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Abstract 

The genetic basis for differences between humans lies at those DNA bases that vary between 

individuals. Comparative genomics is a powerful tool for dissecting the functions of genomes 

by comparing the genomes of divergent organisms to identify functional regions. However, 

much of the functional signals in mammalian genomes are non-coding and evolving rapidly 5	
  

leading to population-specific differences. Here, we use a sensitive genome-wide measure of 

human genetic differentiation between global populations to detect differences associated 

with complex traits. Highly differentiated genomic regions were associated with regulatory 

elements and morphological features. We observed variation in allelic differentiation between 

populations at tissue-specific expression quantitative trait loci (eQTL), with greatest effects 10	
  

found for genes expressed in a region of the brain that has been linked to schizophrenia and 

bipolar disorder. Consistent with this, genome-wide association study regions also showed 

high levels of population differentiation for these diseases suggesting that loci linked to 

neurological function evolve rapidly. Clear differences for genetic structure in populations 

were observed for closely related complex human phenotypes. We show that the evolutionary 15	
  

forces acting at pleiotropic loci are often neutral by comparing directional effects of traits 

under selection. Our results illustrate the value of within species comparisons to 

understanding complex trait evolution.  

 

Author Summary 20	
  

Differences in genome sequence, both within and between populations, are linked to a wide 

spectrum of morphological, physiological and behavioral differences between humans. Many 

of these observed differences are considered ‘complex’ – meaning that they are encoded in 

the genome at many locations. By comparing variation in DNA bases between populations, to 

genomic regions for complex traits, we can gain insights into differences in the evolutionary 25	
  

trajectory of different types of complex traits. Here, we use a sensitive method to quantitate 

genetic differences between the major human populations. Although certain diseases are 

closely related, they can show distinct patterns of genetic differentiation between populations. 

Certain regions of the genome are more distinct between populations, including regulatory 

regions, particularly those linked to changes in the number of genes expressed in the brain, 30	
  

and those involved in types of neurological disease. 

 

 Introduction 
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An overarching goal of genomics is to understand how the genome sequence encodes 

phenotypes. Comparative genomics, based on examining evolutionarily constrained 

sequences, have been instrumental in identifying those genic features of mammalian genomes 

conserved over millions of years. In recent years, the comparative approach has allowed for a 

broadened understanding of the genetic and molecular basis for phenotypic differences 5	
  

amongst populations [1–3].  

 

In recent years, it has become increasing clear that the vast majority of genetic signals causal 

for phenotypic variance locate to non-protein coding regions [4]. However, these regions are 

challenging to study due to their rapid evolution, which hampers the unambiguous alignment 10	
  

of sequences from different species for inferring common function. For instance, only 10-

22% of lineage-specific transcription factor (TF) binding events are conserved between 

human and mouse and only ~20% of mouse TF binding sites have orthologs in humans [5,6]. 

Here, we use a population genetics approach to understanding phenotypic differences in 

humans at complex traits. By comparing between human populations, it is possible to 15	
  

examine human-specific genetic variants and capture rapid evolutionary changes between 

populations.  

 

There has long been an interest in understanding selection and adaptation in modern human 

populations [7,8]. Many disease, anthropomorphic, and behavioral phenotypes that vary 20	
  

within human populations are complex, in that they are determined by a combination of 

alleles at a large number of independent loci, as well as non-genetic factors. The process of 

global colonization by humans has played an important role in shaping current patterns of 

genetic diversity, both within and between population groups. Therefore, it is reasonable to 

assume that differences between populations in such phenotypes will partially be explained 25	
  

by geographic variation in trait loci and allele frequency [9–11]. The recent availability of 

high-density genetic information allows us to infer relationships between human populations 

and, through this, gain an understanding of past demographic events [12]. 

 

The classical selective sweep model in which a new advantageous mutation arises, and 30	
  

spreads quickly to fixation due to natural selection is often termed as ‘hard-sweep’ [13]. 

Under this model, neutral variation near a selective site ‘hitch-hikes’ along with the favored 

allele. This impacts patterns of variation around the selected site in ways that can be detected 

using a variety of tests of selection [7]. However, there are two slightly different scenarios 
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that both contrast with the standard hard sweep model. In one scenario, due to a change in 

selection standing variation becomes selectively favored, resulting in changes in allele 

frequency. In the second scenario, multiple independent mutations at a single locus are all 

favored, and all increase in frequency simultaneously until the sum of the frequencies is 1. If 

the favored alleles were all similarly advantageous, then typically none of the favored 5	
  

mutations would fix during the selective event. Both scenarios tend to be more difficult than 

hard sweeps to detect using standard tests of selection, and are typically termed ‘soft sweeps’ 

[13].  

 

Allelic flux not due to non-adaptive forces also plays a key role in shaping phenotypic 10	
  

diversity within and between populations and species [14,15]. Herein, we use a sensitive 

method based on principal components that accounts for differences in allele frequencies at 

genetic variants. Using this metric, we interrogated complex phenotypes such as gene 

expression, anthropomorphic, behavioral and disease traits, where observed phenotypic 

differences could be due to genetic drift, population demography or natural selection.  15	
  

 

Highly differentiated genomic regions were associated with regulatory elements and 

morphological features. Variation in allelic differentiation was observed between populations 

at tissue-specific eQTLs. The highest levels of differentiation were observed at brain-related 

eQTLs in genomic regions associated with psychiatric diseases. Indeed, increased genetic 20	
  

differentiation between populations were also observed at bipolar disorder- and 

schizophrenia-associated loci compared to other diseases suggesting that loci linked to 

neurological traits have evolved rapidly among human populations. Interestingly, clear 

differences in the polygenic signatures of trait evolution can be observed between related 

complex human phenotypes after accounting for differences in the evolutionary rates of 25	
  

different genomic regions. Finally, genetic differences at loci shared between selectively 

constrained complex traits are often indistinguishable from genome-wide expectation 

suggesting that evolutionary forces acting at pleiotropic loci are mostly neutral.  

 

Results and Discussion 30	
  

We used principal component analysis (PCA) to devise a measure that reflects allelic 

differentiation between major extant human populations using the 1000 Genomes Phase 3 

dataset (Methods). This method is most similar to those described by [16,17]. Each variant is 

scored based the orthogonally transformed genotype using the dot product of the PC loading 
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and the standardized genotypes (termed the ‘PC score’)(n=~12 million SNPs) 

(Supplementary Figure 1A, 1B, 2). Our final measure, which we term d (Supplementary 

Figure 1C), corresponds well to the common measure of genetic differentiation – the FST 

index (Supplementary Figure 1D). The method differs from the popular FST measure in 

several ways. i) Population differences are measured concurrently in a single framework 5	
  

reflecting evolutionary radiation rather between two groups. ii) Population structure was 

defined using over 800,000 SNPs. iii) The method avoids biases in the pre-specification of 

population groups. iv) The measure covered the genome at over 12 million SNPs, allowing 

quantitative assessment of evolutionary change at complex trait loci. 

 10	
  

Using this metric, we observed strong correspondence at previously reported regions that are 

highly differentiated between populations [10,18](FIG 1A-B). These regions include skin and 

hair pigmentation genes in SLC24A5 and SLC45A2 responsible for light skin in Europeans, as 

well as immune and metabolic genes. 

 15	
  

We first performed high-level comparisons between functionally annotated regions and 

between loci associated to Mendelian traits and diseases. We then focused on quantifying 

genetic differentiation at complex traits.  

 

Coding regions are the least genetically differentiated between populations while regulatory 20	
  

elements show the most structure  

We partitioned the genome by functional annotation categories which include protein-coding 

regions, introns, 5’ and 3’ untranslated regions (UTRs), repeats-containing regions as well as 

enhancer and promoter locations inferred by eRNAs and ChIP-seq of transcription factor 

binding sites (TFBS) and chromatin marks in a number of cell types [19]. Compared to the 25	
  

genome-wide median, population differentiation was significantly enriched at loci marking 

weak enhancers, defined by histone modification patterns [20] and, as expected, significantly 

reduced near protein-coding regions (permutation p<0.05) (Supplementary Figure 3). A 

high level of genetic structure in regulatory elements is consistent with the fast evolutionary 

turnover of TF binding sites across species [5,6].  30	
  

 

Highly differentiated region are enriched at morphological features 

We ranked all variants by the degree of genetic differentiation and examined the top 10,000 

most differentiated variants (0.08%) for functional enrichment of human phenotypes. 
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Genotype-phenotypes associations from the Online Mendelian Inheritance in Man (OMIM) 

database were used to predict the function of putative cis-regulatory regions underlying our 

variant test set. Variants were coupled to genes based on genomic distance (Methods). We 

observed enrichment of OMIM annotations for skeletal structure, hair patterning, facial 

morphology and glucose metabolism (binomial and hypergeometric tests, 5	
  

FDR<0.05)(Supplementary Figure 4).  

 

Brain and immune-related eQTLs show greater population differentiation compared to the 

eQTLs of other tissues 

Changes in gene expression underlie many phenotypic differences between organisms [21]. 10	
  

Across mammalian species, the rate of gene expression evolution varies between organs and 

lineages [22]. Genetic variants that effect expression levels are known as expression 

quantitative trait loci (eQTLs). Using eQTLs from the GTEx dataset (V6) comprising of 

individuals from several distinct populations, where most individuals were of European 

Americans descent (84%), with smaller proportions of African Americans (13%) and Asians 15	
  

(1%), we compared the mean d value at eQTLs taken from the GTEx database across 44 

tissues derived from 449 donors and 7,051 samples in total. 1000 Genome variants were 

overlay with eQTL SNPs and an average d value was calculated on a tissue-specific basis. 

Permutations were used to assess the significance of the mean d value by sampling an 

equivalent number of eQTLs across the genome matched for MAF and distance to TSS. This 20	
  

procedure was repeated 1,000 times to calculated an empirical two-tailed p-value. 

 

The extent of overall population differentiation at eQTLs varies between tissues with the 

highest level of genetic differentiation observed at brain- and immune-associated eQTLs, with 

the most difference observed at the anterior cingulate cortex (FIG 1C). By contrast, lung 25	
  

associated eQTLs were the least differentiated.  

 

Across mammals, changes to the expression of conserved genes are slower in nervous tissues 

compared to other tissue types [22]. However, in humans, conserved non-coding regions 

show accelerated evolution near neuronal genes [23], and recently-acquired brain 30	
  

development genes also display accelerated sequence changes [24]. To compare brain eQTLs 

versus eQTLs identified in other tissues, we calculated the median d values at eQTLs for 

genes expressed in each tissue and compared between grouped brain and non-brain-associated 

tissues. Our results revealed increased allelic differentiation at brain eQTLs (Mann-Whitney-
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U test p=2.2×10-4). Similar findings were observed at human-specific brain eQTLs (Mann-

Whitney-U test p=8.5e-3). These were determined by sequence alignment of the human and 

chimpanzee genomes (Methods).  

 

We also sought to determine whether more genetically differentiated eQTLs were associated 5	
  

with greater variability in gene expression levels. We measured median variability in gene 

expression of genes expressed in each tissue using the coefficient of variation (CV) for 

normalized read counts form individuals in the GTEx study (after removing genes with less 

than 10 mapped reads across at least 20 individuals)(genes n=56,318). Consistently greater 

CV  was observed across brain tissues (12 brain regions) compared to other tissues (excluding 10	
  

whole blood, n=41) (Mann-Whitney-U test of median cv for genes expressed in each tissue, 

p=0.001). However, at the individual gene level, a linear relationship between genetic 

differentiation at QTLs and gene expression was not found. 

 

Our results newly revealed that regulatory regions of genes expressed in brain are more 15	
  

genetically differentiated between populations and this observation is consistent with reported 

rapid sequence evolution at human neuronal genes.  

 

Loci for neurological traits show an increase in genetic differentiation 

The anterior cingulate cortex has been associated to mood disorders including bipolar disorder 20	
  

and schizophrenia [25,26]. Thus, we asked whether increased genetic differences could also 

be observed at GWA loci associated with these diseases. 

 

We compared GWA associated variants using summary statistics from 49 disease, 

anthropomorphic and behavioral phenotypes for differences in levels of allelic differentiation 25	
  

between populations. We extended our analysis to include all GWA variants below a p-value 

<1×10-4, as the majority of polygenic trait heritability appears due to SNPs that do not reach 

genome-wide significance [27] (FIG 2A, Supplementary Table1, Supplementary Figure 

5). We set as null a value of allelic differentiation for each set of GWA variants on a per trait-

basis and tested for significant departure of allelic differentiation from the null distribution. 30	
  

We constructed the null distributions in two ways. In the first instance, the null value was 

generated based on genomic functional categories to account for differences in the underlying 

evolutionary rates. Our empirical null distribution is generated per functional category per 

trait based on resampling an equivalent number of SNPs to the number of pruned SNPs per 
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iteration. (Methods)(FIG 2B). To control for type I errors, we used permutation strategies to 

test for increased or reduced levels of genetic differentiation. We performed 1000 

permutations to estimate the significance of our results. We also tested against a null model 

that was estimated by matching variants based on minor allele frequency (MAF) and the 

distance to the nearest transcriptional start site (TSS) (Methods).  By sampling from matched 5	
  

values, we generated the background distribution for each variant and this was used to 

calculate an empirical p-value. 

 

We detected some of the highest levels of overall genetic differentiation at loci associated 

with bipolar disorder and schizophrenia (FIG 2A,B). Results were consistent between 10	
  

alternate methods of estimating null values (Methods), and the majority of the tested GWA 

loci did not directly overlap with eQTLs. This observation is in contrast to the reduced levels 

of genetic differentiation measured across all disease-associated loci, including, for example, 

those loci associated with metabolic and skeletal diseases (FIG 2A,B). The most plausible 

explanation for this general reduction in genetic differentiation at disease loci is the 15	
  

widespread selection against harmful mutations in a healthy cohort such as 1000 Genomes 

[28]. 

 

In a pairwise manner, we further assessed whether shared loci between traits display a degree 

of allelic distributions significantly different from the trait-specific background for each trait. 20	
  

For each pair of traits, we overlapped GWA variants (p-value cut-off=1x10-4) based on 

genomic location and removed SNPs determined to be in LD with one another based on the 

parameters described above. Significant departure of the d score from null was calculated by 

performing 1000 randomizations of all SNPs meeting the GWA cut-off for each trait in turn. 

We found a higher degree of allelic differentiation at loci shared between educational 25	
  

attainment and height (permutation p<0.01)(Methods). Modest enrichment in d was also 

observed at shared loci for schizophrenia and educational attainment (permutation p≤0.1, 

n=7). Closer examination of these regions revealed increased genetic differentiation at regions 

on chromosomes 3 and 12 as well as the MHC. Interestingly, these loci are some of the most 

pleiotropic in the genome and have been linked to a number of diseases [29]. 30	
  

 

We note that population stratification in the mapping panel of discovery GWA studies can 

confound GWA results by producing false positives with high genetic divergence. Recent 

methods such as mixed models control for stratification was used for the major depressive 
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study analyzed here [30]. The use of sib-pairs also avoids confounding association from 

stratification [31]. For other cases, we performed two simulations to access the potential 

impact of population stratification on our results. First, we simulated a polygenic trait using a 

non-ascertained cohort (GERA) and show that standard correction for population stratification 

in a GWA study is sufficient control for bias in our study (45, Methods, Supplementary 5	
  

figure 7, Supplementary Table 4). Second, given that many GWA studies comprised of 

European cohorts only, we demonstrated that loci with high population structure in European 

populations typically does not correspond with highly structured loci in 1000 Genomes 

(Methods, Supplementary figure 8). This suggests that false positives discovered using 

European cohorts are unlikely to exert a systematic bias to our analyses. We also replicated 10	
  

our analyses across GWA studies using an independent cohort and obtained highly 

concordant results (Method, Supplementary Figure 9) 

 

In summary, increased genetic differentiation at GWA loci associated with neurological traits 

is consistent with differences at eQTLs of brain-expressed genes. That loci linked to 15	
  

neurological traits appear show increased differences between populations suggest that they 

have evolved rapidly. Increase incidence of deleterious alleles for neurological diseases may 

be a consequence of selection for other, non-disease phenotypes at pleiotropic loci. 

 

Disparities in population differentiation between related complex diseases 20	
  

Next, we examined genomic patterns of population differentiation between related traits. We 

directly compared the degree of genetic differentiation amongst populations for type I (T1D) 

versus type II diabetes (T2D) and between ulcerative colitis and inflammatory bowel disease 

(IBD). 

 25	
  

T1D loci compared to T2D loci showed remarkably different signatures of genetic 

differentiation (FIG 3A). T1D associated loci displayed much reduced levels of genetic 

differentiation across populations compared to T2D loci (FIG 3B, Mann Whitney U 

p=1.0×10-5). Decreased population differentiation is suggestive of extensive purifying 

selection while signatures of increased genetic differentiation at genetic loci indicate 30	
  

differences in allele frequencies across different populations. T2D loci with significantly 

increased population differentiation were proximal to four genes that have been robustly 

implicated in the disease. Earlier studies using HapMap variants have reported high genetic 
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differentiation between populations at TCF7L2 [32,33], and we newly identified enrichment 

of genetic differentiation at variants associated with PPARG, WFS1, and IGF2BP2.  

 

We further compared LD scores at loci associated with both diseases. LD scores provide a 

summary of linkage disequilibrium in a local region [34]. Measures of LD, such as long-range 5	
  

haplotypes in a population, are commonly used to characterize the increased levels of LD 

expected in a region undergoing positive selection [35]. We observed that LD scores were 

also more highly elevated for T1D versus T2D indicating stronger ongoing selection against 

deleterious T1D alleles (FIG 3C, Mann-Whitney U p=2.5×10-19).  

 10	
  

The high prevalence of T2D in human population is likely due to a combination of genetic 

drift and positive selection where increased genetic differentiation at some T2D loci could 

indicate soft selective sweep. However, it is unknown whether these variants were directly 

selected, for example, for metabolic sequestration during periods of food shortages (i.e. 

‘thrifty gene hypothesis’), or indirectly so through pleiotropy and hitchhiking, where an allele 15	
  

is linked to the sweep of a beneficial allele. 

 

Large disparities in evolutionary histories were also observed between different forms of 

inflammatory bowel disease (IBD) We compared population differentiation at genetic loci 

implicated for ulcerative colitis to those at associated with IBD. We observed much reduced 20	
  

population structure at ulcerative colitis loci (Mann-Whitney U test p<3.2 × 10-31) 

(Supplementary Figure 6). As both ulcerative colitis and Crohn’s disease are forms of IBD, 

we removed Crohn’s disease associated loci from the IBD variants to determine whether this 

difference is primarily due to Crohn’s disease variants. The difference remained significant 

suggesting that ulcerative colitis alleles are under stronger purifying selection than other 25	
  

forms of IBS, and not only at loci implicated for Crohn’s disease. We also observed 

significantly greater LD at variants associated with ulcerative colitis compared to IBD (Mann-

Whitney U test p<3.2×10-31), again indicative of strong negative selection acting upon 

ulcerative colitis associated loci.  

 30	
  

Taken together, our results reveal surprisingly distinct patterns of population structure for loci 

of highly related diseases. These large differences in genetic architecture are suggestive of 

differences in selective pressure between the diseases. 
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Opposing effects are common at pleiotropic loci  

Theoretical studies have corroborated that most quantitative traits are due to many loci of 

small effects [13,36,37]. Thus, it stands to reason that many loci are shared between 

phenotypes [38]. To examine evolutionary histories at shared loci, we tested for departures of 

observed d from the null at 341 shared loci obtained from analyses of 44 GWA studies, 5	
  

excluding loci containing pairs of highly related traits and loci in the MHC region using a 

published dataset [39]. We considered resampled datasets of SNPs randomly drawn from the 

d distribution that is matched for MAF and distance to nearest TSS. Across loci, we observed 

an excess of regions with a lower than expected d score (binomial test p=1.9x10-11) suggestive 

of negative or stabilizing selection. 10	
  

 

To gain insights into the directional contribution of GWAS traits at pleiotropic loci, we 

considered how alleles shared between traits contribute to each shared loci. At half of those 

instances where multiple disease traits collocate to a genomic region, a risk allele, that is, an 

allele associated with an increased risk at a locus for a disease, was associated with the non-15	
  

risk allele of another disease. A similar proportion of cases where height-increasing alleles, a 

well-studied highly polygenic trait widely accepted to be evolving under positive selection, 

were coupled to a disease risk allele were found.  

 

We performed similar analyses using a different strategy to classify shared loci, whereby 20	
  

GWA variants for all traits (p-value cut-off of 1x10-4) were clustered by genomic proximity 

with a flanking region of 5kb added to each side. Overlapping regions were merged and the 

mean d of all variants falling within each region was calculated. For each clustered region 

(where there are more that two traits associated; n=2,649), we tested for departures of the 

mean d against a background of variants at tiled genomic regions the same genomic length as 25	
  

that of the clustered region. Two-tailed significance was calculated by comparing the mean d 

value for each cluster by sampling from its null background for 1,000 permutations.  

 

Several highly pleiotropic genomic clusters with elevated levels of genetic differentiation 

among populations were identified (two-tailed permutation p<0.05; FIG 4A, 4B). 30	
  

Consistently, height loci were equally as likely to be located at loci of increase disease risk 

compared to one of decrease risk (n=243). However, risk alleles for disease traits at shared 

loci were significantly more concordant than expected by chance indicative of purifying 

selection at shared disease loci (binomial test p=9.0x10-11, n=204). 
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Taken together, our results suggest that opposing directional effects are widespread and that 

despite instances of elevated population differences at shared regions, small effects at shared 

regions often act under effectively neutral forces.  

 5	
  

Conclusion 

Understanding the genetic basis of traits or phenotypes remains a central goal of evolutionary 

genomics. To this end, ‘reverse-genetics’ approaches have used genome scans to infer 

evolutionary histories by focusing on detecting the reduction of genetic diversity associated 

with selective sweeps [33,40,41]. However, bottlenecks and recent growth, common to 10	
  

human populations, can cause much of the genome to resemble selective sweeps, which can 

bias the identification of adaptive loci [42]. We have focused on quantitating genetic 

differences in allele frequencies across a range of complex traits using eQTLs and GWA 

summary statistics, accepting that these differences may be caused by genetic drift, population 

demography or natural selection.  15	
  

 

Although GWA SNPs discovered in one genetic background can often describe the same 

phenotype in another population of a different genetic background [43], we note that loci 

identified for a GWA phenotype in one population, for example, Europeans, specifically 

describes differences among individuals in that population and the same loci in other 20	
  

populations may not reflect the same trait, evolutionary forces or demographic events. For 

instance, educational attainment [44] and height [45] GWA studies were both based on 

mapping individuals of European descent and the interpretation of their associated genetic 

loci in other populations should be interpreted with caution.  

 25	
  

In conclusion, we measured allelic differentiation at complex trait loci using a sensitive 

measure of allelic differentiation across human populations. Allelic differentiation between 

populations was highly dependent upon the phenotype measured reflecting recent 

evolutionary history. Brain-associated regulatory elements tend to show a higher level of 

population differentiation. Disease states typically show less genetic structure between 30	
  

populations but the degree of this varies even between closely related traits. Shared loci 

commonly show antagonistic allelic effects with neutral outcomes consistent with small 

effects of contributing alleles for each phenotype, each with likely minimal influence on 

overall fitness.  
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Methods 

 

Quantitation of genetic differentiation amongst populations by principal component 5	
  

analysis 

Principal Component Analysis (PCA) was used to orthogonally transform genotype 

information from the 1000 Genomes Phase 3 dataset [28](human genome version hg19). PCA 

is a common technique to visualize population structure amongst a cohort of individuals using 

genotype data. The first principal components, which account for the majority of the 10	
  

variability within the data typically reflects population structure [46]. 

 

If a centered genotype matrix 𝚾 (where means are subtracted from each column) is of 𝑛  ×  𝑝 

size, where 𝑛 is the number of individuals and 𝑝 is the number of SNPs. 

 15	
  

Then the 𝑝  ×  𝑝 covariance matrix 𝐂 is given by 𝐂 = 𝐗!𝐗
!!!

. This is a symmetric matrix and can 

be diagonalized: 

 

𝐂   = 𝐕𝐋𝐕!, 

 20	
  

 

where 𝐕 is a matrix of eigenvectors (each column is an eigenvector), L is a diagonal matrix 

with eigenvalues 𝜆! in decreasing order along the diagonal. 

 

PCA can then be performed using singular value decomposition (SVD) of the genotype 25	
  

matrix X. 

 

 

𝐗 = 𝐔𝐒𝐕!, 

 30	
  

 

where S is the diagonal matrix of singular values 𝑠!. Hence, 
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𝐂 =
𝐕𝐒𝐔!𝐔𝐒𝐕!

𝑛 − 1 =   𝐕
𝐒!  

𝑛 − 1𝐕
! 

 

 

it is evident from this that V are the eigenvectors and the PC scores, 𝐗𝐕, are equal to 

𝐔𝐒𝐕!𝐕 = 𝐔𝐒. 5	
  

 

We used FastPCA (https://github.com/ajverster/FastPCA) to perform PCA. FastPCA uses an 

approximation procedure of performing SVD by first randomly projecting the data into 

subspace based on [47]. The dataset was preprocessed to remove variants that may bias the 

estimation of population structure. We used PLINK 1.9 [48,49] to remove SNPs with a minor 10	
  

allele frequency (MAF) less than 1%. SNPs that were not in Hardy-Weinberg Equilibrium 

were also removed (p<1x10-6) and the data was iteratively LD-pruned with an r2 cutoff of 0.2 

[17]. SNPs located on sex chromosomes were also removed. The data was then mean centered 

and standardized to unit variance prior to PCA and PCA was run on 818,280 SNPs. 

 15	
  

We define a score to reflect the extent of genetic differentiation between populations. To do 

this, we first derive the PC scores for each SNP using the first three PCs (n=12,056,538 

including those SNPs which were filtered out previously for the accurate estimation of 

population structure). For each SNP, this is calculated as the dot product of the PC loading 

and the standardized genotypes. The PC score is thus a composite variable that provides 20	
  

information on how each SNP is placed with respect to a PC.  Finally, we combined the 

squared factor scores for each of the three PCs into one score by summing the scores for each 

PC after weighting each by the amount of variance proportionally explained by the first three 

PCs: 

 25	
  

𝑑 =    𝑝!  ×  𝑠!
!

 

 

where 𝑝!  is the proportion of total variance explained by the first three PCs explained by the i 

th PC where 𝑖(1,2,3), and s is the PC score. 

 

Cis-regulatory functional enrichment using OMIM annotation 30	
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The 10,000 most highly differentiated variants across the genome were associated with the 

cis-regulatory regions of nearby genes using the GREAT tool [50] and tested for functional 

enrichment using OMIM annotation using both binomial and hypergeometric tests with FDR 

adjustment. Variants were associated with a gene if it is located within the basal regulatory 

domain of a gene, which is defined as up to 1000kb extended from a gene’s TSS in both 5	
  

directions until within 5kb upstream or 1kb downstream of the TSS of the next gene. The test 

set of 10,000 genomic regions was associated with 2,459 (14%) of all 18,041 genes in 

GREAT’s OMIM database. 

 

Estimation of allelic differentiation at eQTLs 10	
  

eQTL datasets were downloaded from the Genotype-Tissue Expression (GTEx) consortium 

website (www.gtexportal.org). The dataset comprised for eQTLs for 44 tissues, derived from 

449 donors and 7,051 samples in total (V6). The GTEx dataset (version V6p) comprises of 

individuals of different self-reported ethnicities. Most individuals were of European 

Americans descent (84%), with smaller proportions of African Americans (13%) and Asians 15	
  

(1%). 1000 Genome variants were overlay with eQTL SNPs and an average d value was 

calculated on a tissue-specific basis. Permutations were used to assess the significance of the 

mean d value by sampling an equivalent number of eQTLs across the genome matched for 

MAF and distance to TSS. This procedure was repeated 1,000 times to calculated an 

empirical two-tailed p-value. 20	
  

 

We defined putative human-specific variants as those variants that did not map to the 

chimpanzee genome (panTro4) using the UCSC liftOver tool. Alignments (chain files) used 

in the liftOver tool were created based on joining the longest syntenic or best-conserved 

aligned regions.  25	
  

 

Significance testing of selection at GWA traits and partitioning of selection coefficient to 

functional categories 

We partitioned our genome-wide selection score by functional annotations [19] taken from a 

range of published studies including assays of transcription factor binding sites, histone 30	
  

marks, DNaseI hypersensitivity regions across numerous cell types (Table S2). This strategy 

has the advantage of removing bias due to differences in evolutionary rates in different 

genomic regions. 
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Due to the polygenic nature of complex phenotypes, we considered all SNPs with GWA p-

values below 1x10-4. At each functional annotation region for each trait, we LD pruned SNPs 

(r2 cutoff=0.2) and calculated the mean d score for variants in linkage equilibrium. To control 

of type I error, we used permutation strategies to assess for increased or reduced levels of 

genetic differentiation. We performed 1000 permutations to estimate the significance of our 5	
  

results by resampling SNPs from the same functional category.  Our empirical null 

distribution is therefore generated per functional category per trait based on resampling an 

equivalent number of SNPs to the number of pruned SNPs per iteration. 

 

We also performed the same analyses using only the top 100 variants from each GWA study, 10	
  

ranked by p-value conditional on p<1x10-4, and obtained similar results (data not shown). 

 

For each SNP where GWA p<1x10-4, we also calculated an empirical p-value based on 

generating a null distribution for each variant by subsampling based on matched MAF and 

distance to TSS. We first binned all 1000 Genome variants into 10 equally sized bins for 15	
  

MAF and 20 equally sized bins for distance to TSS. By sampling from matched bin sizes, we 

generated the background distribution for each variant and used this to calculate an empirical 

p-value. 

 

Randomizations to assess the significance of genetic differentiation at shared loci 20	
  

We clustered proximal GWA variants (p-value cut-off of 1x10-4) based on genomic location 

with a flanking region of 5kb added to each side. Overlapping regions were merged and the 

mean d of all variants falling within each region was calculated. We excluded variants of the 

same trait within a cluster and IBD loci which contain both Crohn’s disease and ulcerative 

colitis loci For each clustered region (where there are more that two traits associated; 25	
  

n=2,649), we tested for departures of the averaged d against a background of averaged 

variants at tiled genomic regions the same genomic length as that of the clustered region. 

Significance (two-tailed) was calculated by comparing the mean d value for each cluster by 

sampling from its null background for 1,000 permutations. 

 30	
  

Pairwise estimation of allelic differentiation at shared loci 

In a pairwise manner, we assessed whether shared loci between traits possessed a d score that 

was significantly different from the trait-specific background from each trait. For each pair of 

traits, we overlapped GWA variants (p-value cut-off=1x10-4) based on genomic location and 
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removed SNPs determined to be in LD with one another based on the parameters described 

above. Significant departure of the d score from null was calculated by performing 1000 

randomizations of all SNPs meeting the GWA cut-off for each trait in turn. 

 

We found significantly greater population differentiation at independent loci shared between 5	
  

educational attainment and height. All comparisons (i.e. in both directions) between measures 

of educational attainment (college and number of years) and height were significant at 

p<0.05. Ten independent loci were observed between educational attainment college and 

height with sixteen independent loci associated with both number of educational years and 

height. 10	
  

 

Assessing the impact of population stratification at GWA loci 

Population stratification in GWA samples poses a concern if there is a match in the discovery 

GWA study between the direction of phenotypic differentiation among populations and 

genetic stratification in allele frequency in the 1000 Genomes dataset. Although this 15	
  

confounding effect is typically controlled for in discovery GWA studies, there is no guarantee 

that all stratification has been removed [31]. In such cases, inadequate control of stratification 

could lead to GWA variants with high levels of allelic differentiation between populations.  

 

We performed simulations to assess the potential impact of population stratification in the 20	
  

discovery GWA study on our overall results. First, we simulated a polygenic trait using 

genotype data and use standard protocols for correcting population stratification to examine 

whether this is sufficient to remove false positives in our results. Next, given that some 

studies comprised only of European cohorts, we tested whether stratification in the discovery 

GWA study could systematically bias our results when stratified variants in the European 25	
  

population were projected to the 1000 Genomes population. 

 

Simulation of a polygenic trait using GERA data with and without correction of population 

stratification 

First, we randomly sampled 500 individuals from each of the four self-reported ethnic groups 30	
  

(European, East-Asian, Latin Americans and Africans) in the GERA (Genetic Epidemiology 

Research on Aging) cohort. The GERA cohort is a subsample of the longitudinal cohort of the 

Kaiser Permanente Research Program in the Northern California region. High-density 

genotyping was done with custom arrays for each of the four major ethnic groups. Next, we 
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randomly assigned 5,000 independent loci across the genome to be causal variants. Their 

effects were sampled from a normal distribution with a mean of 0 and a variance of 1. The 

heritability of the trait (ℎ!)  was set at 50%. A phenotype was created as 𝑦 =   Σ  𝑥!𝑏 +   𝑒, 

where 𝑥! is the genotype copy at locus k (0,1,2), 𝑏 the effect size !
!

!
, where 𝑛 = 5,000  and 𝑒 

is the residual variance where 𝑒 = 𝑁(0, 1−   ℎ!). 5	
  

 

We used PLINK 1.9 [48,49] to estimate SNP effects using ordinary least-squares regression 

without any control for population stratification. We then repeated the GWAS estimation and 

controlled for stratification using the first three principal components as covariates in the 

regression. We found that correction for stratification reduced d values across the genome 10	
  

(FIG S7). 

 

If the predictors are created from SNPs that were unbiased by population stratification, we 

expect no significant difference in overall measure of phenotype differentiation versus null 

expectation. This was observed to be the case (Table S4). 15	
  

 

Studies where population stratification in the mapping panel of discovery GWA study was 

corrected for using PCs are listed in the Supplemental Materials. 

 

Simulations with highly stratified loci in European populations 20	
  

We note that the GWA metadata we used are from studies conducted in predominately or 

exclusively European cohorts. Stratification is potentially confounding if a GWA variant, 

incorrectly assigned due to stratification in the discovery set, is also highly genetically 

differentiated in the 1000 Genomes population. We can explicitly test for such a 

correspondence – between the top PCs from 1000 Genomes and PCs from a European 25	
  

population. If such a relationship exists, our results may indeed be confounded. 

 

To assess the impact of stratification within European populations on 1000 Genomes result, 

we reran our analyses using highly stratified variants between European populations as our 

background. Population structure was inferred from European individuals only using a 30	
  

separate PCA. To accurately measure population structure, PCA was performed after 

removing signals of long-range LD (iterative pruning with r2 cut-off=0.2), rare alleles 

(MAF<0.01) and variants that fail Hardy-Weinberg equilibrium test (p<1x10-6). Next, those 
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SNPs displaying the strongest signals of population stratification between Europeans 

subpopulations were extracted. To do this, we calculated the dot product of the PC loading 

and SNP genotype for the first three PCs and selected variants that in the top 200,000 (~2%) 

of the squared dot product for each of the first three PCs. Our original selection scores from 

1000 Genomes were calculated at locations of these variants. Using these stratified SNPs as 5	
  

our background, we reran our analysis by partitioning GWA SNPs into functional regions 

followed by permutations (as described above) to assess statistical significance. 

 

We find little correspondence between variants explaining the most variation amongst 

European populations with variants explaining the most variation amongst the main 1000 10	
  

Genome populations (r=-0.02, first three PCs). Changing the background set of variants to 

those showing high levels of population differentiation amongst Europeans, while keeping to 

same set of ‘observed’ variants did not significantly impact our results (FIG S8). Notably, we 

also obtained highly concordant results between two height GWA studies where in one study 

[31] effect size estimates were inferred from sib-pairs and is thus robust against stratification 15	
  

(data not shown). 

 

Replication in GERA dataset 

We replicated our study on the GERA (Genetic Epidemiology Research on Aging) cohort. 

We sampled 500 individuals from each of the four ethnic groups: European, East-Asian, Latin 20	
  

Americans and Africans. Analyses were repeated as described above for the 1000 Genomes 

dataset. Variants not genotyped amongst all selected individuals were filtered out. 6,690,254 

variants remained after filtering (MAF>0.01). Following iterative pruning, 366,178 variants 

were used in PCA to estimate population structure. 

 25	
  

We compared the log(observed mean d/expected mean d) for variants classed by GWA 

phenotype and annotation category between GERA and 1000 Genomes and observed good 

correspondence between results r=0.63 (Pearson’s correlation p-value<2.2x10-16) (Fig S9). 
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Figure 1. Allelic differentiation between populations at tissue-specific expression 

quantitative trait loci is highly variable between tissues 

(A) High levels of population differentiation can suggest positive selection driving changes in 

allele frequencies. Enrichment of d over genome-wide median is observed at well-known 
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examples of loci that have undergone positive selection. (B) Increased d was observed at 120 

loci previously reported to show high FST between populations [10] (C) 1000 Genome 

variants were overlaid with eQTL SNPs from the Genotype-Tissue Expression dataset 

(GTEx) comprising for eQTLs from 44 tissues. An average d value was calculated on a 

tissue-specific basis. Permutations were used to assess the significance of the mean d value by 5	
  

sampling an equivalent number of eQTLs across the genome matched for MAF and distance 

to TSS. This procedure was repeated 1000 times to calculated an empirical two-tailed p-value. 

Brain tissues are shown in purple with immune related tissues and cells in in blue. 
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Figure 2. Striking disparities in population differentiation at loci for various complex 

traits indicating distinct evolutionary trajectories 

(A) Due to the polygenic nature of complex phenotypes, we quantitated allelic differentiation 5	
  

for all SNPs with GWA p-values below 1x10-4. The mean(expected d/observed d) was 

calculated for each phenotype as follows. 1) We calculated the genetic differentiation at SNPs 

GWA p<1x10-4 where n>100 (observed d). 2) For each SNP in Step 1, we sampled 1000 

SNPs with replacement from a pool of SNPs matched for MAF and distance to TSS bins. We 

took the average d of these SNPs (expected d). 3) For each SNP in Step 1 with take the 10	
  

observed d divided with its matched expected d 4) We obtain the average across SNPs i.e. all 

values in Step 3. (B) We partitioned our genome-wide selection score by functional 

annotations values to account for differences in evolutionary rates among different genomic 

regions [19]. At each functional annotation region for each trait, we LD pruned SNPs (p-

values<1x10-4, r2 cutoff=0.2) and calculated the mean d score for variants in linkage 15	
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equilibrium. We performed 1000 permutations to estimate the significance of our results by 

resampling SNPs from the same functional category.  Our empirical null distribution is 

therefore generated per functional category per trait based on resampling an equivalent 

number of SNPs to the number of pruned SNPs per iteration. The visualizations here depict 

the log of the median d across all SNPs for a functional region divided by the median of 5	
  

medians of sampled values. The size of the dots shows enrichment (>0) or depletion (<0) of 

this ratio. Dot colour denotes statistical significance based on the permutation.  
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Figure 3. Distinct patterns of allelic differentiation at loci associated with type I versus 5	
  

type 2 diabetes 

 (A) T1D loci show reduced population differentiation compared to T2D. The x-axis depicts 

the log of the mean d across all SNPs for a functional region (mean d observed) divided by 

the mean of median sampled null values (mean d expected). The calculation of mean d 

expected is detailed below. We calculated a two-tailed empirical p-value by LD-pruning (r2 10	
  

cutoff=0.2) those SNPs where GWA p<1x10-4 and n>100. Next, for each SNP, we performed 

1000 permutations to estimate statistical significance by resampling matched number of SNPs 

from the same functional category. Specifically, mean d expected = 

(median null  values  across  1000  permutations )! /𝑛, where i = each observed SNP and 

𝑛 = number of observed SNPs. Starred functional categories denote a permutation p<0.05. (B) 15	
  

Boxplot depicting d values for individual variants associated with T1D, T2D and a random 

sample of variants from across the genome (C) Boxplot depicting LD scores for individual 

variants associated with T1D, T2D and a random sample of variants from across the genome. 
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Figure 4. Opposing allelic directions are common at shared loci and a small proportion 

of these show evidence of increased populations differentiation  

(A) Regions of shared loci were clustered and departure of the mean d from background was 5	
  

calculated. We clustered proximal GWA variants (p-value cut-off of 1x10-4) based on 

genomic location with a flanking region of 5kb added to each side. Overlapping regions were 

merged and the mean d of all variants falling within each region was calculated. For each 

clustered region (where there are more that two traits associated; n=2649), we tested for 

departures of the averaged d against a background of averaged variants at tiled genomic 10	
  

regions the same genomic length as that of the clustered region. Significance (two-tailed) was 

calculated by comparing the mean d value for each cluster by sampling from its null 

background for 1000 permutations. Shown loci possess a permutation p-value below 0.05. 

Shared loci between GWA phenotypes often show opposing allelic direction between disease 
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traits. (B) A highly pleiotropic loci located on chromosome 12 associated to many lipid-

related shows increased genetic differentiation amongst populations and harbors two tightly 

linked genes – SH2B3, involved in signaling and immune function, and ATXN2, associated 

with multiple neurodegenerative and neuromuscular disorders (C) High differentiation was 

also observed at a second highly pleiotropic loci located on chromosome 12 linked to 5	
  

educational attainment. 
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