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1 Supplementary methods

Here, we provide a full version of our methods with fitting details.

1.1 The XMR model

Let 41, ¥2,; and IA“QJ be the GWAS estimates of SNP j for exposure in a large auxiliary
population X7, exposure in the target population X,, and outcome in the target population
Ys, respectively, while Sx, ;, 5x, ; and 8y, ; are their corresponding standard errors. XMR first
conducts IV selection using X; with |311—1’]| > t, which is followed by linkage disequilibrium

(LD) clumping to further reduce dependence among remaining IVs. With the candidate IV set

{‘ij,”yg,j, D2, 8%,y 8X0.4s Svaj | |25 | > t}' . XMR decomposes the observed SNP-trait
]: AR t

$X1.3

associations into causal effects and confounding factors:

15 . Ut,j €1,
Vi | = Zi - V2,5 + Uz, + ;| (S1)
r IV validity
s B2+ a; U2 §2,j
Uncorrelated pleiotropy Correlated pleiotropy Sample structure

N J/

Causal effect ~~
Confounding correction module

Causal inference module
where 7, ; and 7, ; represent the true SNP effects on X; and X,, and 8 is the causal effect
of interest. Z; is a binary variable indicating whether SNP j is a valid IV (Z; = 1) or not
(Z; = 0), with only valid ones used for causal effect estimation. The terms (uy j, us j,v2 ;) and
(€1,5, €25, &2,5) model correlated pleiotropy and sample structure, respectively, while ¢; denotes

uncorrelated pleiotropy, altogether accounting for confounding factors.

1.2 Estimation of correlated pleiotropy and sample structure

Under the assumptions of LD Score Regression (LDSC) [1], we are able to quantify and
distinguish the effects of correlated pleiotropy and sample structure, as correlated pleiotropy
associates with LD while sample structure doesn’t.

We now specify distributional assumptions for both terms. Since LD influences genetic
correlations, the pleiotropic effects (uy j, us j,v2 ;) are assumed to follow a multivariate normal

distribution whose covariance matrix scales with LD scores:

2
L hjwi  ligjwia  ligjwny
_ 2
Ug ; ~N(0,9;), where Q; = hojwiz  lyjwy  lyjway | - (52)
2
vy hojwiy  lyjway  lyjwy
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Here w?, w3 and wg are the variances of polygenic effects on X7, X5 and Y5, respectively, while
w12, wiy and we, quantify the genetic covariances between these traits. [y, lo; and [19; are the
LD scores of SNP j, representing its correlation structure within the large-sample population,
the small-sample population, and across the two populations, respectively.

Sample structure is independent of LD and modeled as:

€1,5 SX1,5 0 0 C1 Ci2 Ciy
€25 ~ N (0, SJCSJ> > where Sj = 0 §X2,j 0 3 C = Cia C2 Coy | - (S?))
§a,5 0 0 Sy Cly C2y Gy

Here S'j is a diagonal matrix of the standard errors 5x, ;, 5x, ; and Sy, j, which accounts for the
varying uncertainty across datasets. The matrix C describes residual correlations due to shared
sample structure, with the diagonal elements c;, ¢, and ¢, representing population-specific
variance, and the off-diagonal elements c;2, ¢, and ¢y, modeling cross-dataset correlations.
Both ; and C are pre-estimated from genome-wide summary statistics instead of just
the M; SNPs passing IV selection criteria, denoted as Qj and C , respectively. For Qj, the
diagonal terms @}, ©3 and Q)Z are the estimated per-SNP heritabilities from the slopes of the
corresponding single-trait LDSC. The off-diagonal terms are the estimates of the per-SNP
co-heritability obtained via bivariate LDSC, regarding the two corresponding traits. Similarly,
for C, the diagonal terms ¢, ¢; and ¢, are the intercepts estimated from single-trait LDSC,
while off-diagonal terms ¢i2, ¢1, and ¢y, are estimated by the intercepts of bivariate LDSC. The

derivation procedure is an extension of that in SI Appendix, section 1.1 in MRAPSS [2]. We

will fix these estimates when proceeding to the next fitting steps.

1.3 Causal effect estimation

We adopt the InSIDE assumption for the causal inference module, where the direct effect
a; is assumed to be independent of the true SNP effects on X; and X, i.e., a; L (715,72,)-
Accordingly,

V15 oty oy 0 2. o

72,5 ~ N(O, 2),W1th Y= O12,f U%,f 0 ,Ee = ( Lf 12’f) s

2
012, g
o 0 0 72 oty



1 0 0
% where ¥, denotes the top-left 2 x 2 submatrix of 3. With A(8) = [0 1 0|, we have
0 g1

M. M5 . T\ o
?24 Zis | 725 | ~ N ?2,3' s Z;AB) | 12y | .2+ S,CS;
Iy o Iy Q;

100 To obtain the maximum likelihood estimate for 3, we employ a variational EM algorithm.
i Firstly, we need to deal with the selection bias introduced by IV selection.
102 Defining m, = p(Z; = 1| |%1,j/8x,,;| > t), we have:
p(1 A2 Do | 1A15/8x0 > 1)
=D (1,55 32,5 Vo | Z5 = 1 A /3xsl 2 0) + (1= 7)p (B g, 32,5 Do | Z5 = 0, 1A1,/3x,,50 = 1)
_ N0 ABTAG) + Q; + 5,CS)) N0, + S,CS;)

- ( _ﬂ-t) )
ts j ts j
20 | 20 |~
\/01,f+lljw1+clsxl,j llj"-’l"‘clsxl,j

(54)
103 where ®(-) is the cumulative distribution function (CDF) of the standard normal distribution.
104 Let @ = (B,7,%), 1 = {Y1j}j=t..m, Yo = {2} i=1,...M05 T = {fQ,j}j:I ..... My V1=
105 {V1j} =100 Y2 = V25 j=1,..M> @ = {a;}j=1.a,, and Z = {Z;};—1 . m,. By treating

ws 1,72, @, and Z as latent variables, the complete data likelihood can be obtained as follows:

p (’3’1,’3’2,]?‘,’71,’72,@, Z | tu 0)
My

=[I» <’?1,j”?2,jaF2,ja71,j772,j>043' | Zj, [,/ 8x.,4 = & 9> p(Z; | [h,5/5x.,51 = 1;0)
j=1

<71]772]7F2]771]772j705]‘ ) R .
p(Zi | 1F5/8x141 = t;0)

IZI

e p(94/8x51 =t 1 Z;;0)
ﬁ (%wwj,Fz] | vlgm],%Zjﬂ)p(%,j,w,j,aj | Z;;0) (2| P fos| 5 £:6)
p(Z; | |A/3x.41 > t;
e p(95/8x51 = t17Z;;0) ’ s
Vg T\ 7L
N o | | ZAG) {7 |9+ 8,€8 | N [ {224 | [ 0.3
Ly, a; @

(1= m) 5

- 1-7; ) Z t
2@ o tSXl,j 2@ o tSXl,j
Jhs@ieask \/af,f+lljwf+61§§(1 ;

107 The complete data log-likelihood is:

My
Jj=1




Y1 V1.5 o
= Z logN ’}/27]' ‘ ZJA(ﬁ) V2,5 ,Qj + SjCSj +
¥ a;

Zlog/\/ V2. ’ 0,.X | + Z;logm + (1 — Z;)log(1 — m)—

tSXLj

tA .
Z Zilog | 20 | — oX1g —(1—-2Z;)log [ 29 | —
j=1 \/Uif + llj@% + élg%ﬁ,j \/llja’% + élé%(m‘

1 V1,5 M,j o . V1. V1,5
Y59 | e | - ZAB) |2 (S;CS; + )" { [ G2 | = ZAB) | 725 | ¢+

i—1 . . . .
J Py Q; Py Q;

1 1 ’
Z -3 log det(X) — 5 | 12 S vy | + Zjlogm + (1 — Z;) log(1 — m)—

=1 .
J Q; Q;

tév. t5x, 4
Y Zlog |20 | - st — (1= Z)log | 20 [ - ——221d +
j=1 \/O-if + lljd}% + élé%ﬁ,j \/lljdj% + élgg(hj

constant.

108 Let q(71,72, @, Z) be a variational distribution. The logarithm of the marginal likelihood
100 can be written as
log p(%1,92, T | 6,1)
=Eq(11 72,0,2) (l0g p(F1, Y2, r 16,1))

p(’?la ’?27 f7’717’727 «, Z ‘ 97 t)
:EQ('Yla'Y?vavZ) <1Og

p(717 Y2, &, Z | ’?17;727 f‘a 9, t)

~

(’?15:727]?7717’727072 ‘ Hvt) 1 p(717727aaz |’?17’$’27f707t)
Q('yl?’)/??aaz) q(717727aaz)

p
= EQ('Yl Y2 ,a,Z) <]'Og

:[’((Lgat) + DKL (C](’Yl,’)’% «, Z) || p(717727a7 Z | ’3’1,’3’2,1:‘,9,@) ;

where

p(’?la ’3’27 f‘7’717’72: «, Z’0> t)
Q<71> 72, &, Z) ’

‘C(Q7 07 t) = EQ('VI:‘YQ:O‘vZ) (10g

(717727 «, Z | ;)/17;)/27 f? 07t)
4y, 72, @, Z)

PPN p
D, <Q(’71>’727047 Z) H p(’717’72704, Z ‘ Y1, Y2, T, 9>t)> = —Eq(—yl,—yg,a,Z) <log

6



o Since the Kullback-Leibler (KL) divergence Dk, <q('yl, Yo, 0, Z) || p(y1, Y2 @, Z | 41,42, T, 0, t))
i non-negative, £(g; 0,t) is the evidence lower bound (ELBO) of the marginal log-likelihood
12 logp('?l,ﬁ/g,f‘\e,t). Thus, maximization of £(¢;0,t) w.r.t. variational distribution ¢ and
uz  parameter 0 follows the EM framework: in the E-step, variational distribution ¢ is updated to
us  approximate the true posterior; in the M-step, parameters in @ are optimized to increase the
s ELBO.

116 E-step. To make it feasible for evaluation of the lower bound L(q;8,t), we adopt the

7 mean-field assumption that the variational distribution ¢(71, s, @, Z) can be factorized as:

M; M
4y v2 0 Z) = [ [ a2 5. Z5) = [ [ a(ngo 2 i | Z)a(Zy). (S5)
i=1 j=1

us  Noting that Z; is a binary variable, we define
0(Z;) =0 (1 —n;) =%, where n; = q(Z; = 1). (S6)

ne Based on the mean-field approximation, we can derive the optimal solutions for the ¢ distribution
20 in Eq. (S5) at each step. We first obtain the optimal solution for ¢(v1 j, 72, @, | Z;), for
w1 j=1,..., M. Given Z; =1, we have

IOg q(’Vl,ja’YZ,jaO‘j | Zj = 1) = quj (1ng('$/1,'$/2,f‘,71,72, o, Z ‘ O?t)) + constant,

122 where E,_; denotes the expectation w.r.t. the ¢ distribution over (71, ¥2, e) except (71,5, V2,5, @;),
123 conditioning on Z; = 1. Thus, we have

log q(71,5,72.4, 5 | Zj = 1)

. ’A}/l,j o T o A ’3/1,]' M,5
=590 | 725 | —AB) |2 (8708, +€4)7" 4 | 24 | —AB) | 724
IPY Q; T2 A
T
1 [ T

_ 5 727]- 2_1 ’}/27‘7‘ + constant.
Qj Qj
124 We observe that the right hand side of the above expression is a quadratic function of

5 (71,5, 72,5, @), and we can identify ¢(v1;,72,, ;5 | Z; = 1) as a Gaussian distribution:

1,5
Q15,725,051 Zy=1) =N | | 25 | | - A7 ] (S7)
j

126 where



17 Similarly, the optimal solution for (71,725, | Z; = 0) is given by

T
M,5 V1,5
IOg q(’}/l’j,’}/g’j, Oéj | Zj = O) = —5 ’)/QJ 2_1 ’)/QJ' -+ constant.
Qj Qj
s Thus, we have
V1,5
(11, Y25:05 | Zy=0) =N | | 725 ]| 0.2 (S8)
Qj
12 Combining Eqgs. (S5), (S6), (S7), and (S8), we have
Z; 1-7;
V1,5 V1,5
415,725, 05, Zi) = |miN | | 72 ‘ p, A (L =n)N | | 72 ’ 0,%
Qs Qs
130 Once the variational distribution q(vl,j, V2,55 O Zj) is obtained, we can evaluate the ELBO:
p(ﬁ/la ’3/27 fa 71,72, &, Z ’ 07 t)
L(q;0,t) =E a log
( ) 1O m,e2) ( q<’ylv Y2, &, Z)

~

:Eq 10%?(’3’1a’3’2ara71>’72>a7 Z ’ 9>t) - IE’q IOg Q(’Yla’y% «, Z)a

131 where

A

Eq 10gp(:)’1;:)’2;r7717727aaz ‘ 9,15)

M, o Y,
= it A(B)(S,C8; + Q)" | Ay | -
j=1

1 | S 1 v 1 1=
j=1

My

> nilogm + (1 —n;)log(1 — m)—

j=1

~

tSXl J

tA .
> njlog (20 | - 5X1. — (1 —mn;)log [ 20 | —
V0ied + &gk,

X 2 N2 o802
]:1 \/0-17f +lljwl +ClSX1,j

-+ constant,




132 and

— Eqlog q(v1, 72, 0, Z)

1 _
—Z —n;logdet(A;) + (1—ny)10gdet(2)—nj10gm (1= ;) log(1 = n5) + oy Tr [A;AG ]+

Mt 1 - ~
Z 5(1 —n;) Tr [2’12] + constant
j—l

= Z —n; log det(A ) (1 — ;) log det(X) — njlogn; — (1 —n;)log(l — n;) + constant.

153 Here, p1;, Kj, and 3 denote the corresponding statistics p;, A;, and 3 in Egs. (S7) and (S8)

13+ derived from expectations with respect to the variational posterior distribution g.
135 By maximizing £(q;0,t) w.r.t. n;, where p; = p;, A = A; and =3 , we obtain

1
i = 1+ exp(—bj)’
136 where
@ . t.§X17]‘
1 det(Aj_l) Vol theitadk

1 Tt
b, = —plAjp; +log —— + Zlog —— 2~ —1
_ X1.J
‘/llj(:}%—i_élé%(l,j
137 M-step. We derive the updating equations for parameters 3, m;, 72, and X.. Here, p;, Kj,

s and X are computed using the parameter estimates from the previous EM iteration. We first
130 derive the updating equation for 3. The terms in £(q; 8,t) involving /3 are

My o . ’Yl,]
L(B) = anﬁj A(B)T(S;CS; + )~ ':YZJ -
Jj=1 FQ’J
My
1 T(& A& 5 \— ~ ~T
> 5 Te [A(B)T(S;C8; + Q) A (AT + g ).
j=1

1 00 1 00
1w  Here we write A(f) = |0 1 0], as A(B) = I3+ V4, where Iy = |0 1 0], and
0 8 1 0 01

0 0
w Vi=10 0 . Taking the derivative of £() w.r.t. 5 and setting it to zero, the updating
1

0
12 equation for 3 is given as

o O O

ZJ 177JH’TV1 (S CS Q ) V25 | TN Tr(VT(SJCS] + 9 ) (A + ﬁ]ﬁf)) (S9)
ng
B = - -
ZJ 1 n; Tr [V (S;CS; + )"V (A + B )]
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We next derive the updating equation for m;. The terms in £(q;8,t) involving 7, are
My
L(m)= > nlogm + (1 —n;)log(l —m).
j=1
By setting the derivative of £(m;) w.r.t. m to zero, we obtain

My
S Lo (S10)

M,
We then derive the updating equation for 72. Denote m; := (quuuwja/ﬁaj)T and the
diagonal elements in A " by (02, J,aij ) The terms in £(q; @,t) involving 72 are given as

:_—ZlogT ——Zmua] aﬂ——z —17]

2

where 72 denotes the estimate of 72 obtained in the previous EM iteration. Therefore, we

obtain the updating equation for 72 as
M,
o > mi(pe, + ol )+ (1 —n;)7?
M,
Finally, we derive the update for 3.. The terms in £(q;8,t) involving X, are

My
1
L(S) =Y 5 108[Sd] — g ily S, i — 5 T [20 (A +0 - )5 ) |-
j=1
t5x,

M
Z n;log | 2& | — ’ ,
i=1 \/ o + 18

2 2 2
O'Lf + lljwl + clsth

where fiej == (g, ;5 Ho,) " s K;ﬁ denotes the top-left 2 x 2 submatrix of 1~Xj_1, and X, represents
the value of X, from the previous iteration.
If t = 0, we directly set the derivative of £(X.) w.r.t. ¥, to zero and obtain the update for

et
S (el + A +(1 = )2
M, '
If t # 0, directly taking a derivative to obtain the optimum solution is difficult. To fix this,

. =

we first obtain a bound of £(X, ) which is given by,

) > Z —= logdet E ®y — = Tr ((E( ))7 (X — E@))‘
Z 77]“’33 ﬁ'ej - %TI‘ [Ee_l (nj‘xe_jl—'—(l - 77j)§<5> }_

M, o\ — 9.9

1 Vor,OHetta s,
> S Mit8x1 -
Jj=1 100} <_ 15X, )

( + lljwl + 61§§(1 ]) 3/28,{(26 — Egt))el,

o3 ¢ )+lljw§+51§§(1,j

10
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where ¢(-) denotes the probability density function (PDF) of the standard normal distribution;
el = (1 O); ai f(t) corresponds to the first diagonal element of E,(f); and 2" is treated as a
fixed term in this step. Here we set » = f]e.

Instead of maximizing £(3.), we maximize its lower bound and we have

My

My
1o Lo v ( (o A <\ s
>3S0 = (o (Behl + AL ) 1 —m)E) B0
j=1

Jj=1
¢ t§X17j
M, T =2 ~21 5 o2
1 \/‘71 pHeT+esy
2: A : : ~ A2 A a2 \=3/2. T _
§njt3X1,j (O'Lf + lljwl + CISXl,j) €e1e; = O,
= 2 ( )

t.§X1,]‘
~2 N2 a0 682
\/017f+lljw1 +c1sX17j

where &7 ; denotes the (1,1) element of 3.

tix,
~ ¢< 52 izj 2152 >
Let L be the Cholesky factor of B = ij:tl o+ mitéx, VAENAE S0 W (@7 ; +

tdx. i
o — 1.J )
< \/5%7f+11]-m%+61§§<1’j
107 + é18%, ;)" ?ere] such that B = LL”. The updating equation for X, is

M, 1/2
2, =L (LT > (ny (eslily + A1) +(1 = my) ) L) L. (S11)
j=1

1.4 Adjustment of selection bias

We have accounted for selection bias due to P value thresholding in the variational EM
algorithm by evaluating conditional probabilities given |¥1 ;/5x, ;| > t. However, LD clumping
can introduce additional bias, as it preferentially retains the most significant SNPs within each
genomic region. Consequently, the Z-score boundary ¢ used in the conditional likelihood should
be moderately increased to account for this additional selection effect. Moreover, when LD
clumping is performed based on the target population’s P values, the corresponding threshold
adjustment in the auxiliary population should reflect dataset-specific factors, including the
sample size ratio and the genetic correlation between the two populations. More specifically,

we modify the threshold as follows:

IV threshol N
P value threshold « 2 x [1 s (‘@‘1 (1 _ W) ' +Cy #)] : (S12)
2

where ®(-) is the CDF of the standard normal distribution, and C' represents a constant, while
N; and N, correspond to the sample sizes of the auxiliary large-sample population and target

population, respectively. We set C' = 0.13 based on empirical calibration. We distinguish two

11
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thresholds: (i) the IV selection threshold in the right-hand side of Eq. (S12), the P value cutoff
used to select SNPs as instruments, and (ii) the conditioning threshold in the left-hand side
of Eq. (S12), the P value corresponding to the Z-score boundary t at which the conditional

likelihood is evaluated to account for selection bias. Equivalently,

N
Z-score (P value threshold) <— Z-score (IV threshold) 4+ C'y / Fl (S13)

2

To understand how a shift in the auxiliary population’s selection threshold propagates to
the target population’s Z-Scores—and thereby to justify the \/m factor—we provide a
simplified analysis of the conditional expectation E[zy; | z1; > t] and its sensitivity to the
threshold t. This analysis reveals the rate at which tightening the auxiliary threshold induces
additional selection on the target population, which in turn motivates the threshold adjustment.

For

_ Ny _ 2y
215 - , 225 — % )
S$X1,j S$Xo,j

assuime

2 2
(7”) ~ N(0, %), with S = ( 71 p"g‘”) ,

V2. po10y 04

where z1; and 2y; denote the Z-scores of exposure from the auxiliary population and target
population, respectively, and 4; ; and 4» ; represent the observed effect sizes. sx, ; and 5x, ;

are the corresponding standard errors, with sx, ; ~ \/#_

- 1
Sx, i ~ where Ni; and N,;
Nlj’ 2,] /N2j, J J

are sample sizes for SNP j in two populations. For simplicity, we assume constant sample sizes
for all SNPs: Nlj = Nl, Ngj = NQ. Then

(Z“) ~ N(0, %), with 3 = ( Mot VN1N2'P‘7102> — ( oy’ piné)
22; Y VN1 Ny - poyoy Nyo? ' 2 )

We aim to show that w ~ O (p %) as t — oo. Note that in practice, IV

selection uses |z1;| > t, a two-sided condition. However, since the joint distribution of (z1;, 22;)
is symmetric about the origin, it suffices to analyze the one-sided case z;; > t (restricting to
positive values) and the conclusion extends directly to the two-sided setting by symmetry.
For ¢ > 0, define f(t) := E [z, | z1; > t]. From Eq. (S14), z2; can be decomposed into:
Zoj = p%zlj + ¢, where e ~ N (0, (1—p?) 052) and is independent of z;;. Therefore,
o o
f(t)=E {PU_?ZU +€’21j 2 t] = PU_?E[ZU |21 2 1)+ Ele| 2, =2 1]

1

by independ o o
%PU—?E[ZU | 215 > t] + E[e] ZPU—?E[ZU | 215 > 1],
1 1
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108 where

py oz L L] XEdeNOD ; E[th>w}
]E[le‘ZUzt]—O'IlE{ = /]Z_,}l:aiE[X‘Xz_/]_o-i
oy oy 0y o1 p(X > %)
1 22\ [~
Jze drow(-5) o e (-5)]_, o(L)
=01 =0 7 - =0 Ult )
1—o() 1— () - ®(%)

1w with ¢(-) and ®(-) being the PDF and CDF of N(0, 1), respectively.

200 Define A (u) := 1¢<(1>( 7> which is known as the Inverse Mills Ratio (IMR). Then

¥ = SO S+ 60) _ —u6te) (-8 + 61
a — o)’ (1= )’

201 Thereby,

d(pZ - L) ANL) .
d];(tt): ( 1dt 1)_ / dt1 :/)_?X(t):p2)\(t)(/\<t)—i>_ (815)

202 When u tends to infinity, the asymptotic expansion of Mills ratio /\(1 y 18 (see [3])

203 Then
1
)\(U)N%—u%—i—t—?—i—o(u—ls):u_'—a_ﬁ—i_()( 3)u—>oo
204 which leads to
M) @) =) ~ (ut 2+ 0(2)) (2 +0%) —1+0( )51, when u —
U u) —u U ” 3 " " when ©v — oo.

205 Substituting these results into Eq. (S15), we can derive

dE[ZQj | 215 Z t] df(t) O'é 09 N2
= =2 =p=2,/=—= whent . 516
di at Por TP Ny Vet ee (516)
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Figure S1: Illustration of Z-score shift ratio. The Z-scores of the two populations follow
a joint Gaussian distribution, where the probability density function is represented by the
blue ellipse. When the threshold for the auxiliary population z; increases from ¢ to t + At,
the corresponding magnitude for the target population z5 increases by pg—f % The factor is

determined by the shape of the PDF contour, which depends on the covariance matrix and
thus, genetic correlation and sample size ratio between two populations.

The result above shows that increasing the auxiliary population’s selection threshold by At
shifts the expected target population Z-score by approximately pg—f % - At. However, since
LD clumping is performed using the target population’s P values, the relevant question is the
inverse: a selection effect of magnitude ¢ in the target population’s Z-score scale corresponds to
N

.- In other words, to equivalently capture the

an auxiliary-population threshold shift of ¢ - 5712 N

additional selection bias introduced by LD clumping in the target population, the conditioning
threshold in the auxiliary population should be shifted by a factor proportional to \/m )
Since the quantities p, oy, 09, and the magnitude of the shift are not directly observable, we
absorb their combined effect into a single empirical constant C'. The constant C' = 0.13 was
calibrated by selecting the value that yields well-controlled type I error rates across a range of
experiments. This leads to the threshold adjustment C %—; in Egs. (S12) and (S13). Fig. S1

provides an intuitive illustration of this relationship.
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2 Supplementary notes

2.1 Simulation design

Our simulation is designed to evaluate XMR under realistic and challenging conditions, including
model misspecification (only a subset of SNPs exhibit correlated pleiotropy), population-specific
IV validity (a SNP may be valid in only one population), and varying levels of genetic correlation
between populations. We simulate genome-wide summary statistics for m = 50,000 SNPs
across an auxiliary population (N; = 80,000) and a target population (No = 15,000), then
apply IV selection to obtain candidate instruments. Below, we describe the data-generating
process in detail.

We simulated effects (91,525, f‘27j> of SNP j based on the following relationship:

Y15 AR QIR Uy, €1,
?2,]' = Zo 72, + 1 [ ug; | + | €25 (S17)
Iy BZs 725 + Va2 §2,j

where 3 is the target causal effect, (71,72, ;) represent true effects of SNP j on exposure
X; and X, and its direct effect on outcome Ys, (uq j,us;,v2 ;) denote correlated pleiotropy,
and (€15, €2,5,&2;) are sample structure terms, following definitions in the main text. With

— &y — L -1 s 1 1
m = 50,000 SNPs, the standard errors are set as 5x, j = TN = TR0005) SXed = TN = VA5000

and Sy, ; = \/LNG = \/ﬁ, reflecting the different precision levels of the two populations.

The sample structure terms are modeled as:

€1)j . . . §X1,j 0 0 C1 C12 Cly
EQJ‘ ~ N (0, SJCS]) 5 Wlth Sj = 0 '§X2,j 0 ,C = C12 Co ng s (818)
§2, 0 0 Sy Cly C2y Cy

where ¢; = 1.25, ¢ = 1.05, and ¢, = 1.02, consistent with greater population stratification
expected in larger cohorts. Assuming greater sample overlap within the same population than
across populations, we set ¢y, = 0.15, ¢12 = 0.03, and ¢, = 0.015.

The pleiotropic effects (uy ;, us ;, v2 ;) are sampled from:

2

u1,j W] Wiz Wiy

ug; | ~N(0,€;), where Q; = [wi2 wi wyy | . (S19)
2

Vg, j Wiy Way Wy

Here we set all LD scores to 1 for simplicity. The binary indicator I; controls whether

correlated pleiotropy is present for SNP j: we set I; = 1 for m; = 30,000 out of the 50,000
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SNPs and I; = 0 for the remaining 20,000. This partial-pleiotropy design introduces model
misspecification relative to XMR’s assumption that all SNPs share the same pleiotropic

covariance structure, thereby testing its robustness. Assuming a total heritability h? = 0.5, we

h? 05

o = 30000, and (wi2, Wiy, way) = T’;—Ql x (0.5,0.2,0.3), implying a stronger

set Wi = w3 = w2 =
genetic correlation between the same trait across populations than between different traits.
Since we assume all LD scores are equal to 1, the actual C and §2; are directly used as inputs

for XMR.

The effects (714,725, @;) are modeled as:

M5 U%f poi o2 0O
vy | ~N(0,8), with X = (poyjon; o3, 0], (520)
; 0 0 72

where (07,05 ;,7%) = ::L—zl x (10,10, 1). The ratios o7, : wi = 03 ; : wj = 10 ensure strong

2:

instrument strength, while 72 : w,

1 ensures that the magnitude of the direct effect o is
comparable to that of the polygenic effects vy ;. The genetic correlation between populations
varies among p € {0,0.3,0.7}, providing a comprehensive evaluation across scenarios ranging
from no cross-population correlation to strong correlation.

The binary variables Z; ; and Z,; control whether SNP j has a true causal effect on the
exposure in the auxiliary and target populations, respectively. For the 20,000 SNPs without
correlated pleiotropy (I; = 0), we set Z,; = Z; = 0, meaning these SNPs have no true
exposure effects and serve as null instruments. Among the 30,000 SNPs with correlated
pleiotropic effects (I; = 1), we randomly select 5% (1,500 SNPs) to be valid instruments in at
least one population. Unlike XMR’s assumption of consistent IV validity across populations,
our simulation allows a SNP to be valid in only one of the two populations, introducing a form
of model misspecification. Specifically, of the 1,500 valid SNPs, 250 have (Z;; =0,Z,; = 1),
150 have (Z;; = 1,Z5; = 0), and the remaining 1,100 have Z; ; = Z5; = 1. The remaining
28,500 SNPs with I; = 1 have Z; ; = Z5; = 0 and contribute only through their pleiotropic
effects.

The causal effect 5 takes values in {0,0.05,0.1,0.15,0.2,0.25,0.3}, allowing us to evaluate
the type I error rate under the null (8 = 0) and statistical power under the alternatives (/5 # 0).
g A2 Loy

After generating (91, 92,5, I'2,;) from the above model, we compute Z-scores as (2=, 22 2L
’ ’ ’ 5X1.J° SXg.5 SYa,j

and derive the corresponding P values. Summary statistics from all three samples are used as

inputs for XMR, while two-sample MR methods use only those from the target population.
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2.2 Simulation design for TEMR

TEMR requires auxiliary-population summary statistics for the outcome trait in addition to the
exposure, i.e., it uses four sets of summary statistics rather than three. To accommodate this, we
extend the three-variable model in section 2.1 by appending a fourth component corresponding
to the auxiliary outcome Y;. All parameters from section 2.1 are retained unchanged; below we
describe only the new elements introduced for the auxiliary outcome.

The observed effects (%1 5,925, f2’j7 ij) of SNP j are generated as:

V1. 21,47 U €1,j
V2.5 22,5725 Us,j €25
= I +L-| T+ (S21)
IR¥ BZa v+ U2, §2,5
INW Bz + oy UL SK

where ij is the observed effect of SNP j on the auxiliary-population outcome Y7, and f; is
the causal effect of X; on Y; in the auxiliary population. The term «; ; represents the direct
effect of SNP j on Y; that is not mediated through the exposure, while v, ; and &; ; denote the
corresponding correlated pleiotropy and sample structure terms for Y7, respectively. The first
three components are identical to Eq. (S17).

The sample structure terms are extended to four dimensions:

€1,5 SX1,5 0 0 0 C1 Ci2 Ciy C41
€25 A A . 0 §X i 0 0 Cl2 C2 Co Cy2
I~ N (0, e, J) Cowith = [ T . |- v
¥ 5Ys,j Ciy Coy Cy Cyy
€1 0 0 0 Sy Cq1 Ca2 Cay C4
(S22)

where the upper-left 3 x 3 block of C is identical to Eq. (S18). The standard error for the
1. . A . 1 . 1 . “1e .« .

auxiliary outcome is sy, ; = TN T 750000 matching the auxiliary exposure precision. For the

new entries, we set ¢4 = 1.1, cyy = 0.1, ¢4 = 0.01, and ¢4y = 0.008, where the subscript 4 refers

to the fourth component (Y;). The value ¢4; = 0.1 reflects substantial sample overlap between

X, and Y; within the auxiliary population, whereas c49 and c4,, are much smaller, reflecting

minimal overlap between the auxiliary outcome and the target-population samples.

The pleiotropic effects are extended analogously:

2
U1,j W] Wiz Wiy W4
2
U2, j Wiz Wy Way W42
J ~ N (O, Q]) 5 where Qj = 2 2y s (823)
'UQ’j wly (U2y wy w4y
2
V1,5 W41 W42 W4y Wy
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with (w1, Wiz, Way, wi) = :1—21 x (0.3,0.1,0.5,1). The upper-left 3 x 3 block is identical to
Eq. (519). The choice w? = :Tzl gives the auxiliary outcome the same per-SNP pleiotropic
variance as the other components. The relatively large value of ws, = 0.5 - TZ—i reflects strong
pleiotropic correlation between the same outcome trait measured in the two populations, while
wge = 0.1 - % implies weaker pleiotropic correlation between the auxiliary outcome and the

target exposure.

The effects (71,5, 72,5, @, @1,;) are modeled as:

V1,5 Uif poi ooy 0 0
, 2
PRIl ON(0,T), with X = pal’é@’f Ug’f " 8 : (S24)
Oéj T
Oél’j 0 0 0 7'12

where 72 = :Ti’ so that 72 : w} = 1, mirroring the ratio 72 : ws = 1 used for the target population.

The block-diagonal structure of 3 encodes the InSIDE condition for both populations: the
direct effects a; and «; ; are assumed independent of the exposure effects (v j,72,;). The IV
validity indicators Z; ; and Z, ; follow the same configuration as in section 2.1.

We set 81 = (3/2, so that a causal effect is present in the auxiliary population whenever
it is present in the target population (and absent in both under the null). This constitutes
a favorable experimental setting for TEMR, since it ensures that the auxiliary outcome data
are informative about the causal relationship of interest. In practice, the auxiliary-population
causal effect may differ substantially from the target-population effect or may even be absent;
such scenarios would be less advantageous for TEMR.

After generating (91,5, Y2, fgjj, fljj) from the model above, we compute the corresponding

Z-scores and P values as described in section 2.1. All four sets of summary statistics are used

as inputs for TEMR.

2.3 Real data analysis
2.3.1 GWAS summary datasets formatting and pre-processing.

2.3.1.1 Step 1: quality control

Prior to IV selection and MR estimation, we applied a series of standard quality control (QC)
filters to each GWAS summary-statistics dataset to ensure that only high-quality, unambiguous

SNPs were retained.
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First, we excluded any SNP lacking essential information, namely the rs identifier, effect
and non-effect alleles, estimated effect size, standard error, sample size, and association P value.
Second, SNPs appearing more than once (i.e., sharing the same rs identifier) were discarded to
prevent ambiguity. Third, we excluded all SNPs located within the Major Histocompatibility
Complex region on chromosome 6 (26-34 Mb) owing to its highly complex LD structure. Fourth,
we restricted the analysis to unambiguous SNPs whose allele pairs are A/G, A/C, T/G, or T/C,
thereby excluding variants that cannot be reliably aligned across datasets. Fifth, SNPs with a
minor allele frequency (MAF) below a certain threshold (e.g., 0.01 in our analysis) were filtered
out, since rare variants are more susceptible to genotyping and imputation errors. Sixth, when
imputation quality scores were available, we removed SNPs with an information score below
0.9, as these are indicative of poor imputation accuracy. Finally, to mitigate the influence of
outlying association signals, we removed SNPs whose x? statistic exceeded max{80, N/1000},
where N denotes the GWAS sample size.

In addition, following a strategy similar to that employed in LDSC [1], we further confined
the SNP set to those present in the HapMap 3 reference panel. This panel provides a curated
collection of common, well-imputed variants and serves as a safeguard when MAF or imputation
quality information is unavailable in certain datasets.

After applying these filters, each GWAS dataset was reformatted to retain only the rs
identifier, effect allele, non-effect allele, effect size, standard error, and P value for the SNPs
that passed all QC criteria. Throughout our analyses, we assumed that both the phenotype
and genotypes in each GWAS had been standardized to zero mean and unit variance, so that
effect sizes and standard errors could be equivalently derived from Z-scores and sample sizes
when necessary.

We note that this genome-wide QC procedure is also a prerequisite for methods such as
XMR, MRAPSS, and CAUSE, which leverage genome-wide summary statistics to estimate
background parameters (e.g., the sample structure matrix C' and the pleiotropic covariance )

in their respective models.

2.3.1.2 Step 2: SNP effect alignment

A valid MR analysis requires that the SNP-exposure and SNP-outcome effect estimates
refer to the same allele. To this end, we carried out a two-stage harmonization procedure for

each exposure—outcome pair. In the first stage, we compared the allele coding between the
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exposure and outcome GWAS and, where necessary, modified the alleles in one dataset to
match the strand orientation of the other dataset. In the second stage, we verified whether the
designated effect allele was consistent across the two datasets; when it was not, we reversed the
sign of the effect estimate in one dataset so that all effects were expressed with respect to the
same reference allele.

As a concrete example, consider a SNP recorded as A/G (effect /non-effect) in the exposure
GWAS and C/T (effect/non-effect) in the outcome GWAS. Strand-flipping the outcome alleles
yields G/A, revealing that the outcome effect allele (G) corresponds to the non-effect allele of
the exposure; accordingly, the sign of the outcome effect estimate would be reversed. Because
this alignment procedure is only reliable for non-palindromic SNPs with allele pairs A/G, A/C,
T/G, or T/C, any SNP with an ambiguous (palindromic) allele configuration was excluded
at this stage. This exclusion is consistent with the allele-type filter already applied during
quality control (Step 1), ensuring that no ambiguous SNPs enter the analysis. For XMR and
TEMR, which require three or four GWAS datasets simultaneously, we generalized this step by

designating one dataset as the anchor and harmonizing all remaining datasets to it.

2.3.1.3 Step 3: IV selection and LD clumping

Using the harmonized summary datasets, we proceeded to select instrumental variables for
each exposure—outcome pair. SNPs were deemed candidate instruments if their association
with the exposure reached a pre-specified P value threshold; the specific threshold adopted for
each method is described in section 2.3.2. We then applied LD clumping via PLINK with an r?
threshold of 0.001 within a 1 Mb window to obtain a set of approximately independent SNPs.
Samples from the target population in the 1000 Genomes Project served as the LD reference
panel for this clumping step.

For a reliable analysis, we imposed two minimum requirements on the number of IVs. First,
each trait pair was required to have at least 4 independent IVs after clumping; pairs failing to
meet this criterion were excluded from downstream analysis. Second, as a data-quality check,
we verified the number of SNPs that reached genome-wide significance (P < 5 x 107%) after LD
clumping. If fewer than 15 genome-wide significant SNPs remained, the trait pair was deemed

to have insufficient instrument strength and was excluded from further analysis.
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2.3.2 Parameter settings for XMR and compared methods.

Different MR methods have distinct requirements for IV selection thresholds and parameter
estimation. Below we describe the settings used for each method in the real-data analyses.

For XMR, we first estimated €2 and C using bivariate LDSC on genome-wide summary
statistics. Trait pairs yielding invalid estimates (e.g., negative diagonal elements in € or
non-positive definite C) were excluded from further analysis. To ensure numerical stability,
if the off-diagonal elements of € implied correlations outside the range [—1, 1], they were
truncated to £0.95. IVs were selected based on a significance threshold of P < 5 x 107° in the
exposure GWAS of the target population. These SNPs were further pruned for independence
using PLINK clumping (r? threshold of 0.001, 1Mb window) before applying the XMR model.

For MRAPSS, the confounding factor estimates were derived from the corresponding
elements of 2 and C computed as described above. IV selection followed the method’s default
significance threshold (P <5 x 107°).

For TEMR, we adhered to its standard protocol for combining P values, selecting I'Vs based
on a combined P value threshold of 5 x 1072,

For CAUSE, we observed that the recommended default threshold (P < 1 x 1073) produced
unstable estimates in scenarios with limited sample sizes. Consequently, we adopted a stricter
threshold of P < 5 x 107°, which yielded comparable but more robust performance. A detailed
comparison of the two thresholds is provided in section 4.9.

For the remaining two-sample MR methods, we employed the genome-wide significance
threshold (P < 5 x 1078) for IV selection in datasets with sufficient sample sizes (N > 20,000).
When sample sizes were smaller, a relaxed threshold (P < 5 x 107°) was applied to retain a

sufficient number of IVs for causal inference.

2.3.3 Hypothesis test for the difference of causal effect estimates.

To investigate potential heterogeneity in causal effects across ancestry groups (East Asians
(EAS), Central/South Asians (CSA), and Africans (AFR)), we compared the causal effect
estimate in each target population against the corresponding estimate in the European (EUR)
population for every trait pair. Since XMR is designed for cross-population analysis and cannot
be applied to a single-population dataset, we used MRAPSS—which shares a similar statistical

framework—to obtain the reference causal effect estimate for the European population.
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Specifically, for each trait pair we tested:

Hy: Biar — Peur =0 vs.  Hi : Biar — Brur # 0,

where [, denotes the XMR estimate for the target population and Sgyr denotes the MRAPSS
estimate for the European population. Let SE},, and S Egyr denote the corresponding standard
errors. Because the two estimates are derived from non-overlapping samples, they can be
treated as independent, and the test statistic is:

_ Btar - 5EUR
\/SEtQar + SE]%ZUR‘

Under the null hypothesis, Z follows a standard normal distribution. We computed the

two-sided P value and declared significant heterogeneity when the P value fell below 0.05.

2.3.4 Meta-analysis for two EAS cohorts.

To obtain more robust causal effect estimates for the EAS population and to facilitate cross-
ancestry comparisons, we performed a meta-analysis combining estimates from the two EAS
cohorts (BBJ and TPMI). We adopted the framework proposed by Xiao et al. [4], which leverages
the correlation structure between cohorts to improve estimation accuracy. We observed that
raw estimates derived from BBJ were systematically larger than those from TPMI, likely
attributable to environmental heterogeneity or measurement differences between the cohorts;
the meta-analysis helps to mitigate such discrepancies. The resulting augmented estimates
were used for all subsequent cross-ancestry comparisons.

Specifically, let Blj and ng denote the MR estimates for trait pair 7 in BBJ and TPMI,
respectively, for j = 1,..., N (in our analysis, N = 105). We assume that each estimate can

be decomposed into a latent true effect and independent estimation noise:

5:13' :(511‘) <€1j> (51]') — A (elj)N .
(52) o)+ (o) whee (57) =8~ N 0.B), (7 N (0.E;), (525)

with covariance matrices defined as:

b11 b12 A 5% 0
(b12 bzg) ’ J ( 0 §§j ( )

Here, é’%j and §%j represent the squared standard errors of the estimates Blj and BQj, respectively.

The off-diagonal element b5 captures the covariance between the true causal effects in the two
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cohorts, which is expected to be positive when both cohorts share the same underlying biology
but may differ due to cohort-specific factors.

We estimate the covariance matrix of the true effects, B, using the method of moments.

Given that (glj) = Bj ~N (O, B+ Ej), we have:

27

~

% i (BijT - EJ>] _B (S27)

J=1

=E

Consequently, B is estimated as B = % Zjvzl (BJB;I — EJ)
Next, we apply the generalized method of moments (GMM) [4, 5, 6] to derive a meta esti-
mator, denoted as {Bjmet“, gmetal — {B{’;et“, Bg’;em, gpicte, a5t} iy, .~ The moment condition

-----

is established by linearly projecting the estimate from the auxiliary population (e.g., TPMI)

onto the true marginal effect of the target population (e.g., BBJ):
E[B2j - /Blﬂ] =0, (528)

where v is an unknown coefficient.
The GMM estimator for ~ is obtained by minimizing the following objective function, using

an identity matrix as the weight matrix:
E[(sz - 513’7)2} : (529)

Taking the derivative with respect to v and setting it to zero yields:

0= % E[(sz - 51]"}’)2}

—E [%(BZ]‘ - 51;‘7)2]
— —2E| 81,8 — 17|
= —2E[B1;(Ba; + €25 — 1;7)] (530)
= —2E[By; fa;] + 2E[B7;7]
= —2bip +2b117.
Solving this gives:

bia

b_ll.

5= (831)
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a1 This implies that the projection of ng onto the true marginal effect 3y, is % Bi;-

aa Extending this to the full vector of estimates, the moment condition becomes:
Blj (bn)
E|[ - =0, whereb;= . S32
<52j 511 ﬁlj ! bi2 (552)
a3 Accordingly, the conditional mean is derived as:
B b _ B b.
El[7Y) = 228,18 =r|[” | g2 4
(62]‘ bll ﬁl] ﬁlj_ 62]‘ /31] bll /Blj 51] 07
Y
=E @13 Bij| = — Bij- (533)
Ba; | bi1
sa  Next, the conditional variance is given by:
: G ] el C2) 1
Var = Var + Var ;
b.bl .
=B % +E; = A (S34)
11

ass The GMM estimator for 3;; is then obtained by minimizing the quadratic form with the

us optimal weight matrix Ay;:

T /Blj ' /81]
m{B) Ay m(B) = [(@) bnﬁU] K@) b 5“]’ (535)

51 by . . . . . .
w7 where m(f3) := < ﬁgj — 3 8. Taking the derivative with respect to f1; and setting it to zero:
0= 2 [m()" A, m(3)]
b Y
T 5 T
——2b1 Ayj Oy +2ﬁA1jﬁ51j>
BZ] bll

s Solving for 3;; yields the estimator:

b b\ b B
meta _ 1 Alj
B N (bu Ay b11) Ay (523) (536)

449 Based on standard GMM theory, the estimator follows the asymptotic distribution:

4

B

N— Oom om]" om” bl
ﬁljt |/61] ~ N(ﬁl]? [aﬁ Al] 8/6:| )7 Where aﬁ :i (837)
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Eq. (S36) shows that the meta estimator effectively borrows information from the auxiliary
cohort (TPMI) to improve the estimation accuracy of the target cohort (BBJ). The augmented

effect size and its standard error for trait pair j in the BBJ cohort are:

X Y b\ b7 By A T
meta _ [ 21 AL ZLA Y gmeta _ ht B WG
& inwn b\ By ) b Y by

Similarly, the augmented estimates for the TPMI cohort are:

X L b, ' bl By S P
meta _ [ 22 A 72 Z2 Al gmeta _ T2 A 22
P szwm b O\ By ) bos by

612

baz
true effects in the two cohorts are uncorrelated), the meta estimator reduces to the original

where AQ_j1 = B — b‘gTZE + Ej and by = ( ) As a sanity check, when b5 = 0 (i.e., the
single-cohort estimator for each trait pair, thereby avoiding the incorporation of uninformative
noise from the other cohort (see Xiao et al. [4], Supplementary Methods, section 3.6).
Finally, when a given MR method produced a valid estimate in only one of the two cohorts
for a particular trait pair (e.g., by MR-Lasso), we retained the original single-cohort estimate

without performing the meta-analysis.

3 Supplementary tables

3.1 Heterogeneous effects between EUR and EAS

Table S1 lists the trait pairs that achieved statistical significance (after Benjamini-Hochberg
[BH] correction) in at least one of the European and East Asian populations and exhibited
statistically significant heterogeneity in causal effect size between the two populations. For the
EAS estimates, we used augmented effect sizes derived from the meta-analysis of the BBJ and
TPMI cohorts (section 2.3.4), with BBJ serving as the reference dataset. Rows shaded in red
denote trait pairs that were statistically significant in the BBJ cohort and further validated
in the TPMI cohort, meaning that both the causal estimate and its heterogeneity relative to

EUR remained significant in the independent replication sample.
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Exposure Outcome BEAs SEpas Pgas Beur SErpur  Prur Category

Body mass index Type 2 diabetes 0.3138  0.0289  1.5123e-27 0.1975  0.0216 5.5873e-20  Significant in both populations
Body mass index Iron deficiency anemia -0.0182  0.0153  0.2338 0.0541  0.0089 1.4053e-9  Only significant in EUR
Body mass index Asthma 0.0468  0.0175  0.0073 0.1154  0.0116  3.8479e-23  Significant in both populations
Body mass index Chronic obstructive pulmonary disease  0.0084  0.0172  0.6273 0.1169  0.0109  9.1244e-27  Only significant in EUR
Body mass index Cholelithiasis 0.0729 0.0179  4.6511e-5  0.1256  0.0109 7.203e-31 Significant in both populations
Body mass index Rheumatoid arthritis 0.0050  0.0164  0.7616 0.0648  0.0100 8.6772e-11  Only significant in EUR
Hemoglobin Tron deficiency anemia -0.0961 0.0168  1.0423e-8  -0.0504 0.0080 2.4617e-10  Significant in both populations
Alanine aminotransferase  Chronic obstructive pulmonary disease -0.0936  0.0244  0.0001 0.0169  0.0137  0.2189 Only significant in EAS
Alanine aminotransferase  Cholelithiasis 0.0387  0.0275  0.1599 0.1151  0.0252  4.7466e-6  Only significant in EUR
Glucose Type 2 diabetes 0.9152  0.0877  1.7343e-25 0.6103  0.0618 5.1982e-23  Significant in both populations
Glucose Iron deficiency anemia -0.0438  0.0229  0.0562 0.0372  0.0143  0.0091 Only significant in EUR
Glucose Epilepsy -0.0713  0.0233  0.0022 0.0051  0.0145  0.7230 Only significant in EAS
Glucose Cataract 0.1390  0.0315  1.0474e-5  0.0419  0.0193  0.0299 Only significant in EAS
Glucose Asthma -0.1226  0.0285  1.6747e-5  -0.0015 0.0197  0.9396 Only significant in EAS
HbAlc Type 2 diabetes 0.7152  0.0447  1.6106e-57 0.3516  0.0273  6.3884e-38  Significant in both populations
HbAlc Iron deficiency anemia -0.0171  0.0154  0.2657 0.0392  0.0090 1.3758e-5  Only significant in EUR
HbAlc Epilepsy -0.0395 0.0151  0.0087 -0.0014  0.0083  0.8620 Only significant in EAS
HbAlc Cataract 0.1217  0.0200  1.1441e-9  0.0158 0.0099  0.1121 Only significant in EAS
HbAlc Asthma -0.0519 0.0188  0.0058 0.0016  0.0125  0.8957 Only significant in EAS
HbAlc Chronic obstructive pulmonary disease -0.0473  0.0175  0.0071 0.0120  0.0094  0.2019 Only significant in EAS
LDL cholesterol Myocardial infarction 0.1939  0.0298  7.9152e-11 0.0882  0.0187  2.5823e-6  Significant in both populations
Diastolic blood pressure Breast cancer -0.1222  0.0350  0.0005 -0.0118 0.0176  0.5018 Only significant in EAS
Diastolic blood pressure Type 2 diabetes -0.0762 0.0317  0.0162 0.0577  0.0167  0.0006 Significant in both populations
Diastolic blood pressure Rheumatoid arthritis -0.0368 0.0242  0.1279 0.0347  0.0122  0.0046 Only significant in EUR

Table S1: Heterogeneous trait pairs between EAS (BBJ) and EUR populations. 3,
SE, and P denote the estimated causal effect size, standard error, and P value, respectively.
Significance is determined after BH correction. Spag values are the meta-analyzed effect
estimates combining BBJ and TPMI, with BBJ as the reference cohort. Red-shaded rows
indicate pairs that are significant in the primary EAS cohort (BBJ) and independently validated
in the auxiliary cohort (TPMI), with both the causal effect and the effect heterogeneity relative
to EUR reaching statistical significance. Abbreviations: LDL cholesterol, low-density lipoprotein
cholesterol; HbAlc, glycated hemoglobin.

3.2 Heterogeneous effects between EUR and CSA

Table S2 lists the trait pairs that achieved statistical significance in at least one of the EUR and
Central/South Asian populations (after BH correction) and exhibited statistically significant

heterogeneity in causal effect size between the two groups.

Exposure Outcome Besa SEcsa Posa BEUR SErur Prur Category

Hypertension SHBG 0.0022  0.0225  0.9219 -0.1275  0.0346 0.0002 Only significant in EUR

T2D HbAlc 0.9456  0.1709  3.1753e-8 1.5124  0.1133 1.1318¢-40  Significant in both populations
T2D HDL cholesterol -0.079  0.1229  0.5200 -0.5633  0.1391 5.1463e-5  Only significant in EUR

T2D SHBG -0.323 0.1609  0.0447 -0.7584  0.0898 2.9125e-17  Only significant in EUR
Disorders of lipoid metabolism  Vitamin D 0.0198  0.1515  0.8960 -0.3566 0.0796  7.5259e-6  Only significant in EUR
HbAlc Hypertension 0.1348  0.0414  0.0011 0.0458  0.0135 0.0007 Significant in both populations
HbAlc T2D 0.4216  0.0453  1.3714e-30  0.2009  0.0140 1.2739¢-46  Significant in both populations
Height Disorders of lipoid metabolism -0.0007 0.0051  0.8882 -0.0229 0.0047  8.9485e-7  Only significant in EUR
Chronic ischaemic heart disease Hypertension 0.047 0.1270  0.7113 0.4539  0.0909  5.9216e-7  Only significant in EUR

Table S2: Heterogeneous trait pairs between CSA and EUR populations. 3, SE,
and P denote the estimated causal effect size, standard error, and P value, respectively.
Significance is determined after BH correction. Abbreviations: T2D, type 2 diabetes; SHBG,
sex hormone-binding globulin; HDL cholesterol, high-density lipoprotein cholesterol; HbAlc,
glycated hemoglobin.
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3.3 Heterogeneous effects between EUR and AFR

Table S3 lists the trait pairs that achieved statistical significance in at least one of the EUR and
African populations (after BH correction) and that showed statistically significant heterogeneity

in causal effect size between the two groups.

Exposure Outcome BAFR SEarr Parr Breuvr SErgur Prur Category

Hypertension Chronic ischaemic heart disease -0.0123 0.0559  0.8257 0.2670 0.0223  4.3567e¢-33  Only significant in EUR
Disorders of lipoid metabolism  LDL cholesterol 0.8112  0.3337 0.0151 1.6601 0.2037 3.6483e-16  Only significant in EUR
Disorders of lipoid metabolism  Chronic ischaemic heart disease 0.2857  0.1289  0.0267 0.6361 0.0845 5.1389¢e-14  Only significant in EUR
C-reactive protein Hypertension -0.0661 0.0508  0.1932 0.0471 0.0204  0.0207 Ounly significant in EUR
LDL cholesterol Disorders of lipoid metabolism  0.0816 ~ 0.0603  0.1765 0.3131 0.0225 7.1635e-44  Only significant in EUR
Albumin Hypertension 0.3746  0.1057  0.0004 0.0464 0.0210  0.0270 Ouly significant in AFR

Table S3: Heterogeneous trait pairs between AFR and EUR populations. 3, SE, and
P denote the estimated causal effect size, standard error, and P value, respectively. Significance
is determined after BH correction. Abbreviations: LDL cholesterol, low-density lipoprotein
cholesterol.

4 Supplementary figures

4.1 Simulation results in null cases for additional methods

We extended our simulation studies to evaluate the performance of additional MR methods
under the null hypothesis (8 = 0), focusing on methods that were not included in the main-text
comparisons. The methods evaluated here include ConMix, dIVW, IVW-fe, MR-Robust,
MR-~PRESSO, and MR-Lasso. To ensure a sufficient number of IVs for causal estimation and
to align with the strategy adopted in our real-data analyses, we used P <5 x 1075 as the IV
selection threshold for all methods in these simulations.

As shown in Fig. S2, all evaluated methods exhibited severe inflation, regardless of the
genetic correlation (p) between the populations. Notably, MR-Lasso occasionally classified all
IVs as invalid outliers, resulting in the method failing to produce a causal estimate in those

mstances.
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Figure S2: Negative control simulations for additional MR methods. QQ plots of
—logyo(p) values from each method are displayed under the null scenario (8 = 0), where no
causal effect exists. The genetic correlation parameter p between the two populations varies
from 0 to 0.7.
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4.2 Ablation study of XMR components under null simulations

To systematically evaluate the contribution of each component within the XMR framework to

confounding correction, we conducted an ablation study under the null hypothesis (5 = 0). We

examined the performance of three variants, each omitting a specific modeling assumption:

e XMR (€2 = 0): The variance components for pleiotropic effects (uy j, us j, vo ;) were fixed

at zero.

¢ XMR (C = I): The sample structure was ignored by enforcing a diagonal covariance

matrix (i.e., zero off-diagonal elements).

¢ XMR (not correct bias): The selection bias adjustment was omitted by setting the

conditional probability threshold to P <1 (equivalently, t = 0 in Eq. (54)).

As shown in Fig. S3, none of the three variants maintained well-calibrated P values across

all genetic correlation settings. These results underscore the necessity and effectiveness of each

component in the XMR framework for controlling false positives.
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Figure S3: XMR ablation study under null simulations. The distribution of —log,,(p)
values is shown from the three variants of the XMR model under the null scenario (5 = 0).

The genetic correlation parameter p between the two populations varies from 0 to 0.7.
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4.3 Extended simulation results under alternative hypotheses

This section presents the complete causal effect estimates for the five methods that demonstrated
well-controlled false positive rates in the null simulations: XMR, MRAPSS, Egger, Weighted-
mode, and CAUSE. The true causal effect 5 was varied across the set {0.05,0.1,0.15,0.2,0.25,0.3},
and the genetic correlation p was set to 0, 0.3, and 0.7.

XMR consistently achieved high estimation accuracy across all simulation settings. Notably,
its performance advantage over other methods became increasingly pronounced as the genetic

correlation p and the causal effect size [ increased.
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Figure S4: Causal effect estimates under genetic correlation p = 0. Boxplots representing
the distribution of estimates from 30 independent experiments by five methods. The dashed
horizontal lines indicate the true causal effect size 5 € {0.05,0.1,0.15,0.2,0.25,0.3}.
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representing the distribution of estimates from 30 independent experiments by five methods.
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32



512

513

514

515

516

517

518

519

520

521

522

4.4 Performance of additional methods in real-data negative control

studies

We extended the real-data negative control analysis to include additional single-population

MR methods. Because the available datasets for the AFR and CSA populations have limited

sample sizes (below 10,000), the standard genome-wide significance threshold (5 x 1078) yielded

an insufficient number of IVs. We therefore relaxed the inclusion threshold and evaluated each

method’s performance under three distinct P value cutoffs.

Among the tested methods, only Egger, Weighted-mode, CAUSE, and Weighted-median

avoided severe inflation in both AFR and CSA populations. The remaining methods faced a

trade-off, suffering from significant inflation when the IV threshold was relaxed to include more

variants, consistent with the findings discussed in the main text.
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Figure S7: Real-data negative control studies in the AFR population. QQ plots of
—log,o(p) values from various single-population MR methods, evaluated under different IV

selection thresholds.
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4.5 Ablation study of XMR variants in real-data negative controls

We validated the ablation study findings using real-data negative controls. We compared the
full XMR model against its three variants: XMR (2 = 0), XMR (C = I), and XMR (not
correct bias), using an IV selection threshold of P <5 x 107°.

Fig. S9 illustrates the critical role of each model component. Consistent with the simulation
results, only the full version of XMR produced well-calibrated P values across both populations,
whereas the variants exhibited varying degrees of inflation. Detailed causal effect estimates

from the three XMR variants are listed in Supplementary Tables S7 and S12.
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Figure S9: XMR ablation study in real-data negative control studies. The distribution
of —logy,(p) values is shown from the full XMR model and its three variants in both AFR and
CSA populations.
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- 4.6 Real-data causal relationship exploration in East Asians

s 'This section presents supplementary results from the real-data analysis focused on the EAS
s33  population, using the BioBank Japan (BBJ) and Taiwan Precision Medicine Initiative (TPMI)

s datasets specifically.

s 4.6.1 Comparison of discovery numbers in BBJ across methods
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Figure S10: Number of significant discoveries in the BBJ cohort. The number of
significant causal pairs identified by each of the 16 tested methods is shown. Light pink bars
represent discoveries before multiple-testing correction, and dark pink bars represent discoveries
after BH correction.
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4.6.2 Extended causal effect estimates in BBJ

Fig. S11 presents the causal discoveries in the BBJ cohort using MRAPSS, Egger, Weighted-
mode, and CAUSE. Fig. S12 displays results of the remaining methods, which exhibited inflation

in either the simulation studies or the negative control analyses.
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Figure S11: Causal effect estimates in BBJ. Causal effect estimates (5) are shown across
MRAPSS, Egger, Weighted-mode, and CAUSE. Red indicates positive effects, while purple
indicates negative effects. Statistical significance is denoted by * (P < 0.05) and ** (significant
after BH correction).
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4.6.3 Replication consistency between two East Asian cohorts

We evaluated the consistency of causal effect estimates between the BBJ and TPMI cohorts.

Fig. S13 compares the estimates from MRAPSS, Egger, Weighted-mode, and CAUSE, while

Fig. S14 provides the comparison of the other 10 methods.
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Figure S13: Consistency of causal effect estimates between BBJ and TPMI. Scatter
plots comparing the effect sizes estimated in BBJ versus TPMI from MRAPSS, Egger, Weighted-
mode, and CAUSE. Error bars represent 95% confidence intervals. Point colors indicate
significance status across the two datasets. The red line represents the linear regression fit with
a 95% confidence interval (shaded area), and the grey dashed line indicates the identity line

(y = ).

39



Effect size comparison with IVW

Effect size comparison with dIVW

Effect size comparison with IVW-fe

0.4 |
0.4 1 0.4 ; Corr = 0.779
= Corr = 0,779 s Corr = 0,778 s '
a i a i a
= ' = ' =
£ £ £02
0.2 0.2 %]
N N N
@ ) @
o o o
@ o k]
= £ Eool._ agepSe® °
R R = s R i wo.
» Only significant in TPMI Only significant in TPMI Only significant in TPMI
b * Only significant in BB © Only significant in BBJ * Only significant in BB
© Neither © Neither © Neither
' Both significant ' Both significant | Both significant
0.00 0. . 0.75 0.00 0 . 0.75 0.00 0.25 0.50
Effect size in BB) Effect size in BB) Effect size in BB)
Effect size comparison with Weighted-median Effect size comparison with MR-PRESSO Effect size comparison with MR-Robust
' 0.4 :
_ Corr = 0.729 | _ 1 _0.4
z = Corr = 0,759 = Corr = 0.848
[= [= : =
£ £0.2 £
b & o2
@ @ @
] © o
@ (9] 9]
E E 0.0f -~~~ = o s Sk E 0.0
il Only significant in TPMI Only significant in TPMI Only significant in TPMI
' * Only significant in BBJ - © Only significant in BBJ © Only significant in BB)
® Neither © Neither © Neither
0.2 Both significant ' Both significant H Both significant
-0.2 0.0 0.2 0.4 0.0 0.3 0.6 0.00 0.25 0.50 0.75
Effect size in BBJ Effect size in BBJ Effect size in BBJ
Effect size comparison with MR-Lasso Effect size comparison with ConMix Effect size comparison with cML-MA
0.4 0.75 i
07 ¢ 0.799 :
orr = 0. )
03| corr=0.716 Corr = 0;'527
Z = 050 £0.50
0.2 = =
£ £ £
[ o [
Noa1 N o025 No.2s
= = P
] ] 9]
A B < = I i G oooof--- Bt e &
Only significant in TPMI Only significant in TPMI 0,00} - - - - Se®EEES & e Only-significant in TPMI
0.1 © Only significant in BBJ 4 . On]g significant in BB 2 . Onjg significant in BB
. © Neither * © Neither ¥ © Neither
Both significant -0.25 Both significant ' Both significant
-0.1 0.0 0.1 0.2 0.3 -0.5 0.0 0.5 1.0 0.00 0.25 0.50 0.75 1.00
Effect size in BBJ Effect size in BB) Effect size in BB)
Effect size comparison with MRMix
0.5 '
S Corr = 0.568
a il
~ o
£ . v
@ 0.01 -- AR e - -l
N
@
o
@
b=
Woo.5 I .
Only significant in TPMI
© Only significant in BBJ
® Neither
Both significant

0.0

0.5 1.0 15
Effect size in BB

Figure S14: Consistency of causal effect estimates between BBJ and TPMI. Scatter
plots comparing the effect sizes estimated in BBJ versus TPMI from the other 10 methods.
Error bars represent 95% confidence intervals. Point colors indicate significance status across
the two datasets. The red line represents the linear regression fit with a 95% confidence interval
(shaded area), and the grey dashed line indicates the identity line (y = z).
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4.6.4 Identification of heterogeneous causal pairs via meta-analysis

Using estimates refined by meta-analysis (Bmem), we highlighted causal pairs that exhibit
heterogeneity compared to the European population. Fig. S15 displays the results of XMR,
and Fig. S16 displays the results of MRAPSS, Egger, Weighted-mode, and CAUSE.
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Figure S15: Meta-analyzed causal effect estimates in EAS cohorts. Heatmaps displaying
the meta-analyzed causal effect estimates (ﬁmet“) from XMR in both BBJ and TPMI. Red
indicates positive effects, and purple indicates negative effects. Significance is marked by *
(P < 0.05) and ** (significant after BH correction). Among the significant pairs (**)

frames highlight those showing statistically significant heterogeneity compared to the EUR

, red

population.
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Figure S16: Meta-analyzed causal effect estimates in EAS cohorts. Heatmaps displaying
the meta-analyzed causal effect estimates (Bmet“) from MRAPSS, Egger, Weighted-mode, and
CAUSE in both BBJ and TPMI. Red indicates positive effects, and purple indicates negative
effects. Significance is marked by * (P < 0.05) and ** (significant after BH correction).
Among the significant pairs (**), red frames highlight those showing statistically significant
heterogeneity compared to the EUR population.
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ss 4.6.5 Comparison of effect sizes between EAS and EUR populations
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Figure S17: Comparison of causal effect estimates between EAS and EUR. Scatter
plots comparing effect sizes in the EAS (BBJ) cohort (meta-analyzed) versus the EUR cohort

from MRAPSS, Egger, Weighted-mode, and CAUSE. Error bars represent 95% confidence
intervals. Point colors indicate significance status in the two populations. The black dashed

line represents the identity line (y = ). Red circles highlight heterogeneous pairs that were
validated by the TPMI dataset.
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2 4.7 Investigation of causal relationships in the Central/South Asian
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Figure S18: Comparison of causal effect estimates between CSA and EUR. Scatter
plots comparing effect sizes in the CSA cohort versus the EUR cohort from MRAPSS, Egger,
Weighted-mode, and CAUSE. Error bars represent 95% confidence intervals. Point colors

indicate significance status in the two populations. The black dashed line represents the identity
line (y = z).
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53 4.8.1 Comparison of effect sizes between AFR and EUR populations
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Figure S19: Comparison of causal effect estimates between AFR and EUR. Scatter
plots comparing effect sizes in the AFR cohort versus the EUR cohort for MRAPSS, Egger,
Weighted-mode, and CAUSE. Error bars represent 95% confidence intervals. Point colors
indicate significance status in the two populations. The black dashed line represents the identity
line (y = z).
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4.9 Sensitivity analysis of CAUSE with the default IV selection
threshold P <1 x 1073

This section evaluates the sensitivity of CAUSE to its IV selection threshold by comparing the
default threshold (P < 1 x 1073) with the stricter threshold (P < 5 x 107°) adopted in our
main analyses.

In the BBJ cohort, where sample sizes generally exceed 100,000, the default threshold
yields results comparable to the stricter threshold (Fig. S20). However, in the CSA and AFR
populations, where sample sizes are typically below 10,000, the default threshold produces
unstable estimates: a substantial fraction cluster near zero yet attain significant P values,
suggesting numerical instability rather than genuine causal signals (Fig. S21). This motivated
our adoption of the stricter threshold for the primary analyses, while we systematically compare
both versions across all experiments. Detailed causal effect estimates from both CAUSE
versions are provided in Supplementary Tables S16-519, S21-S22, and S24-S25.

In simulation studies (Figs. S22-S25; see also Supplementary Tables S8 and S13), both
versions demonstrated well-controlled type I error rates under the null hypothesis. However,
CAUSE (5e-5) exhibited slightly higher statistical power. Although the relaxed threshold (le-3)
incorporates more IVs—thereby reducing standard errors—it tends to underestimate causal
effects more severely, likely because the additional weak instruments introduce bias. Real-data
negative control results under three thresholds near 1 x 1073 (Fig. S26) further support the
validity of using CAUSE (5e-5) as the primary analysis threshold.
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Figure S20: Causal effect estimates in BBJ. Heatmap displaying causal effect estimates
(B) from CAUSE in the BBJ cohort using the default IV selection threshold (P <1 x 1073).
Red indicates positive effects, and purple indicates negative effects. Statistical significance is
denoted by * (P < 0.05) and ** (significant after BH correction).
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Figure S21: Causal effect estimates in CSA and AFR. Scatter plots showing the estimated
effect size (/) against the —log,,(p) value of each trait pair in CSA and AFR, using CAUSE
with the default IV selection threshold (P < 1 x 1073). Points with nominal significance
(P < 0.05) are colored by exposure category, with shapes indicating significance after BH

correction.
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Figure S22: Simulation performance of CAUSE using different thresholds. (A—C)
QQ plots of —logy(p) values under the null scenario (5 = 0, no causal effect). Results are
shown from CAUSE with thresholds P <1 x 1073 (CAUSE 1e-3) and P <5 x 1075 (CAUSE
5e-5), with genetic correlation p between populations set to 0, 0.3, and 0.7, respectively. (D—F)
Comparison of statistical power between the two CAUSE versions under alternative simulations
with varying causal effect sizes (). Genetic correlation p corresponds to 0, 0.3, and 0.7,
respectively.
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Figure S23: Causal effect estimates under genetic correlation p = 0. Boxplots comparing
estimates from the two versions of CAUSE across 30 simulation replicates. The dashed lines
represent the true causal effect size (), ranging from 0.05 to 0.3.
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Figure S24: Causal effect estimates under genetic correlation p = 0.3. Boxplots
comparing estimates from the two versions of CAUSE across 30 simulation replicates. The
dashed lines represent the true causal effect size (f), ranging from 0.05 to 0.3.
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Figure S25: Causal effect estimates under genetic correlation p = 0.7. Boxplots
comparing estimates from the two versions of CAUSE across 30 simulation replicates. The
dashed lines represent the true causal effect size (f), ranging from 0.05 to 0.3.

52



w

[
[

w

N
N
[

o 92
=" e
[

=
\
N\

o
L e’ ©0.001
L °ele-04
7 ® 1e'05
0 1 2 3 0 1 2 3
Expected -log;o(p) Expected -log;o(p)

Observed -10g14(p)
$.
Observed -logo(p)

o

Figure S26: Negative control studies for CAUSE in AFR and CSA. QQ plots of
—log,o(p) values derived from CAUSE applied to real-data negative controls, using three
different IV selection thresholds near the default value.
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4.10 Distinctions between XMR and MRAPSS

To rigorously assess the contribution of XMR’s key modeling innovations relative to MRAPSS,
we designed an ablation study examining three simplified variants of XMR, each targeting a
specific component that differentiates the two methods.

The first variant, XMR (o12,5 = 0), evaluates the necessity of explicitly modeling the genetic
correlation between the target and auxiliary populations. This variant fixes 012y = 0 during
the estimation of X, effectively ignoring the shared genetic architecture between populations.

The second and third variants address XMR’s correction term At, which accounts for
selection bias arising from LD clumping across populations. Instead of the principled correction

used in XMR, these variants adopt a simpler threshold adjustment analogous to that used in

MRAPSS:

P value threshold < IV threshold x min ( median(P Valuesa“er)) , 1) ,

(S38)

median(P valuespefore

where P valuespefore and P values,ger represent the P values of IVs before and after LD clumping,
respectively. XMR (At unmodeled 1) computes the median P value ratio from the auxiliary
population’s IVs, while XMR (At unmodeled 2) computes it from the target population’s
IVs.

As illustrated in Fig. S27, both At variants failed to maintain well-calibrated P values
in the real-data negative control study. This inflation underscores the critical role of XMR’s
principled modeling of At in correcting selection bias; the simple threshold adjustment used in
MRAPSS does not adequately capture this effect in the cross-population setting.

The XMR (012,f = 0) variant maintained reasonable false positive rates but suffered from
reduced statistical power compared to the full XMR model (Fig. S28). When the true genetic
correlation was null (p = 0), this variant and the full model yielded nearly identical results
(Figs. S28 and S29), confirming that the full model correctly adapts when no cross-population
correlation exists. However, when a true genetic correlation was present (p > 0), XMR
(012, = 0) systematically underestimated the causal effect 5 (Figs. S30 and S31). This
downward bias directly explains the observed loss of power and demonstrates that leveraging
the shared genetic architecture between populations through oy ¢ is essential for accurate
causal estimation in cross-population MR.

Detailed causal effect estimates across these three XMR variants in the real-data negative

control study are presented in Supplementary Tables S9 and S14.
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Figure S27: XMR variants in real-data negative control studies. The distribution of

—log,(p) values is shown from three variants of the XMR model in both AFR (left) and CSA
(right) populations.
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Figure S28: Power comparison in simulations. QQ plots of —log,,(p) values from 30
independent simulation experiments comparing the full XMR model against the XMR (o12,f = 0)
variant. The genetic correlation parameter p between the two populations varies from 0 to 0.7.
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Figure S29: Causal effect estimates under genetic correlation p = 0. Boxplots repre-
senting the distribution of estimates from 30 independent simulation experiments by XMR
and its variant with o5y = 0. The dashed horizontal lines indicate the true causal effect size
f € {0.05,0.1,0.15,0.2,0.25,0.3}.
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Figure S30: Causal effect estimates under genetic correlation p = 0.3. Boxplots
representing the distribution of estimates from 30 independent simulation experiments by XMR,
and its variant with o5y = 0. The dashed horizontal lines indicate the true causal effect size

g €{0.05,0.1,0.15,0.2,0.25,0.3}.
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Figure S31: Causal effect estimates under genetic correlation p = 0.7. Boxplots
representing the distribution of estimates from 30 independent simulation experiments by XMR
and its variant with 019 f = 0. The dashed horizontal lines indicate the true causal effect size
g € {0.05,0.1,0.15,0.2,0.25,0.3}.
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