the CEU. 
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Figure S1. Approximate geographic locations of study population samples. 
Nganasans are native Siberians residing in Taymyr peninsular, Siberia, Russia, whereas 
another native Siberian group, the Yakuts, is a population mainly inhabiting in the Sakha 
Republic. The map was modified and downloaded from Interactive Agricultural 
Ecological Atlas of Russia and Neighboring Countries 
(http://www.agroatlas.ru/en/content/Climatic_maps/Temperature_avg/Temperature_avg_
01/index.html) 
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Figure S2. Observed and predicted frequency spectra for the two best-fit models of 
the East-Asians (CHB), Yakuts (YAK), and Nganasans (NGA). Row one is data, row 
two (the best-fit model, Model-A in Figure 1) and four (the 2nd best-fit mode, Model 
S4_4 in Table S4) are models, and row three and five are Anscombe residuals of model 
minus data for Model-A and Model S4_4, respectively. The range of Anscombe residuals 
is set to be [-25, 25] for better illustration. 
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Figure S3. Observed and predicted frequency spectra for the two best-fit models of 
the Europeans (CEU), East-Asians (CHB), and Nganasans (NGA). Row one is data, 
row two (the best-fit model, Model-B in Figure 1) and four (the 2nd best-fit mode, Model 
S5_4 in Table S5) are models, and row three and five are Anscombe residuals of model 
minus data for Model-B and Model S5_4, respectively The range of Anscombe residuals 
is set to be [-25, 25] for better illustration. 

 

 

 

 

 



 
 

 

156 

 

Figure S4. Observed and predicted frequency spectra for the two best-fit models of 
the Europeans (CEU), East-Asians (CHB), and Yakuts (YAK). Row one is data, row 
two (the best-fit model, Model-C in Figure 1) and four (the 2nd best-fit mode, Model 
S6_4 in Table S6) are models, and row three and five are Anscombe residuals of model 
minus data for Model-C and Model S6_4, respectively. The range of Anscombe residuals 
is set to be [-25, 25] for better illustration. 
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Figure S5. Schematic illustration for the population branch statistic (PBS; Yi et al. 
2010). Population A is the focal group as defined in the formula on the bottom, and T = -
log(1-FST). 
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Figure S6. Controlling mutation rate heterogeneity across genome in whole-exome 
simulation. Each dot is a locus for which we have sequencing data in our exomes. In 
general, the number of variants in each simulated locus agrees with that in the data well 
(Pearson’s correlation = 0.88, p<2.2x10-16). 
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Figure S7. Joint distribution of Bonferroni’s p values (in -log10 scale) from the 
polygenic tests using the NGA- and YAK-specific population branch statistic scores 
(see Results). Each gene set is plotted as a circle, whose size and color indicate the 
number of genes in that gene set (see Figure 2B for a similar plot, but for the number of 
SNVs). The dash gray lines are the significance cutoffs, -log10(Bonfferoni’s p = 0.05), for 
both the polygenic tests. 
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Figure S8. PBS distributions of genes in candidate gene sets. Each boxplot represents 
the PBS distribution for a given gene. The number inside the parentheses is the number of 
SNPs in a gene. The black dash line indicate the exome-wise top 1% PBS outlier cutoff 
(PBS>0.43). Genes with * are the major contributing genes identified by the leave-out-
one procedure described in main text (Table 2). A) VEGF (vascular endothelial growth 
factor) Signaling Pathway, and B) Calnexin/Calreticulin Cycle. 
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Figure S9. PBS distributions of genes in candidate gene set Phospholipid 
Metabolism. Each boxplot represents the PBS distribution for a given gene. The number 
inside the parentheses is the number of SNPs in a gene. The black dash line indicate the 
exome-wise top 1% PBS outlier cutoff (PBS>0.43).
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Table S1. Primary two-population models for Nganasans (NGA) and Yakuts (YAK) evaluated during demographic inference 
using !a!i (Gutenkunst et al. 2009). Assum a generation time of 25 years and mutation rate µ=2.35x10-8 per site per generation 
(Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time of a 
demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of variants 
with ancestral state misidentification. Note that we did not favor Model S1_2 over Model S1_1 because they have the same likelihood 
even Model S1_2 does have an additional parameter. * indicates the best-fit model in this table. 

 

Model Parameter: estimate Log-likelihood Optimization 
Model S1_1* 

 

(5 parameters)  -16309 All converged. 

Na: 6193  
N1: 3530  
N2: 11023  
Ts: 10218  
Pflip: 0.057  

Model S1_2 

 

(6 parameters) -16309 All converged. 

Na: 6192 m: 3.2x10-5 
N1: 3467  
N2: 10836  
Ts: 10216  
Pflip: 0.057  

    

N2 N1 Ts 

PopNGA PopYAK 

Na 

N2 N1 Ts 

PopNGA PopYAK 

Na 

m 
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Model S1_3 

 

 

(5 parameters) -16150 NOT coverged. 

 Na: 6192  
Nb: 427  
Ng: 619200*  
Tbs: 7120  
Pflip: 0.057  

 

 

 

 

 

 

 

 

 

Ng 

Tbs 

PopNGA PopYAK 
Ng 

Nb Nb 

Na 
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Table S2. Primary two-population models for Nganasans (NGA) and Han Chinese (CHB) evaluated during demographic 
inference using !a!i (Gutenkunst et al. 2009). Assume a generation time of 25 years and mutation rate µ=2.35x10-8 per site per 
generation (Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time of 
a demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of 
variants with ancestral state misidentification. * indicates the best-fit model in this table. 

 

Model Parameter: estimate Log-likelihood Optimization 
Model S2_1 

 

 

(5 parameters)  -51247.1 All converged. 

Na: 6906  
N1: 2900  
N2: 11394  
Ts: 18300  
Pflip: 0.032  

Model S2_2 

 

(6 parameters) -50995.7 All converged. 

Na: 6850 m: 3.9x10-5 
N1: 3014  
N2: 10891  
Ts: 20550  
Pflip: 0.032  

    

N2 N1 Ts 

PopNGA PopCHB 

Na 

N2 N1 Ts 

PopNGA PopCHB 

Na 

m 
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Model S2_3 

 

(5 parameters) -50239 All converged. 

Na: 7459  
Nb: 723  
Ng: 59522  
Tbs: 14172  
Pflip: 0.03  

Model S2_4* 

 

(6 parameters) -49790 All converged. 

Na: 7463 m: 2.9x10-5 
Nb: 738  
Ng: 55972  
Tbs: 15299  
Pflip: 0.03  

Model S2_5 

 

(6 parameters) -45707 NOT 
converged. 

 
Na: 7661 Pflip: 0.029 
Nb: 712  
Ng1: 6282  
Ng2: 271965  
Tbs: 10725  

  

 

Ng 
Tbs 

PopNGA PopCHB 
Ng 

Nb Nb 

Na 

Ng 
Tbs 

PopNGA PopCHB 
Ng 

Nb Nb 

m 

Na 

Ng1 
Tbs 

PopNGA PopCHB 
Ng2 

Nb Nb 

Na 
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Table S3. Primary two-population models for Yakuts (YAK) and Han Chinese (CHB) evaluated during demographic 
inference using !a!i (Gutenkunst et al. 2009). Assume a generation time of 25 years and mutation rate µ=2.35x10-8 per site per 
generation (Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time of 
a demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of 
variants with ancestral state misidentification.  
* indicates the best-fit model in this table. 
 
 

Model Parameter: estimate Log-likelihood Optimization 
Model S3_1 

 

(5 parameters)  -50811 NOT converged. 

Na: 6975 Pflip: 0.031 
N1: 5231  
N2: 10508  
Ts: 16391  
  

Model S3_2 

 

(6 parameters) -50555.9 All converged. 

Na: 6919 m: 2.3x10-5 
N1: 5327 Pflip: 0.031 
N2: 10932  
Ts: 18335  
  

    
    

N2 N1 Ts 

PopYAK PopCHB 

Na 

N2 N1 Ts 

PopYAK PopCHB 

Na 

m 
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Model S3_3 

 

(5 parameters) -45495 All converged. 

Na: 7518 Pflip: 0.029 
Nb: 842  
Ng: 89915  
Tbs: 11652  
  

Model S3_4* 

 

 

(6 parameters) -45274 All converged. 

Na: 7500 m: 3.1x10-5 
Nb: 847 Pflip: 0.029 
Ng: 88800  
Tbs: 12375  
  

Model S3_5 

 

(7 parameters) -45707 NOT converged. 

Na: 7494 m: 4.9x10-5 
Nb: 944 Pflip: 0.029 
Ng1: 28627  
Ng2: 117955  
Tbs: 11615  

Ng 
Tbs 

PopYAK PopCHB 
Ng 

Nb Nb 

Na 

Ng 
Tbs 

PopYAK PopCHB 
Ng 

Nb Nb 

m 

Na 

Ng1 
Tbs 

PopYAK PopCHB 
Ng2 

Nb Nb 

m 

Na 
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Model S3_6 

 

(7 parameters) -44666 NOT converged.  

Na: 7476 mYAK ->CHB: 6.3x10-9 
Nb: 882 mYAK< - CHB: 7.5x10-5 
Ng: 84179 Pflip: 0.029 
Tbs: 12335  
  

   

 

 

 

 

 

 

 

 

 

Ng 
Tbs 

PopYAK PopCHB 
Ng 

Nb Nb 
mYAK->CHB 

Na 

mYAK<-CHB 
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Table S4. Inferences of three-population demographic models for Nganasans (NGA), Yakuts (YAK), and Han Chinese (CHB) 
using !a!i (Gutenkunst et al. 2009). Assume a generation time of 25 years and mutation rate µ=2.35x10-8 per site per generation 
(Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time of a 
demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of variants 
with ancestral state misidentification. Note that in each of Model S4_1-3, the last demographic event is the divergence of the two in-
groups as just occurred today. In Model S4_4-6, both the CHB and the ancestral Siberian population have the same growth rate; i.e. 
Ng’, the ancestral Siberian population size right before the split of the NGA and YAK, is not a model parameter, but simply a value 
can be calculated using the same growth rate as the CHB.  
* indicates the best-fit model in this table. 
 

Model Parameter: estimate Log-likelihood Optimization 
Model S4_1 

 

(5 parameters)  -275753 All converged. 

Na: 6890  
N1: 10403  
N2: 6807  
Ts: 20325  
Pflip: 0.027  

Model S4_2 

 

(5 parameters) -392884 NOT converged. 

Na: 6954  
N1: 2273  
N2: 20375  
Ts: 11517  
Pflip: 0.032  

    

N2 N1 Ts 

CHB YAK 

Na 

NGA 

N2 N1 Ts 

NGA CHB 

Na 

YAK 
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Model S4_3 

 

(5 parameters) -492889 NOT converged. 

Na: 6760  
N1: 5732  
N2: 15886  
Ts: 15210  
Pflip: 0.026  
 

Model S4_4 

 

(8 parameters) -222146 All converged. 

Na: 7450 Tbs: 11547 – Ts23 
Nb: 886 Ts23: 8940 
Ng: 116674 Pflip: 0.025 
N2: 15868  
N3: 2756  
 

Model S4_5* (Model-A in Figure 1) 

 

(9 parameters) -221308 All converged. 

Na: 7396 Tbs: 14052 – Ts23 
Nb: 939 Ts23: 9614 
Ng: 82546 m: 3.0x10-5 
N2: 16707 Pflip: 0.025 
N3: 2840  
 

    

N2 N1 Ts 

YAK CHB 

Na 

NGA 

Ng 

Tbs 

NGA CHB 

Ng’ 

Nb Nb 

YAK 

Ts23 N2 N3 

Na 

Ng 

Tbs 

NGA CHB 

Ng’ 

Nb Nb 

YAK 

Ts23 N2 N3 

Na 

m 
m 
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Table S5. Inferences of three-population demographic tree topology for Nganasans (NGA), Han Chinese (CHB), and 
European (CEU) using !a!i (Gutenkunst et al. 2009). Assume a generation time of 25 years and mutation rate µ=2.35x10-8 per site 
per generation (Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time 
of a demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of 
variants with ancestral state misidentification. Note that in each of Model S4_1-3, the last demographic event is the divergence of the 
two in-groups as just occurred today. * indicates the best-fit model in this table. 

Model Parameter: estimate Log-likelihood Optimization 
Model S5_1 

 

(5 parameters)  -578919 All converged. 

Na: 7825   
N1: 7128  
N2: 8983  
Ts: 22692  
Pflip: 0.019  

Model S5_2 

 

(5 parameters) -879030 NOT converged. 

Na: 5850  
N1: 3  
N2: 585000  
Ts: 3802  
Pflip: 0.028  

    

    

N2 N1 Ts 

CEU NGA 

Na 

CHB 

N2 N1 Ts 

NGA CEU 

Na 

CHB 
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Model S5_3 

 

(5 parameters) -635614 NOT converged. 

Na: 3728  
N1: 7  
N2: 372800  
Ts: 9320  
Pflip: 0.018  
 

Model S5_4 

 

(10 parameters) -312770 All converged. 

Na: 8602 Tbs: 15483 – Ts23 
Nb1: 1479 Ts23: 12903 
Nb2: 619 mCEU-CHB: 7.3x10-5 
Ng1: 17573 Pflip: 0.029 
Ng2: 48085  
N3: 1918 

Model S5_5* (Model-B in Figure 1) 

 

(11 parameters) -312647 All converged. 

Na: 8562 Tbs: 15838 – Ts23 
Nb1: 1558 Ts23: 13271 
Nb2: 633 mCEU-CHB: 7.6x10-5 
Ng1: 17004 mCHB-NGA: 2.2x10-5 
Ng2: 45507 Pflip: 0.019 
N3: 1926 

N2 N1 Ts 

CHB NGA 

Na 

CEU 

Tbs 

NGA CEU 

Nb2 

CHB 

Ts23 Ng2 N3 

Na 

Nb1 

Ng1 

mCEU-CHB 

Tbs 

NGA CEU 

Nb2 

CHB 

Ts23 
Ng2 N3 

Na 

Nb1 

Ng1 

mCEU-CHB 

mCHB-NGA 
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Table S6. Inferences of three-population demographic tree topology for Yakuts (YAK), Han Chinese (CHB), and European 
(CEU) using !a!i (Gutenkunst et al. 2009). Assume a generation time of 25 years and mutation rate µ=2.35x10-8 per site per 
generation (Gutenkunst et al. 2009), N is effective population size, where Na is the ancestral effective population size; T is the time of 
a demographic event (years), m is migration rate (per chromosome per generation). The parameter Pflip models the proportion of 
variants with ancestral state misidentification. Note that in each of Model S4_1-3, the last demographic event is the divergence of the 
two in-groups as just occurred today. * indicates the best-fit model in this table. 

Model Parameter: estimate Log-likelihood Optimization 
Model S6_1 

 

(5 parameters)  -489255 All converged. 

Na: 7819  
N1: 7021  
N2: 9617  
Ts: 22675  
Pflip: 0.021  

Model S6_2 

 

(5 parameters) -920371 NOT converged. 

Na: 4613  
N1: 8  
N2: 37088  
Ts: 9226  
Pflip: 0.016  

    

N2 N1 Ts 

CEU YAK 

Na 

CHB 

N2 N1 Ts 

YAK CEU 

Na 

CHB 
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Model S6_3 

 

(5 parameters) -720975 NOT converged. 

Na: 7805  
N1: 7024  
N2: 10536  
Ts: 19521  
Pflip: 0.023  
 

Model S6_4 

 

(10 parameters) -323508 All converged. 

Na: 8655 Tbs: 13848 – Ts23 
Nb1: 1298 Ts23: 11684 
Nb2: 579 mCEU-CHB: 6.2x10-5

 
Ng1: 20140 Pflip: 0.019 
Ng2: 58161  
N3: 3297 

Model S6_5* (Model-C in Figure 1) 

 

(11 parameters) -323431 All converged. 

Na: 8615 Tbs: 14214 – Ts23 
Nb1: 1387 Ts23: 12061 
Nb2: 585 mCEU-CHB: 6.5x10-5 
Ng1: 19323 mCHB-YAK: 2.5x10-5 
Ng2: 55161 Pflip: 0.019 
N3: 3316 

N2 N1 Ts 

CHB YAK 

Na 

CEU 

Tbs 

YAK CEU 

Nb2 

CHB 

Ts23 Ng2 N3 

Na 

Nb1 

Ng1 

mCEU-CHB 

Tbs 

YAK CEU 

Nb2 

CHB 

Ts23 Ng2 N3 

Na 

Nb1 

Ng1 

mCEU-CHB 

mCHB-YAK 
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Table S7. Candidate genes of classic selective sweep. We define a gene is a candidate for classic selective sweep if the largest 
population branch statistic (PBS) within this gene is always greater than what were observed from the same region in all simulations 
(Materials and Methods).  

Gene Largest PBS score 
ZNF718 SI  10.478263  

ZNF595    9.138550   
CLUL1     9.116852   

MIR548H3 9.116852   
MMS22L    7.076623   

CYC1      5.109125 
DHTKD1 4.856106   
KLK15  4.621344   
NALCN     4.104859   

CST6      2.775194   
SLC12A7   2.042476   
C7orf61 1.815184 
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APPENDIX C 

 

MODEL-BASED ANALYSES OF WHOLE-GENOME DATA REVEAL  

A COMPLEX EVOLUTIONARY HISTORY INVOLVING  

ARCHAIC INTROGRESSION IN CENTRAL AFRICAN PYGMIES 
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Abstract  

Comparisons of whole genome sequences from ancient and contemporary samples have 

pointed to several instances of archaic admixture through interbreeding between the 

ancestors of modern non-Africans and now extinct hominids such as Neanderthals and 

Denisovans. One implication of these findings is that some adaptive features in 

contemporary humans may have entered the population via gene flow with archaic forms 

in Eurasia. Within Africa, fossil evidence suggests that anatomically modern humans 

(AMH) and various archaic forms coexisted for much of the last 200,000 years; however, 

the absence of ancient DNA in Africa has limited our ability to make a direct comparison 

between archaic and modern human genomes. Here we use statistical inference based on 

high coverage whole-genome data (>60!) from contemporary African Pygmy hunter-

gatherers as an alternative means to study the evolutionary history of the genus Homo. 

Using whole-genome simulations that consider demographic histories that include both 

isolation and gene flow with neighboring farming populations, our inference method 

rejects the hypothesis that the ancestors of AMH were genetically isolated in Africa, and 

thus provides model-based whole genome-level evidence of African archaic admixture. 

Our inferences also suggest a complex human evolutionary history in Africa, which 

involves at least a single admixture event from an unknown archaic population into the 

ancestors of AMH, likely within the last 30,000 years. 
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Introduction 

Introgression, the transfer of genetic material between closely related species through 

hybridization, is an important and ubiquitous evolutionary force in both plants and 

animals (Mallet 2007). Although hybrids are often nonviable or infertile, hybridization 

can be an important driving force for the origin of novel traits and new species (Mallet 

2007; Zinner et al. 2011). Within our genus, Homo, there is strong evidence for multiple 

introgression events between our own species H. sapiens and now extinct sister taxa 

outside Africa (Paabo 2014). Neanderthal whole genome sequencing (Green et al. 2010; 

Prufer et al. 2014) revealed that Neanderthals contributed an average of ~2% of the 

genetic variation of present-day humans living outside of sub-Saharan Africa. This gene 

flow likely took place 37 - 86 thousand years ago (kya), after early modern humans 

emigrated from Africa and before archaic forms went extinct in Eurasia (Sankararaman et 

al. 2012), and it may have occurred multiple times (Vernot and Akey 2014; Kim and 

Lohmueller 2015; Vernot and Akey 2015). Analyses of genome sequences from another 

extinct archaic human species, known as Denisovan, found in a cave in Siberia suggest 

that this archaic form or its closely related species contributed ~5% of genetic variation to 

present-day Melanesians (Reich et al. 2010; Paabo 2014). Furthermore, studies also 

suggest that the Denisovan genome has sequences that came from admixture with an 

unknown extinct hominin (Reich et al. 2010) and with Neanderthals (Prufer et al. 2014). 

An important implication of these findings is that interbreeding among archaic humans 

may have promoted adaptation through the transfer of advantageous introgressive alleles 

(Hardy et al. 2005; Evans et al. 2006; Mendez et al. 2012; Huerta-Sanchez et al. 2014; 

Sankararaman et al. 2014; Vernot and Akey 2014; Racimo et al. 2015).  
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While it is becoming clear that modern humans interbred with archaic humans 

outside of Africa, it is not clear to what extent similar interbreeding took place in the 

history of anatomically modern humans (AMH) in Africa, the continent on which AMH 

originated ~200 kya (Cavalli-Sforza et al. 1994). Recent fossil evidence suggests that 

Homo emerged ~2.8 million years ago in Eastern Africa (Villmoare et al. 2015). Several 

morphologically mosaic forms of Homo coexisted until ~35 kya, well after the first 

appearance of AMH (Bräuer 2008; Rightmire 2009). The persistent coexistence of a 

variety of transitional forms of Homo with a mosaic of archaic and modern traits 

throughout Africa during the Pleistocene (Bräuer 2008; Rightmire 2009; Harvati et al. 

2011) suggests ample opportunity for interbreeding among the ancestors of modern and 

archaic humans (Hammer et al. 2011). Unfortunately, owing to the tropical environment 

over most of sub-Sahara Africa, to date efforts to obtain DNA from archaic hominin 

fossil bones and teeth have not been successful (Campana et al. 2013; Veeramah and 

Hammer 2014). Archaic introgression in Africa can thus not be studied by directly 

comparing DNA sequences from archaic and modern populations. 

Using a more indirect approach to infer archaic admixture, Plagnol and Wall 

(2006) recently analyzed patterns of divergence and linkage disequilibrium (LD) in DNA 

sequence polymorphism data from extant modern humans. Their summary statistic, S*, 

exploits the fact that recently introgressed lineages from long-isolated archaic humans 

show increased divergence and extensive LD (Plagnol and Wall 2006). S* has been 

widely used to identify ancient admixture in modern humans both inside and outside 

Africa (Plagnol and Wall 2006; Wall et al. 2009; Hammer et al. 2011; Lachance et al. 

2012; Vernot and Akey 2014). Plagnol and Wall (2006) and Wall et al. (Wall et al. 2009) 
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inferred a 5% genetic contribution from a now-extinct taxon to the Niger-Kordofanian 

Yoruba farmers or their ancestors. Hammer et al. (Hammer et al. 2011) analyzed DNA 

sequence data from 61 non-coding loci in three contemporary sub-Saharan African 

populations. They found that hunter-gatherer African populations, including the Biaka 

Pygmy, Mbuti Pygmy, and San, contain ~2% genetic material likely introgressed ~35 kya 

from an archaic population that split from the ancestors of modern humans ~700 kya. 

Recently, Lachance et al. (2012) applied S* to whole genome data of three African 

hunter-gatherer populations and showed that their top-ranked S* loci are enriched for 

long-isolated lineages. These studies provide strong evidence for archaic admixture in 

Africa, but their inferences are limited because 1) they used genic sequences, in which 

recent natural selection may complicate inference (Plagnol and Wall 2006; Wall et al. 

2009); 2) they surveyed only a small sample of genomic loci (Hammer et al. 2011); or 3) 

they did not control for confounding effects such as the demographic history of the 

interrogated populations (Lachance et al. 2012), which can bias S* scores. 

 Here we search for whole genome-level evidence of archaic admixture by 

analyzing high coverage whole genome sequence data from two Western African Pygmy 

populations, Biaka and Baka. We chose these African Pygmies to study the evolutionary 

history of modern humans in Africa because of prior evidence of archaic introgression in 

these two groups (Garrigan et al. 2005; Hayakawa et al. 2006; Hammer et al. 2011; 

Lachance et al. 2012) and because these populations are one of the basal groups on the 

extant human phylogeny, implying that they harbor some of the most ancient genetic 

lineages in humans (Tishkoff et al. 2009; Pickrell et al. 2012). We apply the S* statistic to 

detect putatively introgressive genomic loci in the Pygmy populations. We assess the 
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statistical significance of candidates through sophisticated whole-genome simulations 

that incorporate demography and variation in both recombination and mutation rates. We 

then test the hypothesis of no archaic introgression in Africa at the whole genome-level 

by comparing these null simulations with the data. To understand the demographic 

dynamics between the ancestors of archaic and modern humans, for our candidate 

introgressive loci, we investigate the joint distribution of time to the most recent common 

ancestor (TMRCA) (Thomson et al. 2000) and genetic length, which represent the 

divergence between candidate archaic introgressive and modern human lineages as well 

as the time of introgression, respectively. Lastly, we discuss the number and timing of 

archaic admixture events in Africa by analyzing the pattern of LD and the distribution of 

genetic length using our candidate loci. Together, our results provide the a model-based 

whole-genome perspective on archaic introgression in Africa. 

Results 

Whole Genome Evidence of Archaic Introgression in Western African Pygmies  

We analyzed high coverage (>60!) whole genome sequencing data from two 

Western Pygmy populations, Biaka (N=4) (Hsieh et al. 2015) and Baka (N=3) (Lachance 

et al. 2012). To maximize statistical power for all our analyses, we combined the samples 

of the two populations because they are very recently diverged (Hsieh et al. 2015). After 

a series of data quality control steps (Materials and Methods), to identify candidate 

archaic sequences we calculated S* in overlapping 200-SNP (single nucleotide 

polymorphism) windows across the entire genome. Because S* is sensitive to local 

recombination and mutation rate heterogeneity (Figure S1), we assessed the significance 

of S* for each window using whole-genome coalescent simulations that account for 
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demographic history and this heterogeneity. We used two demographic models recently 

inferred from the same whole-genome samples (Hsieh et al. 2015) that incorporate both 

isolation and gene flow with neighboring farming populations (Figure S2, Table S1). 

Because these two models do not include archaic admixture, they serve as the best 

demographic null models for our sample. To account for uncertainty in the recombination 

map, we simulated both models using the Yoruba HapMap (The International HapMap 

Consortium 2007) and African American (Hinch et al. 2011) genetic maps, for a total of 

four simulation sets. The S* p-value distributions for these simulation sets were highly 

correlated (Figure S3). 

To formally test for evidence of archaic admixture in Africa, we compared the 

observed S* p-value distribution from our data with our demographic null S* p-value 

distributions based on the four whole genome simulation sets. As expected, demographic 

null S* p-values are uniformly distributed between 0 and 1 (solid line, Figure 1). More 

importantly, there is a strong excess of low S* p-values in the real data compared to our 

demographic null models (one-sided Mann-Whitney U test, p<2.2!10-16, Figure 1). This 

is consistent with the alternative hypothesis of archaic introgressive sequences in our 

Pygmy whole genome sample, and we thus reject the demographic null models of no 

archaic introgression. 

The significant difference in S* p-value distribution between the real data and 

demographic null simulations suggests that our approach can identify sequences with 

signatures of archaic introgression. The p-value approach identifies different sequences 

from the conventional statistical outlier approach (Figure S4). Calling the top 1% of 

windows as significant for both p-value and S*, we find many windows that have 
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extreme S* values are not statistically significant when controlling for the confounding 

effects of demography and genomic heterogeneity in mutation and recombination rates 

(quadrant I, Figure S4). Conversely, we also find many windows that are statistically 

significant even though their S* values are not extreme on a genome-wide basis (quadrant 

III, Figure S4). We chose the significance threshold of the top 1% S* p-values through 

whole genome simulations with various plausible archaic admixture scenarios (Materials 

and Methods, Figure S10). We found that with this threshold our downstream analyses 

provided consistent inferences with those based on simulations (Table S2-5). We 

estimated that the false discovery rate (FDR) in our top 1% of windows ranges from 

~19% to ~68% across the four neutral whole-genome simulation sets (Table S6) using 

the approach of Williamson et al. (2007) (Materials and Methods). To minimize the 

impact of demographic and recombination model misspecification on our results, we 

chose candidate introgressive loci only if they were significant (top 1% in p-value 

distribution) using all four simulation sets. Our inference of candidate introgressive loci 

is thus more conservative than suggested by the single-simulation FDR estimates. This 

procedure yielded 265 distinct candidate introgressive loci (~20 Mb in total length, 

Materials and Methods) that were spread across the entire genome (Figure S5). 

Interestingly, there was a marked depletion of candidate archaic lineages in genic regions 

(one-sided Fisher’s exact test, p ~ 0.01). To illustrate the typical genomic characteristics 

of our candidate introgressive loci, we generated a network plot of computationally 

phased haplotypes (Bandelt et al. 1999) for one of the top candidate locus 

Chr16:8702222-8747116 (Figure 2 and Figure S6). The estimated TMRCA for this 

locus is ~2.9 million years ago. For comparison, we also included haplotypes from nine 
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publicly available Yoruba farmer genomes (Drmanac et al. 2010) and rooted the network 

using the chimpanzee sequence (PanTro3). The network shows a long branch separating 

four Pygmy haplotypes from a cluster with all remaining Pygmy and Yoruba haplotypes 

(Figure 2). The absence of reticulation among the four haplotypes on the basal branch is 

consistent with recent introgression into modern humans (Mendez et al. 2013).   

Inference of Demographic Dynamics using Candidate Loci for Archaic Admixture  

We further analyzed our 265 candidate introgressive loci to infer the dynamics of 

admixture in Africa. First, for each candidate locus we calculated the TMRCA and 

genetic length. The divergence time between the sequences of two hybridizing species 

can be inferred from the TMRCA (Lachance et al. 2012), and the time of introgression 

can be inferred through the genetic length. Both the TMRCA (median: 1.08 Mya; range: 

0.53 – 6.43 Mya) and genetic length (median: 0.157 cM; range: 0.003 – 0.626 cM) of our 

candidate introgressive loci have wide distributions (Figure 3 and Figure S7-8). 

Assuming that all archaic variants on an introgressive chromosome were in complete 

linkage disequilibrium (LD) at the time of introgression, we used the inverse of the 

genetic length observed at present as an estimator for the time when introgression 

occurred. This analysis suggests that archaic sequences might have introgressed as long 

ago as 0.97 Mya and as recently as ~4.6 kya. This implies that interbreeding among 

archaic and modern humans occurred multiple times or in a continuous fashion. For 

comparison, we calculated both TMRCA and genetic length for three alternative sets of 

265 loci that were randomly drawn from: 1) the top 1% loci in the S* distribution, 2) the 

bottom 1% loci in the S* p-value distribution, and 3) the whole genome. The TMRCA 

distribution of our candidate introgressive loci is significantly older than those of the 
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other three sub-data sets (one-sided Mann-Whitney U test, p < 3.1!10-15 in all three tests; 

Figure 3 and Figure S7), suggesting that our p-value approach has enriched for 

potentially introgressive sequences. On the other hand, the genetic length distribution of 

our S* p-value candidate loci is also significantly different from those of the other sub-

data sets (two-sided Mann-Whitney U test, p< 1.06!10-5 in all three tests; Figure 3 and 

Figure S8). Together, these results suggest that our S* p-value candidate introgressive 

loci contain different demographic information from the conventional outliers in the 

empirical S* distribution. 

To further investigate the observed pattern of TMRCA and genetic length for our 

candidate introgressive loci, we used a variant of the D3 statistic (Hammer et al. 2011), 

!!, to estimate the minimum of the sizes of the two most basal lineages for a given locus; 

thus !!!is sensitive to the admixture proportion (Materials and Methods). Interestingly, 

~92% of our candidate introgressive loci (244 out of 265) have frequencies less than 10% 

(i.e. only contain a single copy of the putative archaic chromosome, !! ! !!, suggesting 

a relatively low admixture proportion from archaic to modern humans (Figure S9). 

Moreover, we found that !! is positively correlated with TMRCA (Pearson’s 

correlation=0.52, p<2.2!10-16), but negatively correlated with genetic length (Pearson’s 

correlation= -0.16, p=0.008). The introgressive archaic lineages that rose to higher 

frequency (i.e. large !!! may result from a strong admixture event or stochastic genetic 

drift in the past, but we cannot rule out the possible effect of positive natural selection.  

To infer the number and the dates of admixture events, we modeled the decay of 

admixture-induced LD as an exponential function of genetic distance. The number of 

exponential decays represents the number of admixture events, and the rates of decay can 
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be used to estimate times of admixture (Materials and Methods). This approach has been 

applied to study admixture in many human populations, including cases involving archaic 

hominins (Moorjani et al. 2011; Sankararaman et al. 2012; Loh et al. 2013; Fu et al. 

2014; Pickrell et al. 2014). To assess the efficacy of this LD approach under a complex 

demographic model, we applied this method to simulated whole genome data with 

archaic admixture. Simulations were generated by incorporating various scenarios of 

archaic admixture into the best-fit demographic model for Western African Pygmies 

described in Hsieh et al. (2015), which includes population divergence, population 

isolation, and recent asymmetric gene flow (Materials and Methods, Figure S2 & S10). 

The top 1% S* p-value candidate loci for each whole-genome simulation set were 

determined using the same analysis pipeline as described above for the real data. We 

found that this approach can correctly infer single-wave admixture when we fit LD 

curves using a distance range of 0.02 to 1 cM, except for simulations in which admixture 

occurred 7800 generations ago (Table S2). This is expected, because this distance range 

(also suggested in Sankararaman et al. (2012)) focuses the inference on admixture events 

up to 5,000 generations ago. Indeed, inferences with this distance range do not have 

power to detect the older admixture events in simulated two-wave archaic admixture 

scenarios (7800 and 300 generations ago, Table S4), which results in falsely accepting 

the single-wave archaic admixture model. This approach does tend to substantially 

underestimate times since admixture (Table S2-5), suggesting that these estimated 

archaic admixture times should be considered as lower bounds, at least when the 

underlying population history is as complex as the models simulated here. For example, 

the LD-based method predicts an admixture time of 212 generations ago, which is ~1/6 
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of the true time (1200 generations ago), from the simulation of a single 2% archaic 

admixture event (Table S2). 

To reduce possible confounding effects due to natural selection, we fit these 

models to the 244 low-frequency candidate archaic introgressive sequences (!! ! !, 

Figure S9). Note that these 244 low-frequency putative archaic lineages have similarly 

wide distributions in both TMRCA (median: 1.04 Mya; range: 0.53 – 3.58 Mya) and 

genetic length (median: 0.16 cM; range: 0.004 – 0.625 cM) to those of the original 265 

candidate loci (Figure S9). Using the single-wave model with the genetic distance range 

0.02 – 1 cM, we inferred that admixture between the ancestors of modern Africans and 

putative archaic humans occurred ~312 (95% C.I.: 45 – 975) generations ago or 9,048 

(95% C.I.: 1,305 – 28,275) years ago (Figure 4A; also see S11A. Table S7) (assuming a 

generation time of 29 years, Materials and Methods). We were not able to obtain a stable 

fit under a two-wave model (a sum of two exponentials) with this genetic distance range. 

Our inference thus suggests that there was a single archaic admixture event within the 

past 5,000 generations (or ~150,000 years).  

In order to further investigate the pattern of LD decay, we performed parametric 

bootstraps, where we simulated whole genome data under various plausible demographic 

models with archaic admixture (Figure S10). Interestingly, we found that the LD decay of 

the top 1% S* p-value loci from the data is not compatible with that from any of the 

single- and two-pulse archaic admixture simulations (two-sided Mann-Whitney U test, p< 

2.2!10-16, Figure S12). Nor are the distributions of genetic length of the top 1% S* p-

value loci compatible between the data and the simulations (two-sided Mann-Whitney U 

test, p< 2.2!10-16, Figure S13). To test whether these observations may result from more 
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than a single pulse of introgression, we carried out LD fits using the wider distance range 

0.002 – 1 cM to search for evidence of possible admixture events that occurred deeper in 

time. Under the two-wave model and with the same generation time, we inferred 

admixture waves occurring ~ 19,342 (95% C.I.: 2,438 – 44,772) and ~312 (95% C.I.: 106 

– 1,376) generations ago (Figure 4B; also see Figure S11B. Table S7). The two-wave 

model fits significantly better than the single-wave model (likelihood ratio test, p-value < 

2.2!10-16, chi-squared with d.f. = 2), and therefore we rejected the model of single-wave 

admixture from archaic to modern humans in Africa. We also evaluated this analysis 

framework with this genetic distance range in our archaic whole genome simulations. We 

found that while this analysis can correctly infer a true two-wave model (Table S5), it 

also tends to falsely reject the single-wave archaic admixture model for simulations of 

single-wave archaic admixture (Table S3). This suggests that at the genetic distance 

range of 0.002–1 cM, this method does not have statistical specificity to distinguish 

complex from simpler admixture models. However, the joint-distribution of TMRCA and 

genetic length from the data top 1% S* p-value candidate loci is qualitatively more 

similar to those from the two-wave archaic admixture simulations than to those from the 

single-wave simulations (Figure 5). Although none of the archaic admixture simulations 

statistically agree with the data in the joint distribution (MANOVA test, p<2.8!10-12 for 

any pair of data and archaic admixture simulations), this suggests that models with two-

wave archaic admixture do indeed reproduce the observed S* signal (sequence 

divergence and LD decay) better than those with single-wave admixture. While caution is 

required in interpreting the result of the likelihood-ratio test for distinguishing single-

wave from multiple-wave archaic admixture, together our inferences suggest recurrent 
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archaic admixture in AMH evolution in Africa, with evidence that at least one such event 

occurred as recently as ~9,000 years ago.  

Discussion 

The limited fossil record and the absence of ancient DNA within Africa have hampered 

our understanding of the processes that gave rise to AMH. Thus, here we have taken an 

indirect, model-based inference approach to test the hypothesis of archaic admixture in 

Africa using high coverage whole genome sequence data of two African Pygmy 

populations, which were previously suggested to possess signals of archaic admixture 

(Garrigan et al. 2005; Hayakawa et al. 2006; Hammer et al. 2011; Lachance et al. 2012). 

We reject the hypothesis of no archaic admixture (p<2.2!10-16, Figure 1) by comparing 

patterns of linkage disequilibrium quantified by S* in data with whole genome 

simulations. It is important to note that our inference approach incorporates the best-fit 

demographic null models for our Pygmy sample (Hsieh et al. 2015) and accounts for 

genomic recombination and mutation rate heterogeneity, which mitigates the effects of 

these confounding factors. While previous studies have found evidence for archaic 

admixture in these populations (Hammer et al. 2011; Lachance et al. 2012), our in-depth 

analyses reveal more about the timing and dynamics of the admixture process.  

 We observed our 265 candidate introgressive loci from the top 1% S* p-value 

distribution across the entire genome; however, there is a strong depletion of candidate 

introgressive lineages in genic regions (p ~ 0.01). This is consistent with the recent 

observation of Neanderthal ancestry “deserts” in Eurasian genomes (Sankararaman et al. 

2014; Vernot and Akey 2014), possibly due to genetic incompatibility in hybrids (Zinner 

et al. 2011; Twyford and Ennos 2012; Sankararaman et al. 2014; Vernot and Akey 2014). 
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Our results also support the hypothesis of complex demographic dynamics between 

archaic humans and the ancestral population that gave rise to modern humans (Hammer 

et al. 2011; Hammer 2013). The wide distributions in both TMRCA and genetic length 

for our candidate introgressive loci (Figure 3) provide the first model-based genome-

level evidence that admixture between archaic humans and the ancestors of anatomically 

humans might be a common feature of human evolution in Africa. The TMRCA 

distribution of the candidate introgressive loci presented here is compatible with results 

from a recent study of three African hunter-gatherer populations (Lachance et al. 2012). 

The genetic length distribution of our putative introgressive loci can be considered as a 

proxy for time of introgression, which ranges from 0.97 Mya to ~4.6 kya. However, 

caution must be exercised as direct inference of admixture time based on tract length 

distribution can be misleading due to violation of underlying model assumptions (Liang 

and Nielsen 2014). Moreover, gene flow from archaic humans was relatively weak, with 

~92% of these candidate loci having frequencies of the putative archaic haplotype <10% 

(Figure S9). Together, our results imply that frequent but low-level interbreeding 

between archaic and modern humans or their ancestors might have occurred in the past in 

Africa.  

 Modeling the decay of archaic-admixture-induced LD in the genetic distance 

range 0.02–1 cM among our candidate introgressive loci, we found evidence of at least 

one African archaic admixture event within the last  ~150,000 years. From our simulation 

study, this inferred admixture date of ~9,000 (95% C.I.: 1,305 – 28,275) years ago should 

be treated as a lower bound because the LD-based method employed here indeed tends to 

substantially underestimate the actual date of admixture (Results, Table S2). In addition, 
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by comparing the joint and marginal distributions of TMRCA and genetic length among 

the inferred candidate loci and whole-genome archaic admixture simulations we found 

that two-wave archaic admixture models reproduce the S* signals of the data qualitatively 

better than single-wave models, although the two-wave models are still an incomplete 

description of the data (Figure 5, S12-13). When using genetic distances in the range of 

0.002–1 cM, we rejected a single-wave admixture model. Our simulation study, however, 

shows that this method also has low statistical specificity (i.e. high false rejection rate) in 

this genetic distance regime (Table S3 & S5). We cannot rule out that processes other 

than archaic introgression may have produced the signals we observed. Thus, while our 

inferences indeed reject the null model of no archaic admixture and find   modest 

evidence for recurrent archaic admixture, further work is needed to better characterize the 

nature of the admixture process in Africa. Indeed, recent studies favor models featuring 

recurrent archaic admixture outside Africa (Kim and Lohmueller 2015; Vernot and Akey 

2015). Neanderthals coexisted and interbred with modern humans as well as Denisovans 

in Eurasia from at least 100 kya until ~30 kya before they disappeared from the fossil 

record (Wall and Hammer 2006; Reich et al. 2011; Paabo 2014; Prufer et al. 2014; 

Veeramah and Hammer 2014). Inside the African continent, while the putative source 

population(s) of archaic admixture is unclear, hominin fossils indicate the coexistence of 

several morphologically distinct Homo lineages in the past 2.8 million years (Potts 2013). 

Some Middle-Later Pleistocene hominin fossils show intermediate forms with both 

modern and archaic features (Bräuer 2008; Rightmire 2009; Harvati et al. 2011). 

Furthermore, recent studies show evidence for Neanderthal-like lineages in several sub-

Saharan African populations, possibly resulting from back migration of admixed non-
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African populations (Wang et al. 2013; Gallego Llorente et al. 2015). Together these 

results suggest there was ample opportunity for admixture to occur among different 

hominin forms in Africa.  

 We note that the confidence interval for the date of our inferred single-pulse 

admixture event (9,048 kya, 95% C.I.: 1.3 – 28.2 kya) encompasses the estimated age of 

fossils (~13 kya) at the Iwo Elero site in Nigeria that exhibit cranial features intermediate 

between those of archaic and modern humans (Harvati et al. 2011). However, it is 

important to point out that archaic introgression need not have been directly into the 

ancestors of modern Pygmies; rather, it may have resulted from recent gene flow from 

one or more modern human populations that themselves were recently admixed or that 

shared recent common ancestry with some unknown archaic hominin(s). The date of the 

inferred admixture is coincident with the development of agriculture in Africa about 5-10 

kya (Phillipson 2005) and the estimated time of agriculture expansion for Niger-

Kodorfanian-speaking farmers ~7 kya (95% C.I.: 5.7 – 9.6 kya, Li et al. 2014). African 

Pygmies have undergone extensive gene flow with neighboring farmers (Patin et al. 

2009; Tishkoff et al. 2009; Jarvis et al. 2012; Hsieh et al. 2015), and recent studies 

suggest that some Western African populations, including the Niger-Kodorfanian Yoruba 

farmers from Nigeria, show strong signals of ancient admixture (Plagnol and Wall 2006; 

Wall et al. 2009). Thus, it is plausible that archaic lineages associated with this inferred 

admixture event introgressed recently into one or more non-Pygmy African populations, 

such as the ancestors of African farmers, and subsequently entered the Pygmy population 

through recent gene flow from these non-Pygmy neighboring groups. Nevertheless, 

because our simulation study shows the tendency of underestimation of the archaic 
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admixture date using the LD-based approach, caution is warranted while interpreting the 

inferred admixture time. 

Inferring more descriptive demographic models for archaic-AMH divergence 

time, introgression time, and admixture proportion will require a much larger sample of 

modern human genome sequences. It will also require more sophisticated demographic 

models that incorporate not only archaic admixture, but recent changes in the size and 

structure of AMH populations. While our inferences are limited as a result of a relatively 

small sample size, an advantage of our whole genome inference framework is that it 

controls for confounding variables through the use of whole-genome simulations and 

realistic demographic null models that account for variation in genomic mutation and 

recombination rates. Future work may be needed to control for other sources of 

uncertainty, such as model misspecification, yet we believe the inference approach 

presented here offers an improved framework for shedding light on the question of 

archaic admixture in Africa. 

Our results suggest that gene flow between archaic forms and the ancestors of 

modern humans in Africa may have occurred multiple times or continuously at low levels 

over evolutionary time. Throughout the entire Pleistocene the African environment 

underwent a series of wet-dry episodes (Potts 2013), many of which coincide with the 

first and last appearances of hominin fossils, as well as major stone tool transitions in 

Africa. This suggests a scenario characterized by pressure to adapt to a variety of 

environmental conditions over the course of the Pleistocene (deMenocal 2011; Potts 

2013). This may account for the fossil evidence of a variety of forms exhibiting different 

combinations of archaic and anatomically modern features (Bräuer 2008; Rightmire 
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2009; Harvati et al. 2011). It is tempting to speculate that recurrent interbreeding among 

diverse hominins may have played a key role in producing novel genotypes, which in 

turn facilitated the process of adaptation to changing environmental conditions. Thus, our 

own species may have emerged as the sole surviving member of the genus Homo as a 

result of the acquisition of genes that descend from divergent ancestors that occupied 

different ecological niches over a wider temporal and spatial range (Stringer 2012). The 

ultimate resolution of this question, and in particular for regions of the genome that code 

for anatomically modern traits, has important implications for human origin models and 

the evolutionary processes that took place during the archaic-to-modern transition 

(Hammer 2013) . 

Materials and Methods 

Whole genome sequencing data and data filtering  

DNA of the four Biaka Pygmies were obtained from publicly available cell lines 

administrated by the Centre d’Etude du Polymorphism Human Genome Diversity Panel 

(Li et al. 2008). Sequencing of the three Baka Pygmies has been previously described 

(Lachance et al. 2012). Nine Yoruba genomes were downloaded from the CGI public 

data repository (Drmanac et al. 2010). The median coverage across these samples in this 

study is 60.5!. The genome assembly and variant calling were generated using the 

standard CGI Assembly Pipeline 1.10, CGA Tools 1.4, and NCBI Human Reference 

Genome build 37. Because CGI is currently not supporting GRCh38, our data was 

aligned according to GRCh37/hg19. Given the relatively small sample size of our data, to 

assure genotyping quality, we included only variants that were 1) fully called across all 

samples, 2) not in any known/called indels, 3) not in any known/called copy number 
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variants, 4) not in any known segmental duplication regions, and 5) had valid 

corresponding human-chimpanzee alignment (PanTro3, hg19). Databases that used for 

the steps 3, 4, and 5 were downloaded from UCSC Genome Browser as of May 2013. 

This filtering process resulted in a total of 10,865,288 autosomal SNVs. According to the 

Genome Reference Consortium 

(http://www.ncbi.nlm.nih.gov/projects/genome/assembly/grc/info/index.shtml), the major 

improvements in GRCh38, compared to GRCh37/hg19, are in 1) providing alternative 

scaffolds to better represent complex regions (e.g. centromeres) in the genome; 2) 

closing/reducing the known gaps in the previous releases (sizes of gaps: ~234 Mb or 

7.6% in GRCh37/hg19 and ~151Mb or 4.9% in GRCh38); 3) correcting assembly errors, 

particularly for complex regions, in the previous releases. While realigning our data to 

GRCh38 might yield more data in complex regions, we do not expect this will affect our 

conclusions, because we excluded most complex regions and known gaps from all of our 

analyses. 

Genetic recombination maps  

For our analyses of the data and our simulations, we used two recently published African 

genetic maps: the Yoruba HapMap recombination map (based on linkage disequilibrium 

patterns) (The International HapMap Consortium 2007) and the African American 

recombination map (based on breakpoints of admixture tracts) (Hinch et al. 2011). 

Because these maps are built using different populations and different inference 

approaches, they are expected to be sensitive to different time periods of human history. 

Therefore, to avoid possible biases in our inferences, we chose to repeat all of our 

analyses with these two maps. Markers within the first 5 Mb on each chromosome were 
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removed due to possible underestimation of rates of recombination in the African 

American recombination map as suggested by Hinch et al. (2011). For consistency, this 

filter was also applied to data generated using the HapMap recombination map. Note that 

because our candidate loci were determined using both the HapMap and African 

American genetic maps and the recombination rates per megabase (cM/Mb) of these loci 

are highly correlated between these two maps (Person’s correlation = 0.97, p < 2.2!10-

16), we only reported values for both recombination rate and genetic distance using 

HapMap unless stated otherwise. 

Coalescent whole-genome simulations  

We performed whole genome coalescent simulations using MaCS (Chen et al. 2009), 

which simulates two demographic models that were previously inferred using these 

samples (Hsieh et al. 2015). To account for mutational heterogeneity, we first divided the 

whole genome into windows of 25,000 nucleotides. For the jth window, the population 

genetic mutation parameter !! was estimated using "a"i (Gutenkunst et al. 2009) given a 

demographic model. Then each MaCS simulation was conducted using the mutation 

parameter !!"# , the largest # estimated among all of the windows. Lastly, for the jth 

window we adjusted its mutation rate by dropping the proportion 1 – (
!!!

!!"#!
! of the 

simulated variants. We also incorporated the two genetic recombination maps that are 

available for Africans to capture recombination hotspots in our whole genome 

simulations. For sequences between markers in the map, including hotspots and 

coldspots, a uniform interpolated recombination rate was assumed. For all of our 

simulated sequences, we excluded the same variant sites that were removed in the real 

data due to our quality filtering criteria (Materials and Methods). To account for the 
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uncertainty of the demographic parameter estimates, we simulated 1,000 models drawn 

from the confidence intervals of the parameter estimates for each of the two best-fit 

demographic models. 

We used the same whole-genome simulation framework to simulate whole-

genome data of archaic introgression under various plausible archaic admixture scenarios 

(Figure S10, Table S2-5). Models underlying these simulations were based on Hammer 

et al. (2011) and the best-fit demographic model (Model-1, Figure S2A) was taken from 

Hsieh et al. (2015). Because we are interested in parameters related to archaic admixture, 

for simplicity we fixed other parameters, including the effective population sizes for the 

ancestors of modern humans, Pygmies, and Farmer populations, times of divergence 

between populations, as well as the asymmetric gene-flow between Pygmy and Farmer 

populations, as described in Hammer et al. (2011) and Hsieh et al. (2015). In addition, we 

assumed the same population size (6,700 individuals) for both the common ancestor of 

archaic/modern humans and the archaic human population. For single-wave archaic 

admixture simulations, the time of admixture into modern human lineages was set at 

1200, 2700, 5500, or 7800 generations ago (Figure S10). For the two-wave archaic 

admixture simulations, we set the two events to be 7800 and 300 generations ago in order 

to investigate extreme cases. The admixture proportion was set to be 2%, 5%, or 10% in 

each of the simulations (Table S2-5).  

Identification of archaic introgressive sequences and hypothesis testing of no archaic 

admixture  

To detect archaic introgressive sequences, we calculated the summary statistic S*, which 

is known to be sensitive to archaic admixture without using an archaic reference genome 
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(Plagnol and Wall 2006). S* searches for sequences in which SNPs likely originated in an 

archaic population (deep TMRCA of individual loci) and are still in strong LD (i.e. these 

sites are congruent), and it returns variant sites that are congruent. We implemented the 

dynamic programming approach for calculating S* using the same scoring function 

(Plagnol and Wall 2006), except that for any given SNP, we chose to only tolerate at 

most two mismatches among chromosomes because our sample size is smaller (N=7) 

than the original study of S* (N=12, Yoruba population) (Plagnol and Wall 2006). We 

calculated S* for regions defined by a sliding window of 200 SNPs with a step size of 50 

SNPs. Windows longer than 1 Mb were dropped to avoid complex genomic regions, such 

as centromeres or large structural variants. We determined the significance of S* values 

from these windows by comparing with our whole genome simulations. A window was 

deemed significant if its corresponding p-value was within top 1% in the p-value 

distribution. We estimated false discovery rates by adopting the method of Storey and 

Tibshirani (2003), but estimated the tuning parameter $ using the procedure and 

parameter settings suggested in Williamson et al. (2007). Together, we generated four 

sets of whole genome simulations based on the combination of two models and two 

genetic recombination maps. Finally, we defined candidate archaic introgression loci to 

be those windows that were significant in all four whole genome simulation data sets. 

The bounds of an introgressive candidate locus are the leftmost and rightmost congruent 

sites selected by S*; this length thus represents a lower bound in length for each 

candidate.  

To formally test the hypothesis of no admixture, we performed a goodness-of-fit 

test with a significance level of 1% to compare the p-value distribution from observed 
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data to the expected p-value distribution from a simulation under the best-fit demographic 

null model. The expected null p-value distribution was constructed by treating a 

randomly drawn whole genome simulation as the real data. The goodness-of-fit test was 

performed using a one-sided Mann-Whitney U test implemented in R (R Core Team 

2015). 

The haplotype network plot was generated using PopART v1.7 

(http://popart.otago.ac.nz). Hierarchical clustering for haplotype data was performed 

using the R function “hclust” in the stats package (R Core Team 2015) with pairwise 

nucleotide differences as the distance matrix. 

Haplotypes were computationally phased using BEAGLE v3.1.1 (Browning and 

Browning 2007). To enhance phasing accuracy, we included additional public genotype 

data: a Bakola and a Bedzen genome (CGI Assembly Pipeline 1.10, CGA Tools 1.4) 

from Lachance et al. (2012), 16 Biaka Pygmies genotyped by the Human Genome 

Diversity Project (HGDP, Li et al. 2008, Illumina 650 K). The 9 Yoruba genomes were 

phased separately using the same approach, with an additional 4 Luhya genomes from the 

CGI public data repository, genotype data of 81 Yoruba and 86 Luhya samples from the 

1000 Genomes Project and 21 Yoruba and 10 Luhya samples from the HGDP. All 

positions were converted into hg19 coordinates using UCSC LiftOver utility if necessary. 

Statistical inference on archaic admixture in Western African Pygmies  

Under the Wright-Fisher evolution, the TMRCA is an estimator for the time of 

divergence between the archaic and modern human sequences (Wall 2000; Lachance et 

al. 2012), while the genetic length of a putative archaic sequence represents a proxy of 

the time of sequence introgression (Pool and Nielsen 2009; Gravel 2012). We used the 
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method of Thomson et al. (Thomson et al. 2000) to estimate TMRCA for each candidate 

archaic introgressive locus, assuming that a divergence of 6 My between human and 

chimpanzee (Glazko and Nei 2003) and a generation time of 29 years (Fenner 2005; 

Langergraber et al. 2012). For each candidate locus, we estimated the genetic length by 

taking the difference between the two ends of the locus in terms of their genetic positions 

according to the two genetic recombination maps (The International HapMap Consortium 

2007; Hinch et al. 2011). To further investigate our candidate archaic sequences, for each 

of these candidate sequences we calculated the D3 statistic, an estimator for the amount of 

archaic admixture (Hammer et al. 2011). D3 was originally defined as min(|G1|, |G2|), 

where G1 and G2 are the two most diverged basal haplotypes of congruent sites 

identified by S*, identified by clustering all sequences. To avoid potential biases in D3 

due to haplotype phasing errors, we instead constructed an estimator of D3, !!, based on 

the genotypes of the unphased congruent sites. Under the Wright-Fisher model, the 

expected frequency for a given allele does not change over time (Hartl et al. 1997). Thus, 

given that a sequence was truly introgressed from an archaic population into modern 

humans, the derived allele counts of the congruent sites across this locus would reflect 

the strength of admixture. Thus, we defined !! as the mode of the derived allele 

frequency of the congruent variant sites for each individual locus. Loci that have more 

than one mode were excluded because they might add noise to downstream analyses. 

Parametric coalescent simulations and inference on admixture events using LD 

information  

Following recent studies (Sankararaman et al. 2012; Loh et al. 2013; Moorjani et al. 

2013; Pickrell et al. 2014), for any pair of alleles that arose on the archaic lineage and 



 
 

202 
 

202 

introgressed into modern humans at time tadmix generations ago, the survival probability is 

defined as exp(!!!"#$%!!, where d is the genetic distance between the two alleles. The 

two-locus Wright-Fisher diffusion (Ohta and Kimura 1969) predicts that  

    ! ! !!!
!!! !"#!!!!"#$%!!!!,  

where ! is the expected LD at present, n is the number of independent admixture events, 

tadmix,i is the time of the ith admixture events in generations, and ai is the intercept of the 

exponential curve. We calculated the expected LD for any pair of congruent sites selected 

by S* at a genetic distance d as 

    !! ! ! ! !!!!!!!!! !!!!!
!! ! ! , 

where S(x) is the set of all pairs of congruent SNPs that are at a genetic distance d. !!!! !! 

is the covariance between the unphased genotypes observed at SNP i and j, a robust 

estimator for the measurement of LD (Rogers and Huff 2009; Sankararaman et al. 2012). 

The R function nls was used for curve-fitting, which maximize the following log-

likelihood function of each model using numerical optimization to obtain the maximum 

likelihood estimates for both the intercepts ai and rate of decay tadmix,i because there are no 

close-form solutions for the parameters in non-linear least squares. 

 ! !!"##$% !! ! !! !
! !" !! ! !

! !" !
! ! ! !

!!! !!!"#$%&$' ! !!"##$%!!!!
!!!  

where % is the variance of residual between Dobserved
 and Dfitted, and i indexes over the N 

genetic distance bins. The date estimates of gene flow events were then inferred based on 

the rate of decay of the best-fit exponential curve. Model selection was performed 

through a likelihood ratio test in order to determine the best-fit exponential model. 

To assess the performance of this approach for distinguishing between single 

(simple) and two-pulse (complex) models, we simulated whole genome data of archaic 
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admixture as described in the previous section. Based on our simulation study, we chose 

to fit LD decay curves to the observed mean LD estimates for d in the range 0.02 cM to 1 

cM in increments of 0.001 cM, which resulted in model inferences consistent with the 

underlying models in our simulations. To test for possible older admixture events, we 

also fit LD decay curves for d in the range 0.002 cM to 1 cM, although caution is 

required in interpretation, because LD within short distance may be confounded by 

background LD. To ensure the convergence of the best-fit curve for each exponential 

model, we generated 100 random initial sets as start parameters and performed 

optimization using a Gauss-Newton algorithm. Finally, the confidence intervals of the 

parameters (intercepts and rates of decay) for the best-fit exponential curve were 

estimated based on 100 conventional nonparametric bootstraps. We assumed a generation 

time of 29 years (Fenner 2005; Langergraber et al. 2012) to convert the date estimates to 

physical years. 
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NCBI dbSNP (http://www.ncbi.nlm.nih.gov/SNP/) under submitter batch ID: 
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Lachance2012Cell_insertion, and Lachance2012Cell_complex_substitution. 
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Figure Legends.  

Figure 1. Significant excess of tests with very low p-values in the observed S* p-

value distribution. Plotted is the observed (dashed lines) S* p-value distribution for the 

real data, calculated based on each of the four sets of whole-genome simulations. The 

four sets arise from the combination of the two demographic null models (Fig S2): 

Model-1 (the continuous asymmetric gene flow model) and Model-2 (the single-pulse 

admixture model), and the two genetic recombination maps: HapMap Yoruba map 

(HapMap) and African American map (AAMap). The solid line represents the null S* p-

value distributions of the four whole genome null simulation sets, derived by calculating 

p-values using a single randomly chosen simulation from each set.  All four are 

uniformly distributed between 0 and 1 as expected. For the real data (dashed lines) all 

four analyses show a significant shift to small p-values in the observed S* p-value 

distribution (one-sided Mann-Whitney U test, p<2.2x10-16), thus rejecting our 

demographic null hypotheses including no archaic admixture. 

Figure 2. Haplotype network for the candidate introgressive locus chr16:8702222-

8747116. Each circle is a haplotype with size proportional to the haplotype frequency and 

colors indicate the haplotype frequency in the Pygmy and Yoruba samples. Vertical bars 

along each branch indicate the number of mutations separating the haplotypes.  
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Figure 3. Wide joint distribution of TMRCA and genetic length for the top 1% S* p-

value candidate loci. Purple dots and orange triangles are, respectively, the two 

candidate sets from the top 1% candidate loci from the observed S* p-value and empirical 

S* distributions. The top and the right panels show the marginal density of genetic length 

and TMRCA, respectively, for both candidate sets. 

Figure 4. Decay of pairwise LD with respect to genetic distance for SNPs ascertained 

from the top 1% candidate introgressive loci. Black and blue dots are average 

estimated LD among pairs of SNPs binned using genetic distance (in 0.001 cM 

increments) using real data and 100 bootstraps, respectively. The genetic distance is 

calculated based on the HapMap Yoruba map (for the African American map, see Figure 

S10). The green curve is the fit of a single exponential using to the data, while the red and 

orange curves are the fits of two exponentials using the real data and 100 bootstraps, 

respectively. (A) Fitting LD decay within genetic distance 0.02 – 1 cM. (B) Fitting LD 

decay within genetic distance 0.002 – 1 cM. 

Figure 5. Comparison of the joint distributions of TMRCA and genetic length for 

the top 1% S* p-value candidate loci from the data and whole-genome archaic 

admixture simulations. In each panel, the joint and marginal distributions of TMRCA 

(million years ago) and genetic length (cM) of our candidate loci from the data (black 

cross and solid line in scatter and density plots, respectively) are compared with those 

from archaic admixture simulations (symbols and dashed lines in scatter and density 

plots, respectively): (A) two-wave archaic admixture model, (B) single-wave, 2% archaic 

admixture, (C) single-wave, 5% archaic admixture. TMRCA estimates for archaic 

simulation candidates were obtained from simulated coalescent trees in MaCS. 
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Figure S1. Dependence of S* statistic on local heterozygosity and recombination 
rate. (A) Each point represents a window of 200 SNVs. The size of each point represents 
its S* value in log-scale. S* is negatively correlated with both local heterozygosity 
(!/base, Pearson’s correlation: -0.41, p<2.2x10-16) and recombination rate (cM/Mb, 
Pearson’s correlation: -0.40, p<2.2x10-16). (B) An example of the negative correlation 
between S* and local recombination rate at locus Chr22:25000000-35000000. Each point 
is a window of 200 SNVs and the orange distribution represents the recombination 
variation across this genomic region. 
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Figure S2. Schematic of the two best-fit demographic null models without archaic 
admixture for African farmer (Yoruba) and Pygmy (Baka and Biaka) populations 
from Hsieh et al. (in review). (A) The continuous asymmetric gene flow model (Model-
1) with the 10 free parameters labeled. (B) The single-pulse admixture model (Model-2) 
with the 9 free parameters labeled. The corresponding demographic parameters are in 
Table S1. 
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Figure S3. Strong correlation of S* p-values between (A, B) the two demographic 
null models and (C, D) the two recombination maps. Each point is a window of 200 
SNVs and color represents the density of the points. (A) Model-1 vs. Model-2, using 
HapMap Yoruba map ("=0.990, p<2.2x10-16). (B) Model-1 vs. Model-2, using African 
American map ("=0.990, p<2.2x10-16). (C) HapMap Yoruba map vs. African American 
map, using Model-1 ("=0.973, p<2.2x10-16). (D) HapMap Yoruba map vs. African 
American map, using Model-2 ("=0.965, p<2.2x10-16). 
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Figure S4. Importance of using p-values to prioritizing candidates in the S* analysis. 
Each point is a window of 200 SNPs, and color represents the density of points. The 
vertical black dashed line and the horizontal purple solid line are the top 1% significance 
cutoffs for the S* and S* p-value distributions, respectively. Windows in Quadrant I are 
outliers in the S* distribution but are not statistically significant when the effects of 
demography and genome architecture are controlled for. In Quadrant III are the many 
windows that are statistically significant even though their S* values are modest. 
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Figure S5. Genome-wide Manhattan plot of S* statistic. Each point is a window of 
200 SNPs. The dash line is the top 1% outlier cutoff in the empirical distribution of S* 
statistic. Red points are the candidate introgressive loci from the top 1% S* p-value 
distribution using all the four alternative simulation sets. Most of chromosome 9 was 
excluded by our quality control filters. 
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Figure S6. Hierarchical clustering of the haplotypes for the candidate introgressive 
locus Chr16:8702222-8747116. Columns are SNPs, with grey and black for ancestral 
and derived alleles, respectively, while rows show individual haplotypes. The four 
haplotypes at the bottom cluster are the four haplotypes on the basal branch in the 
haplotype network plot (Fig. 2). 
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Figure S7. Substantially older TMRCA (million years) of the top 1% S* p-value 
candidate introgressive regions. TMRCA were calculated for loci from four data sets: 
the top 1% loci in the S* p-value (1st row, purple) and the S* empirical distribution (2nd 
row, blue), the bottom 1% loci in the S* p-value distribution (3rd row, green), and a set of 
random loci with the same amount of sequences as the top 1% loci in the S* p-value 
distribution (4th row, pink). For each data set, a violin plot is drawn to show the density of 
TMRCA with a corresponding boxplot embedded within. 
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Figure S8. Significantly longer genetic length (cM) of the top 1% S* p-value 
candidate introgressive regions. As in Figure S7, but for the genetic length of each 
locus. 
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Figure S9. Distributions of TMRCA (million years) and genetic length (cM) for the 
top 1% S* p-value candidate introgressive regions stratified by !!, which estimates 
the minimum of the sizes of the two most basal lineages for a given locus, and thus is 
sensitive to the strength of admixture. Top, middle, and bottom panels are the locus 
count, the distribution of TMRCA, and the distribution of genetic length, respectively, for 
each class of !!. 
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Figure S10. Demographic schematic for whole-genome simulations with archaic 
introgression. Fixed model parameters, including the effective population sizes for 
ancestors of modern human, Pygmy, and Farmer populations (numbers inside the tree), 
times of divergence between populations, as well as the asymmetric gene-flow between 
Pygmy and Farmer populations (red/green arrows), were chosen based on Hammer et al. 
(2011) and Hsieh et al. (2015). Note that for simplicity, we assumed that both the 
common ancestor of archaic/modern humans and the archaic human population have the 
same effective population size (6,700 individuals). For simulations with single-wave 
archaic admixture, the time of archaic admixture into modern human lineages could 
occur at 1200, 2700, 5500, or 7800 generations ago, which corresponds to each of the 
four time intervals illustrated on the right. For the two-wave archaic admixture 
simulations, we set the two events to be 7800 and 300 generations ago in order to 
investigate extreme cases. The admixture proportion (fadmix) was set to be 2%, 5%, or 
10% in each individual simulation (Table S2-5).
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Figure S11. Decay of pairwise LD with respect to genetic distance for SNPs ascertained from the top 1% candidate 
introgressive loci. As in Figure 4, but for the case that genetic distance is calculated using the African American recombination map. 
(A) Fitting LD decay curve with genetic distance 0.02 – 1 cM. (B) Fitting LD decay curve with genetic distance 0.002 – 1 cM. 
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Figure S12. Comparisons of the patterns of linkage disequilibrium (LD) between data and whole-genome archaic admixture 
simulations (Figure S10). LD estimates were estimated as described in Materials and Methods for genetic distance range 0 – 1 cM. 
LD of the data’s top 1% S* p-value candidate loci was compared with that from (A) single-wave, 2% archaic admixture, (B) single-
wave, 5% archaic admixture, and (C) two-wave archaic admixture with 2%, 5%, or 10% admixture in each pulse. 
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Figure S13. Comparisons of the genetic length distributions of the top 1% S* p-value candidate loci from data and whole-
genome archaic admixture simulations (Figure S10). (A) single-wave, 2% and 5% archaic admixture, (B) two-wave archaic 
admixture with 2%, 5%, or 10% each. 
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Table S1. Parameter estimates and confidence intervals for two best-fit demographic models from Hsieh et al. (2015). Model-1: 
continuous asymmetric gene flow. Model-2: single-pulse gene flow. Estimates and confidence intervals are shown for effective 
population sizes (N), times (T) of population divergence and gene flow onset, levels of gene flow (m) between farmer (F) and Pygmy 
(P) populations. Tadmixture and fadmixture refer to the timing and strength of the single-pulse gene flow from the farmers (F) to Pygmies 
(P) in Model-2. 
 

 Model-1  
(Asymmetric gene flow) 

Model-2 
(Single-pulse gene flow) 

Demographic parameters Estimates +95% C.I. Estimates +95% C.I. 
Na: Ne

* ancestral population 6,727 6,676 – 6,819 6,735 6,671- 6,826 
Nep: Ne ancestral population after expansion 20,473 15,560 – 27,561 15,236 14,436 – 15,894 
NF: Ne contemporary Farmer (F) 11,900 11,714 – 12,138 13,854 13,721 – 14,055 
NP: Ne contemporary Pygmy (P) 5,831 5,631 – 5,986 5,373 5,217 – 5,530 
Tep: Time† of ancestral expansion 221,118 210,513 – 236,634 232,629 223,172 – 244,327 
Tsplit-PF: Time of P-F split 155,671 139,661 – 164,280 89,645 85,503– 91,725 
Tmig-PF: Time of onset of gene flow between P and F 39,337 36,565 – 43,550 – – 
Tadmixture: Time of admixture from F to P – – 7,136 6,887 – 7,656 
Tsplit-P: Time of split between the two P populations 5,139 4,762 – 5,630 4,049 3,803 - 4,396 
mPF: Gene flow‡ (P ! F) 9.0x10-4 8.4x10-4 – 9.4x10-4 – – 
mFP: Gene flow (F ! P) 9.1x10-5 8.2x10-5- 1x10-4 – – 
fadmixture: Strength of admixture (P ! F) – – 0.6799 0.6789 – 0.6818 

*Effective population size in individuals. †Time in years, assuming 25 years per generation and mutation rate 2.35x10-8 per base per 
generation (Gutenkunst et al. 2009). ‡Fraction of the population each generation that are new migrants. +Confidence intervals 
estimated using100 conventional bootstraps 
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Table S2. Hypothesis testing using linkage disequilibrium (LD) decay information on whole genome single-wave archaic 
admixture simulations: fitting distance range 0.02 – 1 cM. This LD approach was applied to Top 1% S* p-value candidate loci in 
whole genome simulations based on Figure S10, with different admixture proportions and times specified in the table. Dates were all 
in units of generations. All analyses for S*, p-values, and LD decay curve fitting were performed using the same pipeline as for the 
data described in the main text. Note that n.a. refers to not able to obtain stable model fit.  
 
Proportion of 
archaic 
admixture 

Simulated 
time of 
admixture 

Inference for single-wave 
archaic admixture 

Inference for the two-wave 
archaic admixture 

Falsely reject single-wave 
admixture? (p-value) 

Inferred date of the event 
(95% C.I.) 

Inferred date of 
the 1st event (95% 
C.I.) 

Inferred date of  
the 2nd event(95% 
C.I.) 

2% 1200 212 (91, 315) n.a. n.a. NO (n.a.) 
2700 424 (271, 591) 23121 (657, 20173) 424 (98, 516) NO (0.9876) 
5500 364 (86, 669) 885 (633, 19774) 117 (4, 626) YES (<2.2x10-16) 
7800 534 (268, 778) 25063 (1204, 

41661) 
513 (158, 750) YES (2x10-4) 

5% 1200 176 (91, 315) 736 (404, 6212)
  

165 (11, 243) NO (0.1476) 

2700 284 (138, 424) 38363 (828, 29254) 283 (101, 393) NO (0.9088) 
5500 631 (404, 847) n.a. n.a. NO (n.a.) 
7800 558 (375, 793) 8315 (789, 27542) 519 (17, 749) YES (<1.45x10-7) 
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Table S3. Hypothesis testing using linkage disequilibrium (LD) decay information on whole genome single-wave archaic 
admixture simulations: fitting distance range 0.002 – 1 cM. Same as Table S3, but fitting LD decay curves using LD data from 
genetic distance range 0.002 – 1 cM in order to explore the efficacy of this LD method for the inference of older admixture events. 
 
Proportion of 
archaic 
admixture 

Simulated 
time of 
admixture 

Inference for single-wave 
archaic admixture 

Inference for the two-wave 
archaic admixture 

Falsely reject single-wave 
admixture? (p-value) 

Inferred date of the event 
(95% C.I.) 

Inferred date of  
the 1st event (95% 
C.I.) 

Inferred date of  
the 2nd event (95% 
C.I.) 

2% 1200 214 (96, 316) 15048 (1529, 
96348) 

213 (81, 307) YES (4.1x10-2) 

2700 440 (289, 613) 12046 (1594, 
30998) 

423 (167, 588) YES (5.5x10-14) 

5500 419 (119, 711) 1004   (694, 19463) 128 (8, 664) YES (<2.2x10-16) 
7800 626 (358, 908) 6982   (1584, 

12479) 
501 (165, 759) YES (<2.2x10-16) 

5% 1200 178 (96, 313) 895 (383, 44811) 165 (7, 255) YES (1.3x10-4) 
2700 289 (148, 426) 10214 (1026, 

55904) 
283 (122, 414) YES (1.5x10-3) 

5500 702 (471, 920) 6723 (1006, 21364) 593 (58, 850) YES (<2.2x10-16) 
7800 629 (446, 870) 6535 (996, 18060) 518 (77, 788) YES (<2.2x10-16) 
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Table S4. Hypothesis testing using linkage disequilibrium (LD) decay information on whole genome two-wave archaic 
admixture simulations: fitting distance range 0.02 – 1 cM. Similar to Table S3, but the whole genome simulations here 
incorporated two waves of archaic admixture at 7800 and 300 generations ago, with the same admixture proportion in each simulation. 
 

Proportion of 
each archaic 
admixture 

Inference for single-wave 
archaic admixture 

Inference for the two-wave 
archaic admixture 

Correctly rejected single-
wave admixture? (p-
value) Inferred date of the event 

(95% C.I.) 
Inferred date of  
the 1st event (95% C.I.) 

Inferred date of  
the 2nd event (95% 
C.I.) 

2% 58 (26, 87) 31689 (190, 23234) 58 (17, 59) NO (0.7446) 
5% 81 (53, 122) 22025 (595, 16473) 81 (40, 96) NO (0.6829) 
10% 89 (56, 131) 27981 (1311, 22063) 89 (50, 111) NO (0.9949) 

 
 
Table S5. Hypothesis testing using linkage disequilibrium (LD) decay information on whole genome two-wave archaic 
admixture simulations: fitting distance range 0.002 – 1 cM. Same as Table S5, but fitting LD decay curves using LD data from 
genetic distance range 0.002 – 1 cM in order to explore the efficacy of this LD method for the inference of older admixture events. 
 

Proportion of 
each archaic 
admixture 

Inference for single-wave 
archaic admixture 

Inference for the two-wave 
archaic admixture 

Correctly rejected single-
wave admixture? (p-value) 

Inferred date of the event 
(95% C.I.) 

Inferred date of  
the 1st event (95% 
C.I.) 

Inferred date of  
the 2nd event (95% 
C.I.) 

2% 59 (28, 87) 13312 (263, 37151) 58 (12, 83) YES (4.0x10-7) 
5% 82 (54, 122) 11538 (2926, 42250) 81 (49, 124) YES (7.2x10-10) 
10% 90 (57, 131) 13198 (2098, 56576) 89 (53, 125) YES (1.7x10-3) 
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Table S6. Estimation of the false discovery rate (FDR) for the top 1% S* p-value candidate introgressive loci. FDRs were 
estimated based on each of the four alternative simulation sets separately using the method of Williamson et al. (32)  
 

Simulation set FDR estimate for the top 1% S* P-value 
candidate introgressed loci 

Model-1, HapMap 0.42 
Model-2, HapMap 0.19 
Model-1, AAMap 0.68 
Model-2, AAMap 0.31 

 
 
 
 
 
 
Table S7. Maximum likelihood estimates for the parameters of the LD decay analysis based on the top 1% S* p-value candidate loci. 
Note that n.a. refers to unable to obtain stable model fit. 
 

Genetic 
distance 
range 

Recombination 
map 

Inference for single-wave 
archaic admixture 

Inference for the two-wave 
archaic admixture 

Amplitude 
(95% C.I.) 

Decay rate 
(95% C.I.) 

Amplitude 1 
(95% C.I.) 

Decay rate 1 
(95% C.I.) 

Amplitude 2 
(95% C.I.) 

Decay rate 2 
(95% C.I.) 

0.02 – 1 cM HapMap (Yoruba) 0.04 
(0.03, 0.07) 

3.12 
(0.45, 9.75) 

n.a. n.a. n.a. n.a. 

African American 0.04 
(0.03, 0.08) 

2.64  
(0.85, 10.85) 

n.a. n.a. n.a. n.a. 

0.002 – 1 cM HapMap (Yoruba) 0.05 
(0.04, 0.09) 

3.27 
(1.06, 13.76) 

0.09 
(0.06, 0.13) 

193.44 
(24.38, 447.72) 

0.05 
(0.02, 0.06) 

3.12 
(0.81, 9.34) 

African American 0.04 
(0.03, 0.08) 

2.88 
(1.05, 11.31) 

0.08 
(0.04, 0.10) 

134.90 
(19.03, 249.45) 

0.04 
(0.01, 0.07) 

2.66 
(0.74, 9.61) 

 
 
 


