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Supplementary notes

Causal and joint-fit effect size

Following ref,! we define causal effect size of a SNP as the underlying true effect size of
the SNP on phenotype; we define joint-fit effect size of a SNP as the inferred effect size of
the SNP. Causal effect size of a SNP is unique, whereas joint-fit effect size is subjected to
the set of SNPs included in fitting the model for inferring the causal effect. Previous work?
estimates trans-ethnic genetic correlation of joint-fit effect size — the set of SNPs for model
fitting is the set of SNPs with minor allele frequency greater than 5% in both populations.!?

In this work, we focus on estimating trans-ethnic genetic correlation of causal effect size.

Per-allele and standardized causal effect size

Per-allele causal effect size of a SNP is the change in phenotype resulted from having
an additional allele at that SNP. Standardized causal effect size of a SNP is the change in
phenotype per standard deviation increase in normalized genotype of that SNP. Per-allele

and standardized causal effect size of a SNP are related to each other through

ﬁstandardized =V 2p(1 - p)ﬁper-allelea (1)

where p is the minor allele frequency (MAF) of the SNP in a population. Comparing stan-
dardized causal effect size of a SNP across populations is less informative due to differences
in MAF. Thus, we focus on comparing per-allele causal effect size across populations in this

work.

Defining stratified squared trans-ethnic genetic correlation of per-

allele causal effect size

We model a complex phenotype in two populations using linear models,

Y, = X 18, +e€,

(2)
Y, = X903, + €,

where Y; € RM and Y, € R are vectors of standardized phenotype measurements with 0
mean and unit variance in the two populations, with sample size N7 and N,, respectively;
X, € RVM and X, € RMM are mean centered (but not normalized) genotype matrices of

the two populations across M SNPs, respectively; 3, € RM and B, € RM are the per-allele
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causal effect size vectors of the M SNPs on phenotypes in the two populations, respectively;
and €; € RM and €, € R™ are the environmental effects in the two populations, respectively.
We model per-allele causal effect sizes, instead of standardized effect sizes as is modeled in
LDSC, to account for differences in minor allele frequency across different populations.

We assume both X; and X5 to be random. We assume a random effect model for the
per-allele causal effect sizes of SNP j in the two populations, 3;; and B}, respectively, with

mean, variance, and covariance,
E[81;] = 0, Var[y;] Z% )T1c,
E[Ba;] = 0, Var| 5] Za] )Tac, (3)
Cov[B1;, Ba;] Z a;(C)be,

where a;(C) is SNP j’s value with respect to annotation C'; 7i¢ and m¢ are the net contri-
bution of annotation C' to the variance of per-allele causal effect size of SNP j in the two
populations; - the net contribution of annotation C' to the co-variance of per-allele causal
effect size of SNP j in the two populations.

We define stratified trans-ethnic genetic co-variance of a binary annotation C' (e.g.
functional annotations or quintiles of continuous-valued annotations) as the sum of per-SNP

genetic covariance of SNPs that are a member of annotation C,

C) = Y, Cov[Byj, Ba] = D, Y a;(C)ber. (4)

jeC jec ¢

Here, C' is a binary annotation, but C” can be either binary or continuous-valued. Similarly,
we define stratified heritability (of per-allele causal effect sizes) of a binary annotation C' in

the two populations as,

C) = Z Var[ ;] = Z Z a;(C" e,

jeC jeC ¢’ (5)
C) = Z Var[ﬂQJ = Z Za] 7_2C’
jeC jeC ¢’

We define stratified trans-ethnic genetic correlation as

ro(0) = 29| (©)
2, ()1, (C)
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Since estimates of 12, (C) and h2,(C') can be noisy and possibly negative, rendering the square
roots undefined, we estimate stratified squared trans-ethnic genetic correlation instead, which

is defined as,
p,(C)

g

Another advantage of estimating 72(C) over 7,(C) is that taking square root of a random
variable creates downward bias, which is difficult to correct for — estimating rg (C) resolves
this issues. In this work, we only estimate 77 (C') for SNPs with minor allele frequency (MAF)
greater than 5% in both populations. Additionally, we define enrichment of stratified squared

trans-ethnic genetic correlation,

N(C) = 5=, (8)

as the ratio between stratified squared trans-ethnic genetic correlation of annotation C' and
squared genome-wide trans-ethnic genetic correlation; we meta-analyze A?(C') across different

traits.

Estimating stratified squared trans-ethnic genetic correlation
Regression equations to estimate 6, and 7¢

We estimate the net contributions of annotation to per-SNP trans-ethnic genetic co-
variance and per-allele heritability, -, ¢ and Ty, respectively, from GWAS summary
association statistics using methods of moments.

In genome-wide association studies (GWAS) across two populations, Z-scores testing

association between SNP j and the trait are calculated as,

1
Z,,=——=X1.Y,
17 am\/ﬁ 171 (9)
1
Zyj = —X;ng.

025V N2

where Z;; and Z,; are Z-scores for SNP j in the two populations, respectively; o;; and oy;

are the standard deviation of SNP 7 in the two population.
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Substituting the linear phenotype model from Equation (2), it can be shown that

E[leZQj] = E [(XLXIIBI + X X;JXQ,BQ + X2j€2)]

o ) o )|

M M
(Z BlkX{jX1k> (2 ﬁ%XQJX%) ]
- Mk:1 k=1
2

BuBar (X1, X 1) (X )] (10)

O'1j0'2j
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(I I
=

I
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I
=
=
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ov| Bk, Bar] E[XL'Xlk] E[ngXQk]
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=
=
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=
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where py;, and py;i, are the covariances between SNP j and k in population 1 and population

2, respectively. Let
M
05, C) = Y, B g ) (11)

= 71392

be the trans-ethnic LD score of SNP j with respect to annotation C, we arrive at the

regression equation for estimating 0.,

E[Z1; 22|t (5, C)] = v/N1N2 Y £ (4, C)bc. (12)

c

Following ref.?, regression equations for estimating 71 and ¢, contribution of annota-

tion C' to per-SNP heritability, can be derived similarly,

E[x316 (5, C N1Z€1 3, C)ic + Niar + 1,
(13)
E[x3;162(, C NzZ@ J, C)Tac + Naaz + 1,
where o
2
I
= 2 g (14)
k=1 p

W
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is the LD score of SNP j with respect to annotation C' in population p; and a,, is the intercept
term capturing population stratification in population p. An intercept term is not necessary
in the regression in Equation (12), as GWAS from different populations are not expected to

share samples or shared population stratification.

Estimating LD scores

We estimate trans-ethnic and population-specific LD scores using publicly available
reference genotypes of 481 East Asian and 489 European individuals from the 1000 Genomes
Project.?

Let X; € RM*M and X, € RV2*M he the mean centered (but not normalized) reference
genotype matrices for M SNPs in the two populations, with reference sample size N; and Ny,
respectively, we obtain unbiased estimates of trans-ethnic LD score of SNP j with respect
to annotation C, £, (j,C) as

M
(x(4,C 01] £ Z P1jkP2jik: (15)
where . T
A kaij ~2 ijij (16)
Ppjk = Np_170pj_Np_1'

At sample size of N; = 481 and N, = 489, both standard deviation estimation and ratio
estimation are nearly unbiased. Thus, to show E[(y(j,C)] = £y (j,C), it suffices to show
E[p1jkpajk] = p1jupajr- Indeed,

. XT X4, X1 X,
b - B (1) (X0

1
= (Nl—l)(NQ—l) [ZXllk’XlljZXQZ,k‘XQZ]]

/=1
1 Y (17)
- (Nl - ]-)(N2 — 1) Z Z E I:Xlilein2i,kX21;/j]

1=14¢=1
_ (V1= Dpujr(Na — 1) paj
(Ny —1)(Ny — 1)

= P1jkP2jk,

where the equality on the fourth line follows from Isserlis’ theorem® and the fact that unad-

g0 justed sample covariance is biased by a factor of % When estimating the trans-ethnic LD

90

scores, we restrict to SNPs that are present in both populations. Effectively, we assume that
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only SNPs present in both populations contribute to genetic covariance. Since LD is small
outside a 1 centimorgan window, we only include SNPs within a 1 centimorgan window in
the summation in Equation (17), similar to previous works.>%7

Similarly, we obtain unbiased estimates of population-specific LD score, £,(j, C'), as

. 1 ¥ N R 62,62,
6(5,C) = =3 Z N, i 1 (Pij - ﬁ) - (18)
P

J k=1

For sample size of Ny = 481 and Ny, = 489, the bias introduced in ratio estimation is

52 52
Tp; Tk — Np—1 2
N, Np Ppjk:

negligible. Thus, to show ép( J, C) is unbiased, it suffices to show E [ﬁf)jk -

Indeed,
A~ ~ - 2 ~ ~
Elﬁz' GO _p (X;k:Xm‘) GO
pik N, N,—1 N, —1

! SN 0240219
- () o[£ 8 o - 5%

b | i=14'=1
LYy 02,02, (19)
) <N - 1> 2 2 B pin X iy Xopin X ] = 375
p i=14¢=1 »
1 2 2 2 2 2 9 012)j0127k
) <NP - 1> LNy = 1?0 + (N = Dofoi + (N = Dy | = N, -1
N,—1,

When estimating the trans-ethnic LD scores, we restrict to SNPs that are present in popu-
lation p. Effectively, we assume that SNPs present in population p contribute to heritability.
Since LD is small outside a 1 centimorgan window, we only include SNPs within a 1 centi-

morgan window in the summation for estimating LD scores.

Regression SNPs and regression weights

To mitigate potential confounding due to imputation quality, we include only well-
imputed SNPs (INFO>0.9) in the regression. We further restrict to HapMap 3% SNPs with
minor allele frequency (estimated using 1000 Genomes Project! data) greater than 5% in
both populations, which is a set of SNPs that are well imputed in diverse populations and
has been used in previous studies.®”

We use weighted least square regression to obtain estimates of 7¢, T¢, and 6c. For

estimating 7,¢, we use weights similar to those described in Finucane et al 2015. In detail,
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the weights for each regression SNP 7 in population p is

1
ij = - - 5 (20)
Ep(]a HapMapS) (Np ZC fp(]a C)TpC + 1)

For estimating 6., we use the following weights
1
Upi = 2 . 2 . . ’
AT 6 HapMap3) [ T2, (N, X G O + 1) + Ny X e (G, O |

(21)

Estimating stratified squared trans-ethnic genetic correlation

Let 71¢, Toc, and 9};, be the estimates of ¢, 7o, and ¢, respectively. First, we obtain
estimates of stratified trans-ethnic genetic covariance and heritability of a binary annotation

C as,

pg(C) = 1> ac(§)ber,

jeCc ¢’

e (C) = ) Y ac (i) e, (22)
jeC ¢’

izfﬂ(C) = Z Zacf(j)%zc'-
jeC ¢’

We jackknife over 200 continuous and disjoint blocks of SNPs to obtain standard error of

each estimates. As, an example, we estimate standard error of p,(C') as

B-—1&

SE(C)] = | 2[00 - ()] (23)

where B is the total number of jackknife samples, and ﬁgb)(C) denotes the estimate with
SNPs in the b-th block removed.
Next, we obtain an initial estimate of stratified squared trans-ethnic genetic correlation,
r2(C), as
_ P3(C) = (SE[p,(O)])"
531(0)532(0) - COV[ﬁﬁl(C)a il?;z ()]

72(C) , (24)

where Cov[ﬁgl(C’),BSQ(C)] is estimated using jackknife over 200 continuous and disjoint
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blocks of SNPs,

. . B-1& . . . .

Cov[i (C), (O] = === Y] |4 () = ()| [I(0) = ()| (29)
b=1

The initial estimator, 7 (C), however, is a biased estimator of 72(C').” We estimate and

correct for the bias using jackknife samples of fg(C’)f’ In detail, the bias is approximately

Bias [2(C)] = (B - 1) é S ROC) —2(0) | (26)

where fg(b)(C) is the estimate with b-th block removed.

We obtain final bias-corrected estimate of r2(C) as,

72(C) = 72(C) — Bias [72(C)] (27)

g g

and obtain its standard error using block jackknife.

We estimate enrichment of stratified squared trans-ethnic genetic correlation

A2 (C) = 2= (28)

Shrinkage estimator

Estimates of 72(C) can be imprecise and unreliable if the denominator, h2 (C')h2,(C),
is noisy and close to 0. This is especially true for small annotations. To mitigate this issue,
we introduce a shrinkage estimator to “regularize” the estimates of 72(C).

We apply the shrinkage to estimates of stratified per-SNP genetic covariance and heri-
tability, so that the per-SNP estimates are shrunk towards genome-wide average. Inspired
by Bayesian shrinkage, we derive a shrinkage factor for per-SNP genetic covariance and

heritability as follows. Let

Var [p,(C)] M
%:1/(1” Var [p,] Mc)’

Var [ﬁgl(C)] M
Var [ﬁgl] Mc |’ (29)
Var [EQQ(C)] M
Var [%2} Mc

’}/321/ 1+«

Y

8
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where M¢ is the number of SNPs in annotation C, and « € [0, 1] is a user-controlled tuning
parameter that governs the magnitude of shrinkage. We define the shared shrinkage factor

as

Y= min{%a%y%}- (30)

We use shared shrinkage factor instead of separate shrinkage factors for convenience of char-
acterizing the behavior of the estimator. When « is set to 0, no shrinkage is applied; when
« is set to 1, the entire Bayesian shrinkage is applied.

We apply the shrinkage to stratified genetic covariance and heritability as follows,

py(C) = Mc (WM +(1— 7)%)

Mc
792 ﬁzl(c) %1
hg (C) = Mc | v PR Q=757 (31)
. h2,(C) hZ,
h§2(0) = M¢ (’Y gj\ﬂ) +(1— V)Mg ;

and obtain standard errors of the shrunk estimates using block jackknife. Intuitively, if
stratified heritability and trans-ethnic genetic covariance are estimated with low variance,
the amount of shrinkage needed will be small, and shrinkage estimator will preserve the
unshrunk estimates. On the other hand, if stratified heritability and genetic covariance are
estimated with large variance (i.e. noisy), the shrinkage estimator will shrink the estimates
towards genome-wide average.

Finally, we obtain shrunk r2(C) and X*(C), 72(C) and A*(C), by plugging in py(C),
hZ,(C), and hZy(C) into the procedures described in previous section. We found that when

a = 0.5, the shrinkage estimator yields robust results across a wide range of polygenicity.

Two-population Eyre-Walker model

The Eyre-Walker model'® couples fitness effect (selection coefficient) with causal disease

effect size, (8, through the equation
B =35"(1+¢€), (32)

where § = £1 with equal probabilities governs the sign of 3; S = 4sN, (s is the fitness effect,

N, effective sample size of the population); 7 is the parameter coupling selection and [3; and
2

e is normally distributed with mean 0 and variance oZ. Since the scaling factor 4N, does

not affect trans-ethnic genetic correlation (and subsequently enrichment of stratified squared
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trans-ethnic genetic correlation, A?(C')), we use the simplified equation instead,

B oc 6s7(1 +e). (33)

We use negative s to denote deleteriousness, following convention of previous works.'!1?

However, we emphasize that positive s (i.e. beneficial mutations) is also plausible.
We extend the Eyre-Walker model to two populations to model causal disease effect

sizes of SNP j, (1; and fy;, in population 1 and population 2, respectively,

ﬁlj aC (SSql—j(l + 61),

(34)
ﬁgj aC (58%(1 + 62),

where s1; and sy; are the fitness effects of SNP j in the two populations; €; and e, indepen-

dently follow normal distributions with mean 0 and variance o? and o3. Assuming 7 is a

constant, 3;; and By; has covariance,
COV[BU, 62]‘] oC E[(SSL(]. + 61)(58%(1 + 62)] = E[(SljSQj)T], (35)
and variance,

Var[y;] oc E[(0s7;(1 + €1))?] = E[si7](1 + o1),

(36)
Var[By] o¢ E[(0s3;(1 + €2))°] = E[s57](1 + 03).
The squared genome-wide trans-ethnic genetic correlation is then
o (22, El(s182)71)?
¢ (X, Bl + 02) E[s37](1 + 02)
2 (37)
1 (S Elbus) )
(1 +07)(1 +03) X, E[s{7]E[s3]]
And the stratified squared trans-ethnic genetic correlation of a binary annotation C' is
2(C) = (Xjec El(s1525)71)?
! (Xjec Elsi71(1 + 02) E[s37](1 + 02)) (38)
2

- 1 (ZJECE[(51152J) )
(1+0})(1+03) ZjeC E[slj] E[SQJT] ’

The enrichment of squared trans-ethnic genetic correlation, A*(C'), only depends on s;; and

10
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0y = O _ Syee Blloys) ? (5, FISHI L)
7 (S BB (3, Bllousa) )7

Therefore, although 7“3 can be less than 1 as long as 02 or 03 is greater than 0, differential

(39)

fitness effects in annotation C' compared with genome-wide average is necessary for A\?(C')
to be different from 1.

To introduce population-specific fitness effects, we assume

S1 = 80(1 + A1)7

So = so(1 4+ Ay), (40)

where sg represents the fitness effect prior to the split of population 1 and population 2, and
A and A, represent the relative change in fitness effects since the split, and are indepen-
dently sampled from N(0, 0% ) (and truncated so that (1+A;) and (1+As) are non-negative).
We further assume that 0% is small (close to zero) at weakly deleterious or effectively neutral
SNPs (i.e. s1 & s3), and large at more strongly deleterious SNPs (i.e. s1 # s9) (Figure S20a).
We have publicly released Python code implementing the 2-population Eyre-Walker model
(see URLs).

We used Equation (40) to sample population-specific fitness effects (s; and s;) and
subsequently used Equation (34) to sample causal disease effect sizes (f; and fs) for 50,000
simulated unlinked SNPs, setting 90% of the SNPs to be weakly deleterious (so = —107°)
and 10% of the SNPs to be more strongly deleterious (so = —107%) (Methods). We then
used the sampled causal effect sizes to compute the enrichment/depletion of squared trans-
ethnic genetic correlation (A\*(C)) for SNPs in each of these two categories. When 7 = 0.2,
0? = 02 = 1.0, and 0 = 0.0 for both weakly and more strongly deleterious SNPs (i.e. same
fitness effects across populations), A\*(C') was equal to 1.00 (s.e. 0.00) for both categories
(Figure S20b). However, when o3 = 0.0 for weakly deleterious SNPs but ¢ = 0.7 for more
strongly deleterious SNPs (leaving all other parameters unchanged), A?(C') for more strongly
deleterious SNPs decreased to 0.79 (s.e. 0.01) (Figure S20c) due to more population-specific
causal disease effect sizes, roughly matching results for SNPs in the top quintile of background
selection statistic in real data analyses (Figure 2). Analyses at other values of 7 produced
similar results, yielding lower values of A*(C) for more strongly deleterious SNPs at higher
values of o4 (Table S19). We also performed a secondary analysis with 0% = 0.7 for both
weakly and more strongly deleterious SNPs (leaving all other parameters unchanged). We
observed no depletion of A?(C') at more strongly deleterious SNPs (Figure S21). Thus, we

concluded that, under the Eyre-Walker evolutionary model, a lower 03 at weakly deleterious

11
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SNPs and a higher 0% at more strongly deleterious SNPs is necessary to explain the results
observed in analyses of real traits.
Here, we did not consider demographic histories in our evolutionary modeling, which

may lead to increased proportions of population-specific variants, decreasing trans-ethnic

14,15

polygenic risk score accuracy.'> We also note that other evolutionary models exist, and

could also be explored.!*1?
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xs Supplementary tables

Table S1: List of baseline-LD-X model annotations. a) Summary information for
functional annotations. b) Summary information for continuous-valued annotations. c)
Correlation between functional and continuous-valued annotations. d) Correlation between
continuous-valued annotations.

See attached Excel file.

Table S2: List of the specifically expressed gene (SEG) annotations. a) Mean
background selection statistic of SEG annotations. b) Correlation between SEG annotation
and continuous-valued annotations.

See attached Excel file.

simulated r, | estimated r, s.e. mean mean jackknife s.e.
0.2 0.2 0.0021 0.0022
0.4 0.41 0.0022 0.0022
0.6 0.62 0.0023 0.0024
0.8 0.82 0.0026 0.0026
0.96 0.99 0.0027 0.0028

Table S3: Numerical results of S-LDXR in estimating genome-wide trans-ethnic
genetic correlation. Mean and standard errors are based on 1,000 simulations.

Table S4: Numerical results of S-LDXR in null simulations with 1% causal SNPs.
The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0 in e.

See attached Excel file.

Table S5: Numerical results of S-LDXR in null simulations with 10% causal
SNPs. The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0
in e.

See attached Excel file.
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Table S6: Numerical results of S-LDXR in null simulations with 100% causal
SNPs. The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0
in e.

See attached Excel file.

Table S7: Numerical results of S-LDXR in causal simulations with 1% causal
SNPs. The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0
in e.

See attached Excel file.

Table S8 Numerical results of S-LDXR in causal simulations with 10% causal
SNPs. The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0
in e.

See attached Excel file.

Table S9: Numerical results of S-LDXR in causal simulations with 100% causal
SNPs. The shrinkage parameter, «, is set to 0.0 in a, 0.25 in b, 0.5 in ¢, 0.75 in d, and 1.0
in e.

See attached Excel file.
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trait (abbrev.) Ngas Ngur h2 pas h2 ur
*Atrial Fibrillation (AF) 3679210 10308367 | 0.110 (0.026) 0.021 (0.002) | 0.817 (0 193)
Age at Menarche (AMN) 67029 252514 | 0.074 (0.013) 0.128 (0.010) | 0.878 (0.057)
Age at Menopause (AMP) 438618 69360" | 0.092 (0.021) 0.190 (0.016) | 0.567 (0.091)
Basophil Count (BASO) 6207620 13186021 | 0.107 (0.018) 0.088 (0.011) | 0.427 (0.061)
Body Mass Index (BMI) 15828420 3375392 | 0.161 (0.010) 0.207 (0.007) | 0.804 (0.021)
Blood Sugar (BS) 93146%  337539%% | 0.057 (0.011) 0.036 (0.004) | 0.829 (0.087)
Diastolic Blood Pressure (DBP) 1366152 33753922 | 0.052 (0.008) 0.146 (0.007) | 0.862 (0.059)
Estimated Glomerular Filtration Rate (EGFR) | 143658%°  100125%% | 0.074 (0.008) 0.058 (0.007) | 1.053 (0.063)
Eosinophil Count (EO) 620762 3375392 | 0.076 (0.016) 0.154 (0.010) | 0.950 (0.092)
Hemoglobin Alc (HBA1C) 427902 3375392 | 0.109 (0.022) 0.082 (0.006) | 0.875 (0.083)
High Density Lipoprotein (HDL) 70657 33753922 | 0.109 (0.016) 0.140 (0.010) | 0.892 (0.056)
Height (HEIGHT) 151569%* 33753922 | 0.371 (0.017) 0.366 (0.018) | 0.897 (0.018)
Hemoglobin (HGB) 108769% 132596 | 0.070 (0.010) 0.166 (0.012) | 0.911 (0.058)
Hematocrit (HTC) 1087570 1326992 | 0.078 (0.009) 0.161 (0.012) | 0.870 (0.054)
Low Density Lipoprotein (LDL) 72866%° 33753922 | 0.047 (0.015) 0.076 (0.009) | 0.662 (0.105)
Lymphocyte Count (LYMPH) 620762 3375392 | 0.121 (0.015) 0.165 (0.011) | 0.903 (0.059)
Mean Corpuscular Hemoglobin (MCH) 1080542° 3375392 | 0.130 (0.014) 0.144 (0.010) | 0.884 (0.049)
MCH Concentration (MCHC) 10872820 1325862' | 0.069 (0.010) 0.089 (0.010) | 0.887 (0.077)
Mean Corpuscular Volume (MCV) 1082562° 132353 | 0.146 (0.015) 0.200 (0.015) | 0.891 (0.048)
*Major Depressive Disorder (MDD) 10640%°  62984%6 | 0.354 (0.078) 0.202 (0.014) | 0.342 (0.074)
Monocyte Count (MONO) 6207620 3375392 | 0.123 (0.015) 0.156 (0.012) | 0.811 (0.048)
Neutrophil Count (NEUT) 62076%  131564%' | 0.123 (0.016) 0.163 (0.011) | 0.766 (0.059)
Platelet Count (PLT) 10820820 3375392 | 0.157 (0.015) 0.214 (0.013) | 0.879 (0.035)
*Rheumatoid Arthritis (RA) 2234377 3759877 | 0.219 (0.041) 0.191 (0.021) | 0.872 (0.098)
Red Blood Cell Count (RBC) 108794 33753922 | 0.105 (0.011) 0.167 (0.009) | 0.924 (0.052)
Systolic Blood Pressure (SBP) 13650720 33753922 | 0.064 (0.008) 0.149 (0.007) | 0.807 (0.043)
*Type 2 Diabetes (T2D) 1905592 1413642 | 0.099 (0.007) 0.046 (0.006) | 0.927 (0.048)
Total Cholesterol (TC) 1283052 33753922 | 0.057 (0.013) 0.087 (0.010) | 0.910 (0.073)
Triglyceride (TG) 10559720 3375392 | 0.061 (0.010) 0.100 (0.009) | 0.932 (0.066)
White Blood Cell Count (WBC) 10796420 33753922 | 0.103 (0.010) 0.156 (0.007) | 0.848 (0.037)

Table S10: Details of 30 diseases and complex traits analyzed. We report genome-
wide heritability of the traits estimated using S-LDSC?*!! conditioned on baseline-LD-v2.2
model annotations in each population, and trans-ethnic genetic correlation estimated using
S-LDXR conditioned on baseline-LLD-X model annotations. Heritability estimates for binary
traits denote observed-scale heritability (* denotes binary traits).

estimates are shown in parentheses.

Standard errors of the
The prevalence of MDD is 2.2% and 7.3%%° in UK

Biobank3! EAS (Chinese) and EUR population, respectively. The prevalence of type 2
diabetes (T2D) is 2.7% and 4.2%* in UK Biobank EAS (Chinese) and EUR populations.
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Table S11: Numerical S-LDXR results for quintiles of 8 continuous-valued
annotations across 30 diseases and complex traits. The shrinkage parameter, «, was
set to 0.0 in a, 0.5 in b, and 1.0 in c. d) Here, results were meta-analyzed across a subset
of 20 approximately independent traits with default shrinkage parameter (o = 0.5).

See attached Excel file.

Table S12: Numerical S-LDXR results for 28 binary functional annotations across
30 diseases and complex traits. The shrinkage parameter, a;, was set to 0.0 in a, 0.5 in
b, and 1.0 in c. d) Here, results were meta-analyzed across a subset of 20 approximately
independent traits with default shrinkage parameter (o = 0.5).

See attached Excel file.

Table S13: Numerical S-LDXR results of observed \?(C) vs. expected \*(C) based
on 8 continuous-valued annotations for 20 binary annotations across 30 diseases
and complex traits. The shrinkage parameter, a, was set to 0.0 in a, 0.5 in b, and 1.0 in c.

See attached Excel file.
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Table S14: Numerical S-LDXR results for 53 specifically expressed gene (SEG)
annotations across 30 diseases and complex traits. While heritability enrichment
may be impacted by choice of diseases and traits, A?(C) is not expected to be disease
specific. The shrinkage parameter, «, was set to 0.0 in a, 0.5 in b, and 1.0 in c.

See attached Excel file.

Table S15: Numerical S-LDXR results for 53 specifically expressed gene (SEG)
annotations for 14 blood-related traits vs. 16 other traits. The list of 14 blood
phenotypes is: BASO, EO, HBA1C, HGB, HTC, LYMPH, MCH, MCHC, MCV, MONO,
NEUT, PLT, RBC, WBC. The list of 16 non-blood phenotype is: AF, AMN, AMP, BMI,
BS, DBP, EGFR, HEIGHT, HDL, LDL, MDD, RA, SBP, TC, TG, T2D. Full name of the
abbreviations can be found in Table S10. Here, the shrinkage parameter A\*(C') was set to
the default of 0.5.

Table S16: Numerical S-LDXR results of observed \?(C) vs. expected \*(C) based
on 8 continuous-valued annotations for 53 specifically expressed gene (SEG)
annotations across 30 diseases and complex traits. While heritability enrichment
may be impacted by choice of diseases and traits, A\*(C') is not expected to be disease
specific. The shrinkage parameter, «, was set to 0.0 in a, 0.5 in b, and 1.0 in c.

See attached Excel file.
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dintile —1x distance to nearest exon background selection statistic
4 h2 pas(C) enrch.  h2 5, 5(C) enrch. A (0) h2 pas(C) enrch. 2 o, (C) enrch. \(0)
1st 0.22 (0.030) 0.22 (0.024) 1.05 (0.060) 0.43 (0.026) 0.42 (0.020) 1.15 (0.059)
2nd 0.58 (0.020) 0.64 (0.014) 1.13 (0.031) 0.67 (0.015) 0.67 (0.011) 1.14 (0.025)
3rd 0.89 (0.021) 0.92 (0.015) 1.00 (0.024) 0.88 (0.010) 0.89 (0.0076) 1.06 (0.012)
Ath 1.16 (0.030) 1.15 (0.020)  0.93 (0.023) | 1.20 (0.012) 1.21 (0.0090)  0.92 ( 0.011)
5th 2.16 (0.063) 2.07 (0.043) 0.86 (0.019) 1.84 (0.038) 1.82 (0.028) 0.80 (0.017)
(a)
annotation ‘ Tias(C) (s.e)) Thyr(C) (s.e))  6%(C) (s.e.)

distance to nearest exon
background selection statistic

0.28 (0.028)

0.0084 (0.022) -0.032 (0.019) -0.020 (0.021)

0.25 (0.020)  0.19 (0.022)

(b)

Table S17: Numerical S-LDXR results for distance to nearest exon annotation. a)
Heritability enrichment and enrichment of squared trans-ethnic genetic correlation (A*(C'))
of the reversed distance to nearest exon annotation and the background selection statistic
annotation. Standard errors are displayed in parentheses. b) Standardized annotation ef-
fect sizes of the distance to nearest exon annotation and the background selection statistic

annotation.
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pLI decile | h2 ,5(C) enrch. 12 p;(C) enrch. N (C)
st 1.39 (0.035) 1.38 (0.023) | 0.843 (0.018)
ond 1.62 (0.045) 1.56 (0.03) 0.86 (0.019)
3rd 1.68 (0.045) 1.57 (0.029) 0.9 (0.018)
4th 1.62 (0.045) 1.55 (0.03) 0.888 (0.02)
5th 1.68 (0.048) 1.65 (0.03) | 0.873 (0.018)
6th 1.62 (0.047) 1.64 (0.031) | 0.865 (0.019)
7th 1.55 (0.044) 1. 55 (0.029) 0.92 (0.02)
8th 1.83 (0.044) 8 (0.03) 0.876 (0.018)
9th 1.95 (0.044) 1. 92 (0.020) | 0.892 (0.016)
10th 1.91 (0.04) 1.85 (0.023) 0.9 (0.015)
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Table S18: Numerical S-LDXR results for deciles of probability of loss-of-function
intolerance (pLI) annotations.



T ok | B2 A) enrch. h2 (B) enrch. | h2, A) enrch. hZ)(B) enrch. | X*(A) N (B)

0 0 0 (0.002) 0 (0.02) 0 (0.002) 0 (0.02) 10 (0.0) 1.0 (0.0)
0 02| 1.0/(0.002) 0 (0.02) 0 (0.002) 0 (0.02) 1.0 (0.0) 1.0 (0.0)
0 04 (0 002) 0 (0.02) 0 (0.002) 0 (0.02) 1.0 (0.0) 1.0 (0.0)
0 06| 1.0(0.002) 0 (0.02) 0 (0.002) 0 (0.02) 1.0 (0.0) 1.0 (0.0)
0 08| 1.0/(0.002) 0 (0.02) 0 (0.002) 0 (0.02) 1.0 (0.0) 1.0 (0.0)
0 1| 10(0.002) 0 (0.02) 0 (0.002) 0 (0.02) 1.0 (0.0) 1.0 (0.0)
0.2 0 | 087 (0.004) 2(0.03) | 0.87 (0.004) 2 (0.03) 1.0 (0.0) 1.0 (0.0)
0.2 02| 0.88(0.004) 1(0.03) | 0.88 (0.004) 1(0.03) | 1.01 (0.0008) 0.96 (0.003)
0.2 04| 0.89(0.004) 1(0.03) | 0.89 (0.004) 1(0.03) | 1.03(0.002) 0.8 (0.007)
0.2 0.6 | 0.89 (0.004) 2.01 (0.03) 0.89 (0.004) 2.01 (0.03) 1.05 (0.002)  0.82 (0.008)
0.2 08| 0.89(0.004)  20(0.04) | 089(0.004) 2.0 (0.04) | 1.06 (0.003) 0.76 (0.009)
0.2 1 | 089(0.004)  20(0.04) | 089(0.004)  2.0(0.04) | 1.07 (0.003) 0.72 (0.01)
04 0 | 065(0.006) 412 (0.05 | 0.65(0.006)  4.12 (0.05) 1.0 (0.0) 1.0 (0.0)
0.4 02| 0.66(0.007)  4.08(0.05) | 0.66(0.007)  4.08 (0.05) | 1.04 (0.002) 0.94 (0.003)
0.4 04| 0.66(0.007) 407 (0.06) | 0.66(0.007)  4.07 (0.06) | 1.10 (0.004) 0.87 (0.006)
04 06| 0.66(0.007) 407 (0.06) | 0.66(0.007)  4.07 (0.06) | 1.14 (0.006) 0.81 (0.008)
0.4 0.8 0.66(0.007)  4.09 (0.06) | 0.66(0.007)  4.09 (0.06) | 1.18 (0.007) 0.76 (0.009)
04 1 | 065(0.007)  4.11(0.06) | 065(0.007) 411 (0.06) | 1.21(0.008) 0.73 (0.01)
0.6 0 | 040 (0.006)  6.38 (0.07) | 0.40(0.006)  6.38 (0.07) 1.0 (0.0) 1.0 (0.0)
0.6 02| 040(0.007) 644 (0.07) | 040 (0.007)  6.44 (0.07) | 1.12 (0.009) 0.94 (0.003)
0.6 04| 039(0.007) 652 (0.07) | 0.39(0.007) 652 (0.07) | 1.24 (0.009) 0.8 (0.005)
0.6 0.6| 0.38(0.007)  6.61(0.08) | 0.38(0.007)  6.61 (0.08) | 1.35(0.01) 0.84 (0.006)
0.6 08| 0.37(0.007)  6.70(0.08) | 0.37(0.007)  6.70 (0.08) | 1.44 (0.02) 0.81 (0.008)
0.6 1 | 036(0.007) 677 (0.09) | 0.36(0.007)  6.77 (0.09) | 1.52(0.02) 0.79 (0.009)
08 0 | 0.21(0.004) 816 (0.09) | 021(0.004)  8.16 (0.09) 0(0.0) 1.0 (0.0)
0.8 02| 019(0.004)  830(0.09) | 0.19(0.004) 830 (0.09) | 1. 23 (0.009)  0.95 (0.002)
0.8 04| 018(0.004) 842 (0.10) | 0.18(0.004) 842 (0.10) | 1.47 (0.02) 0.92 (0.003)
0.8 06| 0.16(0.004)  852(0.10) | 0.16(0.004) 852 (0.10) | 1.67 (0.03)  0.90 (0.004)
0.8 08| 0.15(0.004)  861(0.10) | 0.15(0.004) 861 (0.10) | 1.84 (0.04)  0.89 (0.005)
0.8 1 | 0.15(0.004) 869 (0.11) | 0.15(0.004) 869 (0.11) | 1.99 (0.04) 0.8 (0.005)
10 | 0.092(0.002) 918 (0.11) | 0.092 (0.002)  9.18 (0.11) 0(00) 10 (0.0)
102 0078 (0.002) 930 (0.12) | 0.078 (0.002)  9.30 (0.12) | 1. 39 (0.02)  0.97 (0.002)
1 04 0067 (0.002) 939 (0.12) | 0.067 (0.002)  9.39 (0.12) | 1.75 (0.03)  0.96 (0.002)
1 0.6 0.060(0.002)  9.46 (0.13) | 0.060 (0.002)  9.46 (0.13) | 2.06 (0.05)  0.95 (0.002)
1 08| 0.054(0.002) 951 (0.12) | 0.054(0.002)  9.51 (0.12) | 2.32 (0.07)  0.95 (0.003)
11| 0050 (0.002)  9.55(0.12) | 0.050 (0.002)  9.55 (0.12) | 2.54 (0.08)  0.95 (0.003)

Table S19: Numerical evolutionary modeling results using 2-population extension
of Eyre-Walker model. Standard errors of the mean are reported in parenthesis. Here, A
refers to the set of SNPs with 5 = —107°, and B the set of SNPs with 5 = —107*. We use
negative s to denote deleteriousness, following convention of previous works.'*'? However,
positive s (i.e. beneficial mutations) may also be plausible.
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Figure S1: Correlation between functional annotations and continuous-valued an-
notations. The correlations were computed across SNPs with minor allele frequency > 5%
in both populations.
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Figure S2: Correlation between continuous-valued annotations. The correlations
were computed across SNPs with minor allele frequency > 5% in both populations.
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Figure S3: Accuracy of S-LDXR in estimating genome-wide trans-ethnic genetic
correlation. Here, 10% of SNPs are randomly selected to be causal. Mean and standard
errors were obtained across 1,000 simulations. Error bars represent 1.96 times the standard
error on both sides.
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Figure S4: (continued on next page)
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Figure S4: Accuracy of S-LDXR in estimating enrichment of stratified squared
trans-ethnic genetic correlation, \*(C'), of quintiles of continuous-valued annota-

tions. Here,

10% of SNPs were randomly selected to be causal. Shrinkage level, o, was set

to 0.75 in a and 1.0 in b. Mean and standard errors were obtained across 1,000 simulations.
Error bars represent 1.96 times the standard error on both sides.
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SNPs were randomly selected to be causal. Shrinkage level, «r, was set to 0.0 in ¢ and 0.25 in

d. Mean and standard errors were obtained across 1,000 simulations. Error bars represent
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Figure S6: Accuracy of S-LDXR in estimating enrichment of stratified squared
trans-ethnic genetic correlation, \?(C), of 500-base-pair extended functional an-
notations. Here, 10% of SNPs were randomly selected to be causal. Shrinkage level, «,
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Figure S7: Genome-wide trans-ethnic genetic correlation for 30 diseases and com-
plex traits. Diseases and complex traits are sorted by the magnitude of trans-ethnic genetic
correlation. Full name of the traits can be found in Table S10. Error bars represent 1.96 times
the jackknife standard error on each side. The blue dashed line represents meta-analyzed 7y,
and the shaded region covers 1.96 times the meta-analysis standard error on each side.
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Figure S9: Enrichment of stratified squared trans-ethnic genetic correlation, \?(C),
across a) quintiles of continuous-valued annotations and b) functional annota-
tions. The shrinkage level, a;, was set to 1.0. Error bars represent 1.96 times the standard
error on both sides.
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Figure S10: S-LDXR results for quintiles of 8 continuous-valued annotations across
20 approximately independent diseases and complex traits. The shrinkage param-
eter, o, was set to 0.5. Error bars represent 1.96 times the standard error on both sides.
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Figure S11: S-LDXR results for 20 binary functional annotations across 20 ap-

proximately independent diseases and complex traits. The shrinkage parameter, «,
was set to 0.5. Error bars represent 1.96 times the standard error on both sides.
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Figure S12: S-LDXR results for 53 specifically expressed gene (SEG) annotations
across 30 diseases and complex traits in analyses with the shrinkage parameter
a set to 0.0. (a) We report estimates of the enrichment/depletion of squared trans-ethnic
genetic correlation (A\?(C')) for each SEG annotation (sorted by A*(C)). Results are meta-
analyzed across 30 diseases and complex traits. Error bars denote +£1.96x standard error.
Red stars (x) denote two-tailed p<0.05/53. Numerical results are reported in Table S14. (b)
We report observed A?(C) vs. expected A*(C') based on 8 continuous-valued annotations,
for each SEG annotation. Results are meta-analyzed across 30 diseases and complex traits.
Error bars denote +1.96x standard error. Annotations are color-coded as in (a). The dashed
black line (slope=1.30) denotes a regression of observed A\(C') — 1 vs. expected A\(C) — 1
with intercept (R = 0.74) constrained to 0. Numerical results including population-specific
heritability enrichment estimates are reported in Table S16.
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Expected A2%(C) from
continuous-valued annotations

Figure S13: S-LDXR results for 53 specifically expressed gene (SEG) annotations
across 30 diseases and complex traits in analyses with the shrinkage parameter
a set to 1.0. (a) We report estimates of the enrichment/depletion of squared trans-ethnic
genetic correlation (A\?(C')) for each SEG annotation (sorted by A*(C)). Results are meta-
analyzed across 30 diseases and complex traits. Error bars denote +£1.96x standard error.
Red stars (x) denote two-tailed p<0.05/53. Numerical results are reported in Table S14. (b)
We report observed A?(C) vs. expected A*(C') based on 8 continuous-valued annotations,
for each SEG annotation. Results are meta-analyzed across 30 diseases and complex traits.
Error bars denote £1.96x standard error. Annotations are color-coded as in (a). The dashed
black line (slope=0.79) denotes a regression of observed A\(C') — 1 vs. expected A\(C) — 1
(R = 0.77) with intercept constrained to 0. Numerical results including population-specific
heritability enrichment estimates are reported in Table S16.
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Figure S14: Comparison of S-LDXR results for 53 specifically expressed gene

(SEG) annotations for 14 blood-related traits vs.

16 other traits. The list of

14 blood phenotypes is: BASO, EO, HBA1C, HGB, HTC, LYMPH, MCH, MCHC, MCV,
MONO, NEUT, PLT, RBC, WBC. The list of 16 non-blood phenotype is: AF, AMN, AMP,
BMI, BS, DBP, EGFR, HEIGHT, HDL, LDL, MDD, RA, SBP, TC, TG, T2D. Full name
of the abbreviations can be found in Table S10. Here, the shrinkage parameter was set to
0.5. Error bars represent 1.96 times the standard error on both sides. The black dashed line
represent the regression line (slope=0.99) fitting (A\*(C') — 1) of non-blood phenotypes and
(A2(C) — 1) of blood phenotypes, with intercept constrained to 0.
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Figure S18: Correlation between probability of loss-of-function intolerance (pLI)
decile gene annotations and 8 continuous-valued annotations. Here, correlations are
calculated across all SNPs with minor allele frequency greater than 5% in both East Asian
and European populations.
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stars. Numerical results can be found in Table S18.
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Figure S20: Evolutionary modeling results using 2-population extension of Eyre-
Walker model. We use negative s to denote deleteriousness, following convention of pre-
vious works.'!"'2 However, positive s (i.e. beneficial mutations) may also be plausible. (a)
Diagrams illustrating fitness effects in population 1 and population 2 (s; and s,) as a function
of the fitness effect in the ancestral population (sg) at weakly deleterious SNPs (left; e.g. cor-
responding to SNPs in bottom quintile of background selection statistic) and more strongly
deleterious SNPs (right; e.g. corresponding to SNPs in top quintile of background selection
statistic). (b), (¢) We report enrichment/depletion of squared trans-ethnic genetic correla-
tion (A\?(C)) for SNPs with different fitness effects, in simulations under a two-population
extension of the Eyre-Walker model with (b) 6% = 0 for both weakly deleterious SNPs
(s = —107°) and more strongly deleterious SNPs (so = —107%), (c) 0% = 0.0 for weakly
deleterious SNPs and 04 = 0.7 for more strongly deleterious SNPs. Results are averaged
across 1,000 simulations. Error bars denote +1.96x standard error. Numerical results are
reported in Table S19.
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Figure S21: Evolutionary modeling results using 2-population extension of Eyre-
Walker model with ¢4 = 0.7 for both weakly deleterious and more strongly
deleterious SNPs. We use negative s to denote deleteriousness, following convention
of previous works.''? However, positive s (i.e. beneficial mutations) may also be plausible.
We report enrichment /depletion of squared trans-ethnic genetic correlation (A\?(C')) for SNPs
with different fitness effects, in simulations under a two-population extension of the Eyre-
Walker model,’* with 03 = 0.7 for both weakly deleterious and more strongly deleterious
SNPs. Results are averaged across 1,000 simulations. Error bars denote +1.96x standard
error.

45



2

1

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

234

235

236

237

238

239

240

241

242

243

244

References

1]

2]

[10]

[11]

[12]

[13]

[14]

Kevin J Galinsky et al. “Estimating cross-population genetic correlations of causal
effect sizes”. In: Genetic epidemiology 43.2 (2019), pp. 180-188.

Brielin C Brown et al. “Transethnic genetic-correlation estimates from summary statis-
tics”. In: The American Journal of Human Genetics 99.1 (2016), pp. 76-88.

Hilary K Finucane et al. “Partitioning heritability by functional annotation using
genome-wide association summary statistics”. In: Nature genetics 47.11 (2015), p. 1228.
1000 Genomes Project Consortium et al. “A global reference for human genetic varia-
tion”. In: Nature 526.7571 (2015), p. 68.

Leon Isserlis. “On a formula for the product-moment coefficient of any order of a nor-
mal frequency distribution in any number of variables”. In: Biometrika 12.1/2 (1918),
pp- 134-139.

Brendan K Bulik-Sullivan et al. “LLD Score regression distinguishes confounding from
polygenicity in genome-wide association studies”. In: Nature genetics 47.3 (2015),
p- 291.

Brendan Bulik-Sullivan et al. “An atlas of genetic correlations across human diseases
and traits”. In: Nature genetics 47.11 (2015), p. 1236.

International HapMap 3 Consortium et al. “Integrating common and rare genetic vari-
ation in diverse human populations”. In: Nature 467.7311 (2010), p. 52.

James Durbin. “A note on the application of Quenouille’s method of bias reduction to
the estimation of ratios”. In: Biometrika 46.3/4 (1959), pp. 477-480.

Adam Eyre-Walker. “Genetic architecture of a complex trait and its implications for
fitness and genome-wide association studies”. In: Proceedings of the National Academy
of Sciences (2010), p. 200906182.

Steven Gazal et al. “Linkage disequilibrium—-dependent architecture of human complex
traits shows action of negative selection”. In: Nature genetics 49.10 (2017), p. 1421.
S Gazal et al. “Functional architecture of low-frequency variants highlights strength
of negative selection across coding and non-coding annotations.” In: Nature genetics
50.11 (2018), p. 1600.

Arun Durvasula and Kirk E Lohmueller. “Negative selection on complex traits limits
genetic risk prediction accuracy between populations”. In: bioRziv (2019), p. 721936.
Armando Caballero, Albert Tenesa, and Peter D Keightley. “The nature of genetic
variation for complex traits revealed by GWAS and regional heritability mapping anal-
yses”. In: Genetics 201.4 (2015), pp. 1601-1613.

46



245

246

247

248

249

250

251

252

253

254

255

256

257

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

[15]
[16]
[17]
[18]

[19]

[23]

[24]

[25]

[20]

[27]

[28]

[29]

[30]

Yuval B Simons et al. “A population genetic interpretation of GWAS findings for
human quantitative traits”. In: PLoS biology 16.3 (2018), €2002985.

Siew-Kee Low et al. “Identification of six new genetic loci associated with atrial fibril-
lation in the Japanese population”. In: Nature genetics 49.6 (2017), p. 953.

Jonas B Nielsen et al. “Biobank-driven genomic discovery yields new insight into atrial
fibrillation biology”. In: Nature genetics 50.9 (2018), p. 1234.

Momoko Horikoshi et al. “Elucidating the genetic architecture of reproductive ageing
in the Japanese population”. In: Nature communications 9.1 (2018), p. 1977.

Felix R Day et al. “Large-scale genomic analyses link reproductive aging to hypotha-
lamic signaling, breast cancer susceptibility and BRCA1l-mediated DNA repair”. In:
Nature genetics 47.11 (2015), p. 1294.

Masahiro Kanai et al. “Genetic analysis of quantitative traits in the Japanese popu-
lation links cell types to complex human diseases”. In: Nature genetics 50.3 (2018),
p. 390.

William J Astle et al. “The allelic landscape of human blood cell trait variation and
links to common complex disease”. In: Cell 167.5 (2016), pp. 1415-1429.

Po-Ru Loh et al. “Mixed-model association for biobank-scale datasets”. In: Nature
genetics 50.7 (2018), p. 906.

Cristian Pattaro et al. “Genetic associations at 53 loci highlight cell types and biological
pathways relevant for kidney function”. In: Nature communications 7 (2016), p. 10023.
Masato Akiyama et al. “Characterizing rare and low-frequency height-associated vari-
ants in the Japanese population”. In: Nature Communications 10.1 (2019), pp. 1-11.
Na Cai et al. “Sparse whole-genome sequencing identifies two loci for major depressive
disorder”. In: Nature 523.7562 (2015), p. 588.

Naomi R Wray et al. “Genome-wide association analyses identify 44 risk variants and
refine the genetic architecture of major depression”. In: Nature genetics 50.5 (2018),
p. 668.

Yukinori Okada et al. “Genetics of rheumatoid arthritis contributes to biology and
drug discovery”. In: Nature 506.7488 (2014), p. 376.

Ken Suzuki et al. “Identification of 28 new susceptibility loci for type 2 diabetes in the
Japanese population”. In: Nature genetics 51.3 (2019), p. 379.

Robert A Scott et al. “An expanded genome-wide association study of type 2 diabetes
in Europeans”. In: Diabetes 66.11 (2017), pp. 2888-2902.

Margaux LA Hujoel et al. “Combining case-control status and family history of disease

increases association power”. In: bioRziv (2019), p. 722645.

47



200 [31] Clare Bycroft et al. “The UK Biobank resource with deep phenotyping and genomic
281 data”. In: Nature 562.7726 (2018), p. 203.

48



