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Abstract
Over the past decade, summary statistics from genome-wide association studies (GWASs) havebeen used to detect and quantify polygenic adaptation in humans. Several studies have reportedsignatures of natural selection at sets of SNPs associated with complex traits, like height and bodymass index. However, more recent studies suggest that some of these signals may be caused bybiases from uncorrected population stratification in the GWAS data with which these tests are per-formed. Moreover, past studies have predominantly relied on SNP effect size estimates obtainedfromGWAS panels of European ancestries, which are known to be poor predictors of phenotypes innon-European populations. Here, we collated GWAS data from multiple anthropometric and meta-bolic traits that have been measured in more than one cohort around the world, including the UKBiobank, FINRISK, Chinese NIPT, Biobank Japan, APCDR and PAGE. We then evaluated how ro-bust signals of polygenic score overdispersion (which have been interpreted as suggesting poly-genic adaptation) are to the choice of GWAS cohort used to identify associated variants and theireffect size estimates. We did so while using the same panel to obtain population allele frequencies(The 1000 Genomes Project). We observe many discrepancies across tests performed on the samephenotype and find that association studies performed using multiple different cohorts, like meta-analyses and mega-analyses, tend to produce polygenic scores with strong overdispersion acrosspopulations. This results in apparent signatures of polygenic adaptation which are not observedwhen using effect size estimates from biobank-based GWASs of homogeneous ancestries. Indeed,we were able to artificially create score overdispersion when taking the UK Biobank cohort andsimulating a meta-analysis on multiple subsets of the cohort. Finally, we show that the amount ofoverdispersion in scores for educational attainment - a trait with strong social implications and highpotential for misinterpretation - is also strongly dependent on the specific GWAS used to buildthem. This suggests that extreme caution should be taken in the execution and interpretation offuture tests of polygenic score overdispersion based on population differentiation, especially whenusing summary statistics from a GWAS that combines multiple cohorts.
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Introduction
Most human phenotypes are polygenic: the genetic component of trait variation across indi-viduals is caused by differences in genotypes at a large number of variants, each with a relativelysmall contribution to a given trait (Fisher et al., 1918; Turelli, 2017). This applies to phenotypesas diverse as a person’s height, their risk of schizophrenia or their risk of developing arthritis. Thestudy of differences in complex traits spans more than a century but only in the last two decadeshas it become possible to systematically explore the underlying genetic architecture underlyingthese differences (Sella and N Barton, 2019). The advent of genome-wide association studieshas led to the identification of thousands of variants that are associated with polygenic traits,either due to true biological mechanisms or because of linkage with causal variants (Visscheret al., 2012).
However, most research into the genetic aetiology of complex traits is based on GWAS datafrom populations of European ancestries (Popejoy and Fullerton, 2016). This bias in representa-tion contributes to existing disparities in medical genetics and healthcare around the world (ARMartin, Kanai, et al., 2019). The low portability of European GWAS results - and, in particular,polygenic scores - to non-European populations is particularly concerning (AR Martin, Gignoux,et al., 2017; AR Martin, Kanai, et al., 2019) (but see Ragsdale et al., 2020). For example, thepredictive accuracy of polygenic scores for height constructed using European effect size esti-mates has been shown to decrease with decreasing European ancestry in admixed populations(Bitarello and Mathieson, 2020). Recent studies have shown that ancestry deconvolution canbe used to improve accuracy (Marnetto et al., 2020; M Wang et al., 2020), but important trait-associated variants in non-European populations may be missed if they have low frequenciesor are absent in European populations. Moreover, effect size estimates for an associated vari-ant derived from a European-ancestry GWAS may not accurately reflect the effect of the samevariant on the trait in other populations (Wojcik et al., 2019). This could be due to differencesin epistasis, differences in linkage disequilibrium between causal and ascertained variants, orgene-by-environment interactions, to name a few causes (Guo et al., 2018). Additionally, nega-tive selection and demographic history may cause differences in genetic architectures betweenpopulations (Durvasula and Lohmueller, 2019).
During the last decade, GWAS summary statistics have also been used to look for evidenceof directional selection towards a trait to a new phenotypic optimum, via allele-frequency shiftsoccurring across a large number of associated variants - a phenomenon known as polygenic adap-tation (Hayward and Guy Sella, 2019; Pritchard et al., 2010). For example, several studies haveconsistently found evidence for polygenic adaptation operating on height-associated variants inEurope, mainly across a south-to-north gradient (Berg and Coop, 2014; Berg, Zhang, et al., 2017;Mathieson et al., 2015; Racimo et al., 2018; MR Robinson, Hemani, et al., 2015; Turchin et al.,2012). To test for selection, these studies primarily relied on summary statistics from the GIANTconsortium dataset, which is a meta-analysis of anthropometric GWAS from multiple Europeancohorts (Allen et al., 2010;Wood et al., 2014). They looked for overdispersion and/or directionalchanges in the frequencies of trait-associated variants across populations, relative to a neutralnull model. To account for potential confounding due to population stratification, somehave triedto replicate this signal using family-based association studies (Allison et al., 1999; MR Robinson,Hemani, et al., 2015). Berg, Harpak, et al., 2019 and Sohail et al., 2019 showed that this signal ofpolygenic score overdispersion on height-associated variants in Europe (and possibly on othertrait-associated variants) is attenuated and in some cases no longer significant when using effectsize estimates from a GWAS performed on the UK Biobank - a large cohort composed primar-ily of individuals of British ancestry (Bycroft et al., 2018). There is no single explanation yet forthese contradictory findings, but the most plausible one is that previous studies were impactedby very subtle confounding due to uncorrected population stratification in GIANT, and that datafrom family-based studies was not analyzed properly (Berg, Harpak, et al., 2019; Sohail et al.,2019). Another recent study has shown that other sources of stratification (based on age, sexand/or socioeconomic factors) might even lead to variation in the accuracy of polygenic scoreswhen analyzing individuals from the same ancestry group Mostafavi et al. (2020).
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It is as yet unclear how the choice of GWAS cohort affects tests of polygenic score overdis-persion based on allele frequency differences between populations. Each cohort differs in ances-tries of participants, inclusion criteria of individuals, SNP ascertainment scheme and associationmethod. Given the poor portability of polygenic scores across populations, is it also true thatGWASs performed on different cohorts will result in inconsistent signals of selection? Can wenarrow down on the reason for the inconsistencies in previous studies of polygenic adaptationby looking at a larger number of cohorts? Here, we collated GWAS summary statistics from mul-tiple complex traits that have been measured in more than one cohort around the world. Wethen evaluated how robust signals of polygenic score overdispersion are to the choice of cohortused to obtain effect size estimates. Across all comparisons, we used the same population ge-nomic panel to obtain population allele frequency estimates: The 1000 Genomes Project phase3 (The 1000 Genomes Project Consortium, 2015). We observe many discrepancies across testsperformed on the same phenotype and attempt to understand what may be causing these dis-crepancies. We compare results for several traits and pay special attention to height, as it is themost well-characterized and studied complex trait in the human genetics literature, as well as atrait for whichwe have summary statistics from the largest number of GWAS cohorts. Finally, weperform an analogous analysis on educational attainment - a trait that has also been highlightedin recent studies of polygenic adaptation in humans (Racimo et al., 2018; Stern et al., 2021; Uric-chio et al., 2019), and that is especially prone to be misinterpreted or misappropriated (Harmon,2018; Novembre and Nicholas H Barton, 2018). We show that overdispersion signals for thistrait are also highly sensitive to the choice of GWAS cohort.
Methods

GWAS summary statistics.
WeobtainedGWAS summary statistics fromfive large-scale biobanks, aGWASmeta-analysisand a mega-analysis (Figure 1). Since we aim to make comparisons among them, our interest isfocused on traits that were measured in at least two different cohorts. This resulted in a total of30 traits being included in our analysis.Below, we provide a brief summary of each of the GWASs we focused on. For an overviewof the type of arrays and association methods used in each of these, see Table 1.
• UKBB: Summary statistics from the GWAS performed on all UK Biobank traits (Bycroftet al., 2018). These were released by the Neale lab (round 2: http://www.nealelab.is/

uk-biobank/), after filtering for individuals with European ancestries. The UK Biobankincludes genetic and phenotypic data from participants from across the United Kingdom,aged between 40 and 69. The traits measured include a wide range of lifestyle factors,physical measurements, and other phenotypic information gained from blood, urine andsaliva samples. The Neale lab performed association testing in∼ 340,000 unrelated indi-viduals.
• FINRISK: Summary statistics from GWASs carried out using the National FINRISK 1992-2012 collection fromFinland (https://thl.fi/en/web/thl-biobank ; http://personal.

broadinstitute.org/armartin/sumstats/finland/). The FINRISK study is coordinatedby theNational Institute for Health andWelfare (THL) in Finland and its target populationis sampled from six different geographical areas in Northern Finland. The FINRISK cohortwas conducted as a cross-sectional population survey every 5 years from 1972 to assessthe risk factors of chronic diseases and health behavior in the working age population.Blood samples were collected from 1992 to 2012. Anthropometric measures and otherlifestyle information were also collected. The number of samples used for the GWASresults varies among the different traits (∼25,000 to ∼5,000) (Borodulin et al., 2018).
• PAGE: Summary statistics from a multi-ethnic GWAS mega-analysis performed by thePAGE (Population Architecture using Genomics and Epidemiology) consortium (http:

//www.pagestudy.org/). This is a project developed by the National Human GenomeResearch Institute and the National Institute on Minority Health and Health Disparitiesin the US, to characterize population-level disease risks in various populations from the
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