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Abstract 

In recent years, the Neanderthals have been the subject of many studies. In 2010, the 

availability of a sequenced genome from this species heralded a revolution in the world 

of ancient genomics. It is now known that there was admixture between the 

Neanderthals and modern humans tens of thousands of years ago. As a result, all present-

day non-Africans can trace 1.5-2.1% of their genomes to Neanderthals. Following these 

discoveries, many studies have attempted to test for association between fragments of 

Neanderthal ancestry and various phenotypes in contemporary humans. Here, we 

present results from of differential phenotypic impact of Neanderthal and non-

Neanderthal alleles based on genome-wide association studies (GWAS). We applied our 

analyses to seven phenotypes. Our results suggest that the Neanderthal alleles tend to 

increase the height of contemporary people. We also detect increasing effects on 

triglyceride levels and white blood cell count. 

Furthermore, we found evidence for directional selection having influenced some 

phenotypes of humans during past millennia – towards greater height, lower BMI, higher 

levels of high-density lipoprotein (HDL) and greater capacity for educational attainment.  
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Preface 

This thesis outlines the results of a research-based Master´s project in biological 

anthropology conducted at the University of Iceland and deCODE genetics in the years 

2014-2017. The study was supervised by Dr. Agnar Helgason. The project and the thesis 

accounted for 90 ECTS of 120 ECST units required to obtain a MA degree in Anthropology 

from the University of Iceland. 
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1 Introduction  

The admixture events between Neanderthals and modern humans have been a popular 

subject of discussion and research in recent years after the sequenced Neanderthal 

genome was published in 2010 (Green et al., 2010; Prüfer et al., 2014: Racimo et al., 

2015). Studies now suggest all non-African present-day people can trace 1.5-2.1% of their 

genomes to the Neanderthals (Prüfer et al., 2014). To date, two studies have mapped the 

introgressed fragments found in the genomes of present-day non-Africans 

(Sankararaman et al., 2014; Vernot and Akey, 2014). Following that, a handful of papers 

have reported possible associations between Neanderthal ancestry and various 

phenotypes that for example affect the risk of type 2 diabetes, physiology of hair and 

skin, gene expression and the immune system (Danneman, Andrés and Kelso, 2016; 

Deschamps et al., 2016; Dannemann, Prüfer and Kelso, 2017; Sankararaman et al., 2014; 

McCoy, Wakefield and Akey, 2017; Ding et al., 2014). 

In this study, we seek to shed light on the impact of Neanderthal ancestry on seven 

phenotypes in modern humans using simple and accessible methods applied to publicly 

available results from GWAS meta-analyses. Furthermore, we use SNPs, known to tag 

Neanderthal haplotypes as representatives of introgressed Neanderthal alleles. In our 

analysis, we apply various methods to explore if the Neanderthal tagging alleles affect 

phenotypes in humans differently than the non-Neanderthal alleles. 

Furthermore, we will attempt to detect signatures of selection affecting the seven 

phenotypes primarily by using the frequency distribution of derived alleles. Derived 

alleles in almost all cases represent mutations that occurred on the human lineage. These 

alleles arrived into the gene pool at different times and places, some are shared across 

populations while others are specific to one population. As we are using GWAS results 

from meta-analyses, derived from many different population cohorts, we are looking for 

signatures of a more general selection that has affected many populations rather than 

just one. As most new alleles get selected or drifted out of a population, alleles that have 

reached higher frequencies can be informative about the action of selection. In our 

attempt to detect signs of selection, we made use of the frequency distribution of derived 
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alleles and information from GWAS on how they affect the phenotype. Our analyses and 

methods are easily implemented and can be applied to all quantitative phenotypes.  

Our initial plan for this thesis was to analyse two different sets of GWAS results for each 

phenotype, one based on a meta-analysis (with no data from Iceland) and one from 

deCODE genetics. This was for the purpose of replication. However, the project turned 

out to be more extensive and complex than expected. As a result, we only present results 

from the meta-analyses in this thesis. These meta-analyses GWAS are produced by 

various groups and institutions, and the results have been made publicly available online. 

The phenotypes selected for our analysis all have either some prior indicator of being 

affected by Neanderthal ancestry or are related to popular conceptions about the 

characteristics of the Neanderthals.  

This thesis contains five chapters where this introduction counts as the first one. The 

second chapter covers the state of knowledge in the field, where the history of the 

Neanderthals and modern humans will be traced and their interactions discussed. 

Furthermore, the revolution following the sequencing of the Neanderthal genome and 

what has happened since will be discussed in this chapter. The third chapter contains a 

description of all analysis, data and methods used and applied in this study. All results will 

be presented in chapter four and finally the fifth chapter contains summarised results 

and discussions. 
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2 Background 

 

2.1 The origin of modern humans 

Anatomically modern humans, often referred to as modern humans, are the only species 

of hominins alive today. The prevailing theory traces the origins of modern humans to 

the southern and eastern parts of sub-Saharan Africa, based on archaeological data, 

fossils and genetics (Nielsen et al., 2017; Hublin et al., 2017). The oldest remains defined 

as modern humans are all found in this region, and they have been estimated to be 

around 190 thousand years old (Nielsen et al., 2017).  

Recently, new studies have challenged these ideas. One describes how the most recent 

common ancestor of two modern humans was traced to 260 thousand years ago using 

genetics rather than fossils. This shifts the origin of our species further back in time 

(Hublin et al., 2017). Another recently published paper reported a finding of a fossil with 

modern human traits in the northern most part of Africa, which is thought to be older 

than 300 thousand years. It is on the verge of being completely anatomically modern, 

showing traits typical of later modern humans as well as some archaic traits found in older 

hominins. The authors propose that this could suggest a more diverse evolution of 

modern humans across Africa (Hublin et al., 2017). Though ideas regarding the origins of 

modern humans might be changing with new findings and technology, there seems to be 

little debate about the origin being within Africa (Hublin et al., 2017).  

 

2.2 The Neanderthals and other hominins 

The closest living relative to modern humans today is the chimpanzee. The divergence 

between the two species is thought to span about 5-7 million years (Green et al., 2009). 

Paleoanthropological research indicates that there were multiple species of hominins in 

prehistory, some of whom are thought to have been contemporaries of our modern 

human ancestors (Paixão-Côrtes et al., 2012). The oldest known hominins are all found in 
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Africa, while the first evidence of hominin groups living outside Africa is from ~1.8 million 

years ago (Paixão-Côrtes et al., 2012). This is strong evidence that hominins originated in 

Africa and that they did not colonise other continents until about 3-5 million years after 

the divergence from chimpanzees.  

One of the best-known species of extinct hominins is the Neanderthals, our closest known 

relative (Green et al., 2010). They are the best-documented extinct hominins both 

because they are one of the last species to go extinct and thus they are younger than 

most. Also, they are primarily found in Europe and western parts of Asia where conditions 

for preservation of remains are generally better than in Africa. Environmental conditions 

in Africa are generally not ideal for the preservation of physical remains and even less so 

for DNA (Nielsen et al., 2017). Thus, the fossil record across the continent is scarce (Hublin 

et al., 2017). 

At present, it is thought that the split between modern humans and the Neanderthals 

happened between 550 thousand years ago and 765 thousand years ago (Prüfer et al., 

2014). Shortly after this split the Neanderthals and the Denisovans branched off from 

each other (Kelso and Prüfer, 2014). Recent studies suggest that the divergence between 

these species happened even further back (Hublin et al., 2017), but all three species are 

thought to have branched off from a common ancestor at different times and places 

(Paixão-Côrtes et al., 2012).  

It has been proposed that the ancestors of the Neanderthals left the African continent 

perhaps ~700 thousand years ago and migrated to Europe (Mounier and Lahr, 2016). The 

group that settled in Europe evolved into the Neanderthals while the ones that stayed in 

Africa evolved into modern humans (Mounier and Lahr, 2016).The first evidence of 

Neanderthals in Europe is around 400 thousand years old, but they kept evolving towards 

more distinct Neanderthal characteristics seen in younger fossils. Fossilized remains 

suggest that Neanderthal habitats were restricted to Europe and the western part of Asia, 

and southwards towards the Middle East (Green et al., 2010, Krause et al. 2007a).  

How Neanderthals and modern humans were related and if they interacted after their 

split has been debated through the years (Racimo et al., 2015). One theory suggests that 

the Neanderthals were direct ancestors to modern humans (Krings et al., 1997). This has 

today been ruled out as inconsistent with archaeological and genetic findings (Krings et 
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al., 1997; Green et al., 2010). Another theory proposes that they merged with modern 

humans. A third theory suggests that modern humans completely replaced all other 

hominins living outside Africa when they colonised their habitats (Krings et al., 1997).  

Today the most popular theory is that the Neanderthals became extinct soon after 

modern humans arrived to their habitats suggesting the replacement theory. However, 

genetic findings suggest that the Neanderthals contributed a small amount of their DNA 

to the gene pool of modern humans before their disappearance (Green et al., 2010; 

Sankararaman et al., 2014). 

 

2.3 Out of Africa 

The spread of modern humans out of Africa occurred during an interglacial period, 74-

135 thousand years ago and ultimately led to the colonisation of all continents (Paixão-

Côrtes et al., 2012). The first evidence of modern humans in Europe has been dated to 45 

thousand years ago (Mellars and French, 2011) and they are therefore thought to have 

shared habitats with Neanderthals for a short time before the latter's disappearance from 

the archaeological records 30 thousand years ago (Green et al., 2010).  

The reason for the sudden disappearance of Neanderthals shortly after the appearance 

of modern humans in Europe has been debated for a long time (Mellars and French, 

2011). It has been hypothesized that modern humans had some advantage over 

Neanderthals in competition for food and other resources following a large population 

expansion during the time these species shared habitats. One suggestion is that the 

technology and social skills of modern humans made them more competent (Mellars and 

French, 2011). However, it is hard to say to what extent the Neanderthals differed from 

modern humans, for example in behaviour, creativity and other cognitive traits by only 

looking at archaeological records. Now, with the emergence and revolution in the 

technology of handling and analysing DNA, especially ancient DNA, it is possible to shed 

some light on what happened in the past. 
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2.4 Sequencing of the Neanderthal genome 

In 2010, the first draft sequence of the Neanderthal genome was published. This genome 

was sequenced from a toe bone found in the Denisova cave in Siberia (Green et al., 2010). 

This heralded a revolution in the field of ancient DNA studies, opening up a whole new 

field of ancient genomics in prehistorical research. Only few years later, many studies 

based on the sequenced genomes of ancient hominins have been published 

(Sankararaman et al., 2014; Vernot and Akey, 2014; Prüfer et al., 2014; Paixão-Côrtes et 

al., 2012; Fu et al., 2014; Fu et al., 2015) .  

The sequenced genome of the Neanderthals has revealed many new findings. It is, for 

example, now known that the population size of the Neanderthals was most likely rather 

small compared with the one of modern humans (Kelso and Prüfer, 2014). It has also been 

reported that a Neanderthal genome of a female found in the Altai mountains in Siberia 

showed signatures of inbreeding where the parents of the individual were as related as 

half-siblings. Long runs of homozygosity in the genome revealed that it had been common 

amongst her ancestors to mate with closely related relative (Prüfer et al., 2014). These 

findings are only detectable through studying ancient DNA and thus genetic studies on 

ancient remains have added greatly to the knowledge of ancient populations. 

 

2.5 Admixture events 

Until recently, it was hotly debated whether modern humans and Neanderthals met and 

interbred at some point after the species diverged (Racimo et al., 2015; Green et al., 

2010). Before the sequencing of the Neanderthal genome, Krings et al. had managed to 

sequence parts of the mtDNA from Neanderthals (Krings et al., 1997). Many copies of 

mitochondria are found in each cell and therefore it is easier to access it in old remains 

than the nuclear DNA where each chromosome is only found in two copies in each cell 

(Green et al., 2010; Kelso and Prüfer, 2014). Krings et al. (1997) found that Neanderthal 

mtDNA fell outside the variation found within modern human mtDNA and that there 

were no signs of admixture between the two species in mtDNA (Krings et al., 1997).  

Now, a comparative analysis of genomes of archaic species and modern humans have 

revealed that gene flow events occurred between different species of hominins (Prüfer 

et al., 2014; Green et al., 2010). Thus, it seems that the vast majority of individuals with 
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non-African ancestry can trace about 1.5-2.1% of their genomes to Neanderthals due to 

ancient admixture events (Prüfer et al., 2014). 

Because fragments traced to Neanderthals are primarily found in people with non-African 

ancestry, the admixture is thought to have happened after a subgroup of modern humans 

first left Africa. A small amount of Neanderthal sequences can be found in the genomes 

of some Africans, for example, in the Maasai people of Kenya. This is likely to be due to 

later migration and admixture between African and the non-African populations that 

previously exchanged genetic material with the Neanderthals (Wang et al., 2013; Wall et 

al., 2013).  

An alternative hypothesis holds that this apparent evidence of admixture might rather be 

due to complex ancestral population structure before these two species diverged 

(Eriksson and Manica, 2012).  

Linkage disequilibrium (LD) refers to alleles that are correlated with each other due to 

either selection or population history and thus tend to be inherited together as 

chromosomes are transmitted from parent to offspring. Small population size, genetic 

drift and mixture of populations can affect LD between loci (Reich et al., 2001). 

Introgressions from other hominins have therefore affected LD in the genomes of modern 

humans. SNPs within an introgressed fragment are expected to be found in high LD over 

greater genetic distances and thus be co-inherited (Jobling et al., 2013, p. 461; Reich et 

al., 2001). With time, recombination splits and shortens fragments that are found in high 

LD. Thus, older fragments in strong LD should be shorter than younger ones as they have 

gone through more recombination events (Jobling et al., 2013, p. 461; Racimo et al., 

2015). Studies have now shown that the length of the introgressed fragments found in 

the genomes of present day humans are in better accordance with the time since the two 

species shared habitats rather than the time since the two species diverged 

(Sankararaman et al., 2012).  

Two studies by Fu et al. (2014; 2015) have shown that the introgressed fragments are 

longer in ancient DNA from modern humans that lived closer to the time of likely 

admixture events. This is expected as with time recombination shortens the fragments 

that are in high LD as mentioned above. One of the studies showed that an individual 

from 40 thousand years ago (where today is Romania), probably had a Neanderthal 
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ancestor as close as 5 or 6 generations before his birth. This inference was made by 

studying the length of the Neanderthal fragments found in the genome of this individual 

(Fu et al, 2015). The length of the Neanderthal introgressed fragments in an individual 

that lived 45 thousand years ago, and was recovered in Siberia, suggests that the 

admixture happened at as far back as 58 thousand years ago (Fu et al., 2014). 

Furthermore, using the length of the fragment of present day people it has been 

estimated that the admixture happened somewhere between 86 – 37 thousand years ago 

(Sankararaman et al., 2012). 

 

2.6 Detecting Neanderthal fragments in the genomes of contemporary humans 

The majority of the Neanderthal genome is identical to that of modern humans, due to 

the fact that these two species are so closely related (Green et al., 2010).  

It has been estimated that 87.9% of all substitutions that have occurred and reached 

fixation on the human lineage after the divergence from the chimpanzees, happened 

before the divergence between modern humans and the Neanderthals (Green et al., 

2010). Only 88 non-synonymous substitutions have become fixed on the human branch 

after the split from the Neanderthals, where modern humans have the derived allele and 

Neanderthals have the ancestral allele. Thus, very few amino acid changing substitutions 

have happened in the last few hundred thousand years on the human lineage (Burbano 

et al., 2010).  

Nonetheless, many Neanderthal haplotypes are distinct enough from modern human 

sequences for identification to be possible (Sankararaman et al., 2014). Alleles in the 

modern human gene pool are defined as ancestral if they are also found in the 

chimpanzee and other great apes. Derived alleles are the ones that have changed on the 

human lineage (Jobling et al., 2014, page 55; Sankararaman et al., 2014). For an allele 

found in the modern human genome to be defined as having a Neanderthal origin it has 

to be found in the derived state and thus differ from the ones found in the chimpanzee. 

Furthermore, Neanderthals alleles are only found in non-African individuals and not 

African individuals (Sankararaman et al., 2014).  

Statistical methods have successfully been used to identify these derived fragments in 

present-day non-Africans that can be traced to the Neanderthals (Racimo et al., 2015; 
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Sankararaman et al., 2014; Vernot and Akey, 2014). Two studies have produced 

Neanderthal genome-wide admixture maps of both European and East Asian populations 

(Sankararaman et al., 2014; Vernot and Akey, 2014).  

The introgressed Neanderthal fragments in present day people are fairly short, usually 

not longer than 100 kb (Sankararaman et al., 2014). Vernot and Akey (2014) found in their 

research that Neanderthal fragments are on average 57 kb long.  

As the introgressed fragments vary between individuals, it is possible to recover more of 

the Neanderthal genome by studying multiple genomes of people living today and 

combining the fragments found (Prüfer et al., 2014). Vernot and Akey (2014) found that 

a present day individual of non-African ancestry carries on average 23 million bases from 

Neanderthals in their genomes. When they combined all fragments found in all 1,092 

individuals from the 1000 Genomes project data they recovered in total 600 million bases 

from Neanderthals. This amounts to about 20% of the Neanderthal genome.  

 

2.7 Distribution of Neanderthal fragments  

On average, East Asians have more Neanderthal ancestry than Europeans (Kim and 

Lohmueller, 2015). There have been two main hypotheses to explain this. One posits a 

single Neanderthal admixture event, which occurred before the divergence of Europeans 

and East Asians, perhaps in the Middle East just after the modern human expansion out 

of Africa. This hypothesis explains the greater Neanderthal ancestry of East Asians 

through a smaller effective population size and less effective purifying selection removing 

weakly deleterious Neanderthal alleles (Kim and Lohmueller, 2015). In contrast, 

Europeans had a larger effective population size and may have experienced stronger 

purifying selection against deleterious Neanderthal alleles. The second hypothesis, which 

seems more popular today, posits at least two admixture events. The first happened 

before the divergence between Europeans and East Asians, and one or more subsequent 

admixture events between the East Asians and the Neanderthals after the split between 

these two groups, which account for the greater proportion of introgressed fragments in 

East Asians (Vernot and Akey, 2014; Wall et al., 2013). 
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The genome of a 40 thousand year old modern human, discovered in China, points to a 

divergence between Europeans and Asians over 40 thousand years ago, as this individual 

is more related to present day Asians than Europeans (Kelso and Prüfer, 2014). This split 

time falls within the estimated admixture timing between modern humans and 

Neanderthals that has been estimated to have been between 37-86 thousand years ago 

(Sankararaman et al., 2012) and thus it is possible that admixture events happened both 

before and soon after the split between these two groups of modern humans.  

Using data from the 1000 Genomes Project, Sankararaman et al. (2014) and Vernot and 

Akey (2014) both found that introgressed Neanderthal fragments are not randomly 

distributed along the genomes of present day people and therefore it is likely that some 

selection occurred after the gene flow events. Sankararaman et al. (2014) furthermore 

reported that regions with little Neanderthal ancestry were enriched in genes, which 

could suggests that negative selection has acted to remove Neanderthal fragments from 

genes in modern human genomes. Thus, it seems that in some parts of the human 

genome there were selective barriers that restricted the impact of gene flow (Vernot and 

Akey, 2014). Large regions with no Neanderthal ancestry could also suggest a small 

population size after the admixture event although that should not affect the distribution 

of fragments in and between genes.  

It has been proposed that due to high inbreeding levels and bottlenecks in Neanderthal 

populations that their fitness might have been 40% lower than that of the modern 

humans (Harris and Nielsen, 2016). When inbreeding and bottlenecks happen repeatedly 

within a population deleterious mutations can accumulate and consequently have 

negative effect on fitness of the group. Prüfer et al. (2014) estimated that the effective 

population size of Neanderthals was relatively small for most of their existence. They also 

experienced bottlenecks more extreme than those experienced by modern humans 

(Harris and Nielsen, 2016). Because the population of Neanderthals was small, purifying 

selection was weaker and weakly deleterious mutations were more likely to escape 

negative selection. When such alleles entered the genomes of modern humans through 

admixture, then purifying selection would have been a stronger force, as the population 

of modern humans was larger. Thus, such alleles are more likely to have been selected 
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out soon after the admixture event (Harris and Nielsen, 2016; Juric, Aeschbacher and 

Coop, 2016).  

 

2.8 Phenotypes associated with Neanderthal haplotypes 

Both positive and negative selection are now thought to have affected the frequencies of 

the Neanderthal fragments involved in the original admixture events (Sankararaman et 

al., 2014; Vernot and Akey, 2014). This raises the important issue of the impact of 

Neanderthal admixture on phenotype variation in modern humans.  

In general, admixture between divergent populations will affect the phenotypes of the 

offspring. How the phenotypic consequences of an admixture affects the population 

depends on the extent of the admixture, population size and how the evolutionary forces 

affect the introgressed fragments in the descendants of the admixed individuals. When a 

new allele enters a gene pool, it is most likely to be lost either due to selection or drift 

and therefore most derived alleles are rare, although some can reach higher frequencies 

(Jobling et al., 2013). Alleles that have a deleterious impact on phenotypes such that 

fitness is reduced are less likely to reach a high frequency in a population and thus we 

expect them to be rare. Neutral alleles, that do not affect reproductive fitness, will 

ultimately either get lost or become fixed as a result of drift. If an allele has a positive 

impact on reproductive fitness, it might get selected for and that way increase in 

frequency in the population (Relethford, 2013). Derived alleles that have reached high 

frequency have therefore most likely been selected for or they have drifted by chance to 

higher frequencies. 

In recent years, more and more studies have attempted to link introgressed Neanderthal 

alleles to phenotypes in present-day people. Sankararaman et al. (2014) identified the 5% 

of genes with the greatest degree of Neanderthal ancestry and found that these regions 

are associated with skin pigmentation, hair colour and keratin production. They 

concluded these genes had therefore been affected by positive selection, perhaps helping 

modern humans adapt to colder climates (Sankararaman et al., 2014). Many more 

phenotypes have now been associated with Neanderthal ancestry in one way or another. 

It has, for example, been suggested that Neanderthal ancestry affects the innate 
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immunity system (Danneman et al., 2016, Deschamps et al., 2016), gene expression 

(McCoy, Wakerfield and Akey, 2017) and the lipid metabolism of present-day people 

(Khrameeva et al., 2014). 

 

2.8.1 Phenotypes selected for this study 

When selecting phenotypes to analyse in this study, we took into account prior 

suggestions of Neanderthal ancestry affecting phenotypes. However, most of the 

phenotypes we selected have not been directly tested before.  

Height varies both between and within contemporary human populations. Studies have 

reported selection for both increased and decreased height in different populations 

(Zoledziewska et al., 2014; Turchin et al., 2012; Mathieson et al., 2015). Northern 

Europeans, for example, are on average taller than southern Europeans (Turchin et al., 

2012). People from the island of Sardinia show signatures of selection for decreased 

height (Zoledziewska et al., 2014) while selection for increased height has been claimed 

to have affected the Dutch, the tallest people on earth (Stulp et al., 2015).  

Bergmann´s rule, introduced by a zoologist Carl Bergmann in the 19th century, explains 

that those who are tall and thin lose heat fast and that can be an advantage in warm 

environments while those who are smaller and thicker lose heat slower. That must be 

better where climate is cold and heat preservation is more important (Relethford, 2013, 

p. 382). The Inuit have lived in the harsh north of our globe for thousands of years and 

they tend to be short in stature and have broad structure while some groups living on the 

plains of Africa stand tall and slender. This fits well with Bergmann´s rule (Relethford, 

2013, p. 382). 

Neanderthals are commonly portrayed as short and with a large body mass (Relethford, 

2013, p. 297-299) and more heavy built than modern humans (Stanford, Allen and Antón, 

2013, p. 399). On average, Neanderthal males are believed to have been around 169 cm 

and females around 160 cm (Stanford, Allen and Antón, 2013, p. 399).  

Thus, Bergmann´s rule fits in with the ideas that when the Neanderthals and modern 

humans met outside Africa, the Neanderthals were well adapted to cold climates of 
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Eurasia, smaller and stockier than modern humans emerging from the warmer plains of 

Africa.  

Resources available to individuals also affects their adult height. An individual who is 

malnourished growing up will probably not reach his or her full potential height 

(Relethford, 2013, p. 392). Western populations have been growing fast for the last 200 

years. This has been traced to better environmental factors, for example nutrition (Stulp 

et al., 2015). Thus, it is also possible that a difference in height between the Neanderthals 

and modern humans was due to environmental factors. Maybe the Neanderthals and 

modern humans had different food sources or used their sources differently. This could 

have affected their adult height. 

If this difference in height between the two species had a genetic basis, then perhaps 

some of the sequence variants that affect height in contemporary humans originated in 

Neanderthals and if so, we might expect to see the Neanderthal tagging alleles lowering 

the height of present day people.  

Variants of Neanderthal origin have been associated with increased risk of type 2 

diabetes. For example, one Neanderthal haplotype with four missense SNPs in a single 

gene is associated with ~ 20% increased risk of type 2 diabetes. It is found in ~50% 

frequency in Native Americans and 10% frequency in Eastern Asia (Sankararaman et al., 

2014; The SIGMA Type 2 Diabetes Genetics Consortium, 2014). Obesity is often defined 

by body mass index (BMI) where the threshold for obesity is 30 (kg/m2) and obesity can 

increase the risk of Type 2 diabetes (Speliotes et al., 2010).  

Archaeological findings suggest that the Neanderthals were capable hunters and ate a lot 

of meat (Stanford, Allen and Antón, 2013, p. 406-407). However, clues have been found 

that suggest that modern humans exploited more variable food resources (Stanford, 

Allen and Antón, 2013, p. 428). Perhaps this affected the metabolism of the Neanderthals. 

Maybe their food consumption was intermittent because of their harsh environment. If 

their main food sources failed for a while, it would be favourable to be able to preserve 

energy for times of starvation. If this metabolism of preserving energy in times of 

starvation was found in Neanderthals, perhaps some genetic inheritance can be detected 

in people today. We would then expect alleles of Neanderthal ancestry to increase the 

BMI.  
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Furthermore, due to the different climates modern humans and Neanderthals lived in, 

their diet and food resources probably differed substantially. This could have led to 

different adaptation in the regulation of blood lipid levels. Blood lipid levels can for 

example affect coronary heart diseases of individuals and are heritable (Global Lipid 

Genetics Consortium, 2013). It has been suggested that genes involved in lipid catabolism 

have a higher frequency of Neanderthal alleles in European populations suggesting 

selection for introgression in these regions (Khrameeva et al., 2014). We selected three 

different measurements of blood lipids to test.  

Educational attainment was selected to explore if Neanderthal admixture affected our 

intellectual abilities. FOXP2 is one of the most conserved genes found in mammals and 

therefore it has been suggested that changes in this gene have been selected against. In 

humans there are in fact two missense mutations found in this single gene that are not 

found in any other living mammal. These changes must therefore have happened 

sometime on the human branch after the divergence from the chimpanzee, who is our 

closest living relative. This gene is now known to affect our speech and language ability 

(Krause et al., 2007b). After sequencing the genome of the Neanderthals became 

possible, Krause et al. (2007b) were able to confirm that the Neanderthals had the same 

two mutations as modern humans in this gene. It is therefore likely that Neanderthals 

had sophisticated language abilities. This is in fact very likely when looking at the evidence 

of their material culture. They, for instance, made complicated tools, cared for those who 

were less able and buried their dead (Stanford, Allen and Antón, 2013, p. 404-409). This 

could suggest that their connections and interactions were very complicated, not unlike 

the ones found within our species. The archaeological findings that have been linked to 

the Neanderthals are still not nearly as informative of symbolic behaviour as we see with 

modern humans from the same era (Stanford, Allen and Antón, 2013, p. 429). The fact 

that they went extinct shortly after the emergence of modern humans in their habitats 

may suggest some advantages of modern humans.  

Finally, white blood cells can be divided into many subgroups but the main role of white 

blood cells is to fight bacteria and other intruders. Thus, the white blood cells make up 

the immune system of our bodies (Alberts et al., 2015, p. 1239-1240). It has been 

suggested that perhaps the admixture helped modern humans to cope, not only in the 
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cold but also when tackling new bacteria, parasites and fungi foreign to our ancestors 

(Deschamps et al., 2016; Dannemann er al., 2016). Some results suggest that the 

admixture event between modern humans and the Neanderthals did indeed affect our 

immune system and that the Neanderthals helped our ancestors to fight, for example, 

new bacteria. It has furthermore been suggested that alleles with Neanderthal ancestry 

still have functional effects in regions associated with immunity in present-day people 

(Dannemann et al., 2016; Deschamps et al., 2016).  
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3 Methods 

The primary aim of this study is to see if we can detect any phenotypic effects of 

Neanderthal introgression into modern humans. Our initial plan was to run the same 

analyses on two independent sets of GWAS results for each phenotype, for the purpose 

of replication – a meta-analysis GWAS that excluded Icelandic samples and an Icelandic 

GWAS from deCODE Genetics. In addition, the plan was to calculate polygenic scores 

based on genotypes at deCODE Genetics. However, as the project progressed, it became 

apparent that this was too extensive for a Masters project. Thus, only the results from 

the meta-analysis are presented here, with the aim to expand the study later as originally 

planned. This is the reason that some meta-analysis results used in the research 

presented in this thesis were obtained with Icelandic samples removed. It is also the 

reason why we used a locus set that was, for each phenotype, the intersection between 

the 1000 Genomes release 1 genotype data, the deCODE Genetics WGS data and the 

meta-analysis.  

 

3.1 The data  

One of the key data sets used in this study was a list of 33,012,264 polymorphic loci on 

all 22 autosomal chromosomes, discovered through WGS as a part of release 1 from the 

1000 Genomes project (Sankararaman et al., 2014). These data are publically available 

online (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase1/analysis_results/). We used a 

modified version of this data with additional information, including which allele is 

ancestral and which is derived. This data is also available online (http://genetics.med 

.harvard.edu/reichlab/Reich_Lab/Datasets_-_Neandertal_Introgression.html). 

Due to the study design described in the first paragraph of the methods, we examined 

only loci present in the 1000 Genomes set, the deCODE Genetics WGS set and each meta-

analysis. The intersection between the 1000 Genomes set and the deCODE Genetics WGS 

set was 13,987,869 autosomal loci. We did not apply any filtering at this stage. 

ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase1/analysis_results/
http://genetics.med/
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Dr. Sriram Sankararaman kindly provided us with a set of Neanderthal tagging alleles. 

These are alleles that are of Neanderthal origin and known to tag Neanderthal 

haplotypes. Thus, they are found in a high LD with other SNPs known to belong to a 

haplotype that has previously been identified as having a Neanderthal ancestry. These 

haplotypes were identified in data from the phase 1 release of the 1000 Genomes data 

(Sankararaman et al., 2014). The sex chromosomes were not included in our study as 

there were no Neanderthal tagging SNPs available for them.  

The number of SNPs included in our study after combining all data are shown in Table 1, 

where they have been divided by chromosomes and into two categories, non-

Neanderthal SNPs and Neanderthal tagging SNPs.  
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Table 1. Total number of SNPs by chromosome and origin before linking with phenotypes and 
before LD-pruning. 

Chromosome Total number of SNPs  Number of Neanderthal 

tagging SNPs 

1 1,118,735 7,699 

2 1,206,514 7,431 

3 1,033,537 6,112 

4 1,027,803 6,185 

5 918,117 5,532 

6 912,904 6,327 

7 790,153 4,514 

8 798,372 3,323 

9 614,033 3,597 

10 702,797 4,860 

11 672,017 4,218 

12 662,904 5,285 

13 524,365 3,494 

14 459,359 3,397 

15 402,034 2,783 

16 434,316 1,992 

17 369,705 1,334 

18 416,031 2,500 

19 236,135 1,320 

20 327,257 1,880 

21 190,458 964 

22 170,323 1,008 

total 13,987,869 85,755 
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3.1.1 The selected phenotypes 

In this study, we analysed seven phenotypes, which were selected on the basis of two 

criteria. First, for the purpose of previously mentioned replication, we required access to 

two, preferably independent, sets of GWAS results for each phenotype – one from 

deCODE Genetics and the other from publicly available meta-analyses, based on 

genotype-phenotype data from multiple populations. For three phenotypes (height, 

educational attainment and BMI), we were able to use GWAS results from meta-analyses 

that did not include Icelanders. For the other four, some Icelandic samples were included 

in the meta-analyses. Second, we prioritised phenotypes that had some prior for being 

affected by Neanderthal ancestry, according to previous studies (see background 

chapter). 

The first phenotype we selected was height, as it is easily measured and extensively 

studied. Furthermore, it is known to be influenced by hundreds of sequence variants in 

our genomes (Lango Allen et al., 2010; Wood et al., 2013). The known genome-wide 

significant variants still only explain ~20% of the heritable variation in height and 

therefore a lot is still unknown. The GIANT consortium used 78 cohorts to make this 

powerful GWAS meta-analysis (Wood et al., 2013).  

The same consortium has provided a meta-analysis GWAS for BMI, using data from 125 

cohorts. In this meta-analysis they were able to find 97 genome-wide significant loci that 

affect BMI and account for 2.7% of the variation of this phenotype. Additionally they 

predict that genetic components account for up to 21% of the BMI variation found in 

humans (Locke et al., 2015).  

The meta-analysis for educational attainment was made by the Social Science Genetic 

Association Consortium (SSGAC) using 64 cohorts (Okbay et al., 2016). This phenotype 

corresponds to the total number of years of schooling completed. This phenotype is of 

course largely affected by the environment, but estimation of the genetic effects on 

variation between people has been suggested to be at least 20% (Okbay et al., 2016). 

Meta-analyses for variable blood lipid measurements, based on 45 cohorts, are available 

at Global Lipids Genetics Consortium (Global Lipid Genetics Consortium, 2013). We 

decided to test three lipid measurements: total cholesterol, high-density lipoprotein 

(HDL) and triglycerides. 
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Finally, we selected a meta-analysis for white blood cell count, made at the University of 

Cambridge using data from the UK biobank and the INTERVAL studies (Astle et al., 2016). 

White blood cells are easily measured and can be divided into many subgroups. However, 

the many different subgroups of white blood cells have various roles (Alberts et al., 2015, 

p. 1239-1240) and this phenotype gives us the cell count for all types of white blood cell. 

Thus, this phenotypes does not give very specific measurements for different functional 

roles of the immune system, rather an overall measurement.  

 

3.2 Filtering 

For the different meta-analyses, various filters had been used when they were produced. 

As can be seen in Table 2 the number of loci included in each GWAS varies somewhat. 

The GWAS made by the same groups tend to have similar number of loci. In all cases chips 

were used and thus few rare alleles were available. For some, for example white blood 

cell count, imputed variants were also used (Astle et al., 2016). As stated earlier various 

filters had been applied to the meta-analysis in their production including various 

frequency thresholds. In the GWAS for height, for example, a frequency filter of a minor 

allele count of 6 was set (Wood et al., 2013) while in the GWAS for educational attainment 

a minor allele count of 25 was applied (Okbay et al., 2016).  

The only filter added in our analysis was a linkage disequilibrium (LD) pruning where 

alleles were excluded that were highly correlated with another SNP that had already been 

selected. We only let SNPs through that had the correlation coefficient (R2) < 0.5 with 

other SNPs that had already passed this filter. This excludes bias when same effect is 

reported again with an allele highly correlated with another allele already reported.  

As shown in Table 3 many Neanderthal tagging alleles get lost when LD pruning is applied. 

This is expected as the Neanderthal alleles tend to be found in clusters that are 

characterised by strong LD as explained in the background chapter.  
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Table 2. Total number of SNPs for each phenotype, before and after LD-pruning.  

 Phenotypes Number of loci in a meta-

analysis GWAS 

Number of loci after 

combining with deCODE data 

and before LD pruning 

Number of loci after 

combining with deCODE data 

and after LD pruning 

Height 2,550,693 2,311,240 390,043 

BMI 2,553,897 2,314,033 389,669 

Educational attainment 9,163,103 7,940,693 1,305,047 

Total cholesterol 2,446,981 2,224,822 364,251 

HDL 2,447,441 2,225,242 364,351 

Triglycerides 2,439,432 2,218,212 360,333 

White blood cell 29,542,771 11,162,233 3,351,979 
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Table 3. Number of Neanderthal tagging SNPs before and after LD-pruning. 

Phenotype Number of Neanderthal 

tagging SNPs before LD-

pruning 

Number of Neanderthal 

tagging SNPs after LD-

pruning 

Height 6,769 741 

BMI 6,785 734 

Educational attainment 56,438 1,048 

Total cholesterol 6,559 693 

HDL 6,567 668 

Triglycerides 6,522 669 

White blood cell 72,438 4,975 
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3.3 Detecting signatures of selection 

All phenotypes tested in this study are quantitative, where many loci affect the 

phenotype and the effect of each allele is reported as a beta value from a linear 

regression. The beta values indicate how much an allele affects the phenotype. The beta 

values can be negative, in which case they contribute to reduced values of the phenotype, 

or positive, in which case they contribute to greater values of the measured phenotype. 

Beta values close to 0 have very little estimated effect on the phenotype.  

In an attempt to determine if derived alleles that affect phenotypes have been subject to 

selection, we examined the association between beta values and derived frequency. A 

simple correlation test was applied to test for an association between beta values and 

frequency. A significant correlation could suggest a directional selection. To test this 

further, we additionally split all SNPs into eight frequency bins (<0.01, 0.01-0.05, 0.05-

0.1, 0.1-0.25, 0.25-0.5, 0.5-0.95, 0.95-0.99, >0.99) and calculated a mean beta value for 

each bin. This was done to further explore the correlation between beta values and derive 

allele frequency.  

 

3.4 Assessing Neanderthal impact on modern human phenotypes  

Neanderthal alleles found in the genomes of modern humans are always derived. Derived 

alleles arrived into the gene pool of modern humans after the divergence from the 

chimpanzees and tend to be found in the lower frequency tail. In an attempt to detect 

differences in how Neanderthal and non-Neanderthal alleles affect phenotypes, we 

compared GWAS effect sizes only for derived alleles. Indeed, only derived alleles can be 

classified as non-Neanderthal.  

For all phenotypes tested, some prior indication existed that Neanderthal ancestry might 

affect the phenotype as suggested earlier.  

First, a linear regression test was applied. We included the frequency of SNPs in the 

regression to account for a possible correlation between frequency and beta values. This 

test should indicate how the Neanderthal alleles affect the phenotypes.  

Again, to get a better picture of the distribution of the beta values we split all SNPs into 

the same eight frequency bins as explained above. This was done for better and easier 
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comparison of Neanderthal tagging SNPs to the non-Neanderthal SNPs in a similar 

frequency span. This would correct for bias based on different frequency spectra of non-

Neanderthal SNPs and the Neanderthal tagging SNPs. If a significant association is 

reported from the previously described regression analysis we would expect to detect a 

pattern in this test.  

Our last approach to detect signatures of Neanderthal ancestry affecting any of the seven 

phenotypes was to apply stratified sampling. All alleles were categorized into 40 

frequency bins (see Table 4). Then, from each bin we randomly sampled an equal number 

of non-Neanderthal SNPs as there were Neanderthal SNPs found in that bin. Thus, each 

sample contained a set of non-Neanderthal SNPs, equivalent to the Neanderthal SNPs set 

for that phenotype. The sampling was done 1,000 times, which we deemed to be enough 

to produce a proper null distribution. Thus, we ended up with 1,000 sets of non-

Neanderthal alleles where in each sample there were the same amount of alleles as in 

the Neanderthal set and the frequency distribution was very similar. For each set a mean 

beta value was calculated. We then found how often a mean beta value of non-

Neanderthal set exceeded the mean beta value of the Neanderthal set. This produced us 

with a p-value that informed how likely it would be to observe these results if the 

Neanderthal alleles do not affect the phenotype in any different way that the non-

Neanderthal alleles.  
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Table 4. Frequency bins for stratified sampling and the number of alleles randomly chosen from each bin. 

Frequency Height BMI Educational 

attainment 

Total 

cholesterol 

HDL Triglycerides White blood 

cell count 

<0.001 0 0 0 1 1 1 3,014 

0.001-0.005 3 4 2 10 12 7 766 

0.005-0.01 31 18 170 22 16 22 171 

0.01-0.015 43 41 114 33 37 28 129 

0.015-0.02 49 44 97 32 37 39 107 

0.02-0.025 37 52 83 31 35 30 92 

0.025-0.03 57 50 90 42 45 51 83 

0.03-0.035 45 46 55 41 50 49 80 

0.035-0.04 39 40 49 50 51 47 59 

0.04-0.045 47 46 36 46 41 29 57 

0.045-0.05 36 33 40 28 22 30 31 

0.05-0.055 27 37 52 26 27 29 38 

0.055-0.06 26 21 23 33 27 32 37 

0.06-0.065 32 42 24 28 30 26 39 

0.065-0.07 24 29 17 19 15 18 22 

0.07-0.075 28 18 14 20 16 16 22 

0.075-0.08 18 22 21 17 24 19 18 

0.08-0.09 40 24 40 43 35 37 38 

0.09-0.1 22 24 20 29 31 29 36 

0.1-0.11 22 18 19 22 21 22 20 

0.11-0.12 17 17 14 17 13 14 21 

0.12-0.13 18 14 13 12 12 14 14 

0.13-0.14 6 13 8 14 9 9 18 

0.14-0.15 9 8 7 13 9 9 8 
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0.15-0.175 18 22 16 28 16 27 19 

0.175-0.2 18 15 5 11 12 14 14 

0.2-0.225 11 19 11 11 8 10 6 

0.225-0.25 5 5 2 6 7 4 7 

0.25-0.3 7 8 4 5 5 4 5 

0.3-0.35 3 2 1 2 2 1 2 

0.35-0.4 2 1 1 1 2 1 0 

0.4-0.45 0 0 0 0 0 0 0 

0.45-0.5 0 0 0 0 0 0 0 

0.5-0.55 0 0 0 0 0 0 0 

0.55-0.6 0 0 0 0 0 0 0 

0.6-0.65 0 1 0 0 0 1 1 

0.65-0.7 1 0 0 0 0 0 0 

0.7-0.95 0 0 0 0 0 0 1 

0.95-0.99 0 0 0 0 0 0 0 

>0.99 0 0 0 0 0 0 0 

Total number of 

SNPs 

741 734 1,048 693 668 669 4,975 
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4 Results 

 

4.1 Data structure 

The same analyses were performed on all seven phenotypes. The GWAS results used in 

this study were generated by different groups, based on different sets of loci in different 

combinations of populations. Even more importantly, the number and frequency spectra 

of loci used in the GWAS analyses show considerable variation. Table 5 lists the seven 

phenotypes, the number of loci in each GWAS set after all filtering procedures (described 

in methods) and the number of individuals behind the calculations for each set of GWAS 

results. Additionally we provide the proportions of SNPs from each GWAS that have 

derived allele frequency (DAF) below 1% and 0.1%. This can indicate how the frequency 

distribution varies between the different GWAS sets. It is crucial to take account of the 

different frequency spectra of loci in our study design, to avoid biases that could arise 

between phenotypes.  
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Table 5. Number of loci for each GWAS after filtering and the number of individuals behind the calculations. 

Phenotype Number of loci after 

filtering 

Number of 

individuals  

DAF<1% DAF<0.1% 

Height 390,043 223,270  8,906 (2.3%) 14 (0.0036%) 

BMI 389,669 219,790  8,842 (2.3%) 8 (0.0021%) 

Education 1,305,047 243,753  303,926 (23.3%) 0 (0%) 

Total cholesterol 364,251 188,577 6,825 (1.6%) 

 

958 (0.26%) 

HDL cholesterol 364,351 188,577 6,874 (1.9%) 971 (0.27%) 

Triglycerides 360,333 188,577 6,223 (1.7%) 846 (0.23%) 

White blood cell 

count 

3,351,979 173,480 2,302,792 (68.7%) 1,077,138 (32.1%) 
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Table 6 shows that the mean DAF is around 30% for five of the seven phenotypes. The 

SNPs used in the educational attainment GWAS have a mean DAF of 13.8%, while those 

used in the white blood cell count GWAS have a mean DAF of 8.2%. As discussed in the 

methods, different filters and methods were used when the meta-analyses were 

performed. Consequently, some meta-analyses have more rare SNPs, whereas in others 

rare SNPs either did not exist on chips used, or they were filtered out. The meta-analysis 

for educational attainment shows the second lowest mean DAF of phenotypes involved 

in this study. Still, there are no derived alleles in this set with frequency below 0.1% as 

shown in Table 5. 
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Table 6. Frequency of derived alleles for all meta-analyses for Neanderthal and non-Neanderthal alleles. 

 

  

Phenotype Non-Neanderthal SNPs Neanderthal tagging SNPs 

 Number 

of SNPs 

Mean SD 1st Qu Median 3rd Qu Number 

of SNPs 

Mean SD 1st Qu Median 3rd Qu 

Height 389,302 0.298 0.276 0.068 0.2 0.469 741 0.066 0.061 0.027 0.048 0.083 

BMI 388,935 0.298 0.277 0.068 0.2 0.47 734 0.067 0.061 0.027 0.049 0.083 

Educational 

attainment 

1,303,999 0.138 0.231 0.011 0.026 0.14 1,048 0.044 0.045 0.014 0.028 0.055 

Total 

cholesterol 

363,558 0.304 0.27 0.078 0.214 0.475 693 0.068 0.055 0.03 0.052 0.09 

HDL 

cholesterol 

363,683 0.304 0.27 0.079 0.213 0.475 668 0.065 0.055 0.028 0.048 0.084 

Triglycerides 359,664 0.306 0.27 0.081 0.216 0.478 669 0.067 0.058 0.029 0.05 0.088 

White blood 

cell count 

3,347,004 0.082 0.22 0.0007 0.003 0.018 4,975 0.012 0.33 0.0003 0.0006 0.004 
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4.1.1 The frequency of Neanderthal alleles 

 

There is a marked difference between the frequency of Neanderthal and non-

Neanderthal alleles in each GWAS (Table 6). For five out of seven phenotypes the mean 

DAF of the Neanderthal tagging alleles is between 6-7%, with half of them at a frequency 

of 5% or lower. Again, educational attainment and white blood cell count have lower 

mean DAF. 

It comes as no surprise that the Neanderthal tagging SNPs are found in low frequencies 

in present-day people. Each present-day non-African can trace 1.5-2.1% of their genomes 

to the Neanderthals (Prüfer et al., 2014). As previously explained the regions with 

Neanderthal ancestry vary between individuals and Vernot and Akey (2014) found that 

by combining all regions found in 1,004 individuals from the 1000 genomes data, they 

were able to reconstruct ~20% of the Neanderthal genome. This suggests that not all non-

Africans carry the same Neanderthal alleles and therefore we expect each Neanderthal 

haplotype to be found at a low frequency.  

Associations between Neanderthal ancestry and a variety of phenotypes have been 

reported (Sankararaman et al., 2014, Danneman, Andrés and Kelso, 2016; McCoy, 

Wakefield and Akey, 2017; Ding et al., 2014) and it has been suggested that Neanderthal 

introgression into modern humans helped the latter adapt to new environments outside 

Africa (Sankararaman et al. 2014). This might suggest selection for such Neanderthal 

alleles, which would persist in the present-day genomes of non-Africans at a higher 

frequency than non-selected Neanderthal alleles.  
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4.2 Signatures of selection 

As most new alleles arriving in the gene pool of modern humans are either lost to drift or 

selection, the derived alleles that have survived in the genomes of modern humans are 

particularly interesting. The frequency of these alleles can be informative about how 

evolution has affected them in the past.  

 

4.2.1 Correlation between beta values and frequency  

In an attempt to detect signatures of selection in any of the seven phenotypes, we 

examined the correlation between beta values and DAF. Table 7 shows the correlation 

coefficient, the p-values and the number of SNPs behind each calculation. Note that we 

divided all SNPs into two groups, one for SNPs with GWAS p <0.05 and another one for 

SNPs with GWAS p >0.05. This was done to see if SNPs with stronger phenotype 

association (lower p-values) would behave in any way differently than the ones with 

weaker or no association. The threshold of 0.05 was chosen arbitrarily. As we are 

performing this test 7 times (once for each GWAS tested), Bonferroni correction of the p-

value threshold was applied. The Bonferroni threshold in this case was 0.00714. 
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Table 7 . Correlation between beta values and frequency. 

Phenotypes GWAS p-

values 

Number of 

SNPs 

Correlation 

coefficient 

(Pearson's r) 

p-value for r 

Height <0.05 72,093 0.133 < 2.2e-16 

 >0.05 317,950 0.061 < 2.2e-16 

BMI <0.05 26,399 -0.069 < 2.2e-16 

 >0.05 363,270 -0.028 < 2.2e-16 

Education <0.05 109,037 0.015 1.281e-06 

 >0.05 1,196,010 0.0063 7.649e-12 

Total 
cholesterol 

<0.05 27,546 -0.0094 0.1182 

 >0.05 336,705 -0.0019 0.2744 

HDL <0.05 27,149 0.013 0.03194 

 >0.05 337,202 0.0083 1.559e-06 

Triglycerides  <0.05 27,876 -0.011 0.06642 

 >0.05 332,457 0.00081 0.6422 

White blood 
cell count 

<0.05 207,239 0.02 < 2.2e-16 

 >0.05 3,144,740 -0.00032 0.5656 
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As can be seen in Table 7, the beta values and frequencies are positively correlated for 

height and the p-values are very significant. The correlation is stronger for the SNPs with 

GWAS p <0.05 than for those with p >0.05. This pattern is consistent with selection for 

increased height during recent millennia in humans, where variants making people taller 

have been selected for and increased in frequency. In contrast, the majority of rare 

derived alleles that affect height make people shorter, and are likely to be lost either to 

drift or negative selection in the future. This test thus suggests a strong directional 

selection working on many SNPs.  

 BMI also shows a significant correlation, but negative, which is likewise stronger for the 

SNPs with GWAS p-values below 0.05. This may indicate long-term selection for alleles 

that lower the BMI. For educational attainment, there is a significant positive correlation 

for both groups of SNPs. However, the p-values are not as significant as we see for height 

and BMI. For total cholesterol and triglycerides, the correlation is not significant and 

therefore we do not see suggestions of directional selection. HDL does show significant 

positive correlation when all GWAS p-values are included. When only SNPs with GWAS p 

<0.05 are included the p-value is 0.03194. Thus, it falls below an arbitrary p-value 

threshold of 0.05 but not the Bonferroni corrected threshold. These results are therefore 

nominally significant and suggestive of a selection for SNPs that higher HDL levels. For the 

white blood cell count the SNPs with GWAS p <0.05 show a significant positive correlation 

that we do not see for the SNPs with GWAS p >0.05. This suggests a directional selection 

for increased number of white blood cells. For all phenotypes, the correlation is stronger 

in the SNPs with GWAS p-values lower than 0.05. This is what we would expect if 

directional selection has influenced the frequency of SNPs as SNPs with lower GWAS p-

values are more likely to truly effect the phenotype. 

 

 

 

4.2.2 Frequency binning of derived alleles 

The simple correlation test described above suggests that directional selection has 

worked on more than one of the phenotypes we tested. To further investigate this, we 



44 

 

divided all SNPs into eight frequency bins based on DAF (<0.01, 0.01-0.05, 0.05-0.1, 0.1-

0.25, 0.25-0.5, 0.5-0.95, 0.95-0.99, >0.99). The number of bins was chosen arbitrarily.  

A simple plot was produced, where for each frequency bin a mean beta value of all SNPs 

in that bin with confidence interval (CI) is reported. We expect to see a trend in certain 

phenotypes, as we now know that for some, there is a significant correlation between 

beta values and frequency (shown in Table 7). Thus, these figures should in principal show 

us, in a graphic way, the results from the correlation test.  

Figure 1 shows beta values plotted by frequency bins for height. It appears that the more 

common derived alleles tend to make us taller (i.e. have positive beta values), while the 

rarer derived alleles tend to make us shorter (i.e. have lower beta values). This is 

consistent with the correlation results (Table 7).  
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Figure 1. The association between beta values and DAF for height.  
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Next, we split all SNPs into two groups, alleles with GWAS p <0.05 and those with p >0.05. 

A GWAS p-value threshold of 0.05 will enrich for SNPs that truly affect the phenotype. 

However, individually many of the SNPs that fall below this threshold do not yield a 

significant result, as its effect is too small.  

Figure 2 shows the same distribution as in Figure 1, now with the division of alleles with 

GWAS p <0.05 (blue colour in plot) and those with GWAS p >0.05 (yellow colour in plot). 

We expect alleles that have no real effect on the phenotype to be randomly distributed 

around 0, as a result of sampling variance. If no selection has occurred, we expect alleles 

that truly affect a phenotype to deviate further from 0 but still be distributed 

symmetrically around 0. If however selection has occurred, we would expect to see a 

different pattern in the distribution of beta values. Thus, as expected, the beta values in 

our plot move further away from 0 as they become statistically significant. The SNPs with 

GWAS p <0.05 show the same trend as we saw in Figure 1 where SNPs in lower frequency 

tend to have lower (negative) beta values and as the SNPs are found at a higher frequency 

they have greater (positive) beta values. As can be seen in Figure 2, the GWAS p <0.05 

deviate from the alleles with GWAS p >0.05 for all frequency bins. However, when looking 

at the SNPs with GWAS p >0.05 the trend where the beta values increase by frequency is 

vague, but visible. This could be explained by many variants with GWAS p >0.05 that likely 

affect height but in the current study designs, the signal is too weak to be statistically 

significant.  
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Figure 2. The association between beta values and DAF for height, stratified by p-value  
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This is a very interesting trend in derived alleles affecting height, which indicates that 

sequence variants leading to increased height have been selected for while those that 

decrease height have not.  

One study has suggested that there could be sexual selection for taller men (Pawlowski, 

Dunbar and Lipowicz, 2000). That could have affected the gene pool of humans towards 

this trend, where SNPs increasing height have become more frequent in populations due 

to preferences in choosing a mate rather than ability to reproduce. Furthermore there 

have been reported signatures of positive selection for increased height in certain 

populations (Turchin et al., 2012; Mathieson et al., 2015) but our results suggest a more 

general and long-term selection for alleles increasing our height as our data is produced 

from various cohorts from many different populations.  

Figures 3 and 4 show results for BMI. It appears that common derived alleles are 

associated with lower BMI (i.e. negative beta values), while rare derived alleles are 

associated with greater BMI (i.e. positive beta values). This indicates that alleles arriving 

into the modern human gene pool were more likely to get selected for if they lowered 

BMI. Alleles that have higher beta values and therefore increase the BMI are mostly found 

in the lowest frequency bin and thus their fate will most likely be to get selected against 

or drifted out again in the future.  

We also detect the same pattern in the alleles with GWAS p >0.05, though very weak (see 

Figure 4). We assume this is for the same reasons as explained in our results for height, 

some of the alleles with p >0.05 do in fact affect BMI but due to a weak association they 

do not get significant GWAS p-values. These results are consistent with the results from 

our correlation test shown in Table 7.  
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Figure 3. The association between beta values and DAF for BMI. 



50 

 

 

 

Figure 4. The association between beta values and DAF for BMI, stratified by p-value. 
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The patterns seen in Figure 5 suggest SNPs found in higher frequency increase 

educational attainment while the rare SNPs decrease it. Figure 6 shows a stronger trend 

for the alleles with GWAS p <0.05 (blue colour in plot) than those with p >0.05 (yellow 

colour in plot). As our correlation test (Table 7) shows a significant correlation where the 

correlation is stronger for alleles with GWAS p <0.05 both tests indicate positive selection 

for alleles that increase educational attainment.  
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Figure 5. The association between beta values and DAF for educational attainment. 
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Figure 6. The association between beta values and DAF for educational attainment, stratified by p-value. 
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Table 8 shows the numbers underlying Figures 2, 4 and 6 and for the other four 

phenotypes. This table contains information on the mean beta value of all SNPs in each 

frequency bin, the standard error and the number of SNPs in each bin. Note that the SNPs 

are additionally categorised into two groups, alleles with GWAS p <0.05 and alleles with 

GWAS p >0.05.  
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Table 8: The association between beta values and DAF for all seven phenotypes. For each, phenotype the mean beta value, the standard error (SE) 

and the number of SNPs in each group is reported. In addition, all SNPs are divided into two groups, GWAS p <0.05 and p >0.05. The line for height in 

this table is comparable to Figure 2, the line for BMI shows the same results as Figure 4 and the line for educational attainment reflects the same 

results as shown in Figure 6.  

Frequency bins <0.01 0.01-0.05 0.05-0.1 0.1-0.25 0.25-0.5 0.5-0.95 0.95-0.99 >0.99 

Phenotype GWAS  
p-values 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Height  <0.05 -0.0260 
(4.50E-03) 

724 

-8.61E-03 
(4.37E-04) 

8,571 

-1.99E-03 
(2.19E-04) 

8,910 

-7.85E-04 
(1.09E-04) 

17,670 

4.13E-04 
(8.58E-05) 

17,944 

1.73E-03 
(9.88E-05) 

17,023 

0.0125 
(1.10E-03) 

1,143 

0.0597 
(0.0128) 

108 

 >0.05 -5.52E-03 
(5.73E-04) 

8,349 

-1.58E-03 
(7.13E-05) 

58,993 

-4.07E-04 
(3.78E-05) 

44,140 

-1.25E-04 
(1.99E-05) 

71,985 

9.84E-05 
(1.62E-05) 

63,390 

3.91E-04 
(1.95E-05) 

63,050 

2.05E-03 
(2.13E-04) 

6,839 

5.85E-03 
(1.56E-03) 

1,204 

BMI <0.05 0.0376 
(0.0102) 

223 

3.56E-03 
(8.47E-04) 

2,587 

1.63E-03 
(3.89E-04) 

2,891 

2.71E-04 
(1.78E-04) 

6,509 

-2.99E-04 
(1.32E-04) 

7,222 

-9.35E-04 
(1.57E-04) 

6,590 

-4.94E-03 
(2.33E-03) 

344 

-0.0279 
(0.0230) 

33 

 >0.05 4.36E-03 
(5.73E-04) 

8,792 

4.37E-04 
(7.17E-05) 

64,815 

1.90E-04 
(3.85E-05) 

50,089 

5.09E-05 
(2.03E-05) 

83,105 

-2.55E-05 
(1.64E-05) 

73,804 

-1.44E-04 
(1.99E-05) 

73,655 

-1.04E-03 
(2.15E-04) 

7,680 

-6.07E-03 
(1.59E-03) 

1,330 

Education <0.05 -9.91E-04 
(4.05E-04) 

16,042 

-3.51E-04 
(1.54E-04) 

34,797 

1.74E-04 
(1.34E-04) 

11,324 

-3.27E-05 
(7.72E-05) 

16,468 

1.01E-04 
(6.27E-05) 

15,238 

4.80E-04 
(7.46E-05) 

13,734 

1.82E-03 
(7.75E-04) 

1,158 

1.72E-03 
(3.03E-03) 

276 

 >0.05 -2.47E-04 
(3.86E-05) 

292,385 

-6.90E-05 
(1.79E-05) 

463,800 

-1.46E-05 
(1.77E-05) 

110,085 

2.07E-06 
(1.16E-05) 

122,341 

-4.60E-06 
(9.96E-06) 

94,953 

6.79E-05 
(1.20E-05) 

94,443 

4.46E-04 
(9.80E-05) 

13,315 

1.01E-04 
(3.03E-04) 

4,688 
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Total 
cholesterol 

<0.05 3.42E-03 
(3.92E-03) 

377 

4.95E-04 
(8.19E-04) 

3,283 

2.50E-04 
(5.11E-04) 

3,413 

1.26E-04 
(2.45E-04) 

7,019 

-1.86E-04 
(1.88E-04) 

6,732 

-2.03E-04 
(2.28E-04) 

6,305 

-1.09E-03 
(2.34E-03) 

390 

0.012 
(0.0138) 

27 

 >0.05 4.91E-04 
(3.63E-04) 

6,448 

1.38E-05 
(8.99E-05) 

49,643 

4.13E-05 
(5.70E-05) 

47,281 

-4.04E-06 
(2.93E-05) 

81,946 

-1.36E-05 
(2.29E-05) 

73,724 

-3.72E-05 
(2.82E-05) 

71,759 

-6.74E-05 
(2.85E-04) 

5,349 

1.77E-03 
(1.32E-03) 

555 

HDL <0.05 3.31E-04 
(3.74E-03) 

399 

-1.32E-03 
(8.07E-04) 

3,033 

-5.08E-04 
(4.70E-04) 

3,438 

4.09E-04 
(2.38E-04) 

6,876 

3.14E-04 
(1.81E-04) 

6,786 

-3.99E-05 
(2.13E-04) 

6,191 

3.79E-03 
(2.21E-03) 

376 

7.87E-03 
(9.66E-03) 

50 

 >0.05 -7.66E-04 
(3.59E-04) 

6,475 

-1.97E-04 
(8.55E-05) 

49,963 

9.24E-06 
(5.41E-05) 

46,983 

7.69E-05 
(2.80E-05) 

82,021 

9.34E-05 
(2.20E-05) 

73,803 

6.10E-05 
(2.73E-05) 

72,015 

7.60E-04 
(2.66E-04) 

5,366 

1.48E-04 
(1.26E-03) 

46,983 

Triglycerides <0.05 -1.59E-03 
(3.78E-03) 

341 

1.83E-03 
(7.71E-04) 

3,166 

2.15E-04 
(4.69E-04) 

3,392 

-2.77E-04 
(2.20E-04) 

7,032 

-2.66E-04 
(1.63E-04) 

7,184 

-8.72E-05 
(2.01E-04) 

6,390 

-6.14E-04 
(2.34E-03) 

338 

5.90E-03 
(0.0121) 

33 

 >0.05 9.50E-05 
(3.51E-04) 

5,882 

6.35E-05 
(8.37E-05) 

48,506 

1.01E-04 
(5.32E-05) 

46,506 

-2.45E-05 
(2.76E-05) 

81,320 

-5.51E-05 
(2.16E-05) 

72,873 

1.29E-05 
(2.67E-05) 

71,552 

6.09E-04 
(2.65E-04) 

5,305 

9.54E-04 
(1.22E-03) 

513 

White blood 
cell count 

<0.05 -3.89E-03 
(5.83E-04) 

116,611 

2.04E-04 
(1.85E-04) 

33,797 

1.51E-04 
(1.82E-04) 

10,730 

2.94E-05 
(1.19E-04) 

14,887 

7.25E-05 
(1.00E-04) 

13,451 

2.70E-04 
(1.15E-04) 

12,023 

-5.42E-04 
(9.88E-04) 

1,064 

0.0237 
(3.42E-03) 

4,676 

 >0.05 -2.76E-04 
(5.37E-05) 
2,190,134 

2.77E-05 
(2.07E-05) 

425,963 

2.71E-05 
(2.17E-05) 

108,151 

5.33E-06 
(1.46E-05) 

121,483 

6.47E-06 
(1.26E-05) 

94,664 

7.26E-05 
(1.50E-05) 

93,224 

-2.70E-06 
(1.13E-04) 

12,812 

-7.46E-04 
(2.83E-04) 

98,309 
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As seen in Table 7, no correlation between DAF and beta values was detected for total 

cholesterol and triglycerides. Thus, as expected no pattern is detectable in Table 8 for 

these two phenotypes and we do therefore not detect signs of directional selection. For 

HDL, the mean beta values fluctuate a bit between frequency bins, especially when only 

GWAS p <0.05 are included. As shown in table 7, the correlation between DAF and beta 

values for HDL did not survive the Bonferroni corrected p-value threshold for SNPs with 

GWAS p <0.05. However, these results are suggestive of selection for increased HDL 

levels. For white blood cell count the largest difference between the SNPs with GWAS p 

<0.05 and the ones with p >0.05 is found in both extreme frequency ends, the lowest 

frequency bin and the highest. It is harder to evaluate the effect of very rare alleles as 

there are few copies of them in the population and thus it can be difficult to estimate the 

effect these alleles possibly have on a phenotype. As we only see this deviation of alleles 

with GWAS p <0.05 from the alleles with p >0.05 in both ends and not a gradual effect, 

there could be some artifact biasing the results in the extreme ends in the set for white 

blood cell count. Also, we saw in Table 5 that 68.7% of all SNPs in the GWAS for white 

blood cell count have DAF<1%. Thus, all those SNPs fall into the lowest frequency bin.  

To test this further, we ran the correlation again without all SNPs that fell into the highest 

and lowest frequency bin (<0.01 and >0.99). The correlation between DAF and beta 

values became negative and non-significant with a p-value of 0.8234. We repeated this 

for the other phenotypes that showed significant results in Table 7 and they kept their 

significance when DAF<0.01 and DAF>0.99 were excluded. Thus, in the white blood cell 

count set, there could be some artifact affecting SNPs with rare alleles (i.e. with derived 

alleles in the lowest and highest frequencies).  

Results for height, BMI, educational attainment and white blood cell count show 

significant indication that selection has been working on these phenotypes for a long 

time. For HDL, we additionally see a nominally significant results. However, with our 

methods, we did not detect signs of directional selection for total cholesterol and 

triglycerides.  
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4.3 How Neanderthals influenced phenotypes of modern humans 

The main goal of this study was to see if we could detect any evidence for phenotypic 

consequences in modern humans of Neanderthal introgression. For all SNPs in our data, 

the derived alleles were defined as either Neanderthal or non-Neanderthal (see 

methods). Several tests were then applied to determine whether they differed with 

respect to impact on the seven phenotypes. 

We have already seen that, in general, rare derived alleles tend to decrease height while 

common alleles increase it. For the impact of Neanderthal tagging alleles, we have two 

main expectations. First, because Neanderthal alleles tend to be rare, we would expect 

them to reduce height. Another reason to expect reduced height is that Neanderthals are 

considered to have been shorter than modern humans. As it turns out, Neanderthal 

alleles do not make us shorter. Using regression analysis (Table 9) and repeated sampling 

of non-Neanderthal alleles stratified by the frequency of the Neanderthal alleles (Table 

12), we were able to obtain unbiased estimates of the difference in beta values. 

 

4.3.1 Evidence for Neanderthal impact on some phenotypes after applying linear 

regression 

First, we performed linear regression to estimate the impact of Neanderthal origin on the 

beta values of derived alleles, adjusting for their frequency. Table 9 shows the results of 

this analysis. The results are shown for both all SNPs and those with GWAS p <0.05. The 

beta values reported in this table are the effect the independent variable (frequency or 

Neanderthal ancestry) of each SNP has on the depended variable (the beta values 

reported for each SNP in the GWAS). The p-values illustrate if the effect is significant or 

not and the R2 indicates how large proportion of the variance in the beta values the 

frequency and Neanderthal ancestry explain.  
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Table 9. Regression analysis where frequency and Neanderthal ancestry are the independent 

variables and the beta value of each SNP as reported in GWAS is the depended variable.  

Phenotype GWAS p-

values  

Independent 

variables 

Beta value  Standard 

error 

p-value R2 

Height All Frequency 0.0044  0.000091 < 2e-16 0.006 

 All Neanderthal 0.0016  0.00058 0.00441  

 <0.05 Frequency 0.012  0.00034 < 2e-16 0.018 

 <0.05 Neanderthal 0.0074  0.0019 8.46e-05  

BMI All Frequency -0.0017  0.000083 < 2e-16 0.001 

 All Neanderthal -0.00078  0.00053 0.145  

 <0.05 Frequency -0.0066 0.00059 < 2e-16 0.0047 

 <0.05 Neanderthal -0.0034 0.0037 0.357  

Education All Frequency 0.00047 0.000056 < 2e-16 0.000053 

 All Neanderthal -0.000013 0.00046 0.978  

 <0.05 Frequency 0.0016 0.00032 1.35e-06 0.0002 

 <0.05 Neanderthal -0.0011 0.0022 0.624  

Total 

cholesterol 

All Frequency -0.00015 0.000084 0.0827 0.0000028 

 All Neanderthal 0.0000088 0.00052 0.9865  

 <0.05 Frequency -0.001 0.00061 0.1013 0.00012 

 <0.05 Neanderthal -0.0055 0.0033 0.0939  

HDL All Frequency 0.00041 0.00008 2.37e-07 0.000069 

 All Neanderthal -0.0002 0.00051 0.69875  

 <0.05 Frequency 0.0013 0.00059 0.028 0.00016 

 <0.05 Neanderthal 0.0047 0.0036 0.194  

Triglycerides All Frequency -0.000036 0.000077 0.6455 0.000012 
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 All Neanderthal 0.0012 0.00049 0.0144  

 <0.05 Frequency -0.00097 0.00056 0.0813 0.00024 

 <0.05 Neanderthal 0.008 0.0035 0.0212  

White blood 

cell count 

All Frequency 0.00076 0.00019 5.41e-05 0.000005 

 All Neanderthal 0.0018 0.0011 0.105  

 <0.05 Frequency 0.013 0.0014 < 2e-16 0.00044 

 <0.05 Neanderthal 0.03 0.0097 0.00192  

 

 

As expected, the regression analyses show a strong correlation between DAF and beta 

values, as we saw in our correlation test between beta values and frequency in Table 7 

where all phenotypes show significant correlation to frequency except total cholesterol 

and triglycerides. For the Neanderthal alleles, we see significant effects for some 

phenotypes. For height we see that when all SNPs are taken into account the Neanderthal 

ancestry of an allele tends to add 0.0016 to the beta value. When only calculating for 

SNPs with GWAS p-values lower than 0.05 we see that the increase is larger (0.0074) and 

the regression p-value becomes more significant. In both cases the regression p-values 

fall below our Bonferroni corrected threshold of 0.00714. Two other phenotypes show 

significant results in this test. For triglycerides, Neanderthal ancestry adds on average 

0.0012 to the beta value. When only looking at SNPs with GWAS p-values below 0.05 the 

increase of the beta values due to Neanderthal ancestry becomes larger (0.008). The 

regression p-values fall below our arbitrary threshold of 0.05 but not the Bonferroni 

corrected one. For white blood cell count we do not see a significant result when all SNPs 

are examined, but when only SNPs with GWAS p <0.05 the Neanderthal ancestry tends 

to significantly increase the beta value of a SNP by 0.03 and the regression p-value falls 

below the Bonferroni corrected threshold. We conclude that for triglycerides the results 

are suggestive of Neanderthal alleles affecting the phenotype while height and white 

blood cell show that Neanderthal alleles significantly have increasing effect on the 

phenotypes.  
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For the other phenotypes, we do not see significant results, indicating that Neanderthal 

ancestry has no or minimal impact on them.  

 

4.3.2 An alternative approach to account for confounding with allele frequency 

In another attempt to avoid bias due to the different frequency spectra of Neanderthal 

and non-Neanderthal alleles in this test, we grouped all SNPs into the same eight 

frequency bins as we did in our beta value distribution analysis previously described (see 

chapter 4.2.2.). A comparison of beta values of Neanderthal and non-Neanderthal alleles 

within these frequency bins avoids most of the confounding due to the impact of 

frequency on beta values. Figure 7 shows that for height, Neanderthal tagging SNPs 

(yellow colour in plot) have on average greater beta values than non-Neanderthal alleles 

(blue in plot) in all frequency bins. A similar result is obtained when only height-associated 

SNPs with GWAS p <0.05 are considered (shown in Figure 8). 
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Figure 7: Distribution of beta values for height by frequency bins. Non-Neanderthal alleles are blue and Neanderthal tagging alleles are yellow. One 

Neanderthal tagging allele is found in the frequency bin 0.5-0.95 but is not plotted. The allele has a beta value of -0.0048 and the p-value 0.1506. 
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Figure 8. Distribution of beta values for height by frequency for SNPs with p <0.05. Non-Neanderthal alleles are blue and Neanderthal tagging alleles 

are yellow. 
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Figures 9 and 10 show the mean beta values for BMI for Neanderthal and non-

Neanderthal derived alleles. The mean beta values of Neanderthal tagging alleles (BN) 

mostly fall below the mean beta values of the non-Neanderthal alleles (BS). From now on, 

when discussing the mean beta values, they will be indicated as BN for the Neanderthal 

tagging alleles and BS for the non-Neanderthal alleles, the N standing for Neanderthals 

and S for Sapiens. 
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Figure 9. Distribution of beta values for BMI by frequency. Non-Neanderthal alleles are blue and Neanderthal tagging alleles are yellow. One 

Neanderthal tagging allele is found in the frequency bin 0.5-0.95 but is not plotted. The allele has a beta value of -0.0024 and the p-value 0.5485. 
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Figure 10. Distribution of beta values for BMI by frequency bins. Non-Neanderthal alleles are blue and Neanderthal tagging alleles are yellow. This 

plot only displays alleles with p <0.05.
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In Table 10 we present results for all phenotypes comparable to the ones presented in 

Figures 7 and 9  

Each phenotype is divided into Neanderthal tagging SNPs (equivalent to the yellow lines 

in Figures 7 and 9) and non-Neanderthal SNPs (equivalent to the blue lines in Figures 7 

and 9). For each frequency bin, the mean beta value (BN or BS) and standard error is 

reported, with the number of SNPs
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Table 10. The association of beta values and frequency for all phenotypes. For each phenotype the mean beta value for all loci, the standard error (SE) 

and the number of SNPs in each group is reported. In addition, all SNPs are divided into two groups, Neanderthal tagging SNPs and non-Neanderthal 

SNPs. The row for height in this table is comparable to Figure 7 and the row for BMI shows the same results as Figure 9. 

 Frequency bins <0.01 0.01-0.05 0.05-0.1 0.1-0.25 0.25-0.5 0.5-0.95 0.95-0.99 >0.99 

Phenotypes SNP ancestry Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE)  

N 

Mean beta 
(SE) 

N 

Height Neanderthal tag 
SNPs 

-4.41E-05 
(1.05E-02) 

34 

-1.40E-03 
(1.09E-03) 

354 

9.43E-04 
(9.10E-04) 

216 

2.67E-03 
(7.73E-04) 

124 

6.68E-03 
(3.22E-03) 

12 

-4.80E-03 
 (-) 

1 

-  
(-) 
0 

-  
(-) 
0 

 Non-
Neanderthal 
SNPs 

-7.17E-03 
(6.42E-04) 

9,039 

-2.48E-03 
(8.41E-05) 

67,210 

-6.80E-04 
(4.86E-05) 

52,834 

-2.59E-04 
(2.67E-05) 

89,531  

1.67E-04 
(2.28E-05) 

81,322 

6.75E-04 
(2.61E-05) 

80,072 

3.55E-03 
(2.44E-04) 

7,982 

1.03E-02 
(1.82E-03) 

1,312 

BMI Neanderthal tag 
SNPs 

-7.04E-03 
(8.92E-03) 

22 

1.15E-03 
(9.36E-04) 

354 

-1.62E-03 
(7.39E-04) 

215 

-4.55E-04 
(7.04E-04) 

131 

-5.82E-04 
(1.98E-03) 

11 

-2.40E-03  
(-) 
1 

-  
(-) 
0 

-  
(-) 
0 

 Non-
Neanderthal 
SNPs 

5.22E-03 
(6.16E-04) 

8,993 

5.53E-04 
(7.65E-05) 

67,048 

2.77E-04 
(4.22E-05) 

52,765 

6.77E-05 
(2.28E-05) 

89,483 

-4.98E-05 
(1.90E-05) 

81,015 

-2.09E-04 
(2.24E-05) 

80,244 

-1.21E-03 
(2.29E-04) 

8,024 

-6.60E-03 
(1.65E-03) 

1,363 

Education Neanderthal tag 
SNPs 

8.88E-04 
(1.88E-03) 

178 

-3.61E-04 
(5.71E-04) 

560 

-4.07E-04 
(5.42E-04) 

210 

-2.19E-04 
(6.00E-04) 

94 

4.48E-04 
(1.84E-03) 

6 

-  
(-) 
0 

- 
 (-) 

0 

-  
(-) 
0 

 Non-
Neanderthal 
SNPs 

-2.86E-04 
(4.22E-05) 

308,249 

-8.83E-05 
(1.98E-05) 

498,037 

3.62E-06 
(2.04E-05) 

121,199 

-1.91E-06 
(1.37E-05) 

138,715 

9.97E-06 
(1.22E-05) 

110,185 

1.20E-04 
(1.41E-05) 

108,177 

5.56E-04 
(1.09E-04) 

14,473 

1.91E-04 
(3.32E-04) 

4,964 
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Total cholesterol Neanderthal tag 
SNPs 

3.09E-03 
(5.69E-03) 

33 

-1.13E-03 
(1.37E-03) 

303 

5.53E-04 
(1.01E-03) 

215 

9.93E-04 
(9.31E-04) 

134 

3.30E-03 
(3.61E-03) 

8 

- 
 (-) 

0 

- 
 (-) 

0 

-  
(-) 
0 

 Non-
Neanderthal 
SNPs 

6.42E-04 
(4.06E-04) 

6,792 

5.04E-05 
(9.87E-05) 

52,623 

5.32E-05 
(6.35E-05) 

50,479 

4.69E-06 
(3.32E-05) 

88,831 

-2.84E-05 
(2.62E-05) 

80,448 

-5.06E-05 
(3.18E-05) 

78,064 

-1.37E-04 
(3.10E-04) 

5,739 

2.25E-03 
(1.41E-03) 

582 

HDL Neanderthal tag 
SNPs 

1.11E-03 
(6.73E-03) 

29 

-1.42E-03 
(1.18E-03) 

318 

9.78E-04 
(9.73E-04) 

205 

2.81E-04 
(1.02E-03) 

107 

8.67E-04 
(1.48E-03) 

9 

-  
(-) 
0 

-  
(-) 
0 

- 
 (-) 

0 

 Non-
Neanderthal 
SNPs 

-7.10E-04 
(4.03E-04) 

6845 

-2.54E-04 
(9.32E-05) 

52,678 

-3.01E-05 
(5.99E-05) 

50,216 

1.02E-04 
(3.17E-05) 

88,790 

1.12E-04 
(2.53E-05) 

80,580 

5.30E-05 
(3.02E-05) 

78,206 

9.58E-04 
(2.88E-04) 

5,742 

7.64E-04 
(1.39E-03) 

626 

Triglycerides Neanderthal tag 
SNPs 

4.11E-03 
(5.31E-03) 

30 

1.35E-03 
(1.14E-03) 

303 

1.27E-03 
(8.92E-04) 

206 

2.40E-04 
(9.87E-04) 

123 

-1.80E-03 
(3.28E-03) 

6 

2.00E-03  
(-) 
1 

-  
(-) 
0 

-  
(-) 
0 

 Non-
Neanderthal 
SNPs 

-1.70E-05 
(3.92E-04) 

6,193 

1.65E-04 
(9.20E-05) 

51,369 

1.04E-04 
(5.91E-05) 

49,692 

-4.50E-05 
(3.08E-05) 

88,229 

-7.39E-05 
(2.45E-05) 

80,051 

4.63E-06 
(2.96E-05) 

77,941 

5.36E-04 
(2.86E-04) 

5,643 

1.25E-03 
(1.35E-03) 

546 

White blood cell 
count 

Neanderthal tag 
SNPs 

1.77E-03 
(1.71E-03) 

3,952 

-2.54E-04 
(6.32E-04) 

637 

8.88E-04 
(6.37E-04) 

250 

-1.98E-04 
(7.21E-04) 

127 

1.12E-03 
(3.56E-03) 

7 

3.80E-04 
(2.88E-03) 

2 

-  
(-) 
0 

- 
 (-) 

0 

 Non-
Neanderthal 
SNPs 

-4.63E-04 
(5.89E-05) 

2,302,793 

4.10E-05 
(2.35E-05) 

459,123 

3.64E-05 
(2.57E-05) 

118,631 

8.16E-06 
(1.83E-05) 

136,243 

1.46E-05 
(1.67E-05) 

108,108 

9.51E-05 
(1.87E-05) 

105,245 

-4.40E-05 
(1.29E-04) 

13,876 

3.63E-04 
(3.12E-04) 

102,985 
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Of all phenotypes, height is the only one where the BN falls on the same side of the BS in 

all frequency bins. For most other phenotypes, BN fluctuates around BS. For triglycerides, 

where there is a suggestive association between Neanderthal ancestry and beta values 

(see Table 9), we see that BN falls above BS for all but one frequency bin. As expected, 

these results show similar trends as the regression test did.  

 

4.3.3 Stratified sampling  

To further evaluate the difference between Neanderthal and non-Neanderthal beta 

values in a single test, we employed a stratified sampling approach, where SNPs were 

categorized into 40 frequency bins (see Table 11). This was done to match the frequencies 

of non-Neanderthal SNPs and Neanderthal SNPs as closely as possible. We then checked 

the number of Neanderthal tagging SNPs in each bin and randomly chose the same 

number of non-Neanderthal SNPs from the same frequency bin and calculated their mean 

beta value (BS). We repeated this sampling step 1,000 times for each phenotype to obtain 

a null distribution of beta values, which could be used to estimate an empirical p-value 

for the mean beta value of the Neanderthal alleles. Table 11 shows the number of SNPs 

in each sample chosen from each frequency bin for three phenotypes: height, educational 

attainment and white blood cell count. These phenotypes were shown because they 

exhibit the most diversity in frequency distributions. For white blood cell count we see 

that a large proportion of the Neanderthal alleles fall into the lowest frequency bin, which 

is empty for the educational attainment GWAS. In each non-Neanderthal sample for 

height we thus ended up with 741 SNPs, 1,048 SNPs for educational attainment and 4,975 

for white blood cell count (the total number of Neanderthal markers for each GWAS).  

In Table 12, we show BN, the mean of the 1,000 BS and the standard error (SD). We 

calculated the empirical p–value as the proportion of times BS exceeded BN (or the 

opposite, depending on whether BN was positive or negative). 
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Table 11. The distribution of SNPs into frequency bins for height, educational attainment and 

white blood cell count. The number of Neanderthal tagging SNPs in each bin also indicates 

how many SNPs were chosen from the set of non-Neanderthal alleles when performing 

stratified sampling. 

Frequency 
bins 

Height Educational attainment White blood cell count 

 Non-
Neanderthal 

SNPs 

Neanderthal 
tagging 

SNPs 

Non-
Neanderthal 

SNPs 

Neanderthal 
tagging 

SNPs 

Non-
Neanderthal 

SNPs 

Neanderthal 
tagging SNPs 

<0.001 14  
 

0 0 0 1,074,124 3,014 

0.001-0.005 2,307  
 

3 1,407 2 915,171 766 

0.005-0.01 6,551  
 

31 302,347 170 309,546 171 

0.01-0.015 9,197  
 

43 168,329 114 147,642 129 

0.015-0.02 9,630  
 

49 99,356 97 90,587 107 

0.02-0.025 9,377  
 

37 67,503 83 63,396 92 

0.025-0.03 8,744  
 

57 49,688 90 47,263 83 

0.03-0.035 8,320  
 

45 38,476 55 37,295 80 

0.035-0.04 7,771  
 

39 31,235 49 29,994 59 

0.04-0.045 7,276  
 

47 25,855 36 25,141 57 

0.045-0.05 6,901  
 

36 21,696 40 21,376 31 

0.05-0.055 6,483  
 

27 18,791 52 18,344 38 

0.055-0.06 6,066  
 

26 16,646 23 16,125 37 

0.06-0.065 5,852  
 

32 14,549 24 14,156 39 

0.065-0.07 5,541  
 

24 13,131 17 13,051 22 

0.07-0.075 5,299  
 

28 11,830 14 11,591 22 

0.075-0.08 5,050  
 

18 10,745 21 10,587 18 

0.08-0.09 9,681  
 

40 19,066 40 18,706 38 

0.09-0.1 8,916  
 

22 16,702 20 16,300 36 

0.1-0.11 8,380  
 

22 14,645 19 14,408 20 

0.11-0.12 7,722  
 

17 13,225 14 13,070 21 
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0.12-0.13 7,425  
 

18 12,148 13 11,945 14 

0.13-0.14 6,993  
 

6 11,043 8 10,934 18 

0.14-0.15 6,515  
 

9 10,475 7 10,110 8 

0.15-0.175 15,213 
 

18 23,059 16 22,706 19 

0.175-0.2 13,528  
 

18 20,275 5 19,831 14 

0.2-0.225 12,428 
 

11 17,940 11 17,516 6 

0.225-0.25 11,387  
 

5 16,000 2 15,809 7 

0.25-0.3 20,551  
 

7 28,528 4 27,692 5 

0.3-0.35 17,995  
 

3 24,422 1 24,218 2 

0.35-0.4 15,821  
 

2 21,363 1 20,691 0 

0.4-0.45 14,105  
 

0 18,773 0 18,716 0 

0.45-0.5 12,867  
 

0 17,146 0 16,823 0 

0.5-0.55 11,697  
 

0 15,468 0 15,268 0 

0.55-0.6 10,576  
 

0 14,135 0 13,770 0 

0.6-0.65 9,721 
 

0 12,992 0 12,778 1 

0.65-0.7 9,285  
 

1 12,007 0 11,804 0 

0.7-0.95 38,809  
 

0 53,566 0 51,632 1 

0.95-0.99 7975 
 

0 14,419 0 13,817 0 

>0.99 
 

1,333  0 5,048 0 103,071 0 

Total 
Number of 
SNPs 

389,302 741 1,304,029 1,048 3,347,004 4,975 
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Table 12. Results from stratified sampling beta values for all phenotypes. This table presents BN and mean BS, the standard deviation and the 

proportion of samples where BS exceeds BN. 

phenotype BN Mean BS SD Proportion of 

samples with BS ≥ BN 

Proportion of 

samples with BS ≤ BN 

Height 0.00015 -0.0017 0.00072 0.005 0.995 

BMI -0.00022 0.00049 0.00066 0.865 0.135 

Educational 

attainment 

-0.00014 -0.000095 0.00045 0.537 0.463 

Total cholesterol 0.000055 0.00011 0.00071 0.532 0.468 

HDL -0.00027 -0.00012 0.0007 0.586 0.414 

Triglycerides 0.0012 0.000098 0.00068 0.053 0.947 

White blood cell 

count 

0.0014 -0.00053 0.0014 0.086 0.914 
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For height, BS exceeded BN only 5 times out of the 1,000, yielding an empirical p-value of 

0.005. This exceeds our arbitrary p-value threshold of 0.05 and also falls below the 

Bonferroni corrected p-value threshold (0.00714). This indicates that Neanderthal alleles 

increase the height of modern humans relative to non-Neanderthal alleles.  

None of the other phenotypes tested fell below the Bonferroni corrected p-value 

threshold. For triglycerides results show that BS exceed the BN in 5.3% of the samples. As 

in the regression test (Table 9), these results do not survive the Bonferroni corrected p-

value threshold. However, results from both test are suggestive and imply that 

Neanderthal alleles tend to higher the triglyceride levels in individuals more than 

comparable non-Neanderthal alleles. Furthermore, it could be argued that the 

Neanderthal tagging alleles tend to increase the white blood cell count in comparison to 

non-Neanderthal alleles. This is not significant but in 91.4% of the samples the BN exceeds 

the BS. As could be seen in the regression results when SNPs with GWAS p-values above 

0.05 were included the results were not significant. When the calculations were then 

limited to SNPs that had GWAS p-values lower than 0.05 the results became very 

significant. Our stratified sampling does not take GWAS p-values of SNPs into account. 

This could explain why, for example, white blood cell count does not fall significant in the 

stratified sampling test. A stratified sampling of SNPs with GWAS p-values might thus be 

appropriate to test for this. Another possibility is that the regression analysis may have 

more statistical power and thus results become more significant.  

Results for the stratified sampling for all phenotypes can furthermore be seen in 

histograms where the mean BS are plotted and the BN is marked with a red line (see 

Figures 11-17).  

As expected, the results from the stratified sampling resonate well with the results from 

our regression analysis described above (see Table 9). There we saw significant results in 

the same direction for height, triglycerides and white blood cell count. These results 

suggest that Neanderthal alleles may contribute to increased height, triglyceride levels 

and white blood cell counts in modern humans.  
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Figure 11. Histogram shows the distribution of the 1,000 BS for height. The red line shows where the BN falls in this distribution. 
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Figure 12. Histogram shows the distribution of the 1,000 BS for BMI. The red line shows where the BN falls in this distribution. 
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Figure 13. Histogram shows the distribution of the 1,000 BS for educational attainment. The red line shows where the BN falls in this distribution. 
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Figure 14. Histogram shows the distribution of the 1,000 BS for total cholesterol. The red line shows where the BN falls in this distribution. 
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Figure 15. Histogram shows the distribution of the 1,000 BS for HDL. The red line shows where the BN falls in this distribution. 
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Figure 16. Histogram shows the distribution of the 1,000 BS for triglycerides. The red line shows where the BN falls in this distribution. 

 



81 

 

 

Figure 17. Histogram shows the distribution of the 1,000 BS for white blood cell count. The red line shows where the BN falls in this distribution. 
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5 Discussion 

In this study, our goal was to assess if Neanderthal ancestry affects phenotypes of modern 

humans today. We selected seven phenotypes to test. Additionally, we looked for signs 

of directional selection on these phenotypes. Our approaches are both simple and easily 

implemented and therefore can be applied to all quantitative phenotypes. 

 

5.1 Selection for phenotypes 

In our attempt to shed light on if selection has occurred on the seven phenotypes we 

tested, we first checked for correlation between beta values and DAF. As beta values 

reflect how an allele affects a phenotype, our simple procedure could elucidate if and 

how directional selection has affected the phenotypes tested. Our results show 

significant correlation between beta values and DAF for five out of seven phenotypes. 

These results indicate directional selection for increased height, educational attainment, 

HDL and white blood cell count. Furthermore, the results suggest selection for decreased 

BMI. These results indicate a long-term and strong directional selection affecting many 

SNPs associated with these phenotypes. For total cholesterol and triglycerides there is no 

significant correlation between the beta values and DAF and thus we do not detect any 

signature of directional selection.  

We were able to observe that derived alleles that have reached higher frequencies tend 

to increase height in modern humans, whilst the alleles found in lower frequencies 

decrease height. This could indicate a positive selection for increased height, due to some 

added reproductive success for those who are taller. This could also possibly be the result 

of sexual selection, such that taller people have been more likely to find a mate and 

reproduce due to preference rather than survival or other aspects of fitness.  
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For BMI, we see that derived alleles in high frequency lower the BMI and the lower 

frequency alleles increase BMI. It should be mentioned that height is a factor when BMI 

is calculated (kg/m2) and thus, height might impact some of the signal we see. Further 

tests would be appropriate to account for the association between these two phenotypes 

to evaluate and prevent a signal from the results of height affecting the signal we see for 

BMI.  

For educational attainment we see results, where alleles in higher frequencies suggest 

more years of schooling while rare alleles imply fewer. This could be interpreted as a long-

term directional selection for genetic components underlying educational attainment. 

For HDL, there is a nominally significant correlation between DAF and beta values. That 

suggests a directional selection for increased concentration of HDL. Higher levels of HDL 

have been associated with decreased risk of cardiovascular diseases (Rye, 2013) and thus 

selection could be explained by individuals with higher HDL levels are less likely to get 

sick and they consequently have more offspring. 

For white blood cell count, the results suggest a selection for increased cell count. 

However, when we divided all SNPs into frequency bins to further explore the 

relationship between beta values and DAF, it became clear that the two extreme ends of 

the frequency distribution account for most of the correlation and we therefore suspect 

a possible artifact in the results for this trait. Thus, this raises the possibility that this kind 

of pattern could be due to a bias in the estimation of beta values in the different GWAS.  

 

5.2 Neanderthal ancestry does affect human phenotypes  

In an attempt to detect signatures of Neanderthal ancestry affecting modern human 

phenotypes, we compared GWAS beta values of Neanderthal alleles to those of non-

Neanderthal alleles, using linear regression and adjusting for DAF to account for the 

correlation between frequency and beta values. We also applied a stratified sampling 

approach to the data. Our results indicate that three phenotypes are altered by 

Neanderthal alleles. For height, we see a clear increase due to Neanderthal alleles. These 

results contradict what we would expect beforehand, both because our correlation test 

suggests that alleles in lower frequencies should have lower beta values and the 
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Neanderthal alleles are mostly rare. In addition, the Neanderthals have often been 

portrayed as being smaller than modern humans.  

The triglyceride level and white blood cell count are also increased by Neanderthal 

ancestry. We see that the association strengthens when only SNPs with GWAS p <0.05 

are included for these three phenotypes. Prior studies where genes involved with the 

immune system (Dannemann et al., 2016; Deschamps et al., 2016) and lipid catabolism 

(Khrameeva) have reported an association with Neanderthal ancestry.  

Overall, the results are more significant when the regression analysis is applied then the 

stratified sampling approach and we suspect that the regression analysis has more 

statistical power. The results for height are significant after Bonferroni correction of the 

p-value threshold while the results for triglycerides do not survive the Bonferroni 

threshold. Results for white blood cell count fall below the Bonferroni threshold when all 

GWAS p >0.05 have been excluded. 

The possible artefact, discussed earlier, should not affect these results as we have 

corrected for frequency in these tests. Furthermore, Neanderthal alleles tend to be found 

in lower frequencies than the non-Neanderthal alleles and as our correlation analysis 

suggests rare alleles lower white blood cell count. Thus, we would expect the Neanderthal 

alleles to have lower beta values than the non-Neanderthal alleles. However, our analysis 

suggests that they do in fact have an increasing effect on the beta values.  

As for the rest of the phenotypes, there is no suggestive sign in either direction although 

BMI tends to be lowered by the Neanderthal tagging SNPs.  

Our results suggest that the consequences of the admixture between modern humans 

and the Neanderthals did affect their offspring and that the introgressed fragments still 

found in the genomes of present-day people presently affect phenotypes in humans. 

Furthermore, our results suggest a very interesting evolutionary history of our species 

where long-term directional selection seems to have been working on some of the 

phenotypes tested in this study.  
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5.3 Further research 

The analyses and results presented in this thesis are a part of a larger study. Next step in 

our study will be to see if our results will replicate in GWAS for the same phenotypes 

made at deCODE genetics. This will be an important step in our process as this could 

validate our methods and power to detect these signals we see in the data described in 

this study. This will be especially important for the phenotypes where we suspect that an 

artifact might be affecting our results. We further plan on using genotype data available 

at deCODE genetics in a new approach. We will search for the Neanderthal tagging SNPs 

in the genotypes of Icelanders and calculate a polygenic score on how these alleles affect 

the phenotypes of the genotyped individuals. This way we can compare scores of 

Neanderthal versus non-Neanderthal allele in each individual and see if and how they 

differ. 

More thorough work, identifying and mapping Neanderthal fragments in the genomes of 

Icelanders, would be an interesting study. Several different statistical methods that 

detect regions in the genomes derived from the Neanderthals are available and could be 

applied to the genetic data available at deCODE genetics. Previous studies have scanned 

for introgressions in a relatively small amount of individuals while it would be possible to 

do this for around 150 thousand individuals using deCODE genetics data. It would then 

be interesting to search for associations between the Neanderthal fragments found in 

Icelanders and various phenotypic measurements available at deCODE genetics. We 

believe this would contribute importantly to knowledge in this field. 
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