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Abstract 

The role of selection in shaping genetic diversity in natural populations is an area of 

intense interest in modern biology, especially the characterization of adaptive loci. 

Within humans, the rapid increase in genomic information has produced surprisingly few 

well-defined adaptive loci, promoting the view that recent human adaptation involved 

numerous loci with small fitness benefits. To examine this we searched for signatures of 

hard sweeps – the selective fixation of a new or initially rare beneficial variant – in 1,162 

ancient western Eurasian genomes and identified 57 sweeps with high confidence. This 

unexpectedly extensive signal was concentrated on proteins acting at the cell surface, 

and potential selection pressures include cold adaptation in early Eurasian populations, 

and oxidative stress from carbohydrate-rich diets in farming populations. Critically, these 

sweep signals have been obscured in modern European genomes by subsequent 

population admixture, especially during the Bronze Age (5-3kya) and empires of 

classical antiquity. 
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INTRODUCTION 

The rapidly growing availability of genomic datasets provides a novel ability to address 

one of the key outstanding questions in evolution, namely the role of natural selection in 

shaping biological diversity (Jensen et al., 2018). However, most studies to date have 

inferred evolutionary processes only from modern genetic variation, and such 

approaches can easily be confounded by complex aspects of population history that 

remain unknown. For example, signatures of genetic adaptation can be effectively 

masked by past phases of admixture between populations (Harris et al., 2018; Huber et 

al., 2014). Recent studies suggest admixture is ubiquitous in natural populations (Mallet 

et al., 2016) but this factor is not explicitly accounted for in most selection studies, 

implying that our current understanding of the tempo and mode of selection in natural 

populations may be quite inaccurate (Harris et al., 2018; Kelley et al., 2006). In humans, 

where some of the largest genomic datasets are available, population admixture may 

help explain the surprising rarity of genetic signatures of fixed hard selective sweeps 

(where a new or initially rare beneficial mutation increases from low to 100% frequency 

in a population; see Material and Methods;  (Hermisson and Pennings, 2017; 

Hernandez et al., 2011; Pritchard et al., 2010)). While scans of modern human 

genomes have identified several putative signals of positive selection, only a handful of 

examples are uncontroversial (Szpak et al., 2019), such as lactase persistence (LCT 

(Enattah et al., 2007)) and skin pigmentation (SLC24A5 (Marciniak and Perry, 2017)). 

Although these selected alleles do appear at high frequencies in modern Europeans 

(>60% and >95%, respectively; gnomAD (Karczewski et al., 2019)) they remain partial 

sweeps, as they are not present in all individuals. Indeed, the relative lack of fixed hard 

sweeps in human genomes has prompted suggestions that most recent selection may 

have involved numerous genetic variants with small fitness effects, which do not 

become fixed in a population (i.e. polygenic selection) (Hernandez et al., 2011; 

Pritchard et al., 2010). However, uncertainties remain about the ubiquity of polygenic 

selection in human adaptation as even the best example, height differences in Europe, 

has recently been questioned as a possible artefact (Sohail et al., 2019). 
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While a handful of ‘real-time’ genetic records of adaptation exist, they are generally 

limited to either microbial species (Feder et al., 2019) or experiments involving rapidly 

reproducing organisms in artificially controlled conditions (Lang and Desai, 2014), so 

that it is uncertain how they relate to the complex ecological and demographic 

circumstances of natural populations (Bailey and Bataillon, 2016). In contrast, the near-

exponential growth in ancient human genomic datasets has created one of the first 

opportunities to directly observe the tempo and mode of genomic selection in a natural 

population over more than a thousand generations, effectively making humans a model 

system for selection. Importantly, this genetic record covers the critical period as 

humans moved from hunter-gatherer to farming-based lifestyles, involving major 

changes in diet, sedentary living conditions, epidemiology, and pathogen pressures. By 

temporally linking selected genes to these changes, ancient human genomes can 

provide crucial contextual information to identify how selection pressures have shaped 

modern human phenotypic diversity and disease, and illustrate evolutionary processes 

more generally. 

The majority of currently available ancient human genome-wide datasets, which range 

in age from 1-45kya, are concentrated in Western Eurasia (Marciniak and Perry, 2017) 

(Figures 1, S1A; Table S1). Previous population analyses of these ancient genomes 

have revealed evidence of a complex history of Late Pleistocene European hunter-

gatherer populations (Fu et al., 2016), which by the early Holocene (~10-12kya) were 

distributed in a cline from the west (termed Western Hunter-Gatherers, WHG) to the 

east (Eastern Hunter-Gatherers, EHG) (Skoglund and Mathieson, 2018). Around 

8.5kya, a large migration of farming populations from the Anatolian region (Anatolian 

Early Farmers; Anatolian_EF) into Europe initiated a major period of genetic admixture 

with the extant Western Hunter-Gatherers (Skoglund and Mathieson, 2018) (Figure 1). 

The descendant populations subsequently underwent a further pronounced phase of 

genetic admixture with pastoralists arriving from the Eurasian Steppe (Steppe) at the 

beginning of the Bronze Age, around 5kya (Skoglund and Mathieson, 2018) (Material 
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and Methods). Following this, the emergence of successive large territorial empires 

encompassing much of Europe, the Near East, and north Africa (e.g. Neo-Assyria, 

Macedon, Roman, Ottoman) during classical antiquity (~3kya) initiated an 

unprecedented period of human movement (Şeker, 2013; ʿÔdēd, 1979) that facilitated 

further large-scale admixture across western Eurasia (Haber et al., 2019; Marcus et al., 

2020).The disparate population histories of the hunter-gatherers, early farmers, Steppe 

pastoralists, and subsequent empires provides a unique opportunity to explore genomic 

signatures of selection, and the consequences of population admixture. 

RESULTS 

Dataset 

We constructed the first publicly accessible Online Ancient Genome Repository (OAGR: 

www.oagr.org) containing the genomic information and metadata from over 2,200 

available ancient human genome-wide datasets (including both shotgun sequenced 

genomes and high-density SNP scans), ranging in age from 1kya to 45kya (Figures 1, 

S1A; Table S1). We manually curated metadata for each sample including the 

archaeological context, molecular preparation methods, and analytical tools used to 

process the samples, and then reprocessed each genomic dataset with the same 

bioinformatic pipeline to mitigate potential analytical batch effects. We analyzed 1,162 

ancient western Eurasian genome datasets (mostly high-density SNP scans; see 

Material and Methods) which could be grouped into 18 distinct ancient populations 

based on their archaeological and genetic relationships, ranging from the Mesolithic 

(15-8.5kya) to the Bronze Age (5kya) (Figures 1, S1, Table S1; Material and Methods). 

The 1,162 ancient samples also contained many Late Pleistocene individuals that could 

not be grouped into distinct populations, including five moderate to high coverage 

genomes from across Eurasia between 45kya to 20kya (e.g. Ust’-Ishim ~45kya (Fu et 

al., 2014a), Kostenki14 ~37kya, GoyetQ-116 ~35kya, Věstonice16 ~30kya, and El 

Mirón ~19kya (Fu et al., 2016)). For comparison, we also analyzed five modern human 

populations (3 from Europe: northern Europeans, USA (CEU); Finnish (FIN); Tuscans 
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(TSI); 1 Asian: Han Chinese (CHB); and 1 African: Yoruba (YRI) (1000 Genomes 

Project Consortium et al., 2015)). The genomic sequences within each population were 

aligned and scanned for evidence of hard selective sweeps, which have a well-

characterized genomic signature created by the rapid fixation of new or rare beneficial 

mutations, resulting in genomic regions of anomalously low diversity (see Material and 

Methods). To do this, we used SweepFinder2 (Huber et al., 2015), which applies a 

dynamic sliding window approach to examine site frequency spectrum (SFS) patterns at 

dense 1kb intervals. By contrasting each window against SFS patterns from the same 

genomic background, SweepFinder2 tests explicitly for the signature of hard selective 

sweeps while controlling for demographic history and population structure, which often 

cause false positives in such tests (Huber et al., 2015). Importantly, testing our sweep 

detection pipeline on simulated genomic datasets modelled upon Eurasian demographic 

history confirmed that it is robust to false positives resulting from missing data, 

ascertainment bias, and alignment error (Figure S2; see Material and Methods). Outlier 

genes were determined for each population through comparison with SweepFinder2 

scores for a set of ~21,000 annotated human genes, and subsequently binned into a 

final set of candidate sweeps (see Material and Methods). 

In direct contrast to previous studies of modern human genomes (Szpak et al., 2019) 

we were able to identify large numbers of hard sweeps in the ancient west Eurasian 

populations, identifying 57 with high confidence (Figures 2, S3; Table S2 – study-wide 

false positive rate of <11%; see Material and Methods and Figure 3A). This surprisingly 

extensive signature of selection is supported by the observation that around 90% of the 

sweeps show significantly inflated levels of genetic divergence relative to African 

populations (Fst; see Material and Methods and Figure S2F), consistent with the action 

of strong positive selection since human arrival in Eurasia. For each of the 57 sweeps 

we inferred the set of alleles most likely carried on the selected haplotype, then scanned 

all 1,162 ancient samples for the oldest individual that carried at least 95% of these 

sweep alleles (Material and Methods). The date associated with the oldest sample in 
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the dataset was used as evidence that the selection pressure was present at that time 

point, even if the locus was potentially not yet fixed across all individuals in the 

population(s) undergoing selection. 

Ancient sweeps are masked in modern European genomes  

Most of the 57 hard sweeps (39, or ~70%) exhibit evidence of selection by 35kya 

(Material and Methods) although none are present in all of the ancient western Eurasian 

populations (Figures 2, S3), indicating that they had not been fixed in the initial small 

founding population that moved out of Africa into Eurasia around 55-50kya (dated via 

the Neandertal-introgressed DNA within the Ust’-Ishim genome) (Skoglund and 

Mathieson, 2018). However, the 39 hard sweeps observed by 35kya continue to remain 

evident amongst the three major founding populations of modern European genetic 

diversity (i.e. Western Hunter-Gatherers (16/39 sweeps, 41%), Anatolian Early Farmers 

(64%), and Steppe (62%); Table S2; Figures 2, S3, S5D), so we term these ‘Ancestral 

West Eurasian’ sweeps. Given this, it is surprising that only 2 of the 57 hard sweeps we 

detect (AGO1 and ABCF1; named after the first gene found in each sweep, Figure S3) 

are still identified as outliers in selection scans of modern European populations, with 

both having been reported in previous studies (Pritchard et al., 2010). This dramatic 

decline cannot be readily explained by the degradation of the ancient hard sweep 

signals over time through random allele frequency changes (i.e. genetic drift) and new 

mutations, as hard sweeps in humans are expected to remain visible for more than 

60,000 years in the absence of other effects (Sabeti, 2006). Indeed, the most recent 

sweep we detect (AGAP2; Figures 2, S3; Table S2), in Anatolian Early Farmers, 

appears to have only come under selection by 9.5kya. 

An alternative explanation is that the signals of hard sweeps have been obscured by 

population admixture, through the introduction of non-selected haplotypes from the 

incoming population, creating genomic patterns more compatible with partial sweeps, or 

other modes of selection such as soft sweeps (where a beneficial variant sweeps to 

fixation on multiple genomic backgrounds (Material and Methods; e.g. by recombining 
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with non-sweep haplotypes introduced after the admixture event) (Huber et al., 2014). 

Indeed, changes in the frequency of the 57 sweep haplotypes across time (see Material 

and Methods) show that the loss of the ancient sweep signals appears to closely 

coincide with the timing of known major genetic admixture events in European 

prehistory (Skoglund and Mathieson, 2018) (Figures 2, S5). Many of the sweeps appear 

to decrease in frequency at the onset of the expansion of Anatolian Early Farmers into 

Europe (~8.5kya), and especially in the Bronze Age following the migration of Steppe 

pastoralists (~5kya) (Figures 2, S5A-C, F, G). The ancient sweep signals become 

further diluted in the past 2,000 years, corresponding to classical antiquity and the 

extensive movement of populations associated with western Eurasian empires (Figure 

2). The latter involved groups whose ancestry may have contained genetic signatures 

reflecting a different selective history from the Ancestral West Eurasians, such as 

northern African and Levantine populations (Botigué et al., 2013; Lazaridis et al., 2017). 

To examine this further, we simulated European population genomic datasets using 

plausible demographic parameters taken from a recent study of ancient Eurasian 

genomes (Kamm et al., 2019a) and tested our ability to detect sweeps after an 

admixture event. Briefly, we simulated strong selection (selection strength, s, ranging 

from 1% to 20%, see Figure S6) starting from ~30 to ~200 thousand years ago that 

resulted in the fixation of an initially new or rare beneficial locus (i.e. a hard sweep), 

then examined our power to detect the sweep signal in modern populations 4 thousand 

years after an admixture pulse that decreases the selected haplotype frequency by 

~30% (Figures 4, S7). We observe a minimum 2-3 fold reduction in our power to detect 

hard sweeps that started within the past 30,000 years compared to demographic 

histories only comprising genetic drift (Figure 4, S7) – despite selection being 

sufficiently strong for the beneficial mutation to eventually fix again following the 

admixture event (e.g. the expected fixation time for a beneficial variant starting at 70% 

frequency with s = 10% is ~3,000 years; see Material and Methods). This intriguing 

result suggests that hard sweep signals may ‘soften’ after an admixture event even 
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when the selection pressure persists, potentially because recombination between 

selected and neutral introgressed haplotypes dilutes the sweep signal. This is 

consistent with 14 of our 57 sweeps appearing as soft sweeps in a recent study of 

modern European genomes (Schrider and Kern, 2017). 

We also examined whether the impacts of admixture would mean that the age of the 

sweep itself influences whether it can still be detected in modern European populations 

(Material and Methods). We expect that the Ancestral West Eurasian hard sweeps, 

which occurred closer in time to the out-of-Africa migration, should be present at high 

frequencies in descendant ancient European populations and therefore more likely to 

survive subsequent admixture events by virtue of being present in both admixing 

groups. In contrast, more recent sweeps are likely to be local in distribution, increasing 

the chances that admixture events will erase their selection signal from modern 

European genomes. Indeed, previous selection scans of the modern European 

genomes used in our study (Pickrell et al., 2009; Racimo, 2016; Schrider and Kern, 

2017) confirm that tests for positive selection are more than twice as likely to detect the 

Ancestral West Eurasian sweeps (i.e. those arising before 35kya) than those arising 

afterwards (see Material and Methods; Figures 2, S5H, Table S2). Importantly, these 

previous selection scans only detected around half (32) of the 57 sweeps we identify, 

and only 7 of these were characterised as hard sweeps, indicating the power of 

admixture to obscure signals of selection (Material and Methods). 

Adaptation to temperate Paleolithic Eurasian environments  

Amongst the 57 sweeps we observe in recent western Eurasian prehistory, only eight 

sweeps either contain a single gene or a handful of genes that share a common 

biological process (Table S2), limiting our ability to infer the underlying drivers of 

adaptation. Hence, we examined if the sweep selection signals distributed throughout 

the genome might be concentrated within specific biological pathways, as this could 

indicate potential processes (e.g. cellular, metabolic, or immune-based) targeted by 

selection (Material and Methods). 
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We observe a significant enrichment of selection signals in seven unique biological 

pathways (from ~1,800 tested; see Material and Methods, Table S3), including five 

metabolic pathways, and one each for cell surface interactions and immunity (Figure 4). 

Notably, none of the seven pathways showed significant enrichment in modern 

populations, implying that admixture has also obscured these signals in modern 

genomes. Four of the metabolic pathways shared across multiple ancient populations 

(Figure 5) are collagen specific – a metabolic process that has been shown to be a 

frequent target of selection in mammals living in circumpolar regions (Yudin et al., 

2017). In addition, six of the eight sweeps with either a single gene or a single biological 

process are Ancestral West Eurasian (>35kya), and are either involved in lipid 

metabolism (two sweeps) or with nervous tissue maintenance (four sweeps) (Material 

and Methods), both of which have been associated with adaptation to cold 

environments (Brandefelt et al., 2011; Daló et al., 2007; Nedergaard and Cannon, 

2018). A potential association with cold adaptation is interesting as this has been 

identified as a likely important factor as Anatomically Modern Humans (AMH) first 

moved into Eurasian environments (Silvert et al., 2019) – which were around 5°C cooler 

than those of their northern African origins at 55-50kya (Brandefelt et al., 2011) 

(Material and Methods). 

The other metabolic pathway (Protein digestion and absorption) was only detected as 

being under selection in Anatolian Early Farmers and later farming populations. This is 

also potentially interesting as the pathway is involved in the cellular production of 

glutathione, which is a key component in removing potentially damaging oxygen free 

radicals. The adoption of carbohydrate-rich grain-based diets during the Neolithic has 

been linked with both nutritional and micronutrient stress (Cordain et al., 2005) and 

metabolic dysregulation (Rani et al., 2016) including the production of oxygen-bearing 

radicals. Oxidative stress, caused by the inadequate removal of oxygen-bearing 

radicals, is now a key causative factor in a variety of modern sedentary lifestyle 

diseases (Rani et al., 2016). 
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Adaptation was concentrated on proteins located on cell membranes 

In order to further investigate the functional significance of the seven biological 

pathways enriched for selective signals, we tested for specific patterns in the cellular 

location of the loci with strong selection signals. Interestingly, the seven pathways are 

over-represented with genes encoding proteins acting at the cell membrane, including 

the enriched pathway specific to cell-surface interactions itself (Focal Adhesion); see 

Material and Methods, Figure 5, Table S4). This is potentially important as cell surface 

proteins coordinate appropriate cellular responses to extracellular information, including 

potential stressors, and are particularly relevant for modern medicine where they 

represent ~60% of the proteins directly targeted by FDA-approved drugs 

(www.drugbank.ca). When classifying our genes according to their cellular location in 

the Human Cell Atlas (HCA; www.humancellatlas.org), two membrane-bound 

categories (plasma membrane and cell junctions) were consistently overrepresented 

across multiple ancient populations (Figure S10). This consistent enrichment of genes 

across populations suggests the cell-environment interface may be a particularly 

important selective target for novel evolutionary pressures, such as those faced by the 

first AMH populations entering Eurasia. 

DISCUSSION 

The small effective population size and low mutation rates characteristic of humans 

mean that hard sweeps are expected to be a relatively common form of selection in the 

recent history of our species (Hermisson and Pennings, 2017). Our results suggest that 

hard selection has indeed been common in Eurasian populations, but recent admixture, 

particularly in the past 5kya, appears to have hidden many of the genetic targets of 

selection in modern European genomes (Figures 2, S5). The associated functions of the 

sweeps we can identify would suggest at face value that cold temperatures and novel 

subsistence strategies, more than pathogens, appear to have been important 

determinants of selection in ancient Eurasia. Either way, these selected loci were 
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previously associated with a fitness effect and are now segregating in modern 

Europeans, raising the possibility that they may be contributing to genetic variation in 

modern diseases. Indeed, we note that genes identified in genome-wide association 

studies (i.e. GWAS) are significantly more likely to appear amongst the outlier genes we 

identify here (i.e. those with q < 0.01 in at least one population) compared to genes 

lacking known GWAS associations (Table S5; see Material and Methods). While such 

patterns may also be influenced by demographic structure, the availability of large 

numbers of high-coverage ancient human genomes in the next decade will make it 

possible to improve the resolution of candidate sweeps, potentially to the level of causal 

mutations (Akbari et al., 2018). In addition, information about the temporal relatedness 

of past genetic changes could help identify key interacting genes or networks, guiding 

research efforts investigating target loci. Consequently, the Online Ancient Genome 

Repository offers a potentially important tool for improving health research in current 

populations, in addition to providing a window into human history and a uniquely 

informative view of natural selection in action. 

Our findings are not a good match for either of the two major conventional models of 

selection, which envision adaptation occurring either through occasional sweeps, or via 

much more subtle and genomically-diffuse polygenic selection. Instead, the sweep 

signatures in our study indicate that moderate to strong selective pressures were 

operating over a large number of loci: 41 of the 57 candidate sweeps had inferred 

selection coefficients > 1% (Figure S5E; see Material and Methods). The evolutionarily 

short time periods involved were likely insufficient for selection to be acting on de novo 

mutations, and the large number of hard sweep patterns suggest that selection 

predominantly operated on rare standing genetic variants (Przeworski et al., 2005), with 

surprisingly swift impacts across multiple loci. While rapid adaptation from standing 

variation has been reported in domestic species (MacHugh et al., 2017) and within 

adaptive radiations of natural populations (e.g. cichlid fish (Brawand et al., 2014)), few 

selected alleles become fixed and most show more moderate frequency changes. The 
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human genetic data suggests these signals might actually reflect the consequences of 

admixture with other populations – e.g. the frequent admixture between domesticates 

and their wild progenitors (MacHugh et al., 2017) – and demonstrate the need for 

admixture to be explicitly modelled in future selection studies. Given the growing 

evidence that admixture is frequent in other species (Mallet et al., 2016), our results 

suggest the extent of past hard sweep events have been underestimated, biasing our 

understanding of adaptation in natural populations, including humans. 
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MAIN FIGURE TITLES AND LEGENDS 

 

Figure 1. Geographic and temporal distribution of 1,162 ancient Eurasian samples 
used in this study.  
Each human symbol represents a sample and the colors indicate different populations 

groups classified into broad groupings according to archaeological records of material 

culture and lifestyle (colors indicated at the bottom right-hand side; see (Material and 

Methods). The green lines depict the generalized migration route of Anatolian farmers 

(Anatolia_EF) into Europe ~8.5kya, where they mixed with Western Hunter-Gatherers 

(WHG; EHG refers to the contemporaneous Eastern Hunter Gatherers) to create the 

Early European Farmers (EF). Similarly, the pink arrows represent the generalized 

movement of Steppe pastoralists (Steppe; samples east of the Ural Mountains not 
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shown) which resulted in admixture with Late European Farmers (LF) ~5kya, giving rise 

to Bronze Age (LNBA) societies. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 3, 2020. ; https://doi.org/10.1101/2020.04.01.021006doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.01.021006
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

17 

 

 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 3, 2020. ; https://doi.org/10.1101/2020.04.01.021006doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.01.021006
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

18 

 

Figure 2.  A history of hard sweeps in west Eurasia and the dilution of selection 
signals in modern populations through admixture.  
(A) Schematic representation of the temporal distribution of the top 57 outlier hard 

sweeps (q-value < 0.01) in Western Eurasian populations, with vertical line width 

proportional to the number of sweeps inferred to exist in the medium to high coverage 

Late Pleistocene samples Ust’-Ishim: 45kya, Kostenki14: 37kya, GoyetQ-116: 35kya, 

Věstonice16: 30kya, El Mirón: 19kya , and 12 Holocene population groups (8 shown) in 

the lower portion (black lines). The temporal origin of the sweeps (first detected 

presence: solid line, suspected presence: dashed line) and distribution are shown 

through time. Population admixture during the Bronze Age, and subsequently during 

classical antiquity (represented by the light-blue “U” for unspecified), progressively 

introduces genetic diversity that obscures evidence of the 57 sweeps in modern 

populations. (B) The time interval when the selected haplotype first drops below its 

maximum historical frequency for each of the sweeps (time binned into 2,000 year 

intervals; sweep 10:122.9-123 omitted due to having insufficient data for inference; see 

Material and Methods). Marked declines in sweep frequency closely coincide with 

historic periods of extensive population movements and admixture in west Eurasia; i.e. 

Anatolian farmer migration (~8.5kya; blue shading), Steppe migration (~4.5kya; blue 

shading), classical antiquity (~3kya; red shading). (C) The number of the 57 sweeps 

(through time from the right) that were either significant (q < 0.01, red bars) or evident (q 

< 0.10, grey bars) in ancient west Eurasian populations. Sweeps were tallied separately 

for European Early Farmers (EF, 2 populations), Late Farmers (LF, 3 populations), and 

the Bronze Age (LNBA, 2 populations; excluding South_Caucasus_LNBA which has 

distinct ancestry from other LNBA populations; see Material and Methods). (D) Boxplots 

showing that older sweeps are more likely to be reported as selection targets in genetic 

screens of modern Europeans (sweep 10:122.9-123 omitted; see Material and 

Methods). Sweeps are shown as grey dots, with inferred age of the sweep on the x-

axis, and total number of sweeps detected in 3 previous studies of selection in modern 

Europeans shown on the right of plot. Of the 25 sweeps that were not detected in any of 
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the three studies (`No studies` on the y-axis), 15 (60%) were older than 35kya (text box 

left of dashed line; text box on right indicates sweeps older than 35kya). In contrast, 

sweeps reported as significant in either 1, 2, or all of the 3 previous studies become 

increasingly likely to arise before 35kya (70%, 80% and 100%, respectively; red 

diamonds and bars show the associated mean sweep ages and standard deviations). 

This is consistent with older sweeps being more broadly distributed, and therefore less 

susceptible to signal dilution from subsequent admixture events. 
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Figure 3. Inferring the false positive rate for sweep detection. 
(A) Violin plots of the false positive rate (FPR; y-axis) of our sweep detection pipeline 

estimated on simulated genomic data for three ancient western Eurasian populations – 

Western Hunter Gatherers (WHG), Anatolian farmers (Anatolian_EF), and a European 

Early Farmer population (WesternEurope_LNBA) (row panels). Simulations were 

performed for (B) three different west Eurasian demographic scenarios: 1. a model that 

includes historical admixture with Neanderthal and Basal Eurasians (M1; blue violins); 

2. a simplified version of model M1 that lacks the Neanderthal and Basal Eurasian 

admixture events (M2; gray violins); 3. the same as model M2, but including a 30% 

admixture event between Western Hunter Gatherers and Early European Farmer 

populations ~4kya (M3; red violins). For each demographic model, 30 simulated 

genomic datasets were generated for each of the three ancient western Eurasian 

populations that replicated their specific data missingness and sample size. The FPR 

was estimated by dividing the number of outlier sweeps detected in the simulations by 

the number of empirically observed outlier sweeps at three different detection 

thresholds (q < 0.01, q < 0.05, q < 0.10; x-axis), averaged across the 30 simulated 

genomic datasets (violins show the distribution of FPR estimates for the 30 simulated 

genomic datasets, diamonds indicate the mean FPR). For all simulated populations and 

demographic models, the FPR was less than 7% at q < 0.01 (the threshold used to 

identify the 57 candidate sweeps in this study), which extrapolates to a conservative 

study-wide FPR of ~11% (see Material and Methods). 
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Figure 4.  The impact of admixture on sweep detection in modern populations. 
To quantify the impact of admixture on sweep signals in modern European genomes, 

we inferred the power of our analytical pipeline to detect sweeps in simulated genomic 

datasets under two demographic scenarios: a model that included a 30% admixture 

event between Western Hunter Gatherers (WHG) and Early European Farmer (EEF) 

populations ~4kya (red violins) prior to genome sampling, and a model without this 

admixture event (gray violins) (i.e. models M3 and M2 shown in Figure 2). For both 

demographic models, we simulated 30 full-genome datasets that each contained 50 

hard sweeps with four different selection strengths (s, column panels) and starting at 

different time points in Eurasian history (x-axis labels). This included sweeps starting 

after the genetic separation between WHG and EEF populations (violins on left of 

dashed line), where selection was confined to one of three historical populations 

(column panels), or in the common ancestral population of western Eurasians prior to 
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human departure from Africa (violins on right of dashed line). Notably, admixture has no 

impact on detection power when the sweep arose prior to separation between WHG 

and EEF populations (violins show distribution of power estimates for the 30 simulated 

genomic datasets, mean power indicated by diamonds; power measured at a 0.1% FPR 

– see Material and Methods). However, if the sweep started after this historical split the 

detection power declined at least two-fold following the admixture event relative to 

simulations without admixture – even though selection often fixed the beneficial 

haplotype again following the admixture event. 
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Figure 5. Biological pathways enriched for sweep signals across ancient and 
modern western Eurasian populations.  
To determine if any human biological pathway was a particular target of strong positive 

selection in west Eurasian history, we applied a novel enrichment method, PolyLink 

(https://github.com/ACAD-UofA/PolyLink) to the complete set of transformed gene 

scores in each ancient and modern west Eurasian population. Of the 1,800 annotated 

biological pathways tested for enriched selection signals, seven pathways with general 

immune, cellular, and metabolic functions were significantly enriched in at least one 

population after correcting for multiple testing (q-value < 0.05). Consistent with our 

observations for the 57 candidate sweeps, the enriched pathway signals are absent 

from modern populations and suggest that admixture has also obscured this 

information. Different levels of significance are indicated after multiple testing correction 

(!: q <0.01, **:  0.01≤ q <0.05, *: 0.05≤ q <0.1), while colors indicate -log10 transformed 

p-values.   

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 3, 2020. ; https://doi.org/10.1101/2020.04.01.021006doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.01.021006
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

25 

 

Material and Methods 

1. Population designation 

The assignment of individuals to populations was governed by minimizing temporal and 

spatial variability amongst samples that share genetic affinities defined in the ancient 

DNA literature (Table S1, Figures 1, S1), while also preserving the archaeological 

context and retaining enough individuals to ensure that our analyses were sufficiently 

powerful to detect selection (more details on pipeline power in Material and Methods 

section 4). The reported genetic relationships between samples were characterised 

using standard genetic clustering methods such as principal component analysis (PCA) 

and ancestry decomposition techniques (e.g. ADMIXTURE; (Alexander et al., 2009)). 

This classification process resulted in the assignment of 1,162 ancient human genomes 

into 18 unique populations (Table S1). We use a population nomenclature that follows 

the guidelines recently proposed for ancient DNA research (Eisenmann et al., 2018). 

Importantly, the shared ancestry and selection history of the populations in this study 

(Figures S1C-S1G) meant that the candidate sweeps were quite robust to different 

sampling choices for particular populations (Figures S3, S4; see Material and Methods 

section 4.5). 

2. Data collection and processing 

To produce a robust dataset and avoid potential bioinformatic batch effects, the raw 

sequence read data for 1,162 ancient genomic datasets (Table S1) was retrieved from 

the European Nucleotide Archive and processed through a standardized pipeline. To 

minimize the risk of modern contamination, the forward and reverse reads of the paired-

end reads were merged (collapsed) using fastp (Chen et al., 2018), and only merged 

reads were retained (modern data is more likely to comprise large DNA fragments that 

do not collapse). All collapsed reads were filtered for potential residual adaptor 

sequences and chimaeras using Poly-X with fastp (Chen et al., 2018). The retained 

filtered set of sequence reads were aligned to the human reference genome (h37d) 
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using the Burrows-Wheeler Aligner v0.7.15 (Li, 2013). All mapped reads were sorted 

using SAMtools v1.3 (Li et al., 2009) and then realigned around insertions and deletions 

and potential PCR duplicate reads marked and removed using the Genome Analysis 

ToolKit (GATK) v3.5 (McKenna et al., 2010).  

Prior to variant calling, all remaining aligned reads were screened and base-calls 

recalibrated for aDNA postmortem damage using mapDamage2 (Jónsson et al., 2013). 

To further limit the impact of postmortem damage on variant calling (Kircher, 2012), 

bamUtil (Jun et al., 2015) was used to trim 3 base-pairs from each of the 5’ and 3’ ends 

of each mapped read. From the resulting set of reads, pseudo-haploid variants were 

called at the set 1240k capture SNPs (Mathieson et al., 2015) found on the 22 

autosomes, using a combination of SAMtools mpileup (Li, 2011) and sequenceTools 

(https://github.com/stschiff/sequenceTools). Pseudo-haploidization of read data is a 

standard strategy in aDNA analyses, whereby a single read is randomly sampled at 

each prespecified SNP position (Mathieson et al., 2015) in order to mitigate potential 

biases introduced by differences in coverage or post-mortem damage between samples 

(Haak et al., 2015). The 1240k capture was developed to minimize ascertainment in 

non-African populations and was used to generate data for most samples used in the 

study, whereby concentrating on the 1240k variants ensured a common and robust set 

of variants for the subsequent analyses. The pseudo-haploid variant calls were 

converted from EIGENSOFT format (Patterson et al., 2006; Price et al., 2006) to binary 

Plink format using EIGENSOFT. Plink v1.9 (Chang et al., 2015; Purcell et al., 2007) was 

used to assign samples to the predefined populations (Table S1) and convert the 

variants to reference polarized VCF files, with correct polarization being checked using 

BCFtools (Li, 2011). Finally, a custom Python script was used to generate the site 

frequency spectrum (SFS) input files for SweepFinder2 analysis 

(https://github.com/ACAD-UofA/OAGR_Selection_Paper_Helper_Scripts). 
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3. Selection pipeline 

3.1. Sweep terminology 

The classical definition of a hard sweep is based on the fixation of new beneficial allele 

and linked neutral variants (sensu (Smith and Haigh, 1974)). In contrast, soft sweeps 

capture scenarios where the beneficial allele is present prior to the onset of selection, 

leading to multiple haplotypes that can potentially be picked up by selection. In this 

study, however, we are primarily interested in the characteristic genetic signatures left 

by the fixation of a single sweeping haplotype – which is still possible when the 

beneficial variant is rare – rather than the initial frequency of the beneficial allele per se 

(i.e. a de novo mutation vs standing variation). Hence, a hard sweep in this study refers 

to positive selection leading to the fixation of a single haplotype, a definition that also 

encompasses selection from rare standing variation (Hermisson and Pennings). 

3.2. Sweep scans 

For all 18 ancient and 5 modern human populations, we computed the SweepFinder2 

CLR (composite likelihood ratio) statistic (DeGiorgio et al., 2016; Huber et al., 2015) 

across the genome in successive 1kb intervals. The CLR statistic evaluates the 

evidence for hard selective sweeps in dynamically sized windows, by comparing the 

distribution of allele frequencies expected under a mathematical model of a hard sweep 

with the expectation under neutral evolution (larger CLR scores indicate more evidence 

for selection). The expected site frequency spectrum (SFS) under the hard selective 

sweep model is computed conditional on the neutral SFS, assuming a certain selection 

coefficient and recombination rate. The neutral SFS is based on the background SFS 

calculated from the whole genome, assuming that the influence of sweeps on the SFS 

on a genome-wide scale is negligible. 

SweepFinder2 is robust to genome-wide effects such as ascertainment bias and 

demography (Nielsen et al., 2005) by allowing these processes to affect the expected 
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SFS under neutrality (i.e. the background SFS). Further, unlike many other selection 

methods, the assumptions on the input data for SweepFinder2 are suitable for the low 

coverage and ascertained nature of ancient DNA datasets (also see Material and 

Methods section 4 for explicit tests of the statistical properties of our full analytical 

pipeline). Since SweepFinder2 is only based on the spatial (genomic) pattern of allele 

frequencies but not on haplotype homozygosity or population differentiation, it is 

possible to detect selection without reference to a second population, calling genotypes, 

or phasing haplotypes. The reliance on an empirically estimated null model (i.e. the 

background SFS) and the model-based alternative hypothesis makes it both more 

powerful and more robust compared to alternate test statistics that are based on 

deviations of the SFS from expectations under the standard neutral model (e.g. Tajima’s 

D, Fay and Wu’s H). 

Note that SweepFinder2 also has an option to detect sweeps based on local genomic 

reductions in diversity. However, we did not calculate this diversity-based metric since 

the accurate and unbiased estimation of diversity requires full genome data, whereas 

our dataset consists of an ascertained set of SNPs. 

3.3. Outlier gene detection 

Human gene annotations were obtained from the ENSEMBL database (Kinsella et al., 

2011) (genome reference version GRCh37), which was accessed using the R biomaRt 

package (Durinck et al., 2009; Storey, 2003) (version 2.36.1). Of the 24,554 annotated 

‘genes’ on the biomaRt database, we removed any that were not annotated in the NCBI 

database 

(ftp://ftp.ncbi.nih.gov/gene/DATA/GENE_INFO/Mammalia/Homo_sapiens.gene_info.gz) 

and also excluded those that lacked specific protein and RNA based annotations (in the 

biomaRt transcript_biotype field). This resulted in a list of 19,603 genes, from which we 

removed 26 additional genes that did not contain any polymorphic sites in our datasets 

(all being situated in the most terminal areas of chromosomes), leaving 19,577 genes 
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that were used in the subsequent analyses. For each population, all SweepFinder2 CLR 

scores were log10 transformed and assigned to one of 19,577 genes by binning the 

transformed scores within the genomic boundaries of each gene. The gene boundaries 

were extended by 50kb on either side in order to also capture cis-regulatory regions. 

Because this typically resulted in several scores being assigned to each gene, we took 

the maximum score to represent the evidence for a sweep involving that gene. Each 

gene score was corrected for gene-length using a non-parametric standardization 

algorithm (Daub et al., 2013; Iglewicz and Hoaglin, 1993), resulting in the gene scores 

having an approximately standard normal distribution. To do this, all genes were split 

into 10 approximately equally sized bins according to gene length. Within each bin, 

scores were adjusted using the following non-parametric standardization function 

(Iglewicz and Hoaglin, 1993): 

𝑍! 	= 0.675	 ×
𝑦!

𝑚𝑒𝑑𝑖𝑎𝑛(|𝑦|) 

where yi = CLRi  - median(CLR) and i is an index for each gene in a given gene-length 

bin. The resulting set of adjusted gene scores approximated a standard Gaussian 

distribution – i.e. were Z scores, with mean = 0 and standard deviation = 1 – whereby 

we used standardized Gaussian quantiles to compute p-values for all genes for each 

population. Finally, to account for the expected inflation of false positives due to multiple 

testing, for each population we applied q-value correction (Storey, 2003) to the p-

values. A q-value of 0.01 implies a false discovery rate of 1% per population.  

Notably, when applying a one-sided test to determine outlier genes (i.e. those with 

scores lying in the upper tail), for a handful of populations the distribution of the resulting 

p-values was U-shaped rather than a J-shaped distribution (i.e. a combination of non-

selected genes that have a standard uniform distribution, plus a set of selected genes 

that mostly include low p-values) that is assumed by the q-value correction method. 

Hence, p-values were calculated by applying a two-tailed test to genes with Z > 0 (since 

selected genes will have larger positive Z scores). This ensured that the expected J-
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shaped p-value distribution was obtained for each population (Figure 2B). Importantly, 

this approach is not unnecessarily conservative, since our significance cutoff is based 

on q-values, i.e. the estimated false discovery rate (FDR) conditional on a specific the p-

value threshold. This ensures that our q-values will still be accurately estimated and 

correctly assign the FDR rate to the desired value. 

3.4. Candidate sweep classification 

Sweeps were identified by determining a set of outlier genes across all populations, 

which were classified into sweep regions according to 1) the distance between the mid-

point of neighbouring pairs of outlier genes (i.e. inter-gene distance) and 2) overlapping 

sweep regions between populations. Step 1 was performed independently for each 

population, whereby all outlier genes with midpoints that were less than a specific 

distance apart from the midpoint of a neighbouring outlier gene were collapsed into a 

single category. After generating the collapsed categories for each population, step 2 

was applied to ensure that the sweep categories sharing at least one gene across 

different populations were considered as a single historical sweep (a parsimonious 

expectation based on shared genetic history of the populations). 

We ran our sweep quantification pipeline at three q-value thresholds (i.e. q < 0.01, 0.05 

or 0.10; which imply false discovery rates of 1%, 5% and 10% per population, 

respectively) and the three different inter-gene distances (midpoint distances less than 

250kb, 500kb or 1Mb). As expected, changing the q-value had a large impact on the 

number of sweeps (ranging from ~50 for q < 0.01 to ~400 for q < 0.1), whereas 

changing the inter-gene midpoint distance had comparatively little impact overall, 

particularly at more stringent q-value cutoffs (Figure S3). Based on these results, we 

decided to use the most stringent q-value cutoff and the most liberal inter-gene distance 

to define a robust set of candidate sweeps for all further analyses. However, because 

this stringent cutoff might lead to the removal of potentially causal genes in a sweep 

(which could have values slightly lower than 0.01), we first defined our sweeps based 
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on the more permissive q < 0.1 threshold and then removed all sweeps that did not 

have at least one gene with q < 0.1. To further improve sweep determination, we 

removed populations with small sample sizes from the sweep determination process, as 

our own analyses based on simulated ancient human genomes (see Material and 

Methods section 4) and previous results of modern genomes suggest that 

SweepFinder2 has poor power to detect sweeps when the number of haploid genome 

copies being analyzed is 10 or less (Ferrer-Admetlla et al., 2014). Finally, to ensure that 

the sweeps being defined were all relevant to western Eurasian history, the two modern 

populations from East Asia (CHB) and Africa (YRI) were also excluded from the sweep 

classification process. This strategy resulted in a total of 57 candidate sweeps that were 

used in subsequent analyses. The Material and Methods contain additional technical 

details of the sweep detection pipeline, and plots showing the distribution of CLR scores 

and gene scores across all candidate sweeps are included in supplementary data S1-

S57 (https://adelaide.figshare.com/s/20c0d1786a7ae8d3d45f). 

4. Testing the analytical pipeline power and FDR 

We assessed the statistical properties of our analytical pipeline by conducting extensive 

coalescent simulations using MSMS (Ewing and Hermisson, 2010). Of particular 

interest for the present study is measuring how the particular demographic history of 

Early European Farmers (EEF) and Western Hunter-Gatherers (WHG) – which includes 

the Out-of-Africa (OOA) expansion and admixture of migrant farmers from Antolian and 

WHG populations to create the EEF – impacts the false positive rate (FDR) and power 

of our analytical pipeline to detect hard sweeps. 

To produce demographic histories relevant to the ancient Eurasian populations in this 

study, we used MSMS to simulate population genetic data using parameter values from 

the recently published demographic model of Kamm and colleagues (Kamm et al., 

2019b). This study explicitly incorporated ancient Eurasian genomic data to model the 

demographic history of Eurasian hunter gatherers and early farmers, thereby providing 
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essential parameter estimates (i.e. the timing and intensity of population bottlenecks 

and admixture events) needed to accurately simulate genomic datasets for the 

populations in this study. Specifically, we conducted simulations under the following 

three demographic scenarios: 

Model 1. The full model of Kamm et al. that includes the population bottleneck after the 

OOA expansion and ancient admixture events from a Neanderthal and a basal Eurasian 

population into the Out-of-Africa population (Figure 4). The effective population size in 

the common African ancestral population is fixed at 18,200, which is preserved across 

all three models; msms command: 

msms -ms 31 1 -t 3000 -r 5265 -I 3 2 29 0 0 -n 1 0.95 -n 2 0.66 

-n 3 0.11 -es 0.016 2 0.906 -en 0.016001 4 0.13 -ej 0.018 3 2 -

en 0.024 2 0.13 -es 0.027 2 0.97 -en 0.027001 5 1 -ej 0.038 4 2 

-ej 0.045 1 2 -en 0.045001 2 1.6 -ej 0.33 5 2 -en 0.330001 2 1 

Model 2. A simplified version of model 1 that ignores ancient introgression events from 

Neanderthals and basal Eurasians (Figure 4). msms command: 

msms -ms 31 1 -t 3000 -r 5265 -I 3 2 29 0 0 -n 1 0.95 -n 2 0.66 

-n 3 0.11 -ej 0.018 3 2 -en 0.024 2 0.13 -ej 0.045 1 2 -en 

0.045001 2 1.6 -en 0.330001 2 1 

Model 3. Uses the same simplified demography as model 2, but adds a 30% pulse of 

admixture from WHG into EEF at 4kya (Figure 4). The 30% admixture pulse is based on 

previous estimates of WHG genetic contributions into EEF ancestry (Lazaridis et al., 

2016; Mathieson et al., 2015); msms command: 

msms -ms 31 1 -t 3000 -r 5265 -I 2 2 29 0 -n 1 0.95 -n 2 0.66 -

es 0.0019 2 0.66 -en 0.006001 3 0.11 -ej 0.018 3 2 -en 0.024 2 

0.13 -ej 0.045 1 2 -en 0.045001 2 1.6 -en 0.330001 2 1 
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For each of these three different demographic scenarios, we used MSMS (Ewing and 

Hermisson, 2010) to simulate 1,000 neutrally evolving 5Mb sequences for four ancient 

Eurasian populations: Western Hunter-Gatherers (WHG), Anatolia Early Farmers 

(Anatolia_EF), and two admixed Bronze Age EEF populations (WesternEurope_LNBA 

& UK_LNBA). In addition to capturing key branches of Eurasian history, these 

populations were also chosen to quantify the impact of sample size and data 

missingness in our ancient genomic datasets on the FDR and power of our analytical 

pipeline by incorporating the population-specific empirical patterns for both factors into 

our simulated datasets. 

While SweepFinder2 is fairly robust to recombination rate variation (Nielsen et al., 

2005), we performed separate simulations under three different recombination rates, 

including an ‘average’ rate of 1.45 cM/Mb (estimated by averaging across 1,000 

randomly placed 1Mb windows using data from (Bhérer et al., 2017) and also 2- and 10-

fold lower rates (0.72 cM/Mb and 0.145 cM/Mb). The two lowest rates were included to 

specifically test if the false positive rate (FPR) for sweep detection was particularly 

problematic in genomic regions with relatively low recombination rates. 

Finally, our analyses were limited to a set of ~1.1 million variant positions, which were 

selected based on heterozygosity in a set of sequenced reference individuals from both 

African and non-African populations (Lu et al., 2011). Thus, our empirical data shows 

ascertainment bias towards more common genetic variation, which could lead to 

unexpected behaviour of the SweepFinder2 statistic. To incorporate this ascertainment 

into our simulations, for each replicate we sampled one modern African and one EEF 

individual and limited our analyses to SNPs that were heterozygous in either or both 

individuals. We simulated under a sufficiently high mutation rate such that we could 

select exactly 1,200 SNPs per replicated simulation after accounting for the 

ascertainment and missing data, which approximates the average number of SNPs 

found in a random 5Mb region in our datasets. 
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4.1. Analytical pipeline FDR under neutral demographic histories 

Our analytical pipeline involves a series of steps that may lead to an inflated false 

positive rate (FPR) if some of our implicit underlying assumptions are violated. In 

particular, we have assumed that the gene scores used in this study will follow a 

standard Gaussian distribution. To test if our assumptions were met and investigate the 

statistical robustness of our pipeline, we created 30 artificial population genomic 

datasets for each simulated population and demographic scenario. Each artificial 

dataset was created by linking 565 randomly selected 5Mb sequences into full 

‘genomes’. We then applied our statistical pipeline to each artificial genomic dataset – 

i.e. overlapped the simulated CLR scores with the ~19k annotated genes arranged 

linearly along the simulated genomic dataset, calculated the gene scores and 

determined outlier genes using our q-value thresholds, and finally merged all outliers 

into sweeps by combining outlier genes less than 1Mb apart. 

For all four simulated populations, the distribution of p-values for simulated genes 

closely match the expectations of the standard Gaussian distribution and show a good 

correspondence to the empirical datasets – regardless of which demographic model or 

recombination rate was used (Figures 2C, 2D). For all populations and models, we then 

calculated FPR for each q-value threshold by dividing the number of sweeps detected in 

each simulated genomic dataset by the number of sweeps observed in the empirical 

data at the same q-value threshold. Notably, at the q < 0.01 threshold (which was used 

to determine the 57 candidate genes), false positive sweeps were only observed in the 

Anatolian_EF population, where the mean FPR was always <7%. To estimate the study 

wide false positive rate, we created a multiset of all outlier sweeps in which each of the 

57 sweeps appeared at the same frequency that it was observed in the ancient 

populations. This resulted in a multiset with 99 instances of the candidate 57 sweeps, 

from which we then drew 100,000 binomial samples with p=0.07 (mimicking our most 

conservative FDR estimate). To estimate the study-wide FPR, we counted the number 

of unique sweeps for each of the 100,000 random samples and calculated the average 
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number of unique sweeps. This resulted ~6.3 false positive sweeps on average, 

providing a conservative FPR of 6.3/57 of ~11%. 

4.2. Analytical pipeline power 

To test the power of our approach to detect selective sweeps in European history, we 

augmented demographic models 2 and 3 by simulating positive selection under four 

different selection coefficients (s = 1%, 5%, 10%, and 20%; covering a similar range to 

empirical estimates from our candidate sweeps), and four distinct times of origin for the 

beneficial mutation (211.1kya, 105.6kya, 84.4kya, 63.3kya, 33.8kya; i.e. ranging from 

the approximate formation of Anatomically Modern Humans to the split between EEF 

and WHG populations ~38kya, Figure 4; (Kamm et al., 2019b)). 

Selection was included in a simulation by adding the following MSMS parameter 

settings to a given demographic scenario: 

-SFC -SI $StartTime 3 0 $StartingFrequency 0 -SA 

$SelectionStrength -Sp 0.5 

To model de novo mutations, the variable $StartingFrequency was set to one over 

twice the current population size (i.e. 1/2Ne). We also simulated selection on rare 

standing variation – a scenario consistent with the large number of candidate sweeps 

observed in our study – by including starting frequencies of 0.1% at the onset of 

selection. The -SFC option conditions on the beneficial mutation being present at the 

time of sampling; i.e. simulations, where the beneficial allele is lost are discarded. Each 

selection scenario was repeated 200 times for each demographic model and simulated 

population. For all scenarios other than the 1% selection coefficient, the selected 

mutation became fixed or was close to fixation (> 99% frequency) at the time of 

sampling (Figures S6A, S6B) and selection was allowed to persist after an admixture 

event. All simulations were performed at with a fixed genome-wide recombination rate 

of 0.72 cM/Mb. 
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For both models, we then created 30 population genomic datasets that included 

selection, by randomly replacing 50 of the 5Mb regions from each of the 30 previously  

generated neutral datasets with 50 randomly sampled 5Mb selected regions. This was 

repeated separately for each combination of selection strength, starting time, and 

sweep mode, and gene scores were recalculated for all genes falling in selected 

regions. So that the selected genes did not impact the gene score standardization, we 

reused the standardization parameters previously estimated from the complete neutral 

genome. We then counted the proportion of the 50 selected regions that had at least 

one gene score exceeding a specific outlier threshold evaluated from the full neutral 

genome (calculated for 0.95, 0.99 and 0.999 gene score quantiles, approximating 5%, 

1% and 0.1% false positive rates). Finally, the power was calculated by averaging the 

number of selected windows exceeding a given FPR threshold across the 30 simulated 

population genomic datasets. 

The detection power for our analytical pipeline was consistently high for sweeps arising 

in the last 80kya, particularly for strong selection acting on de novo mutations (Figure 4, 

S7; see more discussion in Material and Methods section 4.3). Additionally, at the most 

stringent (0.1% FPR) threshold – which results in the closest match of the minimum Z-

scores observed for outlier genes in the present study – the detection power declined 

more than 2-fold across all populations for sweeps arising at 34kya for simulations with 

the admixture event compared to simulations lacking admixture – even though the 

beneficial mutation is still selected at the same strength after the admixture event 

(Figure 4). Moreover, other than for the weakest selection coefficient (s = 1%), selection 

was strong enough to re-fix the beneficial allele in present-day European populations in 

several simulations (for instance, the expected fixation time for a beneficial variant 

starting at ~70% frequency is ~3,000 years, given a selection coefficient of 10%).  

Taken together, our simulations imply that genetic drift likely had negligible impact on 

detection power for sweeps arising around the time of the diversification of western 

Eurasian populations, but that subsequent admixture greatly impacts power even if the 
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selection pressure persists after the admixture event. We note further reductions in 

sweep detection power are expected following additional admixture events in Eurasian 

history, and changes in lifestyle may resulted in relaxed the selection pressures in some 

cases (e.g. improved housing and clothing for cold adaptation), whereby our simulations 

likely underestimate the true impact of admixture on masking historical hard sweep 

signals in modern European genomes. 

4.3. Impact of small sample size and missing data on detection power 

Previous results suggest that SweepFinder2 maintains high power to detect true 

sweeps when the number of haplotypes being analyzed is 10 or more for modern 

genomes (Ferrer-Admetlla et al., 2014). To examine the impact of sample size on 

SweepFinder2 estimation on our ancient populations, we introduce a measure of 

sample size that incorporates both pseudo-haploidy and different levels of data 

missingness in our ancient samples, called the ‘effective’ sample size, neff. We 

calculated neff for each population as k * n * (1 - M), where k is the ploidy of each 

sample, n is the number of samples and M is the average proportion of missing sites at 

informative SNPs in that population. Informative SNPs are those that are segregating in 

each population, as only such polymorphic SNPs were used to detect sweeps using 

SweepFinder2. 

Consistent with previous results (Ferrer-Admetlla et al., 2014), SweepFinder2 has 

consistently high power to detect hard sweeps in simulated populations with reasonable 

sample sizes (i.e. neff ≥10; Figure 4, S8A, S8B). For the two ‘large’ ancient Eurasian 

farming populations (i.e. neff ≥ 10; Anatolian_EF and WesternEurope_LNBA), detection 

power was reasonable for sweeps with s > 1% (> 40%), and excellent for those with s > 

5% (> 80%). The detection power continually decreases for sweeps starting more than 

63 ky ago, dropping below 40% for sweeps > 200kya, in line with previous work that 

suggests that the power to detect sweeps begins to decay ~0.2 Ne generations after 
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fixation (Huber et al., 2015) when assuming an effective population size on the order of 

10,000 (which is consistent with Ne estimates for European populations; Lohmueller et 

al., 2009). Sweep detection power was consistently poor for the WesternEurope_LNBA 

population (which had an neff ~4; Figure 4), and the simulated p-value distribution 

strongly deviates from the expected uniform distribution (Figures S2C, S2D) – a feature 

also observed amongst the ancient populations in this study with similarly low neff values 

(Figures 2A, 2B). Based on these results, we decided to only use ancient populations 

with neff ≥ 10 in the present study. 

Interestingly, the simulated WHG population displayed consistently lower power to 

detect sweeps arising from de novo mutations than the two large ancient Eurasian 

farming populations – being  20% lower on average in the WHG population compared to 

the two ‘large’ ancient farming populations (Figure S7). Notably, demographic 

parameters inferred by Kamm et al. and adopted in our simulations suggest that the 

WHG population experienced a prolonged and severely reduced Ne compared to Early 

European Farming populations following the Out-of-Africa bottleneck (EEF: Ne = 12k; 

WHG: Ne = 2k). The subsequent inflation in genetic drift caused by the lower Ne in WHG 

lineages appears to have led to more rapid erasure of fixed sweep signals and a 

subsequent reduction of detection power relative to the Anatolian_EF and EEF 

populations. This may also partly explain the lower number of candidate sweeps 

observed in WHG compared to Anatolian Farmer populations in the present study 

(Figure S8). 

4.4. Impact of sample sizes on sweep detection in modern populations 

Modern populations tended to have systematically fewer sweeps than ancient 

populations in this study, a result that did not change when altering the q-value 

threshold used to determine outlier genes that define the sweeps (Figures S3, S8). To 

test if smaller samples size were more likely to produce more false positives (for 

example, by inflating the number of sweep haplotypes in a partial sweep by chance), we 
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resampled one modern (FIN) and one ancient population with large sample numbers 

(CentralEurope_LNBA) at lower sample sizes (25, 10 and 5) and reran the complete 

detection pipeline to see if there was a systematic increase in the number of detected 

sweeps. We used an ancient population in addition to a modern population to take into 

account the impact that missing data and pseudo-haploidy might have on sweep 

detection. Notably, reduction in sample size did occasionally result in an increase in the 

number of detected sweeps for both ancient and modern populations; however, this 

effect was not systematic and in most cases the number of sweeps decreased in 

number – particularly at neff  < 10 (Figure S8A, S8B). Further, the number of sweeps 

detected in the modern population was always lower than that detected for the ancient 

population at comparable effective sample sizes. Our results indicate that while there is 

some stochasticity in the number of reported sweeps, the overall pattern of decreased 

sweeps in modern populations is unlikely to be an artefact of larger sample sizes. 

4.5. Impact of population sample composition on power to detect sweeps 

To estimate the impact of our population assignment on the robustness of our candidate 

sweep detection, we reran the sweep detection pipeline on alternate sample groupings 

for both the WHG and Steppe populations and compared these to the original sample 

groupings. The original sample assignments for each population was governed by 

minimizing the temporal and spatial variability within each population while maintaining 

a homogeneous archaeological context. The alternate population groupings preserve 

the archaeological context but use a coarser geographical and temporal context and/or 

include samples with additional ancestry components not present in the original sample 

groupings (Table S1). Specifically, for the WHG population – which initially comprised 

44 samples largely derived from the Balkan region – we added 12 samples mostly 

sourced from the Gravettian culture from western Europe (sourced from France, 

Germany, and Luxembourg) that were ~1kya older on average (mean sample ages: 

10kya vs 9ya for original samples). The 75 samples from the Steppe population were 

supplemented by 15 samples of similar antiquity and provenance (Maykop Culture 
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samples; mean age ~4.5kya for both groupings), but which draw ~4% of their ancestry 

from Siberian hunter-gatherers (i.e. Eastern Hunter-Gatherers with Siberian genetic 

affinity) that is absent in the samples in the original grouping (Allentoft et al., 2015; 

Wang et al., 2019). 

The two sample groupings had significantly correlated gene scores for each population 

(Pearson’s r = 0.82 and 0.64 for WHG and Steppe, respectively; Figure S4B). Notably, 

whilst changing the sample composition of the WHG and Steppe populations resulted in 

some different sweeps being detected for each (Figure S4), 19 of the 27 sweeps (4/7 

and 15/20 for WHG- and Steppe-specific sweeps, respectively) were observed 

regardless of which samples were used. Amongst these 19 retained sweeps, 7 were 

observed in a population other than the alternate WHG or Steppe population (e.g. 

sweep 4:71.5-72.4 is significant in only one of the two Steppe sample groupings, 

however it is also significant in Anatolia_EF and CentralEurope_LNBA; Figure S3, S4). 

Overall, 22 of the 57 candidate sweeps appear in two or more ancient Eurasian 

populations, which increases to 49 out of 57 candidate sweeps when sweeps are 

defined by containing at least one gene with a minimum q-value < 0.05 (instead of the q 

< 0.01). Our results imply that the shared genetic history and large number of ancient 

populations used in this study improve the chance that a sweep will be observed and 

thereby impart a degree of robustness to the sweep detection process. 

4.6. Testing if sweeps were artefacts of low genome complexity 

To test for potential false-positive sweep signals arising in genomic regions of low 

sequence complexity, we partitioned the genome into areas of high and low complexity 

based on CRG100 scores (Derrien et al., 2012) and checked if the proportion of 

mappable nucleotides were systematically reduced in the 57 candidate sweep regions. 

Mappability is a metric that indicates how readily reads can be aligned to a particular 

genomic region, which has a positive association with sequence complexity. Hence, 

consistent observation of a low proportion of mappable nucleotides relative to the 

genome-wide average would suggest that many sweeps were false positives due to 
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mapping artefacts. The CRG100 values were downloaded from the UCSC Genome 

Browser (Kent et al., 2002) and windows with a mean value less than 0.9 were defined 

as low complexity regions, and the remaining windows defined as high complexity 

regions. For each of the 57 candidate sweeps we calculated the proportion of ~1240k 

SNPs found within each sweep, that also lie within high complexity regions. Notably, the 

SNP probes were designed to target genome regions with high mappability (Lu et al., 

2011), and our results confirm this with at least 96.7% of the SNPs in each sweep lying 

in high mappability regions (Table S6). Taken together, our results imply that our 

candidate sweeps were not enriched with artefacts caused by low genome complexity, 

and likely represent true historical selection patterns. 

5. Inference of sweep dynamics 

To learn more about the evolutionary dynamics of each of the 57 sweeps, we inferred 

the most likely selected haplotype and then traced the frequency changes of this 

haplotype across time using several different approaches. To reconstruct the sweep 

haplotype, we reasoned that the alleles carried on the selected haplotype would be at 

high frequencies in the ancient populations where the sweep was significant. 

Accordingly, for each sweep, we identified a subset of alleles that are strongly 

associated with the sweep, using the following two statistics: 

∑! (1-4pq) × ln(CLRi)      (1) 

𝑙𝑛[∑! p × ln(CLRi) / ∑! q × ln(CLRi)]   (2) 

For each sweep, equation 1 was evaluated for every SNP lying in the sweep region to 

identify a subset of SNPs that act as reliable markers for the sweep. Equation 1 

provides a weighted score for each SNP, which is the product of the log-transformed 

SweepFinder2 CLR score (i.e. the CLR score overlapping the SNP in question) and the 

standardised allele frequency, which is scaled to fall between 0 (when both alleles are 

at 50%) and 1 (when either allele is fixed). This value is calculated for each of the 18 

ancient populations used in the study (indexed by i) and then summed together. 
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Accordingly, equation 1 returns large weighted scores for SNPs where one allele is 

consistently near fixation in populations where the sweep also exhibits evidence for 

selection.  

Once a subset of marker SNPs were identified for each sweep, equation 2 was used to 

evaluate the allele that is most strongly associated with the selected haplotype. 

Following the logic of equation 1, we calculated the weighted score separately for each 

allele in a given SNP, where p and q denote the frequency of each allele in population i, 

then calculated the log transformed ratio of these two values. The sign of the resulting 

value indicates which of the two alleles is most likely linked with the haplotype (+ve = p; 

-ve = q), with larger magnitudes providing stronger evidence for association.  

To test how the number of SNPs chosen impacted our analyses using the sweep 

haplotypes, all such analyses were performed using sets of 30, 50 and 100 marker 

SNPs for each of the 57 sweeps. For cases where a sweep had fewer SNPs than the 

number of marker SNPs used in the analysis, all of the SNPs found in the sweep were 

used. Notably, one of the sweeps (10:122.9-123) only contained six SNPs overall (the 

next lowest had 23 SNPs in total; see Figure S5A). SNP haplotype inference was 

reliable for this sweep and it was discarded from all subsequent haplotype frequency 

analyses. 

The marker SNPs and associated weights are shown with respect to the distribution of 

CLR scores and gene scores across all candidate sweeps in supplementary data S1-

S57 (https://figshare.com/s/20c0d1786a7ae8d3d45f). 

5.1. Quantifying the impact of admixture on selected haplotype frequencies 

For each sweep, we measured the change of the selected haplotype frequencies 

following the arrival of humans in Eurasia using two separate approaches. Both 

methods involve comparing the marker alleles on the selected haplotype for each 

sweep with alleles present in the samples withinin the OAGR database. In order make 
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these comparisons meaningful for all samples, a random allele was chosen at each 

SNP for all diploid samples (i.e. Ust’-Ishim and modern European samples). This 

approximates the sampling involved in generating the pseudo-haploid allele calls for the 

ancient samples. We caution that the random sampling of alleles means that our 

haplotype frequency estimates are likely to underestimate the true frequency of the 

selected haplotype. This is because samples that are heterozygous for the selected 

haplotype are more likely to be called as non-selected ‘haplotypes’, a probability that will 

likely increase with local levels of genome diversity and also the number of marker 

SNPs that are used. Accordingly, our estimated selected haplotype frequencies should 

be regarded as approximate lower bounds for the true frequency. 

Our first approach to measure selected haplotype frequency changes for each sweep 

calculates the proportion of ancient and modern European individuals that carried the 

selected haplotype within successive time intervals covering Eurasian human history. 

To determine if a sample carried the selected haplotype, we required that at least 95% 

of the alleles were present in the sample, to allow for the possibility that some of the 

inferred alleles on the selected haplotype were incorrectly called. We also repeated 

these analyses using a less stringent threshold of 90%, to see how this impacted 

subsequent analyses. To improve the robustness of our estimates, all samples with less 

than 10 marker SNPs were not considered in the analysis of that given sweep.  

After determining if the selected haplotype was present for each sample, we calculated 

the proportion of samples carrying the selected haplotype across seven consecutive 

time intervals (see Figures S5A-S5C). We chose the following intervals – 50-20kya [13], 

20-10kya [43], 10-8kya [94], 8-6kya [272], 6-4kya [546], 4-2kya [183], and 2-0kya [305] 

– with the interval choice being largely motivated by the desire to have reasonable 

number of samples in each to improve our estimates (the number of samples falling in 

each interval are shown in square brackets). After estimating the frequency changes 

across successive time intervals, we examined if these selected haplotypes tend to 

decrease at specific times in history. Indeed, we observe that successive 2,000 year 
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periods starting at 10kya and continuing up to the present were marked by an average 

decrease in selected haplotype frequencies, with the last 6kya being particularly 

prominent (Figure S5G). This general pattern was consistent when performing this 

analysis with different numbers of SNP markers (i.e. 30, 50, and 100) and also using 

different thresholds for the proportion of marker alleles present in a sample (i.e. 90% 

and 95%; Figure S5G). 

To improve our resolution for the timing of decrements in the selected haplotype 

frequency, we used a second approach based on regressing the proportion of selected 

haplotype alleles present in each sample (which we term proph) against the age of the 

sample, using the default LOESS function implemented in R (Team, 2012). In order to 

take missing SNP information for each sample into account, we weighted the 

contribution of each sample to the fit of the LOESS curve using the natural logarithm of 

the number of SNPs in a given sweep region carried by each sample. Further, all 

samples with less than 10 marker SNPs in a given sweep region were excluded from 

the analysis of that sweep.  

After fitting the LOESS curve for each sweep, we determined when the predicted proph 

value rose to its maximum, which approximates the time-point when the selected 

haplotype achieved its historical peak value. Next, we inferred the subsequent point in 

time when the predicted proph value first dropped below this maximum, which we took 

as the time when the point estimate for proph plus the error estimated at that point first 

dropped below the maximum proph value. This value provides a rough estimate of when 

the selected haplotype was first appreciably impacted by admixture for each sweep 

(Figures  S5A-S5C). The estimated times of first frequency decrease for each sweep 

were then binned into 1,000 year increments over the past 50,000 years and the 

resulting distribution was used to investigate if there were any particularly intense 

periods of admixture. The subsequent distributions were reasonably consistent for the 

different number of marker SNPs used (i.e. 30, 50, and 100), and the patterns closely 

matched our results from the binned haplotype frequency changes. We observe that the 
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selected haplotypes are more likely to show their first decrease at three sets of time-

points that coincide with known periods of extensive admixture in European history (see 

Figures 2, S5F; Table S2): 1) around 8-9kya when Anatolian farmers spread into 

Europe, 2) following the westward migration of Steppe pastoralists around 5kya, and 3) 

from ~2.5kya to the present which marks the transition into the classical period which 

saw large scale human movements following the emergence of various large territorial 

empires, kingdoms, and nation-states. 

5.2. Estimating the earliest evidence for selection 

To estimate when the selection pressure(s) underlying each of the 57 sweeps may have 

first arisen, we searched all samples in the OAGR repository for the oldest sample that 

had the selected haplotype. Chronological information for the earliest period of human 

occupation of Eurasia are provided by five Late Pleistocene Eurasian human samples 

with moderate to high coverage genomes: Ust'-Ishim (Fu et al., 2014b), Kostenki 14 

(Seguin-Orlando et al., 2014), GoyetQ116-1 (Fu et al., 2016), Věstonice (Fu et al., 

2016), El Mirón (Fu et al., 2016). Each of these samples is drawn from a different time 

period in Eurasian prehistory, and detection of the sweep haplotype in a particular 

sample suggests that the selection pressure was present at the time the sample was 

deposited. Overall, the probability of observing the haplotype is proportional to its 

frequency in a population that the sample was drawn from, whereby it is unlikely that the 

sweep haplotype is absent from an individual from a population where it is at high 

frequencies, though this becomes more likely if the frequency of the haplotype is rare 

(i.e. it is not under selection, or only recently started coming under selection). 

Conversely, for selection acting on standing variation – which is likely to be prominent 

for the sweeps identified in the present study – there is some chance of detecting the 

sweep haplotype prior to it becoming beneficial that depends on the frequency of the 

haplotype when selection begins. This would lead to overestimating the age of origin of 

the selection pressure. These factors suggest that our dates should be regarded as an 

approximate upper (i.e. older) boundary of the onset of selection. 
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To test the robustness of this estimate, we used two different proph thresholds (i.e. 0.90 

and 0.95) and three different numbers of marker SNPs (i.e. 30, 50, and 100). Estimates 

of the timing of selection for each sweep for the different combinations of proph values 

and number of marker SNPs are shown in Figures S5A-S5C (dates for the 100 marker 

SNP analyses are also shown in Table S2). Further, pseudo-haplotype plots for all 57 

candidate sweeps are provided in supplementary data S58-S114 

(https://adelaide.figshare.com/s/f00443ef535a8af2a61d). Each image depicts the allele 

found at each SNP in a given sweep window plus the immediate flanking regions for all 

populations and the five Late Pleistocene samples used in this study. Individuals with 

more than 50% missing data in this window are omitted to help improve visualisation of 

the haplotype frequencies. 

5.3. Estimating selection strength and sweep size 

After classifying sweeps by likely starting time according to the earliest evidence of the 

sweep haplotype amongst the five Late Pleistocene individuals (Figure 2; Table S2), we 

tested if there were any differences in the strength of selection, the size of the sweep, or 

the number of genes contained in a sweep according to their starting time. We inferred 

the selection strength, s, for each of our 57 candidate sweeps using s = r ln(2N)/α 

(Durrett and Schweinsberg, 2004), where N is the population size, r is the 

recombination rate, and α is a composite selection parameter estimated for each sweep 

region in SweepFinder2 (Nielsen et al., 2005). For each candidate sweep, we took α at 

the position of the largest CLR value from all ancient Eurasian populations. 

Recombination rates were estimated for each sweep using information from (Bhérer et 

al., 2017), and assumed a population size of 10,000 (noting that the estimation of s is 

robust to changes in population size due to the logarithmic transformation). Notably, 

estimating s based on SweepFinder2 α estimates tended to result in slightly lower 

values than expected (Figure S6C, S6D), suggesting that we have likely systematically 

underestimated the strength of selection for the candidate sweeps. 
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Using the five Late Pleistocene individuals to time the candidate sweeps suggests that 

the majority of candidate sweep haplotypes were at high frequencies by 35kya, 

suggesting frequent episodes of surprisingly strong selection following the arrival of 

Anatomically Modern Humans in Eurasia. Our estimates of s confirm that selection was 

strong, with 53 sweeps having s > 0.5%, 41 having s > 1%, with the largest value of s 

nearing 10%. The selection coefficients we observe are strong enough to drive new or 

initially rare mutations to a detectable frequency (i.e. > 90%) in only 3-4 thousand years 

for the strongest selection coefficients observed in our data, and within 10-20 thousand 

years for sweeps with the weakest selection coefficients (Figure S6A, S6B). Importantly, 

these estimates are likely lower than their true s values – the SFS-based approach of 

SweepFinder2 tends to underestimate s by about 20-30% (Vy and Kim, 2015), and 

selection from standing variation can lead to substantially narrower sweep regions also 

resulting in underestimation of s. Indeed, when comparing the inferred selection 

coefficients against the simulated values for the WHG and Anatolian_EF populations, s 

was consistently underestimated across the three different demographies and selection 

regimes, particularly when acting upon more recent standing variation (Figures S6A, 

S6B). Thus, our data are consistent with the observation of multiple sweep haplotypes 

at high frequencies within 20,000 years of the OOA dispersal. 

We also estimated the size of the sweep using d = -ln(1 - Pe)/α, where Pe is the 

probability of escaping the selective sweep at distance d (Nielsen et al., 2005). We 

assumed a probability of escape of 0.75 for all sweeps to compute the sweep sizes 

(Figure S5E). We did not observe any significant difference in sweep size or estimated 

selection coefficient across these age groups (ANOVA, p=0.9528 & p=0.6803, 

respectively), nor did the number of genes within each sweep region or subsequent 

gene density vary by age group (Kruskal-Wallis rank-sum test, p=0.6909 & ANOVA, 

p=0.4023, respectively). Thus, we do not observe any systematic change of selection 

pressure over time that would lead to different sweep sizes, nor do we observe any 
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change in the properties of the regions that contain the selected mutation (i.e. low gene 

density vs. high gene density regions). 

5.4. Testing if sweep timing is associated with reported evidence of positive 
selection 

Assuming that sweeps occurring more recently in time would also be more likely to be 

limited to a subset of ancient Eurasian populations, we tested if any of the sweeps that 

had been previously reported as regions showing evidence of positive selection were 

more likely to be older on average than sweeps that had not. For this analysis, we 

chose three studies with well defined and robust outlier detection methods that use 

different methods to search for evidence of positive selection: a study using a 

combination statistics using haplotype and site frequency spectra (Pickrell et al., 2009), 

a study testing allele frequency differentiation across different branches of the Eurasian 

ancestral tree (Racimo, 2016), and a recent machine-learning-based method (Schrider 

and Kern, 2017). Importantly, all studies were performed using the same 1000 genomes 

dataset (CEU) that was used as one of the modern European populations in the present 

study. For each of the three studies, we used simple permutation tests to examine if the 

age of the sweeps showing evidence selection are older than those without evidence for 

selection (permuting inferred sweep ages). We also tested if the dates are older for 

sweeps appearing in at least one of the three studies against those that did not. This 

was repeated for both of the 90% and 95% proph thresholds for the top 100 SNP 

markers (using lower numbers of SNP markers resulted in consistently older ages 

(Figures S5A-S5C), suggesting that they were too permissive and limiting the power of 

these analyses, and are not considered here). We observe that sweeps with evidence 

for positive selection from one or more of these three studies are consistently 

significantly older than those that are not (Figure S5H). Moreover, this pattern becomes 

more apparent when partitioning the sweeps by the number of studies in which the 

sweep has been reported, with the inferred age increasing according to the number of 

studies in which the sweep was observed (Figure 2). 
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5.5. Sweep sharing across populations 

We quantified the extent to which sweeps were shared across different populations by 

performing principal coordinate analysis (PCoA) on the set of 57 candidate sweeps. The 

PCoA analyses used a distance matrix that measures the amount of signal sharing by 

computing the Jaccard similarity coefficient between all pairs of populations. The 

resulting similarity coefficient, S, is defined as the number of significant sweep regions 

that overlap between two populations, divided by the total number of significant sweep 

regions that are significant in at least one of the two populations. A distance measure 

for each pair of populations is then defined as 1-S, whereby a distance of zero means 

that all the sweep signals in one of the populations overlap with signals in the other 

population (and vice versa) and a distance of one means that none of the signals 

overlap. We excluded sweeps that are entirely private to only one population since 

these signals are not informative about sweep sharing. The PCoA analysis was 

conducted using the pcoa function from the ape package in R (Paradis and Schliep, 

2019).  

To compare the clustering of candidate sweeps with patterns of population genetic 

differentiation, we performed a PCA analysis of the SNP data for each sample in the 21 

ancient and modern Eurasian populations. We used Plink v1.9 (Chang et al., 2015) to 

prune the SNP set by removing closely linked variants (settings: --indep-pairwise 500 kb 

5 0.5), and converted the resulting plink file to Eigenstrat PACKEDANCESTRYMAP 

format (Patterson et al., 2006; Price et al., 2006). The PCA was performed using the 

smartpca function with the noxdata, inbreed, numoutlier, and autoshrink options all 

enabled. The CEU, TSI, and FIN modern populations were used for the projection, with 

Eigenvectors defined. To visualize the population sweep and genetic relationships, the 

first two principal coordinates from the PCoA and the first two principal components of 

the PCA are plotted in Figure S1B-S1C. 
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The PCoA and PCA results show very similar clustering patterns, suggesting that the 

sweeps are more likely to be shared if the populations have close genetic relationships. 

In particular, we see three basic clusters forming amongst the ancient populations: 1) 

the two Hunter-Gatherer populations, 2) Early and Late Farmers (including Anatolia_EF) 

and 3) the Steppe and Late Neolithic/Bronze Age (LNBA) populations. Similar clustering 

patterns also appear when the sweeps are determined using less stringent q-value 

cutoffs (Figure S1D), suggesting that this is a robust signal. Further, the consistent 

population clustering observed between the PCoA and PCA remains when rerunning 

the latter after removing all SNPs contained in the 57 candidate sweeps (Figure S1E-

S1G), indicating that this pattern is independent of the sweeps. The clustering of Early 

and Late Farmers with Anatolia_EF, and Steppe with LNBA populations, both closely 

match previously described major colonization and genetic mixing events in European 

prehistory – i.e. the movement of Anatolian farmers ~8.5kya and Steppe pastoralists 

around 3kya (Skoglund and Mathieson, 2018) – and show that the resulting admixed 

European populations take a large proportion of their genetic ancestry, and their sweep 

signals, from the newly colonizing group. Further, the Caucasus_LNBA sit between the 

Anatolia_EF/Early Farmer/Late Farmer and Steppe/LNBA clusters, which is consistent 

with their likely descent from Caucasian Hunter-Gatherers (which are also ancestors of 

Steppe pastoralists) and the Late Farmer groups. Finally, the CEU populations also sit 

closer to the Steppe and LNBA populations, reflecting a strong genetic ancestry from 

this group. In contrast, both TSI and FIN form outliers in the PCA plot since they have 

very few of the 57 sweeps overall, whereby the PCoA results shown in Figures S1C and 

S1D excluded these two populations. Notably, both FIN and TSI populations have been 

shown to have ancestry from non-European groups that is not found in CEU individuals, 

which have a mixture of Northern and Western European ancestry (e.g. Near Eastern 

gene flow into ancestral Tuscans around 3kya (Fiorito et al., 2016; Pardo-Seco et al., 

2014);  and Siberian gene flow into ancestral Finns around ~3.5kya (Lamnidis et al., 

2018)). Thus, our results suggest that many of the sweep signals that have been 

preserved in CEU individuals have been eroded in TSI and FIN populations via these 
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additional pulses of admixture from populations where the sweep haplotype was 

uncommon or absent. 

5.6. GWAS enrichment in selected genes 

Information from the genome wide association study (GWAS) catalogue (EMBL-EBI, 

https://www.ebi.ac.uk/gwas/; (Buniello et al., 2019)) was used to test for potential 

associations between putatively selected genes and modern human diseases (Table 

S5). We created five different sets of genes by binning those with q-values less than 

0.01, 0.05, 0.1, 0.2, and 0.5 in at least one population. For these five gene sets, we 

tested if each was enriched for genes from GWAS catalogue relative to the remaining 

genes using a one-sided Fisher’s Exact Test. Gene sets with q < 0.01 and q < 0.05 had 

significantly more GWAS genes than expected  (p = 8e-6 and 0.016, respectively, Table 

S5), although only the q < 0.01 gene set remained marginally insignificant (p = 0.077) 

when excluding genes found in the MHC region (Table S5). 

6. Fst-based selection tests 
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To further investigate the validity of the 57 candidate sweeps, we tested if our sweeps 

were enriched with highly divergent SNPs amongst the 12 ancient Eurasian populations 

(i.e. those with neff ≥ 10) and a modern African population (i.e. YRI). We calculated Fst 

for each of the ~1.1M ascertained SNPs using the Weir-Cockerham estimator (Weir and 

Cockerham, 1984), then used OutFLANK to estimate the probability that each SNP was 

more divergent than expected under neutrality (based on fitting a χ2 distribution to Fst 

values from putatively neutral SNPs (Whitlock and Lotterhos, 2015)). Importantly, 

OutFLANK is robust to non-equilibrium demographic models (Whitlock and Lotterhos, 

2015), including rapid range expansions that are thought to have resulted in highly 

divergent alleles observed in modern human populations (i.e. through allele surfing; 

(Excoffier and Ray, 2008)). Applying the q-value correction to the p-values to control for 

multiple testing resulted in 29 of the 57 candidate sweeps having one or more SNPs 

with a q-value < 0.05, and 55 candidate sweeps having at least one SNP with a q-value 

< 0.20 (Figure S2F). We then tested if the SNPs found in each of the 57 candidate 

sweeps had significantly higher Fst values than background genome levels. 49 of the 57 

sweeps had significantly elevated Fst values relative to the remaining background 

genome (p < 0.05; Wilcoxon Rank Sum Test; Figure S2F), confirming that our sweeps 

were unlikely to be an artefact caused by non-equilibrium demographic processes such 

as allele surfing. 
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7. Pathway enrichment analysis 

To determine if positively selected genes were enriched within particular biological 

pathways in historical or modern populations, we developed a novel enrichment 

method, PolyLink (https://github.com/ACAD-UofA/PolyLink), and applied this to the 

log10-transformed, length-corrected gene scores. Unlike other gene set and pathway 

enrichment methods that require a predefined set of outlier genes – and therefore are 

contingent on an arbitrary threshold to determine outlier genes – our method follows the 

approach of a recent enrichment test, PolySel (Daub et al., 2013), by using the scores 

from all genes in quantifying evidence for pathway enrichment. The standard PolySel 

algorithm contrasts the sum of all genes scores within a given pathway to a null 

distribution that is generated by repeatedly summing the scores from the same number 

genes randomly sampled across the genome, with scores above a pre-specified 

threshold value taken as evidence for pathway enrichment. However, this method does 

not account for genomic linkage between genes within the same pathway, which could 

result in false positives; for instance, pathway enrichment may occur in situations when 

selection has targeted a single gene located amongst a cluster of genes belonging to 

the same pathway, resulting in the neighbouring genes also having larger scores 

despite not being under direct selection themselves. Hence, to generate a null 

distribution that explicitly accounts for genomic linkage we use the following modified 

randomization procedure: 

1. Gene scores are arranged linearly in each chromosome according to their 

chromosomal position, and chromosomes are randomly joined together 

(preserving 5’ to 3’ orientation). Note that the gene-poor Y chromosome is not 

used here (nor in any other test reported in this study). Specifically, the random 

joining of chromosomes is achieved by permuting the set of chromosome 

numbers (1 to 22) and then connecting the chromosomes according to this 

permutation.  
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2. Despite the large number of possible combinations of chromosomes – 

there are 22!, or greater than 1021, unique combinations of chromosomes – a 

large number of combinations preserve the assignment of gene scores to the 

same genes (e.g. wherever the chromosome permutation has at least one 

chromosome maintained in its original numerical position). To maximize the 

chance that unique gene assignments are achieved during each iteration of the 

randomization procedure, we perform a further ‘rotation’ of the gene scores 

subsequent to joining the chromosomes in step 1. Assuming that there are N 

genes, we randomly sample a number, x, between 1 and N. The gene score 

initially in position x is re-assigned to position 1, the score initially in position x+1 

is shifted to position 2, and so on until the score initially in position N takes 

position N-x+1; similarly the gene score initially in position 1 is now re-assigned 

to position N-x+2, the score initially in position 2 goes to position N-x+3 and so 

on until the score initially in position x-1 takes position N. 

This two-step randomization procedure can generate up to 22! x N (>1025 in the present 

case) unique mappings of gene scores to genes. In contrast to other algorithms that 

sample statistics at random from the genome, our null estimation procedure preserves 

the physical linkage inherent in each population and explicitly accounts for the genomic 

clustering specific to each pathway (i.e. by computing a null for each pathway rather 

than a single null for all pathways with the same number of genes). The trade-off is that 

this results in a considerable reduction in the speed of computation for the test, though 

optimization of the new algorithm was not a specific goal of the current study.  

7.1. Application of enrichment test to annotated pathways / gene sets 

To generate a comprehensive set of human biological pathways, we combined 

annotated pathways from four different widely-used databases, BIOCYC (Romero et al., 

2005), KEGG (Kanehisa and Goto, 2000), PID (Schaefer et al., 2009), and REACTOME 

(Fabregat et al., 2018; Schaefer et al., 2009), resulting in 1,859 unique pathways in 

total. To minimize redundancy amongst these pathways, we combined all pathways that 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 3, 2020. ; https://doi.org/10.1101/2020.04.01.021006doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.01.021006
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

55 

 

shared more than 95% of the same genes, resulting in a final set of 1,681 tested 

pathways. All references to combined pathways are highlighted in the text with an 

asterisk. We applied PolyLink to each population, repeating the randomization algorithm 

1,000,000 times to generate an empirical null distribution for each of the 1,681 

pathways, from which p-values were calculated. Following estimation of p-values for 

each pathway, we applied a q-value correction to control for multiple testing in each 

population (Storey, 2003), and report pathways that have a q-value < 0.05 in at least 

one of the 12 ancient populations with neff  ≥ 10 or one of the three modern European 

populations. This resulted in a total of 7 enriched pathways (Figure 5). 

Amongst the seven enriched pathways detected in the PolyLink analyses were a subset 

of genes that were shared across several enriched pathways (Figure S9A). Notably, 

after removing genes that were shared across multiple pathways, the distribution of Z 

scores for the remaining genes that were unique to one of the seven pathways still 

exhibited an inflation of large Z scores relative to null expectations (Figure S9B). This 

result suggests that pathway enrichment signal was at least partially driven by genes 

that are unique to particular pathways. 

7.2. Testing PolyLink performance 

We assessed the efficacy of the PolyLink permutation algorithm to control for false 

positives due to the genomic clustering of genes in specific pathways, which is the 

major difference from similar pathway enrichment methods, e.g. PolySel (Daub et al., 

2013). Specifically, we quantified the level of gene clustering in each pathway using a 

simple ratio (Ngenes – Nfictive) /  Ngenes, where the Ngenes is the total number of genes in a 

pathway and Nfictive is the number of ‘fictive’ genes in a pathway after accounting for 

clustering, and call this metric the pathway clustering index (PCI). Nfictive explicitly 

quantifies the reduction in the number of genes in a pathway caused by clustering. This 

is achieved by first ordering all genes in each pathway by their chromosomal position. 

For the first gene in each pathway, all neighbouring genes situated within 1 cM of this 
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gene are combined with the focal gene into a single fictive gene, and this process is 

repeated for all successive downstream genes, resulting in Nfictive ≤  Ngenes. 

Consequently, for a given pathway, Nfictive  obtains a minimum value of 1 when all genes 

in the pathway lie within 1 cM of the first gene (based on distance between gene 

midpoints) and a maximum value of Ngenes when no gene lies with 1 cM of any other 

gene in the pathway. Accordingly, pathways with no clustering have a PCI of 0, and 

those with successively more clustering approach a maximum PCI value of ~1.  

Notably, the PolyLink randomisation procedure produces highly similar p-values to a 

standard algorithm permuting gene scores randomly across the genome, particularly 

when gene clustering is low (0 ≤ PCI < 0.1; Figure S9A). However, the standard 

randomisation algorithm tends to result in increasingly more outliers than the PolyLink 

procedure for increasing PCI values, consistent with an elevated FPR in the former due 

to gene clustering in pathways. The fact that the two randomisation approaches have a 

1:1 correspondence in their p-values for low PCI levels indicates that PolyLink 

procedure is effectively equivalent to randomly permuting gene scores when gene 

clustering is negligible. As clustering levels increase, however, the PolyLink procedure 

imposes an increasingly hefty penalty to large pathway scores, limiting the potential for 

false positives due to gene clustering. 

8. Inferring putative selection pressures 

Many of the sweeps in the Palaeolithic period carry genes that suggest humans faced a 

host of new metabolic and physiological challenges, caused by sustained low 

temperatures which were encountered following the peopling of Eurasia. Two of the 

single function sweeps that arose by 35kya contain genes are both involved with fat 

metabolism, which plays an essential role in thermogenesis (WWOX and CAND1). 

Functional evidence suggests that WWOX is directly involved in metabolising brown fat, 

high-density lipoprotein (HDL), and glycogen (Chang, 2016; Teng et al., 2013), whilst 
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CAND1 has been previously shown to regulate lipid droplet formation and preadipocyte 

differentiation (Dubiel et al., 2015). Experiments have demonstrated that brown fat 

metabolism and adipogenesis are increased under cold conditions (van den Berg et al., 

2017; Bourque et al., 2008).  

Previous studies have also shown that cold environments can lead to neuropathy 

through a number of different mechanisms, some of which involve genes identified in 

our sweeps. For example, in vivo experiments in amphibians and mammals show that 

hypothermic conditions trigger excessive electrochemical signaling in spinal cord 

neurons, leading to imbalances in neuronal ionic composition and cell death (Daló et al., 

2007; Li et al., 2015). NFASC and DOK5 may have preventative roles in this context: 

NFASC produces an adhesion molecule required to maintain tight junctions with 

neighbouring cells that form a barrier, whilst DOK5 regulates neuronal differentiation. 

These processes are required for protection against and repair from hypothermic-

related nerve damage, respectively (Ango et al., 2004; Goudriaan et al., 2014; Grimm et 

al., 2001; Spencer et al., 2019). Similar protective effects may also be conferred by 

TMEM100 and MPP6, which are needed to maintain interactions between temperature-

dependent ion channels (such as TRPA1 and TRPV1, which together influence 

sensitivity to heat and cold) and facilitate myelination plus cytoskeletal maintenance of 

neuronal cells, respectively (Chung and Wang, 2011; Yu et al., 2019). 

Taken together, our overall interpretation of these results suggests that climatic factors 

encountered by humans during the Upper Palaeolithic triggered a range of adaptive 

responses for core metabolic and neuronal functions. However, we emphasise that 

these interpretations remain speculative and further functional studies are needed to 

validate our findings. 

8.1. Palaeolithic temperature gradient 

To investigate the magnitude of the temperature gradient Palaeolithic populations would 

have experienced as they migrated into Eurasia during Stage 3 – the period between 
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60kya and 27kya during the last glacial cycle – we interrogated a number of proxy-

based and climate modelling datasets (Brandefelt et al., 2011; Huntley et al., 2013; 

Kjellström et al., 2010; Van Meerbeeck et al., 2011; Voelker, 2002). Most relevant here 

are fully coupled atmosphere-ocean global climate simulations using the Community 

Climate System Model (or CCSM3) incorporating land-surface model and sea-ice 

components, which have been used to generate global and regional reconstructions 

(Brandefelt et al., 2011; Kjellström et al., 2010). Here, globally mean annual mean 

surface temperatures have been found to be 5˚C cooler during Stage 3 (centered on 

44kya) compared to present-day but warmer than the Last Glacial Maximum, consistent 

with other modelling (Van Meerbeeck et al., 2011) and proxy (Voelker, 2002) studies. 

Mean annual mean surface temperatures (January-December) were compared over 

north Africa (15-30˚N) and central Europe (40-50˚N) and found to be ~5˚C cooler in the 

north during Stage 3. Similar temperature differences were experienced during the 

boreal summer (July-September) and winter (January-March). These temperature 

estimates, however, should be considered conservative, with a larger gradient likely 

between 55-50kya during the time Anatomically Modern Humans migrated out of Africa 

(O’Connell et al., 2018; Timmermann and Friedrich, 2016). 

8.2. Adaptation of proteins found the cellular membrane 

The cellular membrane is the location of many proteins targeted by pharmacological 

treatments, whereby we tested if there is an overrepresentation of selected genes 

coding for proteins located in this region. We determined the cellular location of each 

protein using information downloaded from the Human Cell Atlas Database (Thul et al., 

2017) (HCAD; dataset: https://www.proteinatlas.org/search/has_protein_data_in:cell). 

After assigning out a gene to one of these categories, we performed PolySel analyses 

on the 31 named pathways that contained at least 10 genes. Amongst the three cellular 

membrane based categories – Plasma membrane, Cell junctions, and Focal adhesion – 

the first two were enriched consistently (p < 0.05) across multiple populations (Figure 

S10). Further, when ranking the cell location categories according to which had the 

.CC-BY-NC-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 3, 2020. ; https://doi.org/10.1101/2020.04.01.021006doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.01.021006
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

59 

 

highest -log10 transformed p-values summed across all populations, the top-ranked 

category was Cell junctions, with Plasma membrane ranked 4th. Surprisingly, the Focal 

adhesion category defined in HCAD did not show any enrichment across populations; 

however, the Focal adhesion pathway defined in KEGG (Kanehisa and Goto, 2000) was 

amongst the outliers in our pathway enrichment analysis. Only a handful of genes were 

shared between the two pathways, suggesting that this discrepancy was due to 

differences in the annotation process between the two databases. 
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SUPPLEMENTARY FIGURE TITLES AND LEGENDS 

Figure S1. Selective sweeps mirror western Eurasian population history. (A) Full 

geographic distribution of ancient Eurasian samples, including the far eastern Eurasian 

samples omitted from Figure 1, with different populations (indicated by colored symbols) 

classified into broader groupings according to archaeological records of material culture 

and lifestyle. (B) PCA analysis showing the genetic relationships between the different 

populations used in this study; (C) PCoA analysis depicting how the candidate sweeps 

(q < 0.05) are shared across the different ancient populations and one modern 

population (CEU); (D) PCoA analysis depicting how the candidate sweeps (q < 0.1), the 

close match between the genetic affinities and sweep clusters indicate that admixed 

populations (i.e. Early Farmers: EF, Late Farmers: LF, Late Neolithic/Bronze Age: 

LNBA, and Modern Europeans: CEU) retain sweeps reflecting their population ancestry. 

Populations that lack sufficient data to reliably detect sweeps (i.e. those with neff < 10) 

are not shown. The results are highly consistent with patterns observed for the 57 

candidate sweeps (panel C), indicating that the sweep sharing patterns are robust to q-

value threshold. (E) PCA using the full autosomal genomic data (~1.1M SNPs), using 

modern European samples to define the PCA space and projecting ancient samples 

after accounting for PCA shrinkage; (F) PCA using all SNPs other than those SNPs that 

overlap any sweep region; (G) The two PCAs with and without sweep SNPs projected 

onto the same plane defined by the first two PCs, with arrows signifying the spatial shift 

of each sample due to the removal of the sweep regions. The consistency between the 

two PCAs indicates that population patterns are independent of the candidate sweep 

signals. 

Figure S2. Sweep detection pipeline quality controls. (A) Distribution of gene scores 

across all populations. The standardisation process results in gene scores that are 

approximately standard normal distributed (i.e. Z scores, expected distribution = red 

line), though deviations become more evident as the effective sample size, neff (a 

measure of sample size that accounts for pseudo-haploidy and missing data; see 
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Material and Methods), declines below 10 (neff values shown in panel header in square 

brackets). (B) Distribution of p-values for each gene, across all populations (see 

Material and Methods). The observed J-shaped distribution is consistent with 

populations containing a mixture of unselected genes, which have a standard uniform 

distribution, and selected genes which cluster at low p-values. Deviations from 

expectations become more notable as the effective sample size, neff, declines below 10 

(see panel labels). (C) Quantile-Quantile plots of simulated gene scores vs. 

expectations from a standard normal distribution for four different populations (panels) 

and three different demographic scenarios (coloured lines, see panel key; demographic 

models in Figure 3). (D) Same as panel C, but showing results for simulated genetic 

datasets at three different recombination rates. Echoing our results in panels A and B, 

the simulation population with low neff (i.e. WesternEurope_LNBA) had drastically 

reduced detection power. Importantly, the simulated gene score distributions closely fit 

theoretical expectations indicating that our analytical pipeline is robust to different 

demographies, recombination rates, and other potential biases introduced by ancient 

genomic data properties. Power was also lower for WHG despite having a reasonably 

large neff, potentially as a result of the lower effective population size and elevated drift 

that has been inferred for WHG populations relative to Early Farmers. (E) The 

frequency of sweeps across populations according to different q-value thresholds. 

Sweeps were defined by grouping together genes within 250kb, 500kb, or 1Mb (i.e. join 

width) of each other that fell under a specific q-value threshold (see key). The ‘x’ 

indicates how many of the sweeps defined at q < 0.10 and join width of 1Mb overlapped 

with the 57 candidate sweeps. Populations are split into two groups based on whether 

they had sufficient data to make robust inferences (neff ≥ 10 = ‘Large’) or not (neff < 10 = 

‘Small’) (see Material and Methods). (F) Distribution of Fst scores – evaluated for the 13 

ancient western Eurasian populations (those with neff ≥ 10) and a modern African 

population (YRI) – at each SNP within the 57 candidate sweeps (red or grey violins) vs. 

the remaining genomic background (blue violin). More than half (29/57) of the candidate 
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sweeps contained significantly divergent SNPs (q < 0.05, large black dots; see Material 

and Methods), and nearly all (55/57) contained strongly divergent SNPs (q < 0.20, small 

black dots). Further, 49 of the 57 sweeps had significantly higher Fst scores than the 

remaining genomic background (Wilcoxon Rank Sum Test p < 0.05; significant = red 

violins; not significant = grey violins), consistent with elevated divergence in the 

candidate sweep regions resulting from positive selection.  

Figure S3. The Z-scores for all outlier genes in candidate sweeps. Gene scores 

observed amongst the 57 candidate sweeps (y-axis), for all modern and ancient 

populations (x-axis). Populations are organized chronologically according to broad 

archaeological categorizations, with populations that had insufficient data for robust 

inferences labelled as ‘Small’ (i.e. neff < 10). Sweeps and genes are organized by 

chromosomal position. Outlier genes are indicated with a specific symbol according to 

their q-value (0.05≤q<0.10 = *; 0.01≤q<0.05 = **; q<0.01 = !). 

Figure S4. Candidates sweep robustness under different population sample 
groupings. (A) The Z-score for each gene amongst the 27 sweeps (y-axis) observed 

for WHG and Steppe populations, using two different sample groupings for each 

population (see Table S1 and Material and Methods). Sweeps and genes are organized 

by chromosomal position. Outlier genes are indicated with a specific symbol according 

to their q-value (0.05≤q<0.10 = *; 0.01≤q<0.05 = **; q<0.01 = !). Importantly, while 

changing the sample grouping of the WHG and Steppe populations resulted in some 

different sweeps being detected for each, 19 of the 27 sweeps were observed 

regardless of which sample grouping was used – 12 were observed in both sample 

groupings and the remaining 7 were observed in one or more population other than the 

WHG or Steppe. (B) Distribution of gene scores for two alternate sample groupings for 

the WHG and Steppe populations (see Table S1 and Material and Methods). The gene 

scores are strongly correlated (Pearson’s r = 0.82 and 0.64 for WHG and Steppe, 

respectively), though outliers (q < 0.01) differ between the alternate sample groupings. 
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Nonetheless, the shared ancestry amongst the ancient western Eurasian populations 

means that a similar set of outlier sweeps were observed using either grouping, as the 

sweep signals tend to be observed across multiple ancient populations (see Figures S5, 

S6, S24). Our results imply that the shared genetic history and large number of ancient 

populations used in this study improve the chance that a sweep will be observed and 

thereby impart a degree of robustness to the sweep detection process. 

Figure S5. Candidate sweep history and properties. (A) Scatter plot showing the 

proportion of marker alleles characterising each sweep (separate panels) that are 

carried by each of the ancient samples (dots). Samples are coloured by the sweep 

significance in their designated population (see key; ‘Other’ indicates that the sample 

was not one of the 18 ancient populations, ‘<50%’ means that the sample had less than 

50% of the marker SNPs and was subsequently excluded from the further analyses of 

that sweep). African (YRI) and East Asian (CHB) populations are included for 

comparison. For each sweep, the proportion of selected alleles present in each sample 

was regressed against sample age (grey line, shading denotes the estimation error). 

The vertical grey dashed line indicates the time that the fitted regression curve 

decreases below the maximum proportion – approximating when admixture first impacts 

the selected haplotype. The average frequency of the haplotype is also plotted across 

successive time intervals (green dots and lines; see Material and Methods). The 

selected haplotype was considered to be present if a sample had at least 90% (light 

green) or 95% (dark green) of the 100 marker SNPs characterizing the selected 

haplotype (number of marker SNPs in each sweep shown in square brackets in the 

panel label). The green dashed line indicates the age of the oldest sample observed to 

have 95% of the sweep haplotype alleles, which approximates when the sweep began. 

The shaded intervals indicate the approximate onset of three different time periods of 

intensive admixture in European history (blue = Anatolian farmer migration, gray = 

Steppe migration, red = Classical era). (B) Identical to panel A, but now using 50 or (C) 

30 marker alleles to characterize the selected haplotype for each sweep. (D) The 

number of sweeps that are shared between the three major historical groups that 
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contribute ancestry to modern Europeans (i.e. WHG, Anatolia_EF, and Steppe), 

organised by the inferred origin of the selection pressure. Dates were determined by 

observation of the oldest sample having at least 90% (top panel) or 95% (bottom panel) 

of (up to) 100 marker SNPs carried by the selected haplotype. Most dates first occur in 

one of five moderate to high coverage genomes dating to the early Paleolitic (see 

Material and Methods). No sweeps are observed in all three of the ancestral populations 

after 35ka. Sweeps occuring in all three populations suggest that the underlying 

selection pressure may have arisen in the common ancestor(s) for all three populations. 

Accordingly, sweeps occurring prior to 35ka are described throughout the text as 

‘Ancestral Western Eurasian’ sweeps. (E) The relationship between the properties of a 

sweep and the earliest evidence for selection in that region from haplotype analysis of 

five Late Pleistocene individuals (see Figure 2). The size and strength of selection for 

each sweep region was determined using the compound selection parameter α inferred 

by SweepFinder2 (see Material and Methods). Neither (a) the size of the sweep, (b) the 

number of significant genes in the sweep region, (c) the gene density, nor (d) the 

selection coefficient, change significantly with the earliest evidence of selection (all p > 

0.05). (F) Same as Figure 2B, but results are shown for the time of decrease estimated 

using three different marker SNP counts – 30, 50, and 100; see panels A to C. (G) 

Same as Figure 2C, but results are shown for dates derived from different combinations 

marker SNP count (30, 50, 100) and proportion of inferred selected alleles present 

(>90% and >95%). (H) Same as 2D, however the sweep presence is shown for all three 

studies (0 = not reported in any study, 1 = reported in one study, >2 = reported in two or 

more studies) and also each individual study separately (0 = sweep not significant, 1 = 

sweep significant) and for 90% and 95% sweep haplotype affinity (see Material and 

Methods). 

Figure S6. Estimating sweep strength and fixation time properties. (A) Time to 

fixation for a beneficial de novo mutation for 1000 forward-in-time simulations at each of 

four different selection coefficients, s, ranging between 1% and 10% (see Material and 

Methods). The beneficial de novo mutation arises at time zero and the simulations are 
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conditioned on the fixation of this allele. We assume a generation time of 30 years and 

a single randomly mating population of 10,000 diploid individuals. The red dashed line 

indicates the expected time to fixation for a beneficial de novo using an analytical 

formula. (B) Same a panel A, but the beneficial allele starts at a frequency of 0.1% at 

time zero. (C) Estimation of the selection coefficient, s, for simulated sweeps from de 

novo mutations and (D) rare standing variation. Simulations were performed with two 

different selection start times (see key). The simulated s is shown as a triangle and the 

inferred values depicted as coloured circles (see Material and Methods). Estimated s 

values behave reasonably well for simulated s = 1%, though tend to be systematically 

downwardly biased for s values of 5% and larger – particularly for recently selected 

standing variants – suggesting that the selection coefficients reported for most of the 57 

candidate sweeps are also probably underestimated. 

Figure S7. Inferring sweep detection pipeline statistical power. Same as Figure 4, 

but showing results for selection acting on (A) de novo and (B) rare beneficial variants 

initially at 0.1% frequency and now including power estimates for Western Hunter 

Gatherers (WHG) for a demographic model without any admixture events (see Material 

and Methods). Power tends to be lower when selected acts on standing variation 

(though not at 1% starting frequency, where the selected allele is not always fixed at the 

time of sampling), and is systematically decreased for the for simulations that include a 

30% admixture pulse 4kya before sampling relative to those lacking this admixture 

event (i.e. models M2 and M3 in Figure 3B, respectively).  

Figure S8. Effect of small sample size and missing data on sweep detection. (A) 

The frequency of sweeps across populations relative to the effective sample size for 

each population. Horizontal panels show different q-values used to determine the outlier 

sweeps. Notable decreases in the number of observed sweeps occur for small 

populations (i.e. neff < 10; gray dots) and also modern European populations (blue dots). 

(B) The frequency of sweeps relative to effective sample size, neff, across an ancient 

(red dots) and a modern (blue dots) population resampled to smaller effective sample 
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sizes (the number of samples per population, n, is indicated in labels next to each point, 

with the resulting neff on x-axis). Horizontal panels show different q-values used to 

determine the outlier sweeps. There is a general tendency for the number of detected 

sweeps to decrease with smaller neff, particularly for less stringent q-value cutoffs where 

stochasticity is less likely to be a factor. Importantly, the number of detected sweeps 

always remains smaller for the modern population relative to the ancient population for 

comparable neff values, indicating that the lack of sweeps in modern populations is 

unlikely to have been a sample size artefact.  

Figure S9. Evaluating the Performance of the PolyLink enrichment algorithm and 
the contribution of mutually exclusive gene sets to the enriched pathways. (A) 

Performance of the PolyLink randomisation method used to control for genomic 

clustering of pathway genes (y-axis) relative to a standard permutation algorithm (x-

axis). Clustering is measured via an index that ranges from 0 (i.e. no gene in the 

pathway sits within 1cM of another gene) to 1 (i.e. all genes are within 1cM from the first 

gene ordered by chromosome position). When gene clustering is low, both algorithms 

perform similarly; however, the standard permutation algorithm tends to result in 

increasingly more outliers than the clustering-sensitive algorithm as clustering 

increases. Importantly, the p-values are linearly correlated between the two approaches 

at low clustering levels, indicating that clustering-sensitive randomization method is not 

underpowered when clustering is low. (B) Upset plot showing the number of genes in 

each mutually exclusive combination of the seven enriched pathways identified using 

the PolyLink pathway enrichment algorithm (see Material and Methods). In contrast with 

the other enriched pathways, all four collagen-related pathways lack pathway specific 

genes, and also share genes with multiple other collagen pathways, whereby they can 

be considered as a single pathway. (C) Distribution of the Z-scores for all mutually 

exclusive gene sets from the enriched pathways (red bars), with the four collagen 

metabolism pathways considered as a single pathway (CM; other pathways also 

referred to by the initial letter in the first two words in each pathway name), relative to 

expectations under the null (i.e. standard normal distribution; grey bars). Note that 
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observed gene scores are consistently skewed toward larger values across all mutually 

exclusive gene sets, including gene sets unique to each specific pathway (i.e. CM, FA, 

PD, RL). This suggests that the enrichment signal for each pathway comprises a 

component that is based on pathway-specific genes, and is not solely driven by 

selection on genes that are shared across pathways. 

Figure S10. Enrichment analysis of selected genes based on the location of the 
associated protein product within the cell. Genes were assigned into categories 

according to information from Human Cell Atlas Database, and tested for enrichment 

using PolyLink. The categories were ranked according to which had the highest -log10 

transformed p-values summed across all populations, with the 1st and 4th ranked 

categories both being situated at the cell membrane.  
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SUPPLEMENTARY TABLES AND DATA FIGURES TITLES AND LEGENDS 

Table S1. Full set of metadata for all ancient western Eurasian sampled 
considered in this study. Data includes sample ages, geographic locations, as well as 

associated cultural and historical affinities for each individual. This information was 

combined with genetic relationships between the samples in order to categorise the 

populations used in this study. 

Table S2. List of 57 outlier sweeps at q-value < 0.01. Each sweep is labeled 

according to its genomic location and by the first gene present within the selected 

haplotype. Additional information for each sweep includes the likely origin of selection 

(according to their earliest presence in ancient west Eurasian samples), the inferred 

timing of the first impact of admixture on the selected haplotype, and previous published 

evidence of the sweeps in three recent studies of positive selection on modern 

European genomes. The full list of outlier genes present in each sweep are also 

included in the last column. Sweeps listed in bold italics contain either a single gene or 

multiple genes of the same function, which were used to tentatively infer potential 

historical selection pressures in western Eurasia. 

Table S3. Full list of the 1,800 annotated pathways tested using the PolyLink 
enrichment method. The dataset was compiled from annotated pathways obtained 

from BIOCYC, KEGG, REACTOME, and the Pathway Interaction Database (PID). 

Enrichment tests were performed on genes from each of these pathways to help infer 

potential functions coming under selection in western Eurasian prehistory. 

Table S4. Protein cellular location enrichment. All genes were assigned to one of 33 

categories based on the cellular location of their protein product as reported in the 

Human Cell Atlas Database (HCAD). The number and proportion of genes found in 

each cellular location are shown for each of the seven enriched pathways, and for the 

combined genes from all enriched pathways, the combined genes found in candidate 

sweeps, and all genes shared with the HCAD. 
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Table S5. Testing for enrichment of GWAS loci in selected genes. Fisher’s Exact 

Test was used to test if the proportion of GWAS hits in each gene set was significantly 

larger than for the remaining genomic background. Separate tests were conducted for 

each gene set with or without genes from the MHC locus, for q-value thresholds ranging 

from 0.01 to 0.5 for the observed sweep signals.  

Table S6. Mappability test of sweep regions. The proportion of mappable nucleotides 

falling within each of the 57 candidate sweep windows relative to the rest of the 

genome. All sweeps contain at least 96% mappable SNPs, indicating that they are 

unlikely to be alignment artefacts. 

Supplementary Data Figures 1-57. Composite likelihood ratio (CLR) scores (grey line) 

as a function of genomic coordinates (x-axis) for the top 57 candidate sweeps. Genes 

within the sweep region are represented by colored boxes, with the color intensity 

indicating their Z-scores. For each sweep, up to 10 genes with q-values less than 0.01 

are named. If more than 10 genes have q-values < 0.01, then the 10 genes with the 

highest aggregate Z score across all populations are reported. The SNP marker weights 

used to determine the selected haplotype for each sweep are shown in the top panel, 

with the SNPs used for the top 30, 50, and 100 markers indicated in the key. 

Supplementary Data Figures 58-114. HaploImages for each of the 57 candidate 

sweeps (q-value < 0.01). The images depict the pseudo-haplotype calls at each locus in 

the sweep window and flanking region, for each population used in this study. Majority 

alleles, i.e. those alleles most likely to be associated with the sweep, are shown in 

yellow, and minority alleles in black, with missing data being white. Only individuals with 

no more than 50% missing data are shown. In addition to the populations scanned for 

sweeps using SweepFinder2, haplo-images for five Late Pleistocene Eurasian AMH 

samples (Ust'-Ishim, Kostenki14, GoyetQ-116, and El Mirón) were also included to help 

determine the earliest timing of the selection pressure for each sweep. Note that only 

Ust'-Ishim had sufficient coverage to make diploid calls (i.e. both alleles are present at 

each locus), whereas the four remaining samples use pseudo-haploid calls. 
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