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Abstract

[EEY

Despite strong transethnic genetic correlations reported in the literature for many complex traits, the non-
transferability of polygenic risk scores across populations suggests the presence of population-specific
components of genetic architecture. We propose an approach that models GWAS summary data for one
trait in two populations to estimate genome-wide proportions of population-specific/shared causal SNPs.
In simulations across various genetic architectures, we show that our approach yields approximately
unbiased estimates with in-sample LD and slight upward-bias with out-of-sample LD. We analyze 9

complex traits in individuals of East Asian and European ancestry, restricting to common SNPs (MAF >

O 00 N O U A W N

5%), and find that most common causal SNPs are shared by both populations. Using the genome-wide

=
o

estimates as priors in an empirical Bayes framework, we perform fine-mapping and observe that high-
11 posterior SNPs (for both the population-specific and shared causal configurations) have highly correlated
12 effects in East Asians and Europeans. In population-specific GWAS risk regions, we observe a 2.8x
13 enrichment of shared high-posterior SNPs, suggesting that population-specific GWAS risk regions harbor
14 shared causal SNPs that are undetected in the other GWAS due to differences in LD, allele frequencies,
15  and/or sample size. Finally, we report enrichments of shared high-posterior SNPs in 53 tissue-specific
16  functional categories and find evidence that SNP-heritability enrichments are driven largely by many low-

17 effect common SNPs.
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Introduction

Genetic and phenotypic variations among humans have been shaped by many factors, including migration
histories, geodemographic events, and environmental background' . As a result, the underlying genetic
architecture of a given complex trait — defined here in terms of ‘polygenicity’ (the number of variants with

671 and the coupling of causal effect sizes with minor allele frequency (MAF)'""'?, linkage

nonzero effects)
disequilibrium (LD)"*"'%, and other genomic features'® — varies among ancestral populations. While the vast

majority of genome-wide association studies (GWAS) to date have been performed in individuals of

17-20 21-27

European descent' ' ", growing numbers of studies performed in individuals of non-European ancestry

have created opportunities for well-powered transethnic genetic studies®!#22426-2833,

17,21,22,33-35

Risk regions identified through GWAS tend to replicate across populations , indicating

that complex traits have shared genetic components among populations. Indeed, for certain post-GWAS

23,31,36 28,37-40

analyses such as disease mapping and statistical fine-mapping , under the assumption that two
populations share one or more causal variants, population-specific LD patterns can be leveraged to improve
performance over approaches that model a single population. On the other hand, several studies have shown
that heterogeneity in genetic architectures limits transferability of polygenic risk scores (PRS) across
populations™*'™*%; critically, if applied in a clinical setting, existing PRS may exacerbate health disparities
among ethnic groups®. The population-specificity of existing PRS as well as estimates of transethnic
genetic correlations less than one reported in the literature®™°>* indicate that (1) LD tagging and allele
frequencies of shared causal variants vary across populations, (2) that a sizeable number of causal variants
are population-specific, and/or (3) that causal effect sizes vary across populations due to, for example,
different gene-environment interactions. For example, due to population-specific LD, a single genetic
variant that is significantly associated with a trait in two populations may actually be tagging distinct
population-specific causal variants (Figure 1). Conversely, two distinct associations in two populations may
be driven by the same underlying causal variants (i.e. colocalization). Thus, identifying shared and
population-specific components of genetic architecture could help improve transethnic analyses (e.g.,

1941424546y and uncover novel disease etiologies.

transferability of PRS across populations

In this work, we introduce PESCA (Population-spEcific/Shared Causal vAriants), an approach that
requires only GWAS summary association statistics and ancestry-matched estimates of LD to infer genome-
wide proportions of population-specific and shared causal variants for a single trait in two populations.
These estimates are then used as priors in an empirical Bayes framework to localize and test for enrichment
of population-specific/shared causal variants in regions of interest. In this context, a “causal variant” is a
variant measured in the given GWAS that either has a nonzero effect on the trait (e.g., a nonsynonymous

variant that alters protein folding) or tags a nonzero effect at an unmeasured variant through LD. It is

therefore important to note that the set of “causal variants” that PESCA aims to identify is defined with

3
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respect to the set of variants included in the GWAS and can contain variants with indirect nonzero effects
that are statistical rather than biological in nature (this is analogous to the definition of SNP-heritability,

which is also a function of a specific set of SNPs'!*36

). Through extensive simulations, we show that our
method yields approximately unbiased estimates of the proportions of population-specific/shared causal
variants if in-sample LD is used and slightly upward-biased estimates if LD is estimated from an external
reference panel. We then show that using these estimates as priors to perform fine-mapping (Methods)
produces well-calibrated per-SNP posterior probabilities and enrichment test statistics. We note that the
definition of enrichment used here is related to, but conceptually distinct from, definitions of SNP-
heritability enrichment'*'®, Under our framework, an enrichment of causal SNPs greater than 1 indicates
that, compared to the genome-wide background, there are more causal SNPs in that region than expected®’*
(Methods). In contrast, an enrichment of SNP-heritability greater than 1 indicates that the average per-SNP
effect size in the region is larger than the genome-wide average per-SNP effect size.

We apply our approach to publicly available GWAS summary statistics for 9 complex traits and
diseases in individuals of East Asian (EAS) and European (EUR) ancestry (average Neas = 94,621, Ngur =
103,507) (Table 1), restricting to common SNPs (MAF > 5%) and using 1000 Genomes®® to estimate
ancestry-matched LD. On average across the 9 traits, we estimate that approximately 80% (S.D. 15%) of
common SNPs that are causal in EAS and 84% (S.D. 8%) of those in EUR are shared by the other population.

Consistent with previous studies based on SNP-heritability®>°

, we find that high-posterior SNPs are
distributed uniformly across the genome. We observe that population-specific GWAS risk regions have, on
average across the 9 traits, a 2.8x enrichment of shared high-posterior SNPs relative to the genome-wide
background, suggesting that many EAS-specific and EUR-specific GWAS risk regions harbor shared causal
SNPs that are undetected in the other population due to differences in LD, allele frequencies, and/or GWAS
sample size. The effects of SNPs with posterior probability > 0.8 of being causal (for any causal
configuration) are highly correlated between EAS and EUR, concordant with replication slopes between
EAS and EUR marginal effects close to 1 that have been reported for several complex diseases® and with
strong transethnic genetic correlations previously reported for the same traits analyzed in this work (average
pg = 0.79 £ 0.07 s.e.m. across the 9 traits)’'. Finally, we show that regions flanking genes that are
specifically expressed in trait-relevant tissues® harbor a disproportionate number of shared high-posterior
SNPs — many of the same tissue-specific gene sets are also enriched with SNP-heritability, implying that
SNP-heritability enrichments are driven by many low-effect SNPs rather than a small number of high-effect
SNPs. Our results suggest that common causal SNPs have similar etiological roles in EAS and EUR and
that transferability of PRS and other GWAS findings across populations can be improved by explicitly

correcting for population-specific LD and allele frequencies.
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Material and Methods

Distribution of GWAS summary statistics in two populations

For a given complex trait, we model the causal statuses of SNP i in two populations as a binary vector of
size two, C; = c;1C;2, Where each bit, ¢;; € {0,1} and ¢;, € {0,1}, represents the causal status of SNP i in

populations 1 and 2, respectively. C; = 00 indicates that SNP i is not causal in either population; C; = 01

and C; = 10 indicate that SNP i is causal only in the first and second population, respectively; and C; =

11 indicates that SNP i is causal in both populations. We assume C; follows a multivariate Bernoulli (MVB)

distribution®>%3

Ci ~ MVB(foo, fo1, f10, f11)
in order to facilitate optimization and interpretation (Supplemental Note). Assuming the causal status vector
of a SNP is independent from those of other SNPs (C; L C; for i # j), the joint probability of the causal
statuses of p SNPs is Pr(Cy, -+, Cp) =TI1E_, Pr(C)).
Given two genome-wide association studies with sample sizes n; and n, for the first and second

populations, respectively, we derive the distribution of Z-scores, Z; and Z, (both are p X 1 vectors),

conditional on the causal status vectors for each population, ¢; = (011, T Cpl)T and ¢, = (612 cpz)T.
Although it is reasonable to suspect that there are nonzero cross-population correlations of effect sizes at
shared causal SNPs, to facilitate inference, we impose the (potentially strong) assumption that Z; and Z,
are independent given ¢, and c¢,. Thus, for population j,

Zj| ¢; ~ MVN(0,V; + 67V diag(c)V;)
where V; is the p X p LD matrix for population j; diag(c;) is a diagonal matrix in which the -th diagonal

2 .
elementis 1 if ¢;; = 1 and 0 if ¢ ; = 0; and sz = nllc j”, where héj and |c;| are the SNP-heritability of the
j

trait and the number of causal SNPs, respectively, in population j (Supplemental Note).
Finally, we derive the joint probability of Z; and Z, by integrating over all possible causal status

vectors in the two populations:

2
14
Pr(Zy,Z,; f) = Z Z [n Pr(C; = cucpn) nN(zj; 0,V; + o?V;diag(c,)V)) (1
L= n
c, €y j=1

where f = (fo0, fo1, f10, f11) 18 the vector of parameters of the MVB distribution. In practice, we partition
the genome into approximately independent regions® and model the distribution of Z-scores at all regions

as the product of the distribution of Z-scores in each region (Supplemental Note).
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115  Estimating genome-wide proportions of population-specific/shared causal SNPs

116  We use Expectation-Maximization (EM) coupled with Markov Chain Monte Carlo (MCMC) to maximize
117  the likelihood function in Equation (1) over the MVB parameters f . We initialize f to f =
118  (0,—3.9,—3.9,3.9) which corresponds to 2% of SNPs being causal in population 1, 2% being causal in
119  population 2, and 2% being shared causals. In the expectation step, we approximate the surrogate function
120 Q(f | f(t)) using an efficient Gibbs sampler; in the maximization step, we maximize Q(f | f(t)) using
121 analytical formulae (Supplemental Note). From the estimated f, denoted f*, we recover the proportions of
122 population-specific and shared causal SNPs. For computational efficiency, we apply the EM algorithm to
123 each chromosome in parallel and aggregate the chromosomal estimates to obtain estimates of the genome-
124  wide proportions of population-specific/shared causal SNPs (Supplemental Note).

125

126  Evaluating per-SNP posterior probabilities of being causal in a single or both populations
127  We estimate the posterior probability of each SNP to be causal in a single population (population-specific)
128  or both populations (shared), using the estimated genome-wide proportions of population-specific and
129  shared causal variants (obtained from f*) as prior probabilities in an empirical Bayes framework.
130  Specifically, for each SNP i, we evaluate the posterior probabilities Pr(C; = 01|Z,,Z,; f*), Pr(C; =
131  10|Z4,Z,; f*), and Pr(C; = 11|Z,,Z,; f*). Since evaluating these probabilities requires integrating over
132 the posterior probabilities of all 2(2P) possible causal status configurations, we use a Gibbs sampler to
133 efficiently approximate the posterior probabilities (Supplemental Note).

134

135  Estimating the numbers of population-specific/shared causal SNPs in a region

136  We infer the posterior expected numbers of population-specific/shared causal SNPs in a region (e.g., an LD
137  block or a chromosome) conditional on the Z-scores (Z; and Z,) by summing, across all SNPs in the region,
138  the per-SNP posterior probabilities of being causal in a single or both populations. For example, in a region
139  with p SNPs, the posterior expected number of shared causal SNPs is E[q11Z1,Z,; f] =
140 YP_, E[l{ci:11}|Z1,Zz; f*] =YP  Pr(C; = 11|Zy,Z,; f*). Since SNPs in a region are highly correlated,
141  invalidating the use of jackknife to estimate standard errors, we refrain from reporting standard errors of
142 the posterior expected regional numbers of population-specific/shared causal SNPs.

143

144  Defining LD blocks that are approximately independent in two populations

145  For computational efficiency, PESCA assumes that, in both populations, a SNP in a given block is
146  independent from all SNPS in all other blocks. This assumption requires defining blocks of SNPs that are
147  approximately LD-independent in both populations. To this end, we first compute the “transethnic LD
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148  matrix” (Viprqns) from the East Asian- and European-ancestry LD matrices (V45 and Vgygr) by setting each
149  element in the transethnic LD matrix to the larger of the East Asian-specific and European-specific pairwise
150  LD; ie Viransij = Veasij if |Veasijl > [Veurij| and Viransij = Veurij if IVeur,ijl > [VEas,ij|- The
151  resulting matrix V;,4ps is block diagonal due to shared recombination hotspots in both populations; in
152 practice, we apply this procedure to each chromosome separately to obtain 22 chromosome-wide
153  transethnic LD matrices. We then apply LDetect® to define LD blocks within the transethnic LD matrix.

1°° to create the transethnic LD

154  Applying this procedure using the 1000 Genomes Phase 3 reference pane
155  matrix produces 1,368 LD blocks (average length of 2-Mb) that are approximately independent in
156  individuals of East Asian and European ancestry.

157

158  Enrichment of population-specific/shared causal SNPs in functional annotations

159  We define the enrichment of population-specific/shared causal SNPs in a functional annotation as the ratio
160  between the posterior and prior expected numbers of population-specific/shared causal SNPs. Specifically,
161  we estimate the enrichment of population-specific/shared causal SNPs in a functional annotation & relative

162  to the genome-wide background as

L6 o ElslZ 2o f] _ TieyaoPr(€i=bIZ 25, f)
b E[qrplf°] piPr (C; = b)

164  where b € {01, 10, 11}, gi  is the number of population-specific (b = 01 or b = 10) or shared (b = 11)

165  causal variants, P (k) is the set of SNPs in functional annotation k, and pj is the number of SNPs in
166  functional annotation k. The numerator, E[qy p|Z1,Z;, f*], and denominator, E[qy p|f*], represent the
167  posterior (conditioned on Z-scores) and prior expected numbers of causal SNPs in functional annotation k,
168  respectively. We estimate the standard error of @ p using block jackknife over 1,368 non-overlapping

169  approximately LD-independent blocks across the entire genome. The resulting enrichment test statistics,

170 Szk(';_ 1), approximately follow a t-distribution with degrees of freedom equal to the number of blocks minus
k,b

171 one®. Since we are interested in identifying categories of SNPs that harbor more population-specific/shared
172 causal SNPs than expected (i.e. enrichment > 1), we report P-values from a one-tailed t-test where the null
173 hypothesis is enrichment < 1.

174 We note that our definition of enrichment of causal SNPs is related to, but conceptually different
175  from, enrichment of SNP-heritability'*'“®. A positive enrichment of causal SNPs in a functional category
176  indicates that, compared to the genome-wide background, there are more causal SNPs in that category than
177  expected; a positive enrichment of SNP-heritability in a category indicates that the average per-SNP effect
178  size in the category is larger than the genome-wide average per-SNP effect size.

179
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180  Simulation framework
181 We used real chromosome 22 genotypes of 10,000 individuals of East Asian ancestry from
182  CONVERGE®* and 50,000 individuals of white British ancestry from the UK Biobank®"° to simulate
183  causal effects and phenotypes. First, we used PLINK"' (v1.9) to remove redundant SNPs in the 1000
184  Genomes Phase 3 reference panel® such that there is no pair of SNPs with rl%- > 0.95 (i #j) in the
185  reference panel. We also removed strand-ambiguous SNPs and SNPs with MAF < 1% in either reference
186  panel, resulting in a total of M=8,599 SNPs on chromosome 22 to use in simulations.
187 Given genotypes at M SNPs for n; and n; individuals in populations 1 and 2, respectively, we
188  assume the standard linear models y; = X181 + €1 (population 1) and y, = X, B, + €1 (population 2).
189  We assume the phenotypes are standardized within each population such that E[y,] = 0, Var[y,] = I and
190 E[y,] =0, Var[y,] = L. Given ¢, and c,, the index sets of causal SNPs in each population, the effects at
191  the i-th causal SNP in each population, §;; and f5;, are drawn from

2 2
192 Bic,lc1 “’N(O»%Icl)» Bac,lc2 ~N<0»|}:i22|1c2>
193 where |¢1| = XY, c;y and |cz| = XM, ¢y, are the total numbers of causal SNPs in each population, hy
194  and h;z are the total SNP-heritabilities in each population, and E[,Bliﬁl ]-] = Cov[ﬁli, b1 ]-] =0 and
195 E[,le-ﬁzj] = Cov[,BZi,,BZ]-] =0 for SNPs i #j. The effects at non-causal SNPs are set to 0. The
196  environmental effects for the n-th individual in each population are drawn i.i.d. from €;,~N (O, 1- h;l)
197 and €;,~N (0,1 — h2).
198 Finally, given the real genotypes and simulated phenotypes for each population, we compute Z-

199  scores for all SNPs in population & as Z, = \/%_k yEX,.

200

201  Application to 9 complex traits and diseases

202  We downloaded publicly available East Asian- and European-ancestry GWAS summary statistics for body
203  mass index (BMI), mean corpuscular hemoglobin (MCH), mean corpuscular volume (MCV), high-density
204  lipoprotein (HDL), low-density lipoprotein (LDL), total cholesterol (TC), triglycerides (TG), major
205  depressive disorder (MDD), and rheumatoid arthritis (RA) from various sources (Table 1). The European-
206  ancestry BMI GWAS is doubly corrected for genomic inflation factor’?, which induces downward-bias in
207  the estimated SNP-heritability; we correct this bias by re-inflating the Z-scores for this GWAS by a factor
208  of 1.24. For all traits, we restrict to SNPs with MAF > 5% in both populations to reduce noise in the LD
209  matrices estimated from 1000 Genomes’. We use PLINK’' (v.19) to remove redundant SNPs such that
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210 1“‘5- < 0.95 for all SNPs i # j in both ancestry-matched 1000 Genomes’ reference panels. The resulting

211  numbers of SNPs that were analyzed for each trait are listed in Table 1.

212 For each trait, we test for enrichment of population-specific/shared causal SNPs in 53 publicly
213 available tissue-specific gene annotations®®, each of which represents a set of genes that are “specifically
214  expressed” in a GTEx"* tissue (referred to as “SEG annotations”). We set the threshold for statistical
215  significance to P-value < 0.05/53 (Bonferroni correction for the number of tests performed per trait).

216
217  Results

218  Performance of PESCA in simulations

219  We assessed the performance of PESCA in simulations starting from real genotypes of individuals with
220  East Asian®”*® (EAS) or European®’’ (EUR) ancestry (Neas = 10K, Nrur = 50K, M = 8,599 SNPs)
221  (Methods). First, we find that when in-sample LD from the GWAS is available, PESCA yields
222 approximately unbiased estimates of the numbers of population-specific/shared causal SNPs (Figure 2, top
223 panel). For example, in simulations where we randomly selected 50 EAS-specific, 50 EUR-specific, and
224 50 shared causal SNPs, we obtained estimates (and corresponding standard errors) of 37.8 (4.5) EAS-
225  specific, 40.3 (4.9) EUR-specific, and 64.9 (6.3) shared causal SNPs, respectively. When external reference
226 LD is used (in this case, from 1000 Genomes’), PESCA yields a slight upward bias (Figure 2, bottom
227  panel); on the same simulated data, we obtained estimates of 48.0 (5.9) EAS-specific, 53.7 (7.44) EUR-
228  specific, and 78.8 (7.6) shared causal SNPs.

229 We observe a slight decrease in accuracy as the effective sample size, the product of SNP-
230  heritability and sample size (N x h3), decreases (Figures S1-S5). This is expected as the likelihood of the
231  GWAS summary statistics is a function of N x h3 (Methods) — as the expected per-SNP variance at causal
232 SNPs (N x hf] divided by the number of causal SNPs) decreases, GWAS summary statistics provide less
233  information on the causal status of each SNP. Since it is often the case that the sample size of one GWAS
234 is larger than that of the other, we perform simulations in which SNP-heritability is fixed to 0.05 in both
235  populations, the EAS sample size is fixed to Ng45 = 10%, and the EUR sample size is varied such that the
236  effective sample size of the EUR GWAS is 1-5x larger than that of the EAS GWAS. We find that the
237  genome-wide estimators are relatively robust with in-sample LD; with external estimates of LD, when
238  effective sample size differs by a factor of 2 or more, the estimator for the number of EUR-specific causal
239  SNPs becomes less biased while the EAS-specific and shared causal estimators become increasingly
240  inflated (Figure S6). In addition, while it seems likely that the effect sizes of shared causal SNPs would be
241  positively correlated across populations, the PESCA model assumes zero cross-population correlation in

242 order to facilitate inference (Methods). We therefore perform simulations under an alternative model in
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243 which EAS and EUR effect sizes at shared causal SNPs are positively correlated and find that our estimates
244  of the genome-wide numbers of shared and population-specific causal SNPs become increasingly inflated
245  and deflated, respectively, as the correlation increases from 0 to 1 (Figure S7).

246 Next, we use the estimated genome-wide proportions of population-specific/shared causal SNPs to
247  evaluate per-SNP posterior probabilities of being causal in a single population (EAS only or EUR only) or
248  in both populations (Methods). For each of the three causal configurations of interest (EAS only, EUR only,
249  and shared), we observe an increase in the average correlation between the per-SNP posterior probabilities
250  and the true causal status vector for that configuration as N X hf] increases and as the total number of causal
251  SNPsdecreases (i.e. as per-SNP causal effect sizes increase) (Figures S8-S9). As expected, as the simulated
252 proportion of shared causal SNPs increases, the average correlation between the posterior probabilities and
253  true causal status vectors increases for the shared causal configuration and decreases for the population-
254  specific causal configurations (Figures S8-S9). Since we did not have access to individual-level genotypes
255  sampled from an ancestral group with shorter LD blocks (e.g., African-ancestry individuals), we use the
256  EAS and EUR LD scores of each SNP as proxies for the strength of LD in the region housing the SNP to
257  investigate the impact of population-specific LD patterns on the per-SNP posterior probabilities. Among
258  the true causal SNPs (shared or population-specific), the posterior probabilities are relatively invariant to
259  the magnitude of the EAS and EUR LD scores (Figure S10). In other words, under the PESCA framework,
260  power to detect a given true causal SNP does not depend on its LD score in either population. Restricting
261  to a set of “high-posterior SNPs” (defined here as SNPs with posterior probability greater than some
262  threshold t), we investigate whether PESCA systematically misclassifies SNPs based on the magnitude of
263 their LD scores. Again, we observe that the average EAS and EUR LD scores do not vary significantly
264  between the true and false positive classifications (Table S1). We then assessed whether our proposed
265  statistics for testing for enrichment of population-specific/shared causal SNPs in functional annotations
266  (Methods) are well-calibrated under the null hypothesis of no enrichment. Overall, when both population-
267  specific and shared causal SNPs are drawn at random, the enrichment test statistics are conservative at
268 different levels of polygenicity and GWAS power (N X h), irrespective of whether in-sample LD or
269  external reference LD is used (Figures S11-S16).

270 Finally, we evaluated the computational efficiency of each stage of inference. In the first stage of
271  inference — estimating genome-wide proportions of population-specific/shared causal SNPs — the
272  maximization step of the EM algorithm uses Gibbs sampling to efficiently sample from the posterior of the
273  causal status vectors (Supplemental Note). We set both the number of burn-in iterations and the number of
274 samples to 5,000 for the MCMC within the maximization step and found that the overall EM typically
275  converged within 200 iterations (Figures S17-S19). Run-time per EM-iteration increases with the number

276 of causal SNPs (Figure S20); for example, in simulations with a total of 8,589 SNPs, when the maximum
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277  number of EM iterations was set to 200, PESCA took an average of 90 minutes to obtain estimates in
278  simulations with 20 randomly selected causal variants and 360 minutes in simulations with 100 randomly
279  selected causal SNPs. This is expected because the likelihood function being maximized is proportional to
280  the Bayes factor of only the causal SNPs (Supplemental Note). In the second stage of inference — evaluating
281  posterior probabilities for each SNP — we set both the number of burn-in iterations and the number of
282  samples to 5,000 for the MCMC and, to ensure stable estimates of the posterior probability, we report the
283  average posterior probability from 20 iterations of the Gibbs sampling procedure (Supplemental Note). The
284  average run-time was 5 minutes in simulations with 20 causal variants and 28 minutes in simulations with
285 100 causal variants (Figure S20). We note that both stages of inference can be parallelized to decrease run
286  time.

287

288  Expected genome-wide proportions of shared causal SNPs for 9 complex traits

289  We obtained publicly available GWAS summary statistics for 9 (non-independent) complex traits and
290  diseases in individuals of EAS and EUR ancestry (average Ngas = 94,621, Ngur = 103,507) (Table 1) and
291  applied PESCA to estimate the genome-wide proportions of population-specific/shared common causal
292  SNPs (Methods). To ensure convergence, we applied 750 EM iterations for each trait (Figures S21-S23).
293  Across the 9 traits, the estimated proportions of common causal SNPs in each population (the sum of the
294  numbers of population-specific and shared causal SNPs) are consistent with previously reported estimates
295  ofpolygenicity in single populations”**>7>"¢ For example, we estimate that approximately 10% of common
296  SNPs have nonzero effects on BMI in both EAS and EUR and that 2-3% have nonzero effects on the lipids
297  traits (Table 1). The low estimates for major depressive disorder and rheumatoid arthritis may be explained
298  in part by their small GWAS sample sizes. While there is heterogeneity in the estimated proportions of
299  shared causal SNPs across the 9 traits, we find that most common causal SNPs are shared between the
300 populations, consistent with findings from previous studies”. For example, for BMI, we estimate that
301  approximately 96% of common causal SNPs in each population are also causal in the other; for total
302  cholesterol (TC), we estimate that 73% of common causal SNPs in EAS and 77% of those in EUR are
303  shared by both populations (Table 1).

304

305 High-posterior SNPs are distributed nearly uniformly across the genome

306  We define 1,368 regions that are approximately LD-independent in both populations and estimate the
307  posterior expected numbers of population-specific/shared causal SNPs in each region (Methods). For all 9
308 traits, high-posterior SNPs for both the population-specific and shared causal configurations are spread
309 nearly uniformly across the genome (Figure 3, Figures S24-S31). For example, mean corpuscular

310 hemoglobin (MCH) harbored, on average, 0.68 (S.D. 0.42) EAS-specific, 0.53 (S.D. 0.40) EUR-specific,
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311  and 2.19 (S.D. 1.46) shared high-posterior SNPs per region (Figure 3, Figure S29). Aggregating posterior
312  probabilities by chromosome, we find that the posterior expected numbers of EAS-specific, EUR-specific,
313  and shared causal SNPs per chromosome are highly correlated with chromosome length (Figures S32-S34),
314  recapitulating previous findings based on regional SNP-heritability*>.

315

316  Distributions of high-posterior SNPs across GWAS risk regions

317  We aggregate per-SNP posterior probabilities within GWAS risk regions that are EAS-specific, EUR-
318  specific, or shared by both populations and find that most GWAS risk regions harbor two or more shared
319  high-posterior SNPs (Figure 4, Figures S35-S39), concordant with previous findings on allelic
320  heterogeneity of complex traits>>’"’®, On average across the 9 traits, we observe a 2.8x enrichment of shared
321  high-posterior SNPs in population-specific GWAS risk regions relative to the genome-wide background.
322 For example, for mean corpuscular hemoglobin (MCH), the EAS-specific and EUR-specific GWAS risk
323  regions harbor an average of 3.0 (S.D. 1.7) and 3.3 (S.D. 1.5) shared high-posterior SNPs per region,
324  respectively, whereas the average number of shared high-posterior SNPs per region across all regions is 2.0
325  (S.D. 1.3) (Figure 4). While BMI, the blood traits (MCH and MCV), and rheumatoid arthritis have similar
326  numbers of EAS-specific and EUR-specific high-posterior SNPs in their population-specific GWAS risk
327  regions, the lipids traits (HDL, LDL, total cholesterol and triglycerides) have significantly more EAS-
328  specific high-posterior SNPs in all GWAS risk regions (Figure 4, Figures S35-S39).

329 For each causal configuration (EAS-specific, EUR-specific, or shared), we examine the effect sizes
330  of high-posterior SNPs (posterior probability > 0.8) in EAS and EUR (Figure 5). Across the 9 traits, the
331  majority of EAS-specific high-posterior SNPs are nominally significant (pgyas < 5 X 107) either in the
332 EAS GWAS only or in both GWASs. While five EUR-specific high-posterior SNPs are nominally
333  significant in only the EAS GWAS, the majority are nominally significant either in the EUR GWAS only
334  orin both GWASs. We observe strong correlations between the effect sizes in EAS and EUR for all three
335  sets of high-posterior SNPs (Pearson 12 of 0.79 [EAS-specific], 0.73 [EUR-specific], and 0.80 [shared])
336  that are driven by SNPs that are nominally significant in both GWASs (Figure 5). Taken together, these
337  results suggest that most population-specific GWAS risk regions harbor shared causal variants that are
338  undetected in the other population due to heterogeneity in LD structures, allele frequencies, and/or GWAS
339 sample sizes®.

340

341  Enrichment of high-posterior SNPs near genes expressed in trait-relevant tissues

342  Motivated by recent work that found enrichment of SNP-heritability in regions near genes that are
343  “specifically expressed” in trait-relevant tissues and cell types (referred to as “SEG annotations”), we tested

344  for enrichments of population-specific and shared causal SNPs in the same 53 tissue-specific SEG
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345  annotations®'. For a given causal configuration, the enrichment of causal SNPs in an annotation is defined
346  as the ratio between the posterior and prior expected numbers of causal SNPs in the annotation (Methods).
347  For 8 of the 9 traits, we find significant enrichment of shared high-posterior SNPs in at least one SEG
348  annotation (P-value < 0.05/53 to correct for 53 tests per trait) (Figures S40-S44). All SEG annotations with
349  significant enrichments of population-specific high-posterior SNPs are also enriched with shared high-
350  posterior SNPs for the same trait, providing additional evidence that many signatures of population-specific
351  genetic architecture are induced by population-specific LD and allele frequencies rather than distinct
352 genetic etiologies. We do not find enrichment of any high-posterior SNPs in any SEG annotation for major
353  depressive disorder (MDD) (Figure S44), which could be due to low GWAS sample sizes (Table 1). Finally,
354  for each SEG annotation, we obtain a meta-analyzed transethnic SNP-heritability enrichment by computing
355  the inverse-variance weighted average of the EAS and EUR SNP-heritability enrichments (which are

356  obtained separately using stratified LD score regression'*'¢

). We observe a strong correlation between the
357  meta-analyzed SNP-heritability enrichments and the enrichments of shared high-posterior SNPs (Figure 6),
358  suggesting that SNP-heritability enrichments are largely driven by many low-effect SNPs rather than a
359  small number of high-effect SNPs.

360

361 Discussion

362  We have presented PESCA, a method for estimating the genome-wide proportions of SNPs with nonzero
363  effects in a single population (population-specific) or in two populations (shared) from GWAS summary
364  statistics and estimates of LD. We applied PESCA to EAS and EUR GWAS summary statistics for 9
365  complex traits and find that, while the lipids traits have significantly more EAS-specific common causal
366  SNPs compared to the remaining traits, the majority of common causal SNPs are shared by both populations.
367  Regions that harbor statistically significant GWAS associations for one population are enriched with SNPs
368  with high-posterior probability of being causal in both populations; moreover, high-posterior SNPs
369  (posterior probability > 0.8 for any causal configuration) have highly correlated effect sizes in EAS and
370  EUR, recapitulating results of previous studies®*. For all traits except MDD, we identify tissue-specific SEG
371  annotations® enriched with shared high-posterior SNPs and observe that all SEG annotations enriched with
372 population-specific high-posterior SNPs are a subset of those enriched with shared high-posterior SNPs.
373  Taken together, our results indicate that most population-specific GWAS risk regions contain shared
374  common causal SNPs that are undetected in the second population due to differences in LD or allele
375  frequencies. This suggests that localizing shared components of genetic architecture and explicitly
376  correcting for population-specific LD and allele frequencies may help improve transferability of results

377  from well-powered European-ancestry studies to other understudied populations. Based on the simulation
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378  results in Figure S1 (in which 100% of causal SNPs are shared) and our estimates of SNP-heritability for
379  the traits in Table 1, we recommend applying PESCA to summary statistics for which the effective per-SNP
380  sample size, N x h} divided by the number of causal SNPs, is at least 3 for both GWASs. For a typical
381  quantitative trait (e.g., Table 1), this corresponds to a total effective sample size of approximately N X hf] >
382 10,000.

383 We conclude by discussing the caveats and limitations of our analyses. First, the estimated
384  proportions of causal SNPs must be interpreted with caution as they can be influenced by gene-environment
385 interactions. For example, if a SNP has a nonzero effect on a trait only in the presence of environmental
386  factors that are specific to EAS-ancestry individuals, PESCA will interpret that SNP as an EAS-specific
387  causal SNP even though it would have a nonzero effect in Europeans in the presence of the same
388  environmental factors.

389 Second, we chose to analyze a set of traits that were present in both the UK Biobank and Biobank
390 Japan and for which GWAS summary statistics were publicly available. Since most publicly available
391 summary statistics of large-scale GWAS are meta-analyses of smaller studies, in-sample LD is often
392  unavailable. While PESCA with in-sample LD is relatively robust to differential GWAS power, with
393  external LD, performance decreases when the GWAS effective sample sizes differ by more than a factor of
394  2x. We note, however, that for the real traits analyzed in this work, effective sample size differs by a
395  maximum factor of 2x (mean corpuscular hemoglobin; Table 1). Additionally, PESCA currently cannot be
396  applied to admixed populations if in-sample LD is unavailable. An extension of PESCA to properly account
397  for external/noisy estimates of LD would thus increase its utility; we defer a thorough investigation of this
398  to future work. In parallel, in light of ongoing efforts at several institutions to establish biobanks®-"*7*#!,
399  we believe that well-powered GWASs (with in-sample LD) will become increasingly available for diverse
400 and admixed populations. Another challenge is that many publicly available summary statistics were
401  computed from fixed-effect meta-analyses or linear mixed models. Since the PESCA model is defined with
402  respect to GWAS marginal effects estimated by ordinary least squares (OLS) regression, it is unclear
403  whether PESCA is sensitive to non-OLS association statistics, which have different statistical properties;
404  we defer a thorough investigation of this to future work.

405 Third, we restricted our analyses to SNPs with MAF > 5% in both populations to reduce noise in
406  the LD matrices estimated from external reference panels. Consequently, the estimates we report in this
407  work do not capture effects of low frequency or rare variants that are not well-tagged by common SNPs.
408  Furthermore, since most common variants are shared across continental populations and rarer variants tend
409  to localize among closely related populations”, our study design undersamples population-specific causal
410  variants. We note, however, that lower MAF thresholds can be used if in-sample LD is available. We also

411  note that for the purpose of improving transferability of polygenic risk scores (PRS) across populations,
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412  prediction accuracy depends largely on the accuracy of the PRS weights at common SNPs (the average per-
413  SNP contribution to total SNP-heritability is larger for common SNPs than for low frequency or rare
414  variants'").

415 Finally, PESCA can be sensitive to model misspecification. For computational efficiency, PESCA
416  relies on having regions that are approximately LD-independent in both populations; if there is LD leakage
417  between regions, the estimated proportions of causal SNPs will be biased. We therefore recommend
418  defining LD blocks for each pair of populations one analyzes. Similarly, to facilitate inference, PESCA
419  does not explicitly model cross-population correlations of effect sizes at shared causal variants; we
420  conjecture that modeling these correlations can further improve performance.
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Trait name

= Sample Total # SNPs EAS-specific EUR-specific  Shared causals P

2 ) 9
(abbrev.) Pop. Ref. hy(SE)%  Gze(N) (MAF>5%) causals (S.E) causals (S.E.) (S.E.) (S.E.)""

Body Mass Index ~ EAS  #  19.8(0.64) 224,698 258130 982 (2) 1,033 (2) 25,641 (16) 0.80

Mean Corpuscular _ EAS 3 186 (22) 108,054 480,684 1,165 (6) 728 (3) 3,082 (4) 0.88
Hemoglobin (MCH) EUR 82 227 (32) 1727332 ’ 0.2% 0.2% 0.6% (005)

Mean Corpuscular EAS 3 21.0(2.13) 108,256 480.678 1004 (4) 737 (5) 3,256 (8) 0.89

Hfeln B EAS 21 20.7 (3.03) 70,657 268198 3,167 (12) 652 (2) 4,789 (9) 0.89
Lipoprotein (HDL) EUR 83 16.4 (22) 89,614 ’ 1% 0.2% 2% (006)

Low Density EAS 7 9:5(1.3) 72,866 268.201 969 (35) 742 (2) 3,129 (6) 0.66
Lipoprotein (LDL) EUR 83 13.6 (193) 85,491 ’ 0.4% 0.3% 1% (011)

Total Cholesterol _ EAS  *'  8.1(0.84) 128,305 268107 1,892 (3) 1,493 (5) 5,058 (12) 0.91

Triglyceride (TG) EAS  * 13.5(3.3) 105,597 266 108 2,245 (3) 511 (4) 3,432 (7) 0.93

riglyceride ,

EUR %  136(22) 86,502 0.8% 0.2% 1% (0.07)

Major Depressive _ EAS 35.6 (3.4) 10,640 266,503 88 (4) 3,280 (6) 7,830 (6) 0.34
Disorder (MDD) EUR 84 19.0 (18) 18,759 ’ 0.02% 0.84% 2% (007)

36

Rheumatoid Arthritis /S 28.9(18.3) 22,515 526206 3(0.3) 124 (2) 1,080 (6) 0.87

(RA) EUR % 95 (1.9) 58,284 ' 6e-04% 0.02% 0.2% (0.10)

Table 1: Estimated numbers and percentages of population-specific/shared common causal SNPs for 9 complex traits. We estimated
genome-wide SNP-heritability using LD score regression®* with the intercept constrained to 1 (i.e. assuming no population stratification). Trans-
ethnic genetic correlation estimates (,) computed from a similar set of summary statistics were obtained from a previous study®'. Standard errors
of the estimated numbers of population-specific/shared causal SNPs were computed using the last 50 iterations of the EM-MCMC algorithm.
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Figure 1: Toy examples to illustrate how population-specific LD patterns affect GWAS associations.
a) SNPs 3 and 5 are causal in both East Asians and Europeans and have the same population-specific
causal effect size of 0.1. However, due to different LD patterns in East Asians and Europeans, SNPs 2 and
4 are observed to be GWAS-significant, respectively. b) Different SNPs are causal in East Asians (SNPs 1
and 5) and Europeans (SNPs 2 and 4). However, due to population-specific LD, SNP 3 is observed to be
GWAS-significant in both populations. The stars in the rightmost plots represent the SNPs with true nonzero
effects; the GWAS-significant SNP is highlighted in a darker color.
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Figure 2: Genome-wide estimates of the numbers of population-specific/shared causal SNPs in
simulations. The estimates are approximately unbiased when in-sample LD is used (top panel) and
upward-biased estimates when external reference LD is used (bottom panel). For both populations, we
simulate such that the product of SNP-heritability and GWAS sample size is 500. Mean and standard errors
were obtained from 25 independent simulations. Error bars represent +1.96 of the standard error.

22


https://doi.org/10.1101/858431
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/858431; this version posted March 18, 2020. The copyright holder for this preprint (which 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 available under
aCC-BY-NC 4.0 International license.

-
o

[$)]

-
o

EUR specific EAS specific
q‘! o
|
|
|

o

regional number of causal SNPs

- 20

[}

S

(V] —_—
B 10

N e V P N N >
) Q< Q& @ ] > Q& X
{{\\ \z\ 60\ & {\b Q}O \Q:\ kbe’ 6®
AN o N A\ (2 EX S 9 &
& NN (®) Q° O Q N &
v ® «° < S 9 ® ) &
&® R L N <& S R o2 N

& Q < 9 > QS 2 Y

Q& & 2 >’ S > G o
N Q O Q i\ Q * %
@ P 060 Qo\ P OQ,Q
Q~ 0$ O«Q QO . &\ . 0K
N (@) < Y )
S A\ X
@
Q

Figure 3: Distributions of the numbers of population-specific/shared causal SNPs across 1,368
regions that are approximately independent in both EAS and EUR. Each violin plot represents the
distribution of the posterior expected number of population-specific or shared causal SNPs per region;
details on how the regions were defined can be found in the Methods. For a single region, the posterior
expected number of SNPs in a given causal configuration is estimated by summing, across all SNPs in the
region, the per-SNP posterior probabilities of having that causal configuration (Methods). The dark lines
mark the means of the distributions. The traits are sorted on the x-axis by the average number of shared
high-posterior SNPs per region.
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Figure 4: Distributions of the numbers of population-specific/shared causal variants at GWAS risk
regions for mean corpuscular hemoglobin (MCH). Each violin plot represents the distribution of the
posterior expected number of population-specific (red/green) or shared (blue) causal SNPs at regions
with significant associations (pgy4s < 5 X 1078) in EAS GWAS only, EUR GWAS only, both EAS and
EUR, and neither GWAS. The dark lines mark the means of the distributions.
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Figure 5: Marginal regression coefficients of high-posterior SNPs for 9 complex traits. Each plot
corresponds to one of the three causal configurations of interest: EAS-specific (A), EUR-specific (B), and
shared (C). Each point represents a SNP with posterior probability > 0.8 for a single trait. The x-axis and y-
axis mark the marginal regression coefficients in the EAS-ancestry GWAS and EUR-ancestry GWAS,
respectively. The colors indicate whether the SNP is nominally significant (pgy s <5 % 107¢) in both
GWASSs (purple), the EAS GWAS only (orange), the EUR GWAS only (green), or in neither GWAS (gray).
The gray band marks the 95% confidence interval of the regression line.
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Figure 6: Enrichments of shared high-posterior SNPs in 53 tissue-specific functional categories are
highly correlated with SNP-heritability enrichments. Each point represents a trait-tissue pair; each
tissue-specific functional category represents a set of genes that are “specifically expressed” in one of 53
GTEXx tissues (53 SEG annotations). The x-axis is the enrichment of shared high-posterior SNPs in the
SEG annotation obtained from PESCA. The y-axis is the meta-analyzed transethnic SNP-heritability
explained by the SEG annotation, defined as the inverse-variance weighted average of the EAS and EUR
SNP-heritability enrichments (obtained separately using stratified LD score regression). The points are
colored by whether the trait has a statistically significant enrichment of shared high-posterior SNPs in the
corresponding SEG annotation (FDR < 0.1). Enrichment estimates and standard errors for each trait-tissue
pair can be found in Figures S40-S44.
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