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S1 The Potential Outcome Model for Instrumental Variables

Let Y(@2) be the potential outcome if we set the exposure D = d € R and the instruments
Z = z € RP. For two possible values of the exposure d,d" € R and the instruments z, 2’ € RP, we

consider the following potential outcome model:

Y@ _y @D — (2 o)k 4 (d - d)f, (1)
E(Y©9|Z) = Z™y, (S2)

where € R is the causal effect of interest, K € RP represents the violation level of assump-
tion (A2), and n € RP represents the violation level of assumption (A3), i.e., the presence of
unmeasured confounding between the instruments and the outcome. If the exclusion restriction
assumption holds, then we have Y(%?) = Y(@2) for all z, 2’ € RP, which implies & = 0. If there
is no unmeasured confounding between the instruments and the outcome, then Y (%#) should be
independent of Z, which implies n = 0.

Let # = k+m, e = Y00 —E(Y(©9|Z) and Var(e|Z) = 0. Then we have the following linear

model for the observational data:
Y=DB+Z™w+e, E(e|Z)=0. (S3)

Therefore, the parameters 7r in model (S3) encode the violation of assumptions (A2) and (A3): if

k; =1n; = 0, i.e., no violations of (A2) and (A3) for SNP j, then 7; = 0; otherwise m; # 0.

S2 Asymptotic Distributions for Marginal Effect Estimates

We denote € = 50 + e, then the exposure model and the outcome model can be written as the

following reduced form:

D=2Z"v+9, (S4)
Y =2ZT +e (S5)

In two-sample MR design, summary statistics {¥,,} and {T', 5} are calculated with two



non-overlapping populations {D;,, Z;, }1<i;<n, and {Yi,, Xi, h1<ip<ny, where ¥ = (31, ,7,)7 and

~

0, = (04,,---,0,,)7 are the genetic associations and the corresponding standard errors of the
exposure, and T = (fl, e ,fp)T and op = (or,,---,0r,)7 are the genetic associations and the
corresponding standard errors of the outcome. We assume that {Z;, = (Z;1,- -, Ziyp) i<ii<m
and {X;, = (Xi1,- -+, Xiyp) " H<is<n, follow the same distribution and have been standardized.

Note that in two-sample setting we also have the reduced structural equation models:

Dy, = Z{ v + 6y, 1 <ip <y, (S6)

Yi, = XTI +¢,, 1 <iy <ny. (S7)

Let Z =(Zy,--- ,Z,,)Tand X = (X4, -+, X,,,)T be the genotype matrices of the two samples,
respectively. If Z and X are properly standardized, then the summary statistics 4 and T can be

expressed explicitly as:

1 ~ 1
4=—2Z"D and T=—XTY, (S8)

ny Ny
where D = (Dy,---,D,)Tand Y = (Y7,---,Y,,)T. We shall use Z,; € R" to denote the j-th

column of the matrix Z. Then for 1 < j <p,

Vi (5 =) = vV

1
(n—zgz.j - 1) %+ ZT (Z Zy + 5)
1

I#5

(59)
Z Dy + Zii(Y Zui +6:) | -
I#j
Since E(7; — ;) = 0, by independence we have:
Var ((ij — 1)y + Zij(z Zan + 5i))
I#]
=E(Z} — 1)’} +EZ5(>_ Zani+6,)° (S10)
I#j
= Var(Z})v; + > 3 +03.

I#]



On the other hand, for 1 < j; # js < p,

Cov <( i1 D)y + Zijy Z Zayi+6:), (22 ij2 1), + Zijz(z Zamn + 5%))
I#51 l#72

= Cov ((Z’?jl - 1)7]17 (Zzp 1)732) + Cov ( iJ1 Z Zlel + 5 z_]2 Z le’}/l + 0; ))

I#71,j2 I#71,j2

+ COV (Zl]12J27]27 ij2 Z Zzl’}/l + (5 )) + COV ( iJ1 Z Zzl’}/l + 6) iJ1 ]2’7]1)

I#j1,52 1#j1,52

+ Cov (( z = Vv Zig, (O Zun + 5@‘)) + Cov < in (O Zani+6:), (23, — 1)%)

I#j2 I#51

+ Cov (ZZJ1ZU2%‘27 szlzZJQle) .
(S11)

By independence and standardization, we have:
o Cov ((Z3, — L)y, (27, — 1)7;) =0,
e Cov (Zijl(zl i Zan + 8, Zisy (S Zin + 5@-)) —0
e Cov (Zijl Zijs Vo Zijz(Zz;Ajl,jz Zum + 5z)> = Cov (Zijl(z:l;éjl,jg Zavi + i), 211122127jl> =0,
(22, = 10: Zigs (S, Zacn + 60) ) = Cov (Zug, (S Zan +00), (23, = 1) =0,
o Cov (Zijy ZijsVins Zijs Zija Vi) = Vi Vi (E(Z’?jlz’f]2> (EZmZij?y) = Vi Via-

Therefore,

Cov (( i1 731 1]1 Z Zam + 5 z]z )712 + ZijQ(Z Za + 51)) = Vi1 V2> (812>
I#51 #52

and similarly for T. Since we use two non-overlapping samples, the covariance between 4 and r

should be 0. Therefore, we establish the joint limiting distribution of 4 and T.

SNJo ™7

—7) 4 4 0
r 0 -Vr

=) )
|

where the diagonal entries of V., and Vr are V., j; = Var(Z7)y7 + >, + 0f and Vrj; =
Var(ZZ)T% + 37, T + o2, respectively, and the off-diagonal entries of V., and Vr are V., j,;, =

4



Y Vj, and Vr 5, =TTy, (1 # ja), respectively.

S3 Tail Bound of Normal Distribution and the Multiplicity Adjust-

ment

Let W ~ N(u,0?), then by applying the Markov inequality to e*=#) for A\ > 0, we have:

2.2
= 6A2U —At

. EGA(Wfi“)
P(W—p)=t)=P (ek(W #) > ekt) < ot

Therefore, we have:

22 2
IOgP((W—M)Zt)S—sup{)\t— Ao }:_t__

A>0

By the symmetry of W, we have:

2

P((|W — | > t) < 2e 202, (S13)

Apply equation (S13) to W = %,[cj] and t = éf)(%,gj])\/logmin{nl,ng}, then for k,j such that
E?T\,[Cj] =0, we have:
L L 2
P <|%,[j]| < SEY)/log min{nl,n2}> >1-P (m,[gu > SE(7Y)/log min{nl,ng}) >1- 1.

vmin{ny,ny}

S4 Derivation of the Variance of MR-SPI Estimator

From Section S2, the joint limit distribution of 4 and T are:

\% 0
oy (7)Y . (S14)

T 0 Vp/ng

=) 2



For simplicity of notation, we assume that V contains all candidate IVs. Then [spr = T4 /ATA.
Apply delta method with g(u,v) = u/v, then we have:

~ 2 ~ ~
~ ETTS | DY ST | NERCALY
Var <ﬁspl> (B (Yarl™) Vai(l’g) oGy ) | (S15)
Eymy (ETT7)2  (E9™) (ET74)(EX™5)

Due to the independence between & and T, we have ELTT4 = I'Ty and EJTH = ~Tv + tr(V,)/ny.
As for the variance and covariance terms in equation (S15), we can apply delta method again with

function h(u,v) = (vu,u?). First, we can calculate the gradient:

vy = - 7). (S16)

~ 0

Then we have:

vna.fy = [ V) Con7E A7)
Cov(I'™y,5™y)  Var(y'9)
' 24 ' V,/m 0 r 2y
v O 0 Vr/ng v 0

(S17)

I'"'V.I'/ny +~4"Vry/ne 247V,I/ny
2y7V,I'/ny ATV v /m

Combining Equations (S15) and (S17), and using plug-in method to replace the values with their

estimates, then we can get the estimate of the variance of B\SPIZ

—~ 2
. MY
Var(fspr) = 7
AT +tr(Vy)/m

R R (S18)
{yTvm/nQ + TV, T/ny L ANVAMm VA }
(I'1y)? (AT +1r(V)/m)?  (TT)(FTA +tr(V,) /)
S5 The Coverage Probability of MR-SPI
We can decompose Bspl as:
~ I‘A'y T Ay
Bspr = 4= = A¥ZV1A v+ Z A‘T) ZV Y (S19)

Y W 7 W



And thus

(3 _ [ T I} Ay
m(fspr—B) =vm | == — 0| 1y_y + Z ——=— — 0| Iy_. (S20)
WYY vy \ v
According to equation (S18), if ny/ny = O(1), then we also have that v := n; Var (B\SPI) = O(1).

Therefore, we have:

o
NG (@ _ ) 4 N0, ). ($21)

MYV

According to Lemma 1 in [S1], we have IP’(? = V) = 1. Therefore, combining (S21) with Slutsky’s

theorem and the fact that 15_,, 5 1, we have:

Ay y
N 515, B 1y, — N(0,7). (522)
\%

On the other hand, for any € > 0, we have:

. T~ .
Vi (Bsm - ﬁ) -/ (a‘%\j - 5) Iy | >e=V#V. (S23)
%
Therefore, we can get that
~ Y ~
P(‘m(ﬁspl—ﬁ)—m<%—ﬁ> 15, zg> <P(V£V) =0, (S24)
1%

And thus

N <BSPI - 5) — Vi <E¥ZV - ﬁ) 15_,, 0. (S25)

MYV

Combining (5S22) and (S25) with the asymptotic equivalence lemma, and we have:

Vv (BSPI - 5) Lt N(0,v). (526)

And the asymptotic coverage probability of conditional confidence interval is guaranteed by (S26).



S6 Comparing MR-SPI to other competing MR methods in simulation

studies

We conduct extensive simulations to evaluate the performance of MR-SPI in the presence of
invalid IVs. We simulate data in a two-sample setting under four setups: (S1) majority rule
condition holds, and no locally invalid IVs exist; (S2) plurality rule condition holds, and no locally
invalid IVs exist; (S3) majority rule condition holds, and locally invalid IVs exist; (S4) plurality
rule condition holds, and locally invalid IVs exist. More detailed simulation settings are described
in Online Methods.

We compare the percent bias, empirical coverage and average lengths of 95% confidence intervals
of MR-SPI to the following competing MR methods: (i) the random-effects IVW method that
performs random-effects meta-analysis to account for pleiotropy [S2], (ii) MR-RAPS that assumes
pleiotropic effects are normally distributed and applies the maximum profile likelihood estimation
to obtain the causal effect estimate [S3], (iii)) MR-PRESSO that detects the SNPs that substantially
reduce the residual sum of squares of the regression when omitted from the analysis as outliers
[S4], (iv) the weighted median method that takes the weighted median of the ratio estimates
as the causal effect [S5], (v) the mode-based estimation that takes the mode of the smoothed
empirical density function of the ratio estimates as the causal effect [S6], (vi) MRMix that models
the SNP-exposure and SNP-outcome effects with a bivariate normal mixture distribution [S7],
and (vii) the contamination mixture method that models the ratio estimates of SNPs with a
normal mixture distribution [S8]. We exclude MR-Egger in this simulation since it is heavily
biased under our simulation settings. Among those methods, the random-effects IVW method
and MR-RAPS require the InSIDE assumption, MR-PRESSO and the weighted median method
require the majority rule condition, while MR-SPI, the mode-based estimation, MRMix and the
contamination mixture method require the plurality rule condition (or the ZEMPA assumption).
For simplicity, we shall use IVW to represent the random-effects IVW method hereafter.

In Figure 2(a), we present the percent bias of those MR methods in simulated data with a
sample size of 5,000 for both the exposure and the outcome. Moreover, Supplementary Figure
S1(a) and Supplementary Table S1 provide a comparison of percent bias of those MR methods
across different sample sizes (n = 5,000, 10,000, 20,000, 40,000, 80,000). Generally, the proposed
MR-SPI has small bias in all four settings. IVW and MR-RAPS are biased since the InSIDE



assumption does not hold in our simulation settings. When the InSIDE assumption holds and the
pleiotropic effects have zero mean, both IVW and MR-RAPS can give a nearly unbiased estimate of
the causal effect[S3, S2]. Besides, the biases of these two methods are smaller in settings (S3) and
(S4) compared to (S1) and (S2), as the degree of violation of (A2) and (A3) is generally smaller
when some of the candidate IVs are only locally invalid. MR-PRESSO yields biased estimates as
it fails to remove outliers in most of our settings. As discussed in [S4], MR-PRESSO performs well
when (1) both the majority rule condition and the InSIDE assumption hold, and (2) the pleiotropic
effects have zero mean. However, the InSIDE assumption does not hold in all four settings, and
the mean of pleiotropic effects is nonzero in settings (S1), (S3) and (S4). The weighted median
estimator is biased when only the plurality rule condition holds, since it requires more than half
of the candidate IVs to be valid (majority rule). The mode-based estimation, MRMix and the
contamination mixture method are all nearly unbiased, because these three methods only require
the plurality rule condition to hold, which is satisfied in all the four simulation settings.

Figure 2(b) reports the empirical coverage of the confidence intervals of those methods in
simulated data with a sample size of 5,000. Additional results for empirical coverage of those
methods under different sample sizes (n = 5,000, 10,000, 20,000, 40,000, 80,000) can be found in
Supplementary Figure S1(b) and Supplementary Table S2. Under settings (S1) and (S2) where
locally invalid IV does not exist, the confidence interval of MR-SPI can attain 95% coverage level
even when the sample sizes are small (e.g., 5,000). In the presence of locally invalid IVs, i.e.,
under settings (S3) and (S4), the empirical coverage of the confidence interval of MR-SPI can still
attain the nominal level when sample sizes are 80,000, because MR-SPI can correctly distinguish
locally invalid IVs from valid IVs when sample sizes are large enough. However, it is difficult
for MR-SPI to identify those locally invalid IVs under (S3) and (S4) if the sample sizes are not
large (e.g., 5,000), and therefore the empirical coverage of MR-SPI is lower than 95%. In such
cases, our proposed robust confidence interval constructed by Algorithm 2 in Online Methods,
can still attain the 95% coverage level and is immune to the IV selection error in finite samples.
The empirical coverage of the weighted median method is lower than MR-SPI even in setting
(S1) where the majority rule condition holds. For example, when the sample size is 20,000, the
empirical coverage of the weighted median method is 0.638. Compared to the confidence interval
of MR~SPI, the confidence interval of the mode-based estimation is generally more conservative

with coverage above the nominal level in our simulation settings, which is the price to pay for being



less affected by the invalid instruments[S6]. Both MRMix and the contamination mixture method
cannot attain the 95% coverage level in all the four simulation settings. This is because these
two methods assume a normal mixture model for either the SNP-trait associations or the ratio
estimates, which is violated in our simulation settings, and thus their coverage levels are below
the nominal level. However, when the underlying distributional assumption is satisfied, both
MRMix and the contamination mixture method can attain the nominal level under the plurality
rule condition, as shown in additional simulations in Supplementary Section S8.

We report the average lengths of 95% confidence intervals of MR-SPI and the other compet-
ing methods with sample size 5,000 in Figure 2(c), and additional results for other sample sizes
are provided in Supplementary Figure S1(c) and Supplementary Table S3. Although MR-RAPS
generally has the shortest confidence interval, it is biased and the coverage level is close to zero in
our simulation settings, because the required InSIDE assumption does not hold here. Compared
to other competing MR methods, MR-SPI generally has the shortest confidence interval under all
the four simulation settings. The average length of confidence interval of IVW is not decreasing
as the sample sizes increase, since we apply the random-effects IVW method here, which scales
up the standard error of the causal effect estimate when there exists heterogeneity in the ratio
estimates[S2]. In setting (S4), MR-PRESSO has longer confidence interval as the sample sizes
increase, since it tends to treat none of the candidate SNPs as outlier under this simulation set-
ting, i.e., when the majority rule does not hold and locally invalid IV exists. When no outlier is
identified, MR-PRESSO uses all candidate SNPs. Thus, the standard error of MR-PRESSO under
setting (S4) will be close to that of IVW when the sample sizes are large.

In Table S4, we report the following results: (1) the false discovery rate (FDR) that is defined
by the expected proportion of invalid IVs in the set of SNPs selected by MR-SPI; and (2) the true
positive proportion (TPP) that is defined by the proportion of valid IVs selected by MR-SPI in
the set of true valid IVs. In our simulations, we select valid IVs by finding the maximum clique
in the voting matrix. The TPP of MR-SPI is close to one under all the four settings (S1) - (S4),
and the FDR of MR-SPI is close to 0 if locally invalid IV does not exist and the plurality rule
condition holds. Under settings (S3) and (S4), MR-SPI might incorrectly select locally invalid
IVs when the sample sizes are not large enough (e.g., 5,000). But when sample sizes increase, the
FDR of MR-SPI approaches 0 even in the presence of locally invalid IVs. For example, the FDR
is 0.005 under setting (S4) when the sample size is 80,000. Therefore, even when locally invalid

10



IV exists, MR-SPI can still correctly identify valid IVs if the sample sizes are large enough.

Our simulation studies demonstrate that MR-SPI performs better compared to the other com-
peting MR methods under the plurality rule condition. When locally invalid IV does not exist,
MR-SPI can select valid IVs correctly and provide nearly unbiased estimates of the causal effect,
and the confidence interval of MR-SPI attains the nominal coverage level. In practice, we can
perform sensitivity analysis of the causal effect estimate by changing the threshold in the voting
step (see Online Methods and Supplementary Figure S13). If the causal effect estimate is sensitive
to the choice of the threshold, then MR-SPI might suffer from finite-sample IV selection error. In

such cases, the proposed robust confidence interval of MR-SPI is recommended for use.

S7 Length of the Robust Confidence Interval

From previous simulation results, we notice that the average length of MR-SPI’s robust con-
fidence interval constructed by Algorithm 2 is always longer than the default confidence interval
calculated by equation (8). Therefore, we conduct a simulation study to explore in what case the
length of the robust confidence interval would be closer to the default confidence interval. Specif-
ically, we set the sample sizes n; = ny = 10,000 and the number of SNPs p = 10, and fix the IV
strength to be 0.2-1],. We set w = 7- (04, 13, —13)T, where 7 € [0,0.3] is the violation strength to
control the degree of violation of (A2) and (A3). We run 1000 replications in total and present the
ratio of average lengths of robust confidence interval to default confidence interval in Figure S14.
As the violation strength 7 increases, the ratio of average lengths of these two confidence intervals
decreases at first and then increases to a stable level. When the violation strength 7 is small, i.e.,
the degrees of violation of (A2) and (A3) is small, the default confidence interval would not be
much affected even if invalid IVs are incorrectly selected. When the violation strength 7 is large,
the invalid IVs are more likely to be detected by MR-SPI, and thus the default confidence interval
would also be less influenced by the invalid IVs. Compared to the default confidence interval, the
robust confidence interval is less affected by the violation strength 7, indicating its robustness to
the IV selection error. The minimum of this ratio is around 1.5, which is the price to pay for

robustness in this numerical example.
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S8 Simulation Studies under the Distributional Assumption of MR-
Mix or the Contamination Mixture Method

In this section, we conduct more simulations to compare the performance of MR-SPI and
MRMix or the contamination mixture method under the corresponding distributional assumption.
MRMix assumes the true SNP-exposure associations «; and the degree of violation of assumptions

(A2) and (A3) 7; follow the following bivariate normal mixture distribution:

T~ D1 NQ.2) + pa2 IV ’ ; v O + D3 g + D4 % )

j do 0 Oym O2 N(0,02) do
where p1, pa, p3, p4 are mixture probabilities of different components and p; + ps + p3 + ps = 1,
and 9y is the probability mass at 0. In this simulation, we set sample sizes ny = ny = 50, 000, the
number of candidate SNPs M = 5,000, (p1, p2, p3, p4) = (0.01,0.01,0.01,0.97), 02 = 02 = 5x 1077,
0,n =2.5x107° and the true causal effect 5 = 0.5. The bias of MRMix is generally small (around
0.004), and the coverage probability attains the 95% level. In comparison, our proposed MR-SPI
has relatively large bias (0.185), as {m;})L, are generated from a normal mixture model, and thus
the absolute value of m; can be small enough so that SNP j is locally invalid and incorrectly
selected into analysis by MR-SPI. However, the robust confidence interval of MR-SPI still attains
the norminal level, indicating the robustness of MR-SPI to the finite-sample IV selection error.

The contamination mixture method assumes that Ej, the ratio estimate of SNP j, follows a

normal distribution around the true causal effect § if SNP j is a valid IV, and follows another
normal distribution around an unknown center Sz ; if SNP j is an invalid IV. Furthermore, it also
assume that Bp; follows a normal distribution centered at 0 with variance equal to 1. Let (; be
the indicator of whether SNP j is a valid 1V, i.e., {; = 1 if SNP j is a valid IV; otherwise ¢; = 0.

Then, the distribution of the ratio estimate Bj conditional on ¢ is

Bil¢; ~ GN(8,SE(B;)?) + (1 — )N (0,4 + SE(5))2).
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In this simulation, we consider the following data generating process:
D; = Z YiZij; + Ui + €x,
j=1
Y;; = /BXl + Zﬁjzi,j —+ UvZ + Eyﬂ'.
j=1

We set sizes n; = ny = 100,000, the number of candidate SNPs M = 20, the number of valid
IVs V' = 8, the true causal effect 8 = 0.5. The SNP-exposure association {%}]M:1 are generated
independently from a uniform distribution U(0.05,0.2). We set the first V = 8 SNPs as valid IVs
with 7; = 0. For invalid IVs, the degrees of violation of assumptions (A2) and (A3) {r;}}L,,, are
generated independently from a normal distribution N(0,1). The unmeasured confounding U; is
generated from N(0,1). The error terms ey, and ey; are generated independently from N(0,1).
Under this simulation setting, both the contamination mixture method and our proposed MR-SPI
have small bias. Besides, both the contamination mixture and the robust confidence interval of

MR-SPI can attain the 95% coverage level.

S9 Evaluating the performance of MR-SPI using two benchmark datasets

In this section, we apply the proposed MR-SPI method to two benchmark datasets to evaluate
its performance. These two datasets serve as the benchmark because the exposure and the outcome
are the same trait in each dataset, and thus the horizontal pleiotropic effects are expected to be zero.
We first apply MR-SPI to the dataset in which both the exposure and the outcome are coronary
artery disease (CAD), and we refer to it as the CAD-CAD dataset. Since both the exposure
and the outcome are CAD, the causal effect is expected to be one. The exposure data come
from the Coronary Artery Disease (C4D) Genetics Consortium[S9], and the outcome data come
from the Coronary ARtery DIsease Genome-wide Replication and Meta-analysis (CARDIoGRAM)
consortium[S10]. We first perform linkage disequilibrium (LD)-based clumping to the SNPs in
the exposure data using the software Plink[S11], with > < 0.01 to obtain independent genetic
instruments, and then use 1 x 107% as the p-value threshold to select relevant instruments. In

total, five relevant instruments are included for downstream MR analysis. We compare MR-SPI

to the other eight competing MR methods including IVW, MR-Egger, MR-RAPS, MR-PRESSO,

13



the weighted median method, the mode-based estimation, MRMix and the contamination mixture
method. The causal effect estimates and the corresponding 95% confidence intervals using those
methods are presented in Figure S2(a). Generally, the confidence intervals of MR-SPI, IVW and
MR-Egger all cover one, but MR-SPI provides the shortest confidence interval. In addition, none of
the relevant I'Vs is excluded in the voting step, which is in line with the expectation that horizontal
pleiotropy should not exist in this dataset.

Next, we apply MR-SPI to the dataset where the exposure and the outcome data are the
body mass index (BMI) GWAS summary-level statistics for physically active men and women
respectively, and we refer to this dataset as the BMI-BMI dataset. In this dataset, both the
exposure and the outcome data come from the GIANT consortium[S12]. After LD clumping and
filtering SNPs using the same setup as in the CAD-CAD dataset, 64 candidate SNPs are selected
as relevant IVs and none of them is detected to be invalid by MR-SPI. The point estimates of the
causal effect and corresponding 95% confidence intervals using MR-SPI and the other competing
methods are shown in Figure S2(b). Overall, all the MR methods (except MR-Egger) provide
causal effect estimates that are below one. As discussed in previous studies[S12], some significant
loci of BMI might exhibit heterogeneity in genetic effects between men and women. Therefore,
the “true” effect might not be equal to one in this dataset due to the difference in the genetic

architecture of BMI between men and women.

S10 Learning causal relationships of 146 exposure-outcome pairs

In this section, we examine the causal relationships between complex traits and diseases from
four categories including ischemic stroke, cholesterol levels, heart diseases, and coronavirus disease
2019 (COVID-19) related traits. Since MR-SPI requires that the GWAS summary statistics of
the exposure and the outcome come from two non-overlapping samples, we exclude the trait pairs
whose exposure and outcome are in the same consortium. In addition, we also exclude trait pairs
whose exposure and outcome are two similar phenotypes (for example, heart failure and coronary
artery disease), and we finally obtain 146 pairwise exposure-outcome combinations. All the GWAS
summary statistics used for MR analysis are publicly available with more detailed description of
each dataset given in Supplementary Table S5.

We first perform LD clumping using the software Plink[S11] to obtain independent SNPs with

14



72 < 0.01, and then use 1 x 1079 as the p-value threshold to select relevant IVs that are associated
with each exposure trait. Among the 146 exposure-outcome pairs, MR-SPI detects invalid IVs for
16 exposure-outcome pairs. For example, MR-SPI detects one invalid SNP (rs616154, marked by
red triangle) in the causal relationship from cardioembolic stroke (CES) to SARS-CoV-2 infection,
as illustrated in Figure 3(a). SNP rs616154 is identified to be invalid since its ratio estimate
of the causal effect is 0.525, which is far away from other SNPs’ ratio estimates and thus no
other relevant SNP votes for it to be a valid IV. We search for the human phenotypes that are
strongly associated with SNP rs616154 using the PhenoScanner tool[S13, S14|, and find that
this SNP is also associated with the Interleukin-6 (IL-6) levels which is a potential biomarker of
COVID-19 progression[S15], indicating that SNP rs616154 might exhibit horizontal pleiotropy in
the relationship of cardioembolic stroke on SARS-CoV-2 infection and might be an invalid IV.
After excluding SNP rs616154, the point estimate of the causal effect by MR-SPI (represented by
the slope of the green solid line in Figure 3(a)) is nearly zero, suggesting that cardioembolic stroke
might not be a risk factor for SARS-CoV-2 infection. The causal effect estimate of MR-PRESSO
(represented by the slope of the blue dashed line in Figure 3(a)) is also close to zero, as MR-
PRESSO also detects SNP rs616154 as an outlier and excludes it from downstream MR analysis.
However, IVW and MR-RAPS include SNP rs616154 in the MR analysis, and hence their causal
effect estimates (represented by the slopes of the black and orange dashed line in Figure 3(a),
respectively) might be biased.

Figure 3(a) illustrates that the inclusion of invalid IVs might lead to misleading scientific
findings. MR-SPI selects valid IVs for downstream analysis and can provide reliable causal infer-
ence. After excluding those potentially invalid IVs, MR-SPI identifies 27 significant associations
after Bonferroni correction for multiple comparison[S16], with results summarized in Figure 3(c).
We also apply the other eight competing MR methods including IVW, MR-Egger, MR-RAPS,
MR-~PRESSO, the weighted median method, the mode-based estimation, MRMix and the contam-
ination mixture method to infer causal relationships among these exposure-outcome pairs, and the
results are presented in Supplementary Figures S3-S10. Among the 146 exposure-outcome pairs,
MR-SPI detects invalid IVs for 16 exposure-outcome pairs. Some of our findings are in line with
previous studies, for example, an increase in LDL level might be associated with increased risks of
CAD and HF[S17, S18]. In addition, MR~SPI also detects significant associations that cannot be
discovered by other competing MR methods. For example, MR-SPI suggests that SARS-CoV-2
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infection might be a risk factor for HF (8 = 0.14, p-value = 1.43 x 10~%), which cannot be discov-
ered by the other competing MR methods considered in this paper. Our finding is consistent with
a former study that reported a significant increase in the risk of developing acute heart failure in
patients with confirmed COVID-19 infection[S19].

To demonstrate the similarities and differences in the results of MR-SPI and other MR methods,
we plot the Venn diagrams to show the number of significant associations that are either shared or
uniquely detected by these methods. We present the Venn diagram of the significant pairs using
MR-SPI, the mode-based estimation, MRMix and the contamination mixture method in Figure
3(b), as these four methods are all based on the plurality rule condition. More Venn diagrams that
compare MR-SPI and the other competing MR methods can be found in Supplementary Figures
S11 and S12. From Figure 3(b), we can see that MR-SPI detects more significant associations
than the mode-based estimation, MRMix and the contamination mixture method among these
146 exposure-outcome pairs. Indeed, these three competing MR methods fail to discover some
causal relationships that have been supported from previous literature. For example, the mode-
based estimation, MRMix and the contamination mixture method fail to detect that an increased
HDL level might be associated with a decreased risk of CAD, which is identified by MR-SPI (B\ =
—0.18, p-value = 3.73 x 107!7) and has been supported with evidence by previous epidemiological
studies[S20, S21]. Supplementary Figure S11 compares the significant relationships detected by
MR-SPI and three MR methods that require InSIDE assumption (IVW, MR-Egger and MR-
RAPS). MR-RAPS detects 17 significant associations that are not identified by MR-SPI, of which
some associations might be spurious. For example, MR-RAPS suggests significant associations of
AIS on low-density lipoprotein (LDL), high-density lipoprotein (HDL) and total cholesterol (TC)
level. However, the reverse association, i.e., cholesterol level on the risk of stroke, has been reported
in previous epidemiological studies[S17, S22]. In Supplementary Figure S12, we compare MR-SPI
with MR-PRESSO and the weighted median method that both require the majority rule condition.
MR-PRESSO and the weighted median detect 14 and 10 significant associations, respectively, all
of which are also identified by MR-SPI. Besides, MR-SPI identifies 11 more significant associations,
most of which are in line with previous epidemiological studies, for example, HF might be a risk
factor for ischemic stroke[S23, S24].

To deal with the issue of potential IV selection error in finite samples, we also construct

robust confidence intervals for these exposure-outcome pairs using MR-SPI Algorithm 2 in Online

16



Methods. MR-SPI discovers four significant associations whose robust confidence intervals do
not include zero (CES on HF, LDL on CAD, TC on CAD, and atrial fibrillation (AF) on CES),
and we compare the robust confidence intervals (represented by dark blue bars) with the default
confidence intervals (assuming no finite-sample IV selection error) calculated by equation (8) in
Online Methods (represented by light blue bars) in Figure 3(d). As shown in Figure 3(d), the
robust confidence intervals that allow for finite-sample IV selection error are longer than the
default confidence intervals that do not consider finite-sample IV selection error, indicating that
locally invalid IVs might exist and might be incorrectly selected as valid IVs in these datasets.
Therefore, we suggest using the robust confidence intervals for these four relationships to provide

more reliable causal findings.
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S11 Supplementary Tables

Table S1: Bias of methods under different scenarios

causal effect g = 1.

and sample sizes over 1,000 replications. The true

Scenario Method "
5,000 10,000 20,000 40,000 80,000
MR-SPI -0.003 0.000 0.000 0.000 0.000
VW -0.398  -0.397 -0.396 -0.396 -0.396
S1 MR-RAPS -0.316 -0.315 -0.316 -0.316 -0.317
o . MR-PRESSO -0.248 -0.389 -0.397 -0.396 -0.395
(majority rule condition . .
. . . Weighted Median -0.124 -0.084 -0.062 -0.043 -0.030
without locally invalid IVs) ) .
Mode-based Estimation -0.034 -0.019 -0.020 -0.016 -0.025
MRMix -0.040 -0.009 -0.007 0.000  0.000
Contamination Mixture 0.004  0.003 0.001 0.001 0.000
MR-SPI -0.003 -0.002 -0.002 0.000  0.000
IVW -0.691 -0.693 -0.690 -0.691 -0.690
39 MR-RAPS -0.351 -0.354 -0.352 -0.355 -0.354
) . MR-PRESSO -0.835 -0.727 -0.689 -0.690 -0.690
(plurality rule condition ] ]
. i . Weighted Median -0.524 -0.509 -0.488 -0.488 -0.475
without locally invalid IVs) . .
Mode-based Estimation 0.002  0.004 0.004 0.001 0.000
MRMix -0.055 -0.021 -0.007 -0.003 -0.001
Contamination Mixture -0.010 -0.016 -0.021 -0.014 -0.014
MR-SPI -0.048 -0.034 -0.015 0.000  0.000
IVW -0.251 -0.249 -0.248 -0.247 -0.248
S3 MR-RAPS -0.195 -0.195 -0.195 -0.194 -0.195
o . MR-PRESSO -0.129 -0.172 -0.238 -0.249 -0.249
(majority rule condition ) ]
) ) ) Weighted Median -0.109 -0.085 -0.062 -0.044 -0.031
with locally invalid IVs) ) )
Mode-based Estimation -0.035 -0.012 -0.001  0.000 0.000
MRMix -0.063 -0.043 -0.023 -0.001  0.000
Contamination Mixture -0.028 -0.014 -0.003  0.001 0.000
MR-SPI -0.014 -0.004 -0.002 0.001  -0.001
IVW -0.195 -0.190 -0.191 -0.190 -0.189
S4 MR-RAPS -0.050 -0.050 -0.051 -0.050 -0.050
. . MR-PRESSO -0.083 -0.106 -0.156 -0.225 -0.225
(plurality rule condition . .
i ) ) Weighted Median -0.083 -0.058 -0.043 -0.030 -0.022
with locally invalid IVs) ) )
Mode-based Estimation 0.006 ~ 0.000  0.000  0.000  0.001
MRMix -0.057 -0.054 -0.057 -0.054 -0.033
Contamination Mixture 0.008  0.012 0.003 0.000  -0.001
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Table S2: Empirical coverage of methods under different scenarios and sample sizes over 1,000 replications.

n

Scenario Method
5,000 10,000 20,000 40,000 80,000
MR-SPI 0.949 0947 0949 0.946  0.946
MR-SPI (robust CI) 0.998 0.999 0.999 1.000 0.999
IVW 0.068 0.022 0.006 0.000 0.000
S1 MR-RAPS 0.000 0.000  0.000 0.000 0.000
(majority rule condition MR-PRESSO 0.463 0.066  0.003 0.000 0.000
without locally invalid IVs) Weighted Median 0.590 0.633 0.600 0.632 0.638
Mode-based Estimation 0.966  0.966 0.959 0.967  0.944
MRMix 0.892 0934 0977 0915 0.903
Contamination Mixture 0.867 0.839 0.842 0.828 0.810
MR-SPI 0.962 0.953 0.955 0.953  0.942
MR-SPI (robust CI) 0.993 0995 0993 0993  0.997
IVW 0.284 0.229 0.156 0.070  0.025
S2 MR-RAPS 0.000 0.000  0.000 0.000 0.000
(plurality rule condition MR-PRESSO 0.125 0.199 0.171  0.072  0.024
without locally invalid IVs) Weighted Median 0.027  0.000  0.000  0.000  0.000
Mode-based Estimation 0.980 0.964  0.957  0.953 0.936
MRMix 0.929 0925 0964 0900 0.854
Contamination Mixture 0.676  0.659 0.669 0.674  0.670
MR-SPI 0.780 0.777  0.818 0.930 0.948
MR-SPI (robust CI) 0.997 0997 0997 0999  0.998
IVW 0.571 0.584 0.601 0.635 0.635
S3 MR-RAPS 0.009 0.000 0.000 0.000 0.000
(majority rule condition MR-PRESSO 0.339 0.088 0.015 0.010 0.015
with locally invalid IVs) Weighted Median 0.581 0.544 0579  0.639  0.643
Mode-based Estimation 0.976  0.986 0.992 0.990 0.977
MRMix 0.807 0.845 0.920 0.851 0913
Contamination Mixture 0.817  0.842 0.840 0.844  0.827
MR-SPI 0.902 0.845 0.797 0.885 0.954
MR-SPI (robust CI) 0.998 0997 0993 0.993  0.995
IVW 1.000 1.000  1.000 1.000  1.000
S4 MR-RAPS 0.693 0.554  0.341 0.137  0.012
(plurality rule condition MR-PRESSO 0.736  0.596 0.611 0.911  0.998
with locally invalid IVs) Weighted Median 0.794 0805 0815 0.828 0.831
Mode-based Estimation 0.979 0.948  0.949  0.957  0.965
MRMix 0.907 0.820 0.860 0.868  0.836
Contamination Mixture 0.811  0.800 0.763 0.764 0.754
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Table S3: Average length of 95% confidence intervals of methods under different scenarios and sample
sizes over 1,000 replications.

Scenario Method "
5,000 10,000 20,000 40,000 80,000
MR-SPI 0.230 0.161 0.115 0.081  0.057
MR-SPI (robust CI) 0.467 0326 0.229 0.161 0.114
IVW 0.653 0.648 0.642 0.641  0.640
S1 MR-RAPS 0.144 0.102 0.072 0.051  0.036
(majority rule condition MR-PRESSO 0.536 0.644 0.642 0.641 0.639
without locally invalid IVs) Weighted Median 0.279 0.201 0.144 0.103 0.073
Mode-based Estimation 0.404 0.237 0.162 0.115  0.081
MRMix 0.261 0.177 0.131  0.105  0.091
Contamination Mixture 0.231  0.156 0.111 0.079 0.054
MR-SPI 0.296 0.202 0.142 0.100 0.070
MR-SPI (robust CI) 0.508 0.360 0.249 0.177  0.125
IVW 1.324  1.325 1.323 1.321 1.321
S2 MR-RAPS 0.132 0.093 0.066 0.046  0.033
(plurality rule condition MR-PRESSO 1.126  1.315 1.322 1.323 1.322
without locally invalid IVs) Weighted Median 0.312 0.220 0.156  0.112  0.080
Mode-based Estimation 0.345 0.207  0.140 0.097  0.068
MRMix 2.119 0.256  0.170  0.133  0.101
Contamination Mixture 0.460 0.431 0.391 0.357  0.329
MR-SPI 0.221 0.169 0.125 0.085  0.057
MR-SPI (robust CI) 0.471 0.348 0.243 0.166  0.115
IVW 0.522 0.514 0.509 0.507  0.505
S3 MR-RAPS 0.154 0.108 0.077 0.054  0.038
(majority rule condition MR-PRESSO 0.212  0.205  0.151 0.098  0.073
with locally invalid IVs) Weighted Median 0.246 0.183 0.138 0.103 0.074
Mode-based Estimation 0.487  0.348 0.221 0.129 0.081
MRMix 0.298 0.254 0.238 0.127  0.111
Contamination Mixture 0.232  0.172 0.112 0.073 0.047
MR-SPI 0.277 0.216 0.167 0.113  0.070
MR-SPI (robust CI) 0.542 0408 0.290 0.186 0.124
IVW 0.816 0.806 0.804 0.803 0.803
S4 MR-RAPS 0.162 0.115 0.081  0.057  0.040
(plurality rule condition MR-~PRESSO 0.261 0.245 0.391 0.742  0.802
with locally invalid IVs) Weighted Median 0.290 0.213 0.156  0.113  0.080
Mode-based Estimation 0.444  0.306 0.213 0.138 0.088
MRMix 0.476 0.316  0.247 0.134  0.098
Contamination Mixture 0.323 0.254  0.204  0.173  0.146
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Table S4: The FDR and TPP of valid IV selection by MR-SPI under different settings and sample sizes.
The FDR is close to 0 in the absence of locally invalid IV or when the sample sizes are large. The TPP
is close to 1 under all settings.

FDR TPP
Sample Sizes

S1 S2 S3 S4 S1 S2 S3 S4
5,000 0.000 0.018 0.225 0.298 0.996 0.998 0.987 0.996
10,000 0.000 0.009 0.198 0.251 0.998 1.000 0.981 0.997
20,000 0.000 0.005 0.124 0.195 0.999 1.000 0.987 0.999
40,000 0.000 0.006 0.022 0.072 1.000 1.000 0.997 0.999
80,000 0.000 0.005 0.000 0.005 0.999 0.999 1.000 1.000
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Table S6: Detailed information of the SNP IVs for the 7 proteins associated with the risk of AD detected
by MR-SPI. CHR: chromosome; POS: genomic position; BETA: effect size estimates in UK Biobank
proteomics data; SE: standard error of BETA; Al: effect allele; A2: other allele.

Protein ID ~ SNP CHR POS cis/trans BETA SE Al A2
rs62165726 2 134208991  trans -0.101 0.010 A C
rs56094988 3 98771605 trans 0.073 0.007 C G
rs7865362 9 33117967 trans 0.029 0.004 T C
CD33 rs10823374 10 69441960 trans 0.049 0.004 G A
rs139130389 11 72139110 trans -0.051 0.007 CTA C
rs74612335 11 126368738  trans -0.040 0.006 C T
rs186021206 17 7166093 trans 0.633 0.026 A G
rs2455069 19 51225385 cis 1.170 0.008 G A
rs1583090 1 207262438  cis -0.481  0.009 C T
rs1260326 2 27508073 trans 0.049 0.007 C T
rs13107325 4 102267552  trans 0.136 0.014 T C
- 7 7216532 trans 0.061 0.007 C cT
CD55 rs2978024 8 133536866  trans 0.078 0.008 A C
rs774510679 10 63304076 trans 0.055 0.007 A ACTTTGCC
rs777834943 16 20355409 trans -0.066  0.009 CT C
rs186021206 17 7166093 trans 1.068 0.049 A G
rs3814995 19 35851310 trans 0.059 0.008 T C
rs1497406 1 16178825 trans 0.061 0.007 G A
rs61747728 1 179557079  trans 0.128 0.018 T C
rs75045569 7 143412115 cis 0.251 0.009 G T
EPHA1 rs10740131 10 63511728 trans 0.096 0.007 T A
rs28929474 14 94378610 trans 0.287 0.024 T C
rs34882080 16 20350119 trans -0.060 0.009 G A
rs3814995 19 35851310 trans 0.058 0.007 T C
rs61747728 1 179557079  trans 0.100 0.015 T C
rs10085857 7 45216839 trans 0.189 0.008 T C
rs1859788 7 100374211  cis 0.994 0.008 G A
PILRA rs3184504 12 111446804  trans -0.063 0.006 C T
rs186021206 17 7166093 trans 0.548 0.039 A G
rs55951667 17 76598422 trans -0.040 0.006 T C
rs8077394 17 81284987 trans -0.051 0.006 G A
rs10085857 7 45216839 trans 0.215 0.008 T C
rs1859788 7 100374211  cis 1.136 0.008 G A
PILRB rs7310615 12 111427245  trans -0.056  0.0056 G C
rs186021206 17 7166093 trans 0.465 0.035 A G
rs8077394 17 81284987 trans -0.046 0.005 G A
rs6747755 2 100961996  trans 0.060 0.008 A G
rs6762552 3 98712363 trans -0.082  0.008 T C
rs7856189 9 98878916 trans -0.049 0.007 C T
RET rs189906184 10 38695562 trans 0.388 0.024 T A
rs2795507 10 42857446 cis -0.442  0.009 C T
rs35887873 11 126349501  trans 0.085 0.008 C T
rs186021206 17 7166093 trans 0.454 0.048 A G
rs9952412 18 48939170 trans 0.047 0.007 C A
rs10919543 1 161538827  trans 0.052 0.007 G A
rs1410996 1 196727803  trans -0.054  0.007 A G
rs531950386 6 32518763 trans -0.067  0.007 T G
TREM2 rs143332484 6 41161469 cis -1.474 0.033 T C
rs913914 9 99495968 trans -0.052  0.007 G C
rs7232 11 60173126 trans 0.397 0.007 A T
rs11057840 12 124831509  trans 0.100 0.010 C A
rs738409 22 43928847 trans 0.063 0.008 G C
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Table S7: Results of gene ontology (GO) enrichment analysis using genes encoding the 7 proteins identified

by MR-SPI.
1D Description Source Adjusted P-value
GO:0010562 positive regulation of phosphorus metabolic process Biological Process 1.77E-03
GO:0019220 regulation of phosphate metabolic process Biological Process 1.67E-02
GO:0030449 regulation of complement activation Biological Process 2.26E-02
GO:0031399 regulation of protein modification process Biological Process 2.64E-02
GO:0032691 negative regulation of interleukin-1 beta production Biological Process 4.07E-02
GO:0033674 positive regulation of kinase activity Biological Process 6.43E-03
GO:0043085 positive regulation of catalytic activity Biological Process 8.18E-03
GO:0043549 regulation of kinase activity Biological Process 4.51E-02
GO:0044093 positive regulation of molecular function Biological Process 3.89E-02
GO:0045937 positive regulation of phosphate metabolic process Biological Process 1.77E-03
GO:0051174 regulation of phosphorus metabolic process Biological Process 1.67E-02
GO:0051347 positive regulation of transferase activity Biological Process 1.41E-02
GO:0005886 plasma membrane Cellular Component 5.43E-03
GO:0045121 membrane raft Cellular Component 5.01E-03
GO:0071944  cell periphery Cellular Component 9.60E-03
GO:0098857 membrane microdomain Cellular Component 5.06E-03
GO:0004714  transmembrane receptor protein tyrosine kinase activity =~ Molecular Function 1.62E-02
GO:0019199 transmembrane receptor protein kinase activity Molecular Function 2.62E-02
GO0:0042287 MHC protein binding Molecular Function 6.50E-03
G0:0042288 MHC class I protein binding Molecular Function 1.28E-03
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S12 Supplementary Figures
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Figure S1: Comparison of MR-SPI to the other competing MR methods in simulated data under different
scenarios and different values of sample sizes. (a) Boxplot of the absolute value of bias in causal effect
estimates. (b) Empirical coverage of 95% confidence intervals. The black dashed line in (b) represents
the nominal level (95%). (c) Average lengths of 95% confidence intervals.
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Figure S2: Point estimates and 95% confidence intervals for the causal effects of (a) CAD-CAD dataset
and (b) BMI-BMI dataset using different MR methods. Confidence intervals are clipped to arrows if they
exceed axis limits. CAD: coronary artery disease; BMI: body mass index.
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Figure S3: Estimates of causal effects using IVW. The significantly positive and negative causal rela-
tionships after Bonferroni correction are marked by blue filled circles and red filled circles, respectively.
The radius of a circle is proportional to the —log;,(p-value) of the corresponding exposure-outcome pair.
Those pairs whose exposure and outcome come from the same consortium or are two similar phenotypes
are marked as grey cells.
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Figure S4: Estimates of causal effects using MR-Egger. The significantly positive and negative causal
relationships after Bonferroni correction are marked by blue filled circles and red filled circles, respectively.
The radius of a circle is proportional to the —log;,(p-value) of the corresponding exposure-outcome pair.
Those pairs whose exposure and outcome come from the same consortium or are two similar phenotypes
are marked as grey cells.
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Figure S5: Estimates of causal effects using MR-RAPS. The significantly positive and negative causal
relationships after Bonferroni correction are marked by blue filled circles and red filled circles, respectively.
The radius of a circle is proportional to the —log;,(p-value) of the corresponding exposure-outcome pair.
Those pairs whose exposure and outcome come from the same consortium or are two similar phenotypes
are marked as grey cells.
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Figure S6: Estimates of causal effects using MR-PRESSO. The significantly positive and negative causal
relationships after Bonferroni correction are marked by blue filled circles and red filled circles, respectively.
The radius of a circle is proportional to the —log;,(p-value) of the corresponding exposure-outcome pair.
Those pairs whose exposure and outcome come from the same consortium or are two similar phenotypes
are marked as grey cells.
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Figure S7: Estimates of causal effects using the weighted median method. The significantly positive and
negative causal relationships after Bonferroni correction are marked by blue filled circles and red filled
circles, respectively. The radius of a circle is proportional to the —log;(p-value) of the corresponding
exposure-outcome pair. Those pairs whose exposure and outcome come from the same consortium or are
two similar phenotypes are marked as grey cells.
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Figure S8: Estimates of causal effects using the mode-based estimation. The significantly positive and
negative causal relationships after Bonferroni correction are marked by blue filled circles and red filled
circles, respectively. The radius of a circle is proportional to the —log;(p-value) of the corresponding
exposure-outcome pair. Those pairs whose exposure and outcome come from the same consortium or are
two similar phenotypes are marked as grey cells.
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Figure S9: Estimates of causal effects using MRMix. The significantly positive and negative causal
relationships after Bonferroni correction are marked by blue filled circles and red filled circles, respectively.
The radius of a circle is proportional to the —log;,(p-value) of the corresponding exposure-outcome pair.
Those pairs whose exposure and outcome come from the same consortium or are two similar phenotypes
are marked as grey cells.
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Figure S10: Estimates of causal effects using the contamination mixture method. The significantly positive
and negative causal relationships after Bonferroni correction are marked by blue filled circles and red filled
circles, respectively. The radius of a circle is proportional to the —log;(p-value) of the corresponding
exposure-outcome pair. Those pairs whose exposure and outcome come from the same consortium or are
two similar phenotypes are marked as grey cells.
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MR-Egger MR-RAPS

Figure S11: Venn diagram of significant causal relationships detected by MR-SPI, IVW, MR-Egger and
MR-RAPS after Bonferroni correction.

Figure S12: Venn diagram of significant causal relationships detected by MR-SPI, MR-PRESSO and the
weighted median method after Bonferroni correction.
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Figure S13: Two examples of sensitivity analysis of the voting procedure of MR-SPI. (a) MR-SPI provides
stable inference in this example, as the causal effect estimate and the corresponding confidence interval
do not change significantly with the scaling factor 7. (b) MR-SPI might suffer from potential IV selection
error in this example, since the causal effect estimate and the corresponding confidence interval are
susceptible to the choice of 1. For example, MR-SPI provides a significantly positive estimate of the
causal effect when the scaling factor n = 0.5, while the estimate becomes negative when n = 1.
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Figure S14: Ratio of the average lengths of 95% confidence interval of the robust confidence interval to
the default confidence interval across a range of violation strength 7. The robust confidence interval is
calculated by Algorithm 2. The default confidence interval is calculated by the limit distribution of the
causal effect estimate using the selected set of valid instruments V.
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Figure S15: AlphaFold-predicted 3D structural alterations of (a) CD55, (b) TREM2, (c¢) PILRA, (d)
PILRB, (e) RET, and (f) EPHAI.
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