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Abstract

In the past decade, the increased availability of genome-wide association studies summary
data has popularized Mendelian Randomization (MR) for conducting causal inference. MR
analyses, incorporating genetic variants as instrumental variables, are known for their robustness
against reverse causation bias and unmeasured confounders. Nevertheless, classical MR analyses
utilizing summary data may still produce biased causal effect estimates due to the winner’s
curse and pleiotropy issues. To address these two issues and establish valid causal conclusions,
we propose a unified robust Mendelian Randomization framework with summary data, which
systematically removes the winner’s curse and screens out invalid genetic instruments with
pleiotropic effects. Unlike existing robust MR literature, our framework delivers valid statistical
inference on the causal effect without requiring the genetic pleiotropy effects to follow any
parametric distribution or relying on perfect instrument screening property. Under appropriate
conditions, we demonstrate that our proposed estimator converges to a normal distribution, and
its variance can be well estimated. We demonstrate the performance of our proposed estimator

through Monte Carlo simulations and two case studies.

Keywords: Bootstrap aggregation; GWAS; Post-selection inference.

1 Introduction

1.1 Background and motivation

Drawing inferences about cause and effect lies at the core of uncovering essential scientific princi-
ples. In biological and biomedical sciences, causal inference deepens our understanding of under-

lying etiology and advances developments in disease diagnosis, treatment, and prevention. While
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observational data present unique opportunities for causal inference by employing large and rich
datasets, causal discoveries from observational studies are often susceptible to unmeasured con-
founding and reverse causation bias issues [26, 15, 17, 46]. As a remedy, Mendelian Randomization
(MR) has become a popular research design. Its popularity is not only ascribed to the fact that
MR mitigates unmeasured confounding bias by using genetic variants as instrumental variables
(IVs) to assess the causal relationship between exposures and outcomes but also credited to the
increasing availability of large-scale genome-wide association studies (GWAS) summary data on
various complex traits [46, 11, 29, 45].

However, MR with GWAS summary may still produce biased estimates of causal effects due
to several sources of bias. These include measurement error in exposure GWAS, winner’s curse
bias resulting from using the same exposure GWAS for both IV selection and effect estimation,
and most crucially, bias from including invalid IVs with pleiotropy [42]. Firstly, the effect of
IV on exposure is measured by exposure GWAS, which inherently contains measurement error.
Ignoring such measurement error can produce biased causal effect estimates, especially when the
strength of IVs is weak [54, 33]. Secondly, the practice of selecting genetic instruments based
on their estimated associations with the exposure variable from GWAS, and using the same data
for both instrument selection and estimation, can lead to biased causal effect estimates due to
the winner’s curse phenomenon [58, 57, 18]. Lastly, typical MR analyses inevitably involve some
invalid I'Vs that either directly affect the outcome or through unmeasured confounding factors—a
phenomenon known as pleiotropy [23, 52]. The nature of pleiotropy is widespread and usually
unknown or complex [52]. Failure to fully account for pleiotropy will also lead to biased causal
effect estimates.

A broad literature addresses the biases discussed above to improve the credibility of MR anal-
yses, yet no single approach can simultaneously tackle all these biases. Some methods have made
progress in addressing individual issues. For instance, [54] formally tackled the measurement error
bias in the popular inverse variance weighted estimator, while [33] proposed a randomized instru-
ment selection and Rao-Blackwellization procedure to address both measurement error bias and
winner’s curse bias. However, the validity of these methods relies heavily on the assumption that
all IVs either have no pleiotropic effects or exhibit balanced pleiotropic effects—an assumption

unlikely to hold in practice due to the unknown and complex nature of pleiotropy [52], potentially



leading to biased causal effect estimates.

To account for widespread pleiotropy, many robust MR methods have been proposed. These
methods primarily focus on addressing the issue raised by invalid IVs, but often at the expense of
neglecting measurement error and winner’s curse biases. They can be broadly categorized into two
strategies. The first strategy imposes normal mixture model assumptions on the pleiotropic effects.
By modeling the observed GWAS summary data within a joint likelihood function, these methods
simultaneously estimate the unknown parameters and the desired causal effect. Such methods
include RAPS [56], ContMix [9], MR-APSS [25], MRMix [38]. However, as demonstrated in our
simulation studies, when the normal mixture model assumption is violated, these approaches tend
to produce false positive findings or have low detection power. Moreover, incorporating procedures
to address winner’s curse bias, such as that proposed by [33], is challenging within this framework
as it may violate parametric modeling assumptions and result in an incorrect likelihood function.
The second strategy avoids imposing parametric modeling assumptions on the pleiotropic effects.
Instead, it adopts penalization methods to screen out invalid instruments with pleiotropic effects,
using only the selected valid instruments for causal effect estimation. Such methods include, for
example, cML [53] and MR-Lasso [31]. However, these methods either lack rigorous statistical
justifications or require that the selected IVs are valid and include all valid IVs (a condition we refer
to as “perfect IV screening”). For example, [53] prove that their procedure can screen out all invalid
IVs with a probability tending to one under the asymptotic regime where the number of IVs is fixed,
and the sample size tends to infinity. When this is achieved, the resulting causal effect estimate
is consistent and asymptotically normal. However, the theoretical results under this asymptotic
regime do not account for how the magnitudes of the pleiotropic effects impact the validity of
statistical inference. In fact, perfect IV screening is often unattainable when the pleiotropic effects
are small, and the differences between valid and invalid IVs in MR studies are subtle. Notably,
two-sample MR is a rapidly evolving field with numerous methodological advancements, such as

[35, 30, 19]. For comprehensive reviews of statistical methods in MR, we refer readers to [43] and
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1.2 Contribution

To bridge the aforementioned gaps in the existing literature, we propose a unified MR framework
with summary data that simultaneously addresses winner’s curse bias, bias from measurement error
in exposure GWAS, and bias from invalid IVs with pleiotropy (Section 3). Specifically, we propose
an lg constrained optimization framework that can simultaneously screen out invalid IVs, account
for measurement error, and seamlessly integrate with the winner’s removal step from [33]. Moreover,
we demonstrate that the proposed lp constrained optimization framework maintains computational
efficiency due to the special form of our objective function. Furthermore, to improve statistical
efficiency, we adopt a bootstrap aggregation procedure and use a non-parametric delta method to
perform valid inference on the final causal effect.

On the theoretical side, we provide comprehensive theoretical investigations of the proposed
method in Section 4. We prove that the final estimator in our proposed method is asymptotically
unbiased and converges to a normal distribution even in the presence of directional pleiotropy.
Moreover, different from existing theoretical analyses in robust MR, we show that our method
can deliver consistent causal effect estimates without perfect invalid IV screening; see detailed
discussion in Supplementary Material Section S.6. In brief, our theoretical investigation indicates
that our proposed method can screen out IVs with large pleiotropic effects, and the resulting causal
effect estimator remains consistent even if the selected IVs include some invalid ones with small
pleiotropic effects. These theoretical investigations better characterize scenarios where our method
performs well and demonstrate its robustness.

Benefiting from the above features in both methodological and theoretical aspects, we demon-
strate that our proposed MR framework delivers robust causal effect estimates with improved sta-
tistical power in simulated Monte Carlo experiments (Section 5) and in two case studies (Section 6).
From our simulated Monte Carlo experiments, we confirm that our proposed method outperforms
benchmark methods in terms of type 1 error rates, power, absolute bias, mean squared error, and
coverage probability in most scenarios. The results also highlight the importance of simultaneously
correcting the winner’s curse bias and accounting for measurement error bias and generic pleiotropic
effects. From our case study of negative control outcome analyses, in which the population causal

effects are believed to be zero by design, we confirm that our approach yields well-controlled Type I



error rates (Section 6.1). From our case study to identify causal risk factors for COVID-19 severity,
our approach identifies more causal risk factors than the existing approaches, and the identified

causal exposures by our proposed method have more supporting evidence.

2 Framework and challenges

In this section, we review the classical two-sample Mendelian Randomization (MR) framework with
summary data. We then revisit the pleiotropic effects, measurement error bias, and winner’s curse
bias within this framework.

Referring to the causal diagram in Figure 1, we let X denote the exposure, Y the outcome, and
U the unmeasured confounder between the exposure and the outcome. The goal of MR analysis is
to estimate the causal effect (denoted by ) of the exposure variable X on the outcome variable Y .
However, in the presence of unmeasured confounder U, it is challenging to directly estimate solely
using the information stored in X and Y. To overcome this, two-sample MR analyses incorporate
p mutually independent SNPs Gy;:::; Gp as instrumental variables (IVs) and estimate using the
estimated association pairs f (b><J ; byJ )gJ!O:l collected from two independent GWAS datasets, where
bx ; and bH(j are the estimated effect sizes for IV | in exposure and outcome GWAS, respectively.
Here, genetic variant Gj 2 f 0;1;2g represents the number of effect alleles of a single-nucleotide
polymorphism (SNP) j inherited by an individual. Following the two-sample summary-data MR

literature [54, 56], we assume the following linear structural equation model:

xXP
U= j Gj + Eu;
ji=1
X = iGj + xuU+Ex; (1)
i=1
Y = iGj + yuU+ X +Ey;
i=1
where Ey, Ex , and Ey are mutually independent random noises. Ey is independent of (G1;:::; Gp),
and Ex and Ey are independent of (G1;:::;Gp;U). To allow for the valid inference of the causal

three conditions: (1) j & 0, meaning that G; is associated with X (relevance assumption); (2)



j = 0, meaning that Gj has no correlated pleiotropic effect with Y (effective random assignment
assumption); (3) j = 0, meaning that Gj has no uncorrelated pleiotropic effect with Y (exclusion
restriction assumption).

Provided that all included genetic IVs are valid, two-sample MR analyses can deliver valid
inference on by appropriately using information stored in two independent GWAS datasets. To
provide some justifications for this claim, we follow the causal model proposed in [37]. In particular,
in the structural equation models given in Eq (1), the total effect of SNP Gj on Y and the total

effect of Gj on X are given by:

v, = E[Yjdo(G; =g +1)] E[Yjdo(Gj =g)l= j+ vyuij+ (j+ xu j)

x; = EXjdo(G; =g +1)] E[Xjdo(Gj =g)]= j+ xu j:
For a valid IV Gj, when G; satisfies j; = 0 (effective random assignment assumption) and ; =0
(exclusion restriction assumption), the target causal effect will satisfy vy, = x;, where x, = |
and vy, = . If the relevance assumption j & 0 is also met, we are then able to use vy, and

x; to assist valid inference on , as they can be well estimated through the estimated association
pairs f (bX, ; b\(j )gjp:1 collected from two independent GWAS dataset in two-sample summary-data
MR framework.

However, in practice, due to the widespread pleiotropy in human genetics [23, 52], the effective
random assignment ( j = 0) and exclusion restriction assumptions ( j = 0) are frequently violated,

leading to invalid IVs. In the presence of invalid IVs, the total effect of Gj on Y can be expressed

as:
Y, = x; + j +. v ' x; +rj: (2)
I S S P e J
causal uncorrelated correlated
e ect pleiotropy pleiotropy
Here, j is the uncorrelated pleiotropic effect that captures the direct effect of G; on Y, and

vu j is the correlated pleiotropic effect that captures the effect of Gj on Y through the pathway
Gj ! U! Y. Their combined effect, rj = j + vy |, represents the total effect of a genetic
variant Gj on the outcome Y induced by pleiotropy. These violations make it challenging to

accurately estimate using MR. If not appropriately accounted for, genetic pleiotropy can result



in biased causal effect estimates in MR analyses (see Section 5 for our simulation results).

On top of the potential bias induced by pleiotropic effects, two additional sources of bias in MR
analyses are measurement error bias and winner’s curse bias. Measurement error bias arises from
the fact that the true effect of an IV on the exposure, x;, is unobserved. Instead, we rely on b&( P
an estimate derived from exposure GWAS (I), which inherently contains measurement error, to
conduct MR. The winner’s curse bias, on the other hand, is induced by pre-selecting I'Vs that are
strongly associated with the exposure variable to meet the relevance assumption (that is, j € 0).
This selection exercise is often based on hard-thresholding measured SNP z-scores obtained from
GWAS (I): SNP j is selected ifjbx ;= x;1 > , where is a pre-specified cut-off value, and bx j
and x; are estimated effect size and its standard error from exposure GWAS dataset, respectively.
The selected IVs are then used to construct downstream causal effect estimators. The selected
IV-exposure associations tend to overestimate the underlying true association effects x;, as the
distribution of any b5(j that survives the selection is a truncated Gaussian and the post-selection
mean is no longer x; when commonly used Gaussian assumption on bS<j is adopted. Subsequently,
by doubly using the data in GWAS (I) for IV selection and estimation, classical MR estimators are
expected to be biased and have an intractable limiting distribution, making statistical inference
problematic.

In the rest of this manuscript, we employ the following model frequently adopted in the

Mendelian Randomization literature [56, 38, 53]:

Assumption 1 (Measurement error model) (i)For anyj 6j° (B ; bxj ) and (ijo; bx]_o) are
mutually independent. (ii)For each |, the association pair (t\(] ; bkj ) follows
2 3 02 31

3 2
iXEn B e g,

J Xj + rJ Yj

Furthermore, there exists a positive integer n 1 1 and positive constants m and M such that
2 M 2 M C ..
o % = T w forp=1LInp.
The assumption of independent SNPs, while seemingly stringent, is grounded in established

practice in two-sample MR analyses [54, 56, 33]. This approach helps ensure that each selected SNP

represents a signal from a unique genetic locus, thereby mitigating potential confounding effects



from LD and facilitating clearer interpretation of causal effect estimates. We acknowledge that
alternative cis-MR methods such as Transcriptome-Wide Association Studies (TWAS) [21, 50] and
Proteome-Wide Association Studies (PWAS), effectively utilize correlated SNPs, particularly for
investigating relationship between omics and complex traits. However, as the reviewer suggested,
when inferring causal relationships between complex traits/diseases (such as the two case studies in
Section 6), using independent IVs from the whole genome is typically efficient enough and simple
to implement. This strategy is also widely adopted in the literature. Therefore, in line with this
common practice, we adopt the independence assumption. To ensure independent IVs, we apply a

sigma-based LD pruning method [33].

3 Methodology

3.1 Measurement error correction and invalid IV screening

To estimate the causal effect , a straightforward approach is to replace the population association
effects with their empirical estimates from GWAS in the causal structure equation in (2). Given that
all population associations are measured with error in GWAS, the sample analogue of the structure

equations can be represented as the following two-stage regression model with measurement errors:

b, = R s e §
[ N2 S - S - SN [ A (i ¢ Tl
OO parameter ot pmameier 0 meSsied i Sror

where | and Uj are centered noises.

To operationalize an accurate estimate of using the above two-stage least squares model, we
first consider a situation where a set of IVs with x; & 0 (denoted as S) is known. Our method does
not require S to be known, and we will discuss the selection of S and the practical implementation

of our algorithm in the next subsection. With a known S, we propose estimating by solving the



following constrained optimization problem:

2 2

oo frs _~ T X (b\ﬁ ij rj)? X X; .
min- o Trjgies = 5fj 2 2 L=0)
i j2s j2s Yi j2s Yj

X
S.t. 1(rj =0) = Vi (3)
j2s
Intuitively, the objective function above is a bias-corrected least squares function designed to ac-
count for measurement error, subject to the constraint that the adopted IVs for estimating are
valid. In the following, we will show that the optimization problem above not only accounts for the
measurement errors in bx ; but also accurately identifies invalid IVs with rj 6 0. This is achieved

with computational efficiency, even when an lp-type constraint is adopted. As a result, the solution

of this optimization problem provides an accurate estimate of

Unmeasured
confounder

Genetic ..
v a;

ows  Py=Im&X~G)

GWAS (I fy =m@ ~ Gp)

Figure 1: The causal diagram and GWAS (I) and (II) summary data adopted in the two-sample
MR. The corresponding causal effect for each pathway is labeled near the directed edge.

To start with, when the set of IVs with rj = 0 is known, the solution of the above optimization
problem provides an unbiased estimate of . As in this case, we have
2 2
1 X (b, b )2 1X X; .

L(), Hrljlnl ; frigies :5' 2

We can verify that L( ) is unbiased for the weighted least squares loss function in the sense that
P

EL() =E (byJ X; )2=(2 \2(1_ ) . This suggests that its minimizer is unbiased for the

causal effect

Next, as the set of IVs with rj = 0 is unknown, Problem (3) incorporates an lo-type constraint



to screen out invalid IVs. While classical lp-type optimization problems are solved by their convex
relaxations, this technique does not apply to our problem due to the inclusion of a measurement
error bias correction term in our objective function (that is, the term i 2s 2 )Z(j = \2(]_ 1(rj=0) ).
To address this issue, we propose an iterative algorithm that mimics block coordinate descent and
guarantees the decay of our objective function in Algorithm 3; see justification in the Supplementary
Material Section S.1.

Lastly, the number of valid IVs v is unknown and requires tuning. To choose the final set of

valid IVs, we propose a generalized Bayesian Information Criteria (GBIC), that is:
GBIC(v) = 2P B(v)ifh(v)g,e + n (5 V)i s=]Sj;

where |, = log(n), and choose the final set of valid IVs by minimizing the GBIC. The proposed
GBIC with p = log(n) is different from the classical BIC criteria that adopts n = log(s ).
The reason for this choice is that the classical model selection consistency result of the BIC is
established in the asymptotic regime with fixed S . As we are in an asymptotic regime withs 11 |
our proposed GBIC criteria adjusts p accordingly to ensure invalid IV screening consistency. In
particular, in Section S.6 of the Supplemental Material, we demonstrate that our procedure provides
a consistent causal effect estimator without requiring the perfect IV screening property under a
simplified scenario and Conditions 1-2 and 8-9. One of these conditions imposes a constraint on the
penalization coefficient n: n  log(s ). We argue that = log(n) is a feasible choice to satisfy
this condition, as the order of the sample size is typically larger than the order of the number of

selected relevant IVs in a two-sample MR study.

3.2 Unknown S and practical implementation

We now consider the realistic scenario where the set S is unknown. Because the collection of
relevant IVs is not known, practitioners typically perform a pre-selection procedure to identify
IVs strongly associated with the exposure. These selected IVs are then used to estimate the causal
effect. As discussed in Section 2, selecting genetic instruments based on their estimated associations
with the exposure variable from GWAS and using the same data for both instrument selection and

estimation can lead to biased causal effect estimates due to the winner’s curse phenomenon. To

10



address the issue of winner’s curse bias when S is unknown, we integrate the proposed method from
the previous section with the approach described in [33] to perform Rao-Blackwellized randomized
instrument selection.

For each SNP j = 1;2;:::;p, we generate a pseudo SNP-exposure association effect Z;
N (0; 2), and select SNP j if b);j +Zj > . Define the set of selected SNPs as S = nj
bij +Zy > =120 pO and its cardinality jS j = s . For each selected SNP j 2 S |, we

construct an unbiased estimator of X; as

Xj Aj; + Aj; . Xj .
bx-- = bx- : where A = —;
iiRB ! 1 ®A+ +OA; e A X|

Algorithm 1: Algorithm to solve the optimization problem in (4)

Input: Data inputs and initial parameters
Output: Estimated parameters b and b

b b
Initialization Set k = 0, generate (@  Uniform ming i s %; maxy j s bXYJ_ ;
] ]
Block Coordinate Descent
repeat
Fix ) update rj(k+1) ;
b, (k) b, )2 2 p2 .
Order ( Y > X i) ;‘ 'RB; ] =12:11s V in decreasing order;
j Yj
Set rj(k+l) = byj (k) bxj -rp for the largest s Vv components, | = 1;:::;S v, and
r* —0forj =s v+1::s;
Fix r & , update () by minimizing the following objective function:
i y g g ob)
2
k
(k+1) X b\(i bS(i RB r]-( Y * bYre
= arg min > 1(r_<k+1) =0) .
2R jos Yi :
If w < 10 7 then Stop and output P(v) = &+ anqd b(v) = I’J-(k+1) ;
else Set Kk =k + 1;
. (k +1) (k)
until ——xH— < 10 7.
end
Valid IV Selection via GBIC
forv=2;:::;s do
Calculate
GBIC(v) = 2P B(v);fly (v)g ¢ +log(n) (s  v);
end
Select ¥ with the smallest GBIC(v);
end

() and ®( ) denote the standard normal density and cumulative distribution functions. Here,

11



is a pre-specified constant that reflects the noise level of the pseudo SNPs. We recommend using

= 0:5 as a default value [33]. This choice balances the need for sufficient randomization to address
the winner’s curse bias while maintaining the stability of the selection process. The above procedure
only randomizes the IV selection near the cut-off value , which implies that the strong IVs with
large x; are invariably selected. Here, the choice of the significance cutoff ( ) for selecting IVs
presents a trade-off between including a sufficient number of informative IVs and maintaining the
overall strength of the selected IV set. While lowering the cutoff may improve statistical power by
incorporating more IVs with moderate effects, setting it too low can introduce weak or null IVs
that potentially violate the relevance assumption and compromise the validity of the MR analysis.
In our proposed method, we provide a sufficient condition to ensure the asymptotic normality of
the estimator, which depends on the average strength of the selected IVs relative to the cutoff
value. Specifically, we choose a cutoff of 5 10 °, commonly used as a threshold for suggestive
significance in GWAS, to strike a balance between including informative IVs and maintaining
the validity of the selected IV set. We note that Rao-Blackwellization has also been applied in
[4] to efficiently combine information from an initial GWAS and a replication study to obtain
unbiased estimates of SNP effect sizes. Our approach differs as we do not require a replication
study to construct an unbiased estimation for x; (see Supplement Materials Section 5 for details).
Benefiting from such randomized IV selection, b5<j ‘rBis free of winner’s curse bias, implying that
E[bx ;RAl 2 S | = x;. Therefore, our proposed bias-corrected least squares objective function

and lg constraint optimization framework in the previous section can be applied:

o b X
err;lrljan ;frigas st s l4=0) = V: (4)
As one reviewer suggested, we also implemented two l1-type methods and make comparison with
our lg based method through simulations. Our results demonstrate that while both approaches
maintain comparable Type I error control, absolute bias, mean squared error (MSE), and coverage

probability across various scenarios, the lp-based CARE method achieves higher statistical power.

We have added relevant descriptions, methods, and results in Supplemental Material Section S.2-S.3
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and Section S.8.12. where the loss function is defined as

X h - X (b\(j bxj;RB )2 2 b>2<,-;RB
] T = 2

Pifrigs = > 1(rj=0)
j2s j2s Yi Yj |

b2 oe 2 1 iAj;+ (Aj+) A (A )+i (Aj;+) (Aj; ) 2

XjiRBT X 2 1 ®A;+)+O(A; ) 21 O(Aj+) + (A )

3.3 Bootstrap aggregation and statistical inference

Since the IV screening step can be rather noisy and we do not expect to perfectly screen out all
invalid IVs, we next incorporate bagging (or bootstrap aggregation) [6] to reduce IV screening
variability and to further improve statistical efficiency. Then, we adopt the non-parametric delta
method [13] to construct a confidence interval for our bagged estimator.

To be specific, we draw bootstrap sample B times from S . For the b-th bootstrap sample
P

(Denoted by S, ), we adjust the loss function as pb frigaes = s ijH ;Tj , where wy,

is the number of occurrences in S, for j-th IVs in S . Then, we conduct the invalid IV screening
' n (0]

step for each bootstrap sample S., and select 0, = j:Bp=0and j 2S, : The downstream

causal estimator is derived by aggregating the estimated effects from all bootstrap samples, that is:

P
jzbb mj Q(j;RB: $j

b =p ; e=_ b (5)

b2 2 -2
jzvb( Xj;RB bX,-;RB)_ Y b=1

where bb is obtained by refitting the loss function b fr 1929, -

To provide valid statistical inference on the true causal effect , we use the non-parametric
delta method [14] to estimate the variance of the bagged estimator with b2 = P i 25 sz where
Qj =B ! Ph by (w, B! P Py Wi )(Ibn €). Then we construct a (1 )-level confidence interval
for with © z_, bn;€+2z_-, b, . Here is the upper = 2-quantile of the standard normal
distribution.

In the remainder of this manuscript, we refer to the proposed method as Causal Analysis with
Randomized Estimators (CARE). The formalization of our proposed algorithm can be found in

Algorithm 2. We also provide the discussion on the time complexity of this algorithm in Section

S.1 in Supplemental Material.
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4 Theoretical investigations

To discuss our theoretical investigations in detail, we begin by revisiting and introducing notations

and assumptions. Recall that the set of selected IVs after rerandomization is defined as S = | :

Jbz((; +7Zjj> ;] =1;:::5;p and its cardinality is denoted as ]S ] = s . We next define as

the average of squared standardized IV effects to measure the selected IV strength in S | that

is = slzps j;# Among the selected IVs after rerandomization, we denote V. = | : | 2
j j

S andrj =0 as the set of valid IVs in S and denote its cardinality as JV j=V .

Considering the dual sources of randomness in our proposed estimator (one from the original
GWAS sample, and the other from the bootstrap resampling), we separate these two sources of
randomness b%z denoting the conditionzixl expectation taken with respect to bootstrap resampling

as E =E S; (b\(, ; bS( i cg) i2s : Next, we introduce three additional assumptions for our

theoretical investigations:
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Algorithm 2: CARE

for | 1 to pdo
Generate a pseudo SNP-exposure association effect Z; N (0; 2),

If bi—j +Zj > , Then select SNP j.
end
Define the set of selected SNPs as S =fj : bi—i +Z; > =1L2:5pgand jS j=s ,
forj 2S do
Construct an unbiased estimator of t& ,:RB S

%

; where Aj. = —
L @(A;+)+2(A; ) g X

b __._Db X (A +) (A )

J; RB= "X

and () and ®( ) denote the standard normal density and cumulative distribution functions.
end
for b=1 to B do
Draw bootstrap sample S, from S ,
Conduct the invalid IV screening procedure for S,

8 9

< X =

min R (ifrigss ): lyo=v. ) %)= j:B=0j2S, ;
2Ry 2R 125
b

’

P
where B, ( frigias )= js Wl (i frigas ).
Select the final estimated set of Valid IVs bb by GBIC,
Derive the causal estimator for the b-th bootstrap
anAle ij b;(J;RB. A >2<1:RB b>2<1;RB:

jZVb Yj jzbb Yj

end

o)
Obtain the final estimator by bootstrap aggregation €= Bi E:l bn,

Adopt Ili)he non-parametric dﬁlta method to lgstimate the variance of the bagged estimator with
B 178

2 _ 2. & _ 1 .
by = jas QJ DS = R W B ke Wy (ﬁb ©); i
Construct a (1 )-level confidence interval for with € z_ by;€42z_ by , here z_ is the

upper = 2-quantile of the standard normal distribution.

Assumption 2 (Variance stabilization) There exists a variance stabilizing quantity a and a
vector 2 R® in which each component is independent of f(uj; j)gjzs and uniformly bounded
away from infinity in probability in the sense that

h [

sup a E Abl Wi i = 0p(1);
j2s

P
where Ap = o5 Wkp (b>2(k;RB b>2<k;RB>: $k, and Wjp =W, I(bp =0) I(wy 1). In addition,

J
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. . . . maxjzs % p
there is no dominating IV in the sense that P——L1 1" 0.
j2s X

The first part of the above assumption, intuitively, ensures that our estimator ) converges to
a non-degenerative distribution asymptotically when appropriately scaled by a P S . This
scaling factor accounts for the number of selected instruments and their average strength, enabling
valid statistical inference. The second part of the condition requires that, after selection, no single
IV exerts a “dominating effect” on exposure, which aligns with the biological understanding that
complex traits are influenced by many genetic variants with small effects (i.e., the omnigenic model
[5]). To cast more insight into Assumption 2, in Section S.4.3 of the Supplemental Material,
we consider a special case where perfect IV screening is achieved. We show that in this case,

Assumption 2 holds for both valid and invalid IVs in S .

Assumption 3 (Negligible invalid IV induced bias) There is negligible bias induced by po-

tential imperfect screening of invalid IVs after bootstrap aggregation in the sense that

a X _2 :
pS:E Ap b5<j;RB rp W=, =0p(1):
j2s

Our theoretical investigations reveal two sets of sufficient conditions under which Assumption 3
holds (See Section S.5 and S.6 in the Supplemental Material). The first set of sufficient conditions
ensures that the selected IVs are “nearly perfect,” meaning they are valid but do not include all
possible valid IVs. We show that this nearly perfect IV screening property can be satisfied when
there is strong prior knowledge about the trait’s genetic architecture or where valid and invalid IVs
are easily distinguishable. The second set of sufficient conditions ensures Assumption 3 holds even
if our proposed IV screening procedure does not screen all invalid IVs. In particular, our analysis
indicates that when IVs with large r; values (strong pleiotropic effects) are effectively screened out,
our estimator maintains consistency even if the selected set includes some invalid IVs with small
rj values (weak pleiotropic effects). Together, these theoretical investigations suggest that perfect

IV screening is not a prerequisite for valid inference in our proposed method.

Assumption 4 (Instrument Selection) Define = miny j p j and ~ = max1 j p j, then

both and ~ are bounded and bounded away from zero.

The above assumption requires that the parameter should not be too small or too large, as it
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impacts the concentration behavior and asymptotic normality of our estimator. This assumption
can be satisfied by design in our method. We recommend using a default value of j = 0:5 for
all j (where 1 ] p), which ensures that both and ~ are bounded and bounded away from
zero. This choice simplifies the implementation while maintaining the theoretical guarantees of our
method. Our simulation study also suggests that our method is not sensitive to the choice of

We are now in a position to describe the asymptotic behavior of our bootstrap aggregated
estimator. Without loss of generality, we consider a particular form of our estimator in an ideal

case where = E [1].

Theorem 1 Under Assumptions S1-4, as S "1 and — 11 , our proposed estimator satisfies

the following representation

a - 1 X
P— =P i 8 +0p(1):
i2s
where 8 = bxj; RB X; T j b>2<j; e b)2<j; s - Therefore, conditional on the selection event

S |, our estimator converges to a Gaussian distribution, that is

2 i
i2s jV 8|S
a2

-1 7 N(0;1); where ~2 —

In the theorem above, we consider the asymptotic regime in which both s | — 1
tend towards infinity. This asymptotic regime is quite natural in the context of MR. On the one
hand, s P requires the number of IVs selected through re-randomization to be large enough, so
that our inverse variance weighting-based estimator exhibits concentrated behavior. On the other
hand, the condition — L does not involve the bootstrapping procedure; instead, it pertains to
the strength of the selected IVs relative to the threshold used in the re-randomization step (Step
1). This assumption ensures that, on average, the selected IVs are sufficiently strong compared
to the threshold, thereby satisfying the relevance assumption. It is also likely to hold, as it is of
the same order as the GWAS sample size n after IV selection through re-randomization. From
a theoretical standpoint, both conditions have been rigorously verified in [33] under appropriate

conditions.
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5 Simulations studies

We generate different simulation settings to evaluate the methods performance. To save space, the
simulation settings are put into Supplementary Section S.8.1. Figure 2 summarizes the performance
of various MR methods under the setting of 50% of the IVs are invalid, which we discuss below.

First, both ¢cML (Type 1 error rate: 0.136) and MR-Lasso (0.112) produce inflated Type 1 error
rates. This is because cML and MR-Lasso ignore the randomness in the valid IV selection procedure
and assume all invalid IVs have been screened out, which is not the case under this simulation
setting. In contrast, cML-DP (0.042) and CARE (0.042), which explicitly consider the randomness
in valid IV selection, yield well-calibrated Type 1 error rates. Furthermore, other benchmark
methods, including (random effects) IVW (0.056), MR-Egger (0.050), MRmix (0.020), MR-Median
(0.032), MR-mode (0.004), MR-APSS (0.054) and RAPS (0.038) also yield well-controlled Type 1
error rates, though MRmix, MR-Median, MR-mode, and RAPS yield slightly conservative Type
1 error rates. Notably, the winner’s curse bias itself does not cause an inflated Type 1 error rate
issue [33], partially explaining the robust performance of many MR methods under the null.

Second, CARE achieves considerably higher statistical power than benchmark methods (Fig-
ure 2a). Notably, CARE corrects the winner’s curse bias and measurement error bias, which allows
for a more liberal threshold (say, p< 5 10 °) for instrument selection, resulting in higher power
than other methods that typically use the genome-wide significance level (p < 5 10 8) as the
threshold. Even though MR-APSS, like CARE, allows a liberal threshold (p < 5 10 °) due to its
direct winner’s curse bias correction without theoretical guarantee, CARE outperforms MR-APSS,
because of its full correction of the winner’s curse bias and meticulous consideration of measurement
errors and invalid I'Vs.

Third, CARE yields smaller absolute bias compared to benchmark methods, attributable to
its comprehensive approach to simultaneously addressing multiple sources of bias (measurement
error bias, pleiotropic effects, and winner’s curse bias). In comparison, benchmark methods focus
on addressing some biases specifically, leading to biased results. For instance, while MR-APSS
directly corrects for the winner’s curse bias and considers potential invalid IVs, it still presents a
larger absolute bias compared to CARE, possibly due to its more limited scope in bias correction and

incomplete correction of the winner’s curse bias. However, while CARE significantly reduces bias,
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its estimates are not entirely bias-free. This residual bias likely stems from the subtle differences
between valid and invalid IVs. Consequently, the estimates are inevitably influenced by some
invalid IVs, albeit to a lesser extent than in other methods. Furthermore, we confirm that ignoring
the winner’s curse bias and directly applying the measurement error model with bx ; in CARE
generally results in worse performance, particularly concerning the absolute bias (Supplementary
Figure S1). As expected, CARE yields much smaller MSE compared to benchmark methods as
CARE has higher power and smaller absolute bias than any benchmark methods.

Fourth, the confidence intervals provided by CARE have coverage probabilities close to the
nominal 95% level. When the absolute causal effect j j is large (say, 0.1), the absolute bias is
relatively large, resulting in slight undercoverage of the true causal effect.

We conduct several additional simulations, including varying proportions of invalid IVs (Supple-
mentary Section S.8.2), uniform-distributed effects in correlated pleiotropy (Supplementary Section
S.8.3), balanced horizontal pleiotropy with InSIDE assumption satisfied (Supplementary Section
S.8.4) and directional pleiotropy with InSIDE assumption violated (Supplementary Section S.8.5).
The results patterns are similar.

Furthermore, to validate the results are not sensitive to the specific value of within a reasonable
range, we conducted sensitivity analyses using different values of (0.1, 0.3, 0.5, 0.7, 0.9) in our main
setting. The results demonstrate that the performance of our method remains stable and consistent
for  values between 0.3 and 0.9 (Section S.8.6 in Supplementary Material). As expected, a very
small  (0.1) led to worse results, likely due to insufficient rerandomization to fully account for
the winner’s curse bias. Based on these findings, we recommend that practitioners use the default
value of = 0:5 in most cases without the need for dataset-specific fine-tuning.

While CARE demonstrates robust performance across various scenarios, it is important to note
its limitations. As one reviewer suggested, we consider a simulation scenario that the parameter
assumptions of other methods are true (where a three-sample MR design is used and the first
GWAS is reserved solely for IV selection based on association strength so that the normality of
bx ; is not distorted). In this case, some alternative robust MR methods may outperform CARE,
indicating that other robust MR methods may outperform CARE in a three-sample MR desgin
(Supplementary Section S.8.13). Further simulations revealed two situations CARE is suboptimal.

Firstly, in settings with non-linear relationships between genetic variants and exposures, CARE
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showed slightly inflated Type 1 error rates, larger bias, and worse coverage (Section S.8.8 in Sup-
plementary Material). This limitation stems from the method’s underlying assumption of linear
relationships, which is common in MR studies and often justified by the predominantly linear
or additive nature of genetic effects on complex traits [51]. Unlike our current approach, which
exclusively utilizes GWAS summary data to estimate causal effects, recent advancements have ad-
dressed the non-linearity issue through methods like DeepMR [34], a deep learning-based approach
applicable when individual-level DNA sequence data are available. Secondly, CARE’s performance
may be compromised when the sample size of the exposure GWAS is small, resulting in a limited
number of selected candidate IVs (Section S.8.9 in Supplementary Material). This issue may also
arise due to a relatively small number of independent IVs (Section S.8.10 in Supplementary Mate-
rial). Such scenarios can lead to increased sensitivity to violations of IV assumptions and challenge
our asymptotic normality results, which require the number of candidate IVs to approach infinity.
Users should exercise caution when applying CARE and other MR methods in these scenarios and
consider alternative methods or larger sample sizes when possible.

In the end, it is worth mentioning that the core algorithm in CARE is written in C++ using
the R package ReppArmadillo, and each step within the algorithm has a closed-form solution.
Consequently, CARE has similar computational efficiency to many other methods, such as cML-
DP and MRmix (Supplementary Figure S4), despite utilizing a larger number of IVs and a relatively
high number of bootstrap iterations (2,000). Under the main simulation setting (12,000 simulations
across 30%, 50%, and 70% invalid IVs), the average computational time of CARE is 12.6 seconds.
Notably, the computational time for all methods is less than a minute in most situations when using
one single core in a server. Thus, computational time should not be the primary consideration when

deciding the method to be used.

6 Case studies

In this section, we investigate the performance of proposed CARE in two case studies. We put the

data harmonization details in Supplementary Section S.9.1.
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6.1 Negative control outcomes

To evaluate the Type 1 error rates in real data, we employ negative control outcome analyses,
applying CARE and benchmark methods to investigate the causal effect of exposures on outcomes
known a priori to have no causal relationship with the exposures. Briefly, in these negative control
outcome analyses, the causal effect size is expected to be = 0 [44] because negative control
outcomes are determined prior to the exposures. However, unmeasured confounding factors may
affect the estimates of . In particular, following others [44], we use ease of skin tanning to sun
exposures and natural hair color before greying (six outcomes: Ease of skin tanning, Hair color
black, Hair color red, Hair color blonde, Hair color light brown, and Hair color dark brown) as
negative control outcomes. These data were downloaded from the IEU OpenGWAS Project [32]
with GWAS ID: ukb-b-533 and ukb-d-1747. Notably, both tanning ability and natural hair color
before greying are primarily determined at birth (thus, prior to considered exposures) but could
be affected by unmeasured confounders [44]. In this setting, the inclusion of invalid IVs due to
widespread pleiotropic effects or unmeasured confounding factors (e.g., population stratification)
may result in incorrect rejections of the null hypothesis (= 0) for MR analyses, leading to inflated

Type 1 error rates.
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Figure 2: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the main setting with 50% invalid IVs. Power is the empirical
power estimated by the proportion of p-values less than the significance threshold of 0.05. Coverage
is the empirical coverage probability of the 95% confidence interval.

21



We consider 45 exposures, which include HDL cholesterol, body mass index (BMI), height,
Alzheimer’s disease, Lung cancer, Type 2 diabetes, stroke, asthma, and many others. All GWAS
data are downloaded from the IEU OpenGWAS Project [32], and details of each exposure are rel-
egated to the Supplementary Table 1. These exposures were selected based on their prevalence
in existing literature and relevance to public health. Specifically, traits such as BMI, height, and
HDL cholesterol have been extensively studied in genetic epidemiology and are known to be asso-
ciated with various health outcomes. Disease outcomes like Alzheimer’s disease, Type 2 diabetes,
and cardiovascular diseases represent major public health concerns and have been the focus of
numerous Mendelian randomization studies. This diverse set of exposures covers a wide range of
physiological and pathological processes, allowing us to evaluate CARE’s performance across var-
ious scenarios commonly encountered in Mendelian randomization studies. We apply CARE and
benchmark methods to infer causal effects between these 45 exposures and six negative control
outcomes (tanning ability and natural hair color before greying), resulting in 270 trait pairs. The
corresponding p-values should follow a standard uniform distribution, given that the causal effect
size = 0 under the negative control outcomes analysis.

A B

MRAPSS  Contlx MR Lasso W MR Conthx
Methods Methods

Figure 4: Number of significant causal
pairs identified by different methods
under  Bonferroni-correction  threshold
< 0:05=45 ' 10 3 using (A) 45 exposures

RLEgger +
nnnnn
Cont

Figure 3: QQ plots of p-values in negative
control outcome analysis. The gray-shaded
part is 95% confidence interval.

used in negative control analysis and (B)
24 exposures that are reported by CDC
and existing literature.

Figure 3 summarizes the QQ-plots of logig(p) values for different methods. First, CARE
yields well-calibrated p-values, indicating its reliability in controlling type 1 error rates under this
negative control outcome analysis (Figure 3A). Similarly, IVW, cML-DP and MR~APSS also achieve

good performance (Figure 3B). In contrast, MR-mix, MR-Egger, RAPS, ContMix, cML, Weighted-
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Median, Weighted-Mode, and MR-Lasso yield inflated p-values (Figures 3C and 3D). One may
be surprised that widely used IVW achieves good performance. This is because we make every
effort to make a fair comparison between different methods and use the (random effects) IVW to
consider pleiotropic effects (i.e., invalid IVs) by allowing over-dispersion in the regression model.
As expected, the fixed effects IVW that assumes all used IVs are valid leads to inflated p-values
(Supplementary Figure S34A).

To understand why CARE performs well, we highlight two aspects. First, selecting valid 1Vs
can be noisy in real data applications. That explains why cML and MR-Lasso, methods that
ignore the screening variability in IV selection, produce inflated p-values (Figure 3D). Applying
bagging reduces the screening variability and thus helps achieve well-calibrated p-values in CARE.
Similarly, as cML-DP uses a data perturbation method to account for the screening variability, it
also achieves relatively good performance. Second, CARE adopts a rerandomization step to select
candidate IVs, accounting for the impact of the winner’s curse bias. Breaking the winner’s curse
bias helps CARE achieve well-calibrated p-values as CARE uses a measurement error model and
relies on the unbiasedness estimation of exposure-SNP effect x;. This rerandomization step is
crucial for CARE, and we confirm that applying CARE without the rerandomization step leads to

inflated p-values (Supplementary Figure S34B).

6.2 Risk factors identification for COVID-19 severity

To better understand the underlying causal risk factors for COVID-19 severity and demonstrate
the performance of our proposed method CARE, we apply CARE and competing MR methods
to systematically identify causal risk factors for COVID-19 severity. Specifically, we investigate
the same 45 exposures used in the negative control outcome analysis and use COVID-19 severity
(B2) from the covid-19hg (B2, version v7, European ancestry only; [27]) as our outcome data.
The dataset includes data from 32,519 hospitalized COVID-19 patients and 2,062,805 population
controls.

First, we compare the number of significant causal exposures identified by CARE and competing
methods under the Bonferroni correction (< 0:05=45" 10 3) (Figure 4A). CARE identifies 6 causal
exposures. In comparison, the competing methods RAPS, cML-DP, IVW, MR-Lasso, MR-APSS,
MR-mix, ContMix, Weighted-Median, Weighted-Mode, MR-Egger identify 7, 5, 5, 5, 4, 4, 3, 0, 0
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and 0 causal exposures, respectively. In terms of statistical power, CARE ranks second among all
MR methods considered. RAPS achieves the highest power but also yields inflated p-values in our
negative control outcome analysis and simulations, primarily due to neglecting variability in valid
IV selection step.

Second, we compared the risk factors identified by different MR methods to known factors that
meet two criteria: (1) they have been reported by the CDC or in peer-reviewed literature, and
(2) they overlap with the 45 exposures used in our negative control outcome analyses. Through
a comprehensive manual review by two researchers, we identified 24 well-established risk factors
for COVID-19 severity (Supplementary Table 1). Notably, our new method, CARE, demonstrated
superior performance by correctly identifying six of these 24 known risk factors: BMI, extreme
BMI, HDL cholesterol, obesity class 1, obesity class 2, and overweight. In comparison, benchmark
methods showed lower detection rates: MR-LASSO identified 5 risk factors, while cML-DP, IVW,
MR-APSS, MR-Mix, and RAPS each identified 4. ContMix detected 3, and Median identified 2.
Both Weighted-Mode and MR-Egger failed to identify any risk factors (Figure 4B). Importantly,
CARE also avoided false positives, i.e., it did not incorrectly identify any factors lacking strong
supporting evidence in the literature. In contrast, several benchmark methods produced potential
false positives. For example, cML-DP incorrectly identified childhood obesity as a risk factor, while
IVW erroneously identified both celiac disease and childhood obesity. Finally, when we focus on
four methods with relatively good performance under our negative control outcome analysis, the
result patterns are similar (Supplementary Section S.9.2).

In summary, CARE achieves high power in identifying likely causal risk factors for COVID-19
severity, and the identified risk factors can be largely validated by complementary analyses and

literature.

7 Conclusion

We introduced a unified two-sample Mendelian randomization within the summary data framework,
referred to as Causal Analysis with Randomized Estimators (CARE), that accounts for winner’s
curse, measurement error bias, and genetic pleiotropy simultaneously. Through simulations and

biomedical applications, we demonstrate that CARE delivers robust causal effect estimates with
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improved statistical power. More importantly, the CARE estimator enjoys rigorous theoretical

guarantees under mild assumptions, which is often lacking for competing methods.
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S.1  Algorithm to solve the optimization problem in (4)

S.1.1 Algorithm to solve the optimization problem in (4)

In the section, we provide an algorithm borrowing ideas from coordinate descent [49] to solve the

optimization problem in (4), that is

n X (0]

e Pfrigoas :jzs 1(j=0=v ) VYW= j:bh=0j2S ;

This step allows us to screen out invalid IVs and select V.



We note that the proposed algorithm borrows strength from the classical coordinate descent al-
gorithm by iteratively minimizing the objective function by fixing either or rj’s. As our algorithm
aims to screen out invalid IVs with rj & 0, one difference is that we iteratively search for IVs with
large “residuals” (i.e., byj bB(j -rB) in Step 2. (i) so that the objective function can be further
minimized. Furthermore, as our optimization problem involves lg penalty, instead of choosing the
model size v based on cross-validation frequently adopted in Lasso-type problems [48, 59], we adopt
the Bayesian Information Criterion to select the final set of valid IVs.

Our proposed algorithm consists of three steps as follows:



Algorithm 3: Algorithm to solve the optimization problem in (4)

Input: Data inputs and initial parameters

Output: Estimated parameters b and b

b, b,
Initialization Set k = 0, generate ©  Uniform ming i s b)%'_; maxji j s b%_ ;
J ]
Block Coordinate Descent
repeat
Fix *), update rj(k+l) ;
b, ()b, .. ° 2p2
Order —J 5 ol R iiRe. j =1;2;:::;8  Vin decreasing order;
Yj Yj
Set rj(k+l) = b\(J () bxj -re for the largest S Vv components, ] =1;:::;8 vV,
and rj(k+1) =0forj =s V+1;::008
Fix r j(k+1) , update ¢ by minimizing the following objective function:
2
(k+1) 2 K2
(k+1) . X t\(i l&i 'RB rj in ;RB )
= argmin 2 1(r-(k+1) =0) °
2R j2s Y, ]
If w < 10 7 then Stop and output P(v) = &*1) anqg b(v) = rj(k+l) ;

else Set kK =k + 1;

. (k+1) (k)
until ——5— < 10 £

end

Valid IV Selection via BIC

end

Select ¥ with the smallest BIC(V);

end




S.1.2 Justification of unique solution of Problem (4) under fixed

To cast some insights into the proposed Algorithm 3 for solving Problem (3), we note that in each
iteration, our algorithm breaks the optimization into two sub-problems and provides a closed-form
global optimal solution for these sub-problems.

In the first sub-problem, we fix and treat Problem (3) as an optimization problem with respect
to frjgjos:

X
H.}i_n I 5 frigas ; s.t. 1(rj =) = V:
n i2s

Unlike classical lg constrained linear regression with an arbitrary design matrix, solving this problem
is computationally efficient as we can decompose the original loss function into the sum of I; (;r ).
Each lj (;rj) only depends on a single rj. In this case, a closed-form solution to this optimization
problem can be given.

As we can see that, for invalid IVs with rj & 0, lj ;r; reaches its minimum 0 by setting
r = byj bxj (See justifications below). While for valid IVs with rj = 0, l; ;r; takes a
constant value of %(bH(J b5<j )2= \2(1_ % 2 )2(j = \Z(J .

Therefore, to minimize the the loss function | ; frjgjos for given , we only need to find
v IVs with the smallest %(bH(J b§<j )2= \2(,- % 2 >2<,- = \2(]_ and set their rj = 0 and the rest
of rj to byJ bx ;- The Block Coordinate Descent Step of our algorithm is indeed providing
such a closed-form global optimal solution of the above combinatorial optimization problem. After
deriving frj g 2s, we then solve our second sub-problem by solving Problem (3) with frjgj2s fixed.

The alternative minimization of and frjgj2s together can ensure the objective function decay.

To justify any given , we can give a closed-form solution of the optimization problem

X
min | ; frjgs s.t. li=0 =V,
frigias i2s
we further investigate I} ;rj and discuss the solution to this optimization problem in three dif-
ferent situations.
@l; frig lsrg B Bre
i92s :@ - ! 2" J When rj 6 0:
@y @r Y,
J



2 2
. 1(B, b REZ 1 X :RB _
|j o R 5 3 5 When rj = 0:
2 Yj Yi
e In the case that byj bx]. R > 0, we have |j ;rj reach its local minimum 0 when
rj — ij t&j ;RB> 0.
When rj =0,
2 2
Loore = 1By, b, re? 1 X :RB
it =5 2 5 2
Yj Yj
I ;frjg o
And when r; < 0, we have e Eolp?] s _ 9 @rr, < 0, and therefore
1 . r
i ir; lim Ly b;‘"RB 5

Therefore we have

minl; ;rj =0andlj ;rj =0 =~ j -

rj 60 2 \2(,- 2 \2(1
e In the case that b\(j ij RB < 0, we have |lj ;rj reach its local minimum 0 when
rj - ij t%(j ;RB< 0.
When rj =0,
2 2
- 1 (bY, b><,-;RB)2 1 X :RB
it =5 2 b 2
Yj Yj
I ;frjg or
And when rj > 0, we have @ Eé)?' s _ G @rr' > 0, and therefore

loor lim = > 0:
: : rjl o* 2 Y
Therefore we have
2 2
minli ;ri =0andl; ;rjy =0 _l(b\(, ij;RB)Z L X RB
reo ) ot T =Y =5 2 9 2



¢ In the case when b\(j bxj re= 0.

I ;frjg o
When rj > 0, we have e r@JD?' s _ 9 @;J 0, and therefore

li r lim — 0:
il ) 2
! ot 2 Y
I ;frjg o
When rj < 0, we have @ ré)?' s _ G @;J < 0, and therefore
2
i r lim 1By 1) 0
IR 5 2
rpt o 2 Y
When rj = 0, we have
2 2
oy = 1 X iRB,
1 - 2 .
2 Y
Therefore we have
minl; ;r; =0andlj ;rj =0 —l(bY' bs(j;RB)z }2 >2(' RB
reo ) T it =v =5 2 9 2

S.1.3 Adoption of |y penalty instead of using Lasso

We adopted the lg penalty for three reasons:

* Unlike the classical lg constrained linear regression, our considered lg constrained optimization
problem is computationally efficient to solve as closed form solutions of f r; s can be derived

when s fixed (See previous discussions in Section 1.2).

2 2
P Xi:RB

jos —z——1(rj =0),

Yj

NI

* Due to the inclusion of a measurement error bias correction term,
in our objective function, adopting a Lasso-type penalty results in an optimization problem

with non-differentiable gradients, making the algorithm remains time-consuming to solve.

e Empirically, we have actually tested the use of the |1 penalty, which was our original idea.
There, to enable efficient optimization, we removed the bias correction term for the measure-
ment error. Our preliminary investigations with the |1 penalty revealed several limitations: i)
The number of selected IVs exhibited high sensitivity to small changes in the tuning param-

eter . ii) The |1 penalty’s simultaneous penalization of valid and invalid IVs is suboptimal,



given the often subtle differences between these IVs in MR contexts. iii) The convex nature
of the |1 penalty resulted in discontinuous jumps in the number of selected IVs as  varied,
leading to suboptimal performance. In contrast, the lg penalty offers several advantages in
our specific context: i) It provides a comprehensive set of potential solutions across varying
numbers of potential (valid) IVs. ii) It better accommodates the nuanced differences between

valid and invalid IVs typically encountered in MR studies.

These considerations collectively support the use of the lg penalty as a more suitable approach

for our specific optimization problem in the MR framework.



S.2 Algorithm to solve the optimization problem using |; penalty

e The first approach: We replace the lg constraint with an |; penalty in the following objective

function:
X
p;ffjgjzs; , i 5rj
j2s
2 2
1(ky by )2 1% &£ .
jorg =g 52 L= + N
Y] Yj

For a fixed tuning parameter , we estimate the parameters by minimizing:

min P :frigos:
2RI 2R i92s

To solve this optimization problem, we alternate between minimizing with respect to and

frjgj2s. The optimal solution for frjgj>s given a fixed is:
8

Tsign(®,  Bowa i B ed g ifiby Bord> 2 4j e

> .
-0 otherwise:

Theoretical justifications for this result can be found in the Supplemental Material Section
S.3. The optimal solution for , given fixed fr;gjs, is:
2 2 2
X mj ij RB T ij :RB

arg min > 1¢=0):
2R j2s Y|

We iteratively update and frjgj>s until convergence. The tuning parameter is selected
via BIC, and the corresponding estimator b( ) is used for inference. The full optimization

procedure is detailed in Algorithm 4.

¢ The second approach: We further replace 1(:;=0) in the measurement error term with

1 j rjj and derive the following objective function,

X
I 5 frigas lj 51

10



1 (B, by 2 1% % 125
i irp =g 5z T 5Nk
\/ Y Y

For a fixed tuning parameter , we also estimate the parameters by minimizing:

min p;fr- i 25 ;
2R;rj 2R 19

To solve this optimization problem, we alternate between minimizing with respect to and

frjgj2s. The optimal solution for frjgjos given a fixed is:

8
Sign(dy  Bowd B Bord 2 by Bomd> 2
ry =
-B 0 otherwise:
. 2 2
where | = + % +— for all ] 2 S. Theoretical justifications for this result can be found in

Y
the Supplemental Material Section S.3. The optimal solution for , given fixed frjgjs, is:

1X (b b, )2 1XxX % § X 12 % ..
arg min; 2 ;5 —=zt (+35 rii:
2R %jas Y] j2s Y j2s Y,

We also iteratively update and frjgj2s until convergence and use BIC to select the tuning
parameter . The corresponding estimator b( ) is used for inference. The full optimization

procedure is detailed in Algorithm 5.

11



Algorithm 4: Algorithm to solve the optimization problem in (4)

Input: Data inputs and initial parameters

Output: Estimated parameters b and b
b b

Initialization Set k = 0, generate @  Uniform ming i s bi;maxl s BT
Xj Xj

Block Coordinate Descent

repeat

Fix () update rj(k+1) :
For 8j 2S: IfjBy, (0 By o> 2 4j (9] qp we let

k+1 . . .
rj( +1) :slgn(byj (k) ij;RB) Jij (k) bx,-;REI \2(1

kD) _

Otherwise, we set r i

Fix rj(k+1) , update ) by minimizing the following objective function:
2
k+1
(k+1) X % % e r]-( ) ? b>2<j ‘RB
= arg min > 1(rgk+1) =0) .
2R 25 Yj !
b. b.

P Py

(k+1) _ : Px;ire (7 =0)

P ) b>2<j;RB b>2(j;RB 1 (s

128 g, ¢ (ri" ™ =0)

j Yj

If w < 10 7 then Stop and output B( ) = **D and b()= rj(k+1) ;

else Set k =k + 1;

g k) ()
until ——5H— < 10 £

end
Valid IV Selection via BIC

for all candidate do
Calculate

BIC( )= 2P B )ty ( )g,p +logn) (s B );

end

Select ¥ with the smallest BIC( );

end

12



Algorithm 5: Algorithm to solve the optimization problem in (4)

Input: Data inputs and initial parameters

Output: Estimated parameters b and b

b, b,
Initialization Set k = 0, generate @  Uniform ming i s bi;maxl i s bi ;
X X
Block Coordinate Descent
repeat
Fix () update rj(k+1) :
For 8 2S: IfjBy, (0 B pd> ") 2 welet
2 2
k+1 . . .o~ ~ b2 .
rj( ) :Slgn(b\(j (k) bS<,-;RB) JbY,- ) bS(,-;RE! j \ij where | = +%ﬁ—jl =,
i
Otherwise, we set r J-(k+l) =0.
Fix rj(k+1) , update ) by minimizing the following objective function:
(k+1) 2 2 K2
(k+1) _ . lx (bv, bx,- r )? lx b%, re X 1 by, Re.. (k+1) .
= argming > 5 —+ —|—272 ir| i
2R j2s Yj j2s Y j2s Y
P . be;RdeJ fj(k+1) )
(k+1) __ 128 ij:RB
- P b>2<‘ iRB b% . ke s (k+1) . .
_ i R

It w < 10 7 then Stop and output B( )= **D and b()= rj(k+l) ;

else Set k =k + 1;
until w <10 7;

end
Valid IV Selection via BIC

for all candidate do
Calculate

BIC( )= 2P B( )ty ( )g,e +log(n) (s 1)

end

Select ¥ with the smallest BIC( );

end

13



S.3 Theorectical justifications for two |; methods

S.3.1 Method 1

For a fixed tuning parameter , we estimate the parameters by minimizing:

min P :frigos:
2R 2R iGizs

To solve this optimization problem, we alternate between minimizing with respect to and frjgjs.

The optimal solution for frjgj2s given a fixed is:

8
ESi»?;n(ij b e Py, by :rd g if By, by .rd > § +ii xre
r =
-B 0 otherwise:
To see this, we investigate |j ;r; and discuss the solution of rj when fixed . We consider the
objective function:
X 1(by by r)2 1?2 %
. . . . J X A
I 5 frigass = I SR [ 5 J 5 : B 5 Jl(rj=0)—|— Jril:
j2s Yj i

and we have

@l ;r; b, By RE T

= + Whenrj > 0;
@f g
I ;r , - I
@@ l — mj ZXJ’RB ) When rj < 0;
f Yi
2 2
1 (0, rRZ 1 y
I —(bY‘ e 5 X1 R When r; = 0;
| ] 9 2 9 2 J
Yi Yi

and consider three different scenarios:

¢ In the case that b\(j bx,» ‘RB> % ,
@ irj
when rj < 0, we have @ < 0, and therefore
. 1<ij b5<j;RB rj)? 1(ij bxj;RB)zl
liorj 1'1m B > =3 5 :
it o Yi Yi

14



When r; =0,

2 2
I - 1 (bYJ l%(j ;RB)Z 1 X :RB,
it =5 > 5 P
Yj Yi
When rj > 0, we have l; ;rj reach its local minimum when rj = byj b§<j ‘RB
1%
. ’ 2.
iir =5 Ly (b by re ¥ )
Yj
and
i 50 1 s
2 2 4
1(By, by .rE? 1 X;Re 1 Y; b, b, )
D) 2 2 § 2 ( j j:RB Yj)
Yj Yi Yj
2 4 2 2
1(b\q b><j;RB)2 1 Y, 1 X RB
=3 2 Ty 2 (%, % e 5 2
Yi Yi Yj
_1(beJ bxj;RB Yj)z 1 2 >2<J RB
T 9 2 9 2
2 2 2 2
Thus when byj bx | RB \ij >jj x;relj ;rj achieves the minimum when
rp = by by, re \2(1-1
Otherwise, lj ;rj achieves the minimum when r; = 0.
* In the case that ij ij RB< \2(1 7

when r; > 0, we have @ @;J > 0, and therefore

When r; =0, .
| l(b\(J bS<,-;RB)2 1 X :RB

ot =35 2 5 2

Yj Yj

15



When rj < 0, we have l; ;rj reach its local minimum when rj = byj bB(j ‘RB+ \2(], .

and

Thus when by

J

Otherwise, lj ;1 j

¢ In the case that

ri =0.

12 4

. j 2 3.

Ij ,rj :§ 2 ! (b\(, t&j;RB+ Yj)'
Yj

2 2 2 4

1 (b\q b5<,- rEZ 1 X;:RB 1 Y, b
2 a5 2 o 2 + (t\( X ;RB+
2 S 2 $ 2 ¢ ! !
] J ]

2 4 )
1(by by rp?2 1 Y, 1 X :RB
2 : 2 : +57 3 -+ (ij b5<1 RB) 9 2j

Yi Y] Y]
1 (b\(J bS(,- :RB+ ¥, ¥ o1 ? >2<, RB
5 2 5 2
2 2 2 ¢
bxj RB+ \2(1 < j J xjrelj irj achieves the minimum when
r = b\q ij;RB+ \Z(ji
achieves the minimum when rj = 0.
\2(]_ byj b5< | :RB \2(1_ , lj ;rj achieves the minimum when

16



S.3.2 Method 2

We consider the objective function

X
I 5 frigas i
j2s
where each component loss is given by
2 2 2 2
1(by by r? 1 X Xie
lj 5 =5 : a 32 =+ ( +t572 L)irj
Yi Yj Yj

When is fixed, the optimization over rj reduces to minimizing:

. 2 2

Yj

This takes the canonical form of the Lasso problem

1 2
-z r r
min 5(z 1)+ ]

Letting

ai:b\(j b5<j; =] \2(,-;

we have:
~ 1 ~ 1 1 .
() =5>(5 )2+ jini=— 5@ )2+ irj]
Yj Yj

The minimizer of this expression is given by the soft-thresholding operator [12],

8

Ssen(a) (aj ) ifjaj> i
r=5S,(g)=

2

- 0; otherwise:

17



Substituting back, we obtain:

Fi :B
- 2 2
where | = 43— forallj 2S.
7

]

18
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2
Y

LY

otherwise:

Q(jj > ~J'

2.
Yj’



S.4 Proof of Theorem 1

S.4.1 Notions and Assumptions

We first review some notions and assumptions that will be used in our proofs:

¢ The selected set of relevant IVs after randomization:

» Cardinality of the set of selected relevant IVs: s =S |.

¢ The average measure of instrument strength after selection:

1 X g
s

2
j2s Y
* In our bagging strategy, we denote the b-th bootstrap sample as S, and the number of

occurrences in Sy for j-th IVs of S as Wip, - We also denote the selected set of valid IVs as
Vo= j:bp=0and j 2S,

and the causal estimator as

X
%:Abl k%(jij;RB: \Z(j;

j2¥,

where
X

2 2 \_ 2.
Ap= (bxj;RB bg, rE= ¥
i29,

¢ For convenience, we also denote the conditional expectation taken with respect to bootstrap

resampling as

h [
E =—E S: (m-;t%ﬁ';RB)jZS :
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Our final estimator is obtained by taking bootstrap aggregation

e:lxa bb;

B

Assumption S1 (Measurement error model) (i)For anyj & j° (byJ ; b5<j

are mutually independent.
(ii)For each j , the association pair (B ; b5<j ) follows

2 3 02 3 2 31

b5<i X ) >2<,- 0 .
ST R B

Xj +rj ¥,

Furthermore, there exists positive constants | and U such that %

j =1;00p.

) and (ijo; b

XIO)

M
n

for

Assumption S2 (Variance stabilization) There ezists a variance stabilizing quantity a and a

vector 2 R® in which each component is independent of f (uj; j)gjZS and uniformly bounded

away from infinity in probability in the sense that

h [
sup a E Abl Wi i =0p(1);
j2s
where Ab: k2S \bkb ( Xk;RB Xk RB) Yk’ an
8
by =

In addition, there is no dominating instrument in the sense that

maXJ 2S i
437 0:
j2S8 X,

Assumption S3 (Negligible invalid IV induced bias) There is negligible bias induced by
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potential imperfect screening of invalid IVs after bootstrap aggregation in the sense that

a X _2 .
psiE Ay l:B(j; re T Wp= Y, = 0p(1):
j2s
Assumption S4 (Instrument Selection) Define = ming j p j and ~ = maxy j p j, then

both  and ~ are bounded and bounded away from zero.

S.4.2 Proof

We begin by decomposing Psai( o) and want to show that there is a leading term in the

decomposition converging to a Gaussian distribution. While the remained terms converges to zero

in probability. We notice that

h i
a . a _
P =p— E B o
Here
n x X 0
1 ~ - 2 _ 2
hb O—Ab UJ_ Y] + b5<j;RB rJ Y]
29 2%,
1n X - _ 2 X 2
=Ap Wip Gj=§ + ; b><j; re T1T Y,
j2s j2s
where Uj = i o U + j U 0 (uJ2 b>2(j; RB) and
8
ib = 3
We then can decompose ps""i( 0) into two terms:

a ~ a X h 1 | - _ 2 a " 1 X 2 !
p——( o=pg=——= E Ay W 0G=y+p—=E A, W Uire 1=
0] (m
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Assumption S3 shows that the second term in the above formula satisfies (II) = 0p(1).

For the term (I), we further decompose it as

a X h 1 ! 2
j2s

1 X —

=P i U=y

| By }

(1:1)
1 X n h . i 0 ,
j2s
| {z }
(1:2)
Here (I:2) has the following upper bounds,
h i 1 X
(I:2) sup a E Abl Wi T — aj= \2( :
i2s S . !
j2S
Under Assumption S2, we can prove (1:2) = 0p(1).
Combining all the above results, we have
a - 1 X 3 _
pP——( o=p— i U +0p(1):
j2s

Using the proof of Theorem 1 in [33], we can show that when Assumption S1 and Assumption S4

maxjzs . p . . . P _
hold and P———-1" 0, conditional on the selection event S , p=— j2s j Uj converges to
i2s X
a Gaussian distribution ass " and — "L
Therefore, we can conclude that 957( 0) converges to a Gaussian distribution.

S.4.3 Verifying the Assumption S2 in the case with perfect screening property

To cast more insights into Assumption S2, we next consider a special case where perfect IV screening

is achieved. In the case of perfect IV screening, we have
A, — W b2 b2 _ 2.
b= kb ( X« ;RB Xk;RB)_ Y; -

In what follows, we argue that Assumption S2 holds for both valid and invalid IVs in S :
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* For valid IVs in V (V is the collection of all valid IVs in S ), we define

h Wi i _ X

2 — 2
kv Wkb X T ¥ KoV

and we have j independent of f(u;; j)gj2s . In this context, we have Wj, = W, and can
show that _ _
h [ h [

a E A W, j=a E A w o =o(l):

For this bound to hold uniformly for j 2 V as stated in the assumption, given that Wi, follows
a multinomial distribution with an equal mean, we conjecture that this condition is likely to
hold as long as Ay converges to a center that is independent of j. In fact, under appropriate
conditions (See Section S.4.4 in the Supplement Material for full theoretical justifications),

we can show that,

which is indeed independent of j .

* For invalid IV j 2 S =V , under perfect screening property, we have by = 0 and therefore
W, =0. Set j =0forj 2S =V , we have
h i

_Zgupv a E Abl Wi j = 0p(1):
J =

Combining these two parts of results, we can verify that the Assumption S2 is satisfied.

S.4.4 The asymptotic analysis of A, under perfect screening property
Notice that

X b2 2 2
Ap = Wip (%,:re DX :REI= %!
k2V
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P

We want to show Ap = |,y )2(k = \ka (14 0p(1)) under these two conditions
b2 2 — 2 2 — 2
maxgov >2<|< | vV maxyov J(gxk b%..re)= Y, Xe= vl
T =
-P————1 0and 5 —> 0p(1)
k2v X k2V Xy~ Y
To prove this result, we begin with the following decomposition,
X 2 2 X b2 2 2 2 2 X 2 2 X
Ap Xe= Y = Wi, (%, bx,..rEI= ¥, Wikh X~ Y T Wib X, = Y
k2v k2v k2v k2v k2v
X b2 2 2 X 2 _ 2 X 2 _ 2
= Wi (%, bk, rE= ¥, Wip X = Ve T W 1) %= %
k2v k2v k2v
X b2 2 2 2 _ 2 X 2 _ 2
= Wiw (%, bxrE= % X T W T Wiy 1) %= %
k2v k2v

1 1
Var(wy,] = s (1 s—); forallk2S ;

1 . DL
Cov(Wip: Wip) = s for alli;j 2S such thati & j:

P
w, 1) 2 =2
« To show —2 Wi 2)_X2k Y = op(1),

K2V X T Yy

P P
we have |,y (W, 1) >2<k: \2(1. =0p( Varl oy Wy 1) >2<k: %)) and

X 2 2 X 1 2 2 \2 1 X 2 2 2 2
Var[ (ka 1) sz Yk] = (1 ;) ( Xk: Yk) ; ( X|: Y|) ( ij Yk)
K2V k2V ij2v ;i6j
X o a_2w 1,X 5 _ 505
= ( x,-=Yk) ;( X = Yk)
k2V k2V
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Notice that

P P
2 _ 2 2 — 2132 1 2 - 22
Var| K3V (W 1) X~ Yk] kv ( Xk_DYk) s kav Xk~ Yk)
) 2 — 2 \2 - ' 2 — 2 \2
K2V Xy Yk) p ( kv X~ Yk)
( 2 =2 )2
_ pkv UXx T 1
- 2 — 2\ <o
(kv %= %) P S
. 2 -2 2 _ 2
maxjav X, = ¥, K2V X o Y 1
) 2 = 22 <
(kv %= %) S
maxj gy )2<k= %k 1.
= 2 — 2 s
k2v Xk Yk
if we have
2
maXgoy X L0
I 2z
K2V Xy
Wy 1) % =12 .
kg0 T Xk Yk — gy(1) directly follows.
K2V Xy T Y
P
b2 2 _ 2 2 _ 2
w b = =
To show —2 BX XERE)ZYK X Yk = 0p(1), we further decompose it into two terms
k2v o X T Yy
i (wy, 1) (P2 2 = 2 2.2 P (b2 p2 =2 2 -2
k2v kb p* Xk XkiR Yk Xk Yk + k2v Xip XkiR Yx Xk Yk
. R ' 2 = 2
K2V Xk~ Yk K2V Xk~ Yk
p

kv (b>2i3k b>2<k;RE): wzrk

2 = 2
k2v Xk Yk

mental Material of [33].

= 0p(1) can directly follow from Lemma S.13 of the Supple-

2 2 -2 2 -2
kv (Wip 1)p(bxk bR RET Y X T Y

To prove

P
k2v

R—) — Op(l), we use
k2v Xk~ Yk

Ej

= Op(

2 2 \_ 2 2 _ 2
(W 1) D(bxk bk, RE= ¥ X.= %
' P—

k2v Xk~ Yk
P

2 2 - 2 2 — 2
k2v (ka 1)D (bxk ka§R Yk Xk~ Yk J)

' 2 = 2
K2V X~ Yk
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Notice that

X
Ej (W 1) (b>2<k b, .re= & 5,7 G
K2V
. b2 2 2 s _ 2. X -
j235‘21( % P rET Y X = N Ejwey 15
K2V

. . 1
and EJka 1] = E(ka 1) + 2 P(ka = 0) =2 (1 ;)
If we have

pXk

(b2 2\ 2 — 2
v maxy (2 bR, rE= ¥ X T Y]
2 -2

K2V Xe o~ Yk

kav (W 1) (b>2<k b>2<k;RE)= wzrk >2<k= \Z(k
Then can show P s = 0p(1) and therefore

kav Xy T Yy

P
2 2 _ 2
k2v  Wkb (g(k bk, .rRE= ¥, Xe=™ Y _ (1)
' 2 - 2 = 0p(1):
k2v Xk Yk

P
Combining all these results, we have Ap = |,y )Z(k: \sz (14 0p(1)).

S.5 Invalid IV screening consistency

In this section, we show that under Conditions 1-7, the proposed invalid IV screening procedure is

“nearly perfect” as S goes to infinity.

S.5.1 Notations
We first introduce notations to be used in the sufficient conditions and our proofs below:

e The correct set of valid IVsin S :

V=j2S: yx &0andr=0:

» Cardinality of the set of valid IVs: v =}V |.
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e The selected set of valid IVs:
V= j:h=0andj2S
e Cardinality of the set of selected valid IVs: b = jv j-

e ForanyV S |, we use the following notation:

— Cardinality of the set: v =jVj:

P 2
— The measure of average instrument strength of V: (V) = % .
j2v Y
. . 1 P o2
— The measure of average pleiotropic effects of V: 1 (V) = 3 —4-:
j2v Y

— Correlation between instrument strength and pleiotropic effects of V when V has at least

one non-zero rj :

(V) =Cor? f x govifrigay =5 2 P

j2v Yioja2v Y
To identify invalid IVs, we use the following measurement error models.
ij: xj I+ j; ij:RB: x; tUj; j2S:

and let N1 = Ny = n be the sample sizes of the two GWAS summary datasets for X and Y,
respectively.

The invalid IV screening is obtained by solving

n 0 X
min R ; frJ gJ 25 ; bYJ: Yj ) @j; RB; ij; RB . ), s.t. 1,—]. =0 = V.
2R j2s .
j2S
where
2 2 2
b(-f- .nt\(. bS( ‘b ° _X (bYJ bB(j;RB ri) X bxj;RB 1 .
cMTiG2s 0 7Y Y Xire DXjre oo )= 2 2 rj=0-
J i2s Y, i2s Y,
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Here 1( ) is the indicator function and Vv is a tuning parameter representing the unknown number

of valid IVs. We propose a generalized Bayesian Information Criterion(GBIC) to select the best v:

n (0}
GBIC (v) =RBfhg,s : By; Yj;bxj;RB;bxj;RBj )+ o (s V)

Then we select 0 = arg H{/in GBIC (v) and estimate ¥ = j : By =0andj 2S , which is the

set of the estimated invalid IVs..

S.5.2 Sufficient conditions

b2 _ 2 )
Condition 1 (Bound of Orlicz norm) Fiz , —i88, iR js 4 syb-exponential random variable
s M s s
for allj 2S and we have jj TJ_JJ 50l TjJJ 50 z [P f‘” >l ——=— ;

j i Yj
bounded away from 1 uniformly for ollj 2S .
This condition is a technical condition. It places some restrictions on the tail distributions of

the noise terms, aiming to ensure that they have good concentration behaviors.

Condition 2 (Orders of the variances and sample sizes) There exist positive constants m

and M such that we have T )2(], , \2(]_ M forj =1;up.

In this condition, we require the variances of both bx ; and b\(j have the orders % uniformly
for all j 2 S , which is a normal assumption in two-sample summary Mendelian Randomization

literature.

Condition 3 (Plurality and no perfect correlation) For allV S and V contains at least
one 1y & 0, whenever (V) =1, we have }V j> V ; whenever (V) < 1, we have the correlation
coefficient (V) < 1 is upper bounded by a constant Co smaller than one.

Here (V) measures the correlation between instrument strength and pleiotropic effects of V,

which is defined as

( 51)2
. j2v i
(V) = Cor® | x,g2vifrigay =5 2 P 2
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This condition is closely related to the plural validity assumption commonly made in two-
sample summary data Mendelian Randomization literature [28, 20], which ensures the uniqueness
and identifiability of the causal effect . By Cauchy-Schwartz inequality, we can see that (V) =1
indicates that there exists a ¢ 2 R such that rx—‘J = C holds for all ] 2 V. If the first part of this
condition does not hold, there will be a V such that [V j jV j and rx—'J = ¢ > 0 holds for all
j 2V . We expect that the invalid IV screening procedure will tend to screen out S =V and
leave V . Therefore, the sub-sequential causal estimation using V will be centered around ¢+ C
instead of ¢, where ¢ is the true causal effect. In this case, we fail to identify the true causal
effect. Furthermore, the second part of this condition is to ensure that different clusters of IV set
Ve=1f] 2SS | rx—‘J = cg are sufficiently separable, so that there will not be a IV set V & V
with (V) ! 1 selected by the invalid screening procedure. Without this, we might not be able to

distinguish the IV set V. and V .

Condition 4 (Boundedness) For anyV 2 S | jb(V)J is uniformly bounded away from 1 with

probability goes to 1.

This condition requires that for any subset V. S | the causal estimate

based on V should not be too large. In fact, when the Condition 1 holds, this condition can be

satisfied in the case that % is bounded away from infinity for allj 2 S and x; is sufficiently
]

separated from 0 for all j 2 S . To see this, we can decompose b(V) as follows:

P (ox;*+rjuy P uj

P (oxj+fj)xj+P X

jJ j
o) j2v 7 v Ty +  joav 7 j2v 77
V)= 2 2 2 2 2
P _ X +2P _ U P W Xjre P _ biire  Xire
j2v 2 j2v 2 j2v 2 j2v 2
Yj Yj Yj Yj
P N u
i i j | rj Wi Ui j
jov( o+ x,-) 7 +  jov e + jov(o+t Xj) o +  jov A
= 2 2 2 2 2
X 2P Xju]' P Uj X rB P ij;RB X rB
jov z- T2 jov Tz T ojav Tz jov — 2z
]

j Yj Yj

If Hzlénj x;] is is sufficiently separated from 0 , with Condition 1, we can verify that there
J
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2
exists a ¢ > 0 such that the denominator is uniformly larger than c j2v L with probability
Y

going to one for any possible V. Similarly, we can also show that when Hzlng%j is bounded away
J i
2

from infinity, there exists a C > 0 such that the numerator is bounded away from C j2v %}

J
with probability going to one for any possible V. Therefore, we can verify that jb(V)j is uniformly

bounded away from 1 with probability going to one.

Condition 5 (Separation of rj & 0 and 0)

1 1

. s Ins)? ;°
__min _rj  max S T
j2S ;r;j60 nz nz

In this condition, we require the pleiotropy effects rj & 0 of invalid IVs to be bounded away
from 0. In this case, our invalid IV screening procedure will be able to distinguish invalid IVs
and valid IVs. This condition is similar to the "beta-min” condition in the high-dimension linear
regression setting. The only difference is that it is made in rj instead of the parameter of interest

0. Without this condition, we will not be able to screen out some invalid IVs with rj close to 0 in

the invalid IV screening procedure, and the perfect screening property will not hold.

Condition 6 (The order of v ) The number of valid IVs has the same order of S . In other

\

words, o 1is bounded away from zero. There exists a constant Cy such that 0 < cy < 1. For all

V S  containing at least one nonzero element rj 6 0, whenever (V) =1, it holds thatv<cCy V .

The first part of this condition requires that the number of valid IVs in S should be sufficiently
large. To be specific, it should be of the same order as the total number of IVsin S . This condition
can be further weakened by adjusting the penalized coefficient of GBIC. The second part of this
condition imposes constraints on the cardinality of the cluster fj 2 S j';—‘J = ¢g. It requires for
any C 6 0, the cardinality of the IV clusters fj 2 S er—JJ = cg should be sufficiently separated from
the total number of valid IVs v so that the algorithm will not fail to identify the true valid IV set
V . If there exists a ¢y & 0 such that the cardinality of the IV clusters fj 2 S jrx—‘J = CpQ is very

close to v , then the algorithm might fail to distinguish fj 2 S jrx—‘ = Cpg and the valid IV set V .
]
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Condition 7 (high dimension BIC)

n min r2
j2s ;r;e0 !

Condition 7 (high dimension BIC)

———1 0 and n, s In(s):
n min I
jes ;r60 !

S.5.3 Theoretical Results

Define a collection of set
Vyvaia =fVjV S ;rj=0forallj2V,andjVj c jV jg:

Here ¢4 is the constant that we introduce in Condition 6.

Theorem S1 Under Condition 1-7, our IV screening procedure can consistently select the sets

inside Vyaig - Mathematically, this property is expressed as:
PY 2Vyaig )! 1; ass 1

where 9 represents the set of IVs selected by the screening procedure.

Theorem S2 Under Condition 1-6 and Condition 7 , our IV screening procedure can consistently

select the complete set of valid IVs V . Mathematically, this property is expressed as:
PP =V)! 1;ass Il

where ¥ represents the set of 1Vs selected by the screening procedure.
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S.5.4 Proof of Theorem S1
For any V S | we denote a collection of sparse vectors

n o 0
Ry= a2RS1 1:a =0; forj2V; ax60; fork2V°®

and a function

X
h(vi )= min P BB by g
Vias
_X (b\n ij;RB)2 ? b>2<j:RB.
= 2 '
j2v Y

Now we want to show P(v 2Vyaid )! Oass !'1l by utilizing the following inequality:

PO 2V ) =P L R, V) e )
[
P minh(V; ) 5 jVj minh(V; ) ., v
VS VZVyaid 2R 2R
x
Y max P minh(V; ) n vV hV; o) n V
v=1l Vi=VviV2V yajig 2R
X

sV max P minh(V; ) n vV h(V; o) n VvV
v=1 Vi=V;V2V yaiig 2R

(s +1) In(s ) : . N/ .
g P h(V: Vi h(V: v
v min Vi) Vi hV;o0)

=eS T ME) pominh(V; ) v h(V;o a0V

2R
(S1)
where V. = argmax s *) () P minh(V; ) 5 jVj h(V; 0 n Vv andv =}V |
V2V yalid 2R
This is because the above inequality implies that as long as we show that
e INE) pominh(V; ) v hV;o av ! O (52)

2R

then P(® 2 Vyaig )! 0 holds. Here, we also note that the first equation in Eq (S1) follows from
the definition of the optimization problem defined in Equation 2 in the manuscript, the second to
the fifth inequalities in Eq (S1) hold following H%iél h(V;) h(V;o), S s¥ and some basic

\"
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calculations.

To prove Equation (2) goes to 0, we discuss V. 2V giig  in three different cases.
e iVj=v Vv andV &V,

ec VvV jV j<v but (V)<1,

*jVj=v <ci1 v.

In each case, we show €8 *1) In(s ) p Héilg hV; ) nv h(V;o nvVv ! 0andtherefore

(2) holds uniformly forallV S andV &V .

S.54.1 Casel:jVj=v Vv andV &V

To show the above results, we analyze the asymptotic properties of h(V ; o), Héig{l h(V; )and .

We start with h(V ; o) and decompose it below following our notation defined in Section S.5.1.

X by o x)? X (B x)? BE
h(V; o) = o+ § - ; L

j2v Yi j2v \%
2 X (mj 0 Xj)(bxj RB X])

0 2

j2v Yi
X 2 X u? b>2(_' X Ui
- 42 L TR 9 A (S3)

j2v Y j2v Yi jav Y

Next, we study the asymptotic property of H%ilg h(V ; ). We denote b(V ) = arg n%iFrel h(V ; ) and

decompose h(V ;B(V )) in a similar way as h(V ; o), following our notation defined in Section
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X by 2 X (b 2 p2
SVZLIVES PR GV RE Wi VR T R, =
j2v Yj j2v Y]
X (b
+2b(V ) ( (V ) X 0 X]2 rl) ( X RB X])
j2v Y
2b(V ) X (bYJ 0 Xj 2rj)(t&j; RB XJ)
ja2v Y]
2 2
N X ( 0 Xj +rj + i b(V ) Xj )2 + b(V )2 X uj bxi: RB
= 5 2
j2v Y] j2v Y]
X bv) x o x 1) u X u
+25v ) e 2y
j2v Yj jav Y
X (o x; AT bev ) xj)2+x i+2X (o x; +rj bev ) X;)
= 2 2 2
j2v Y jev Y j2v Y
X u? b2 X (b . o) U X
S i R -2
j2v Y] j2v K j2v

X R Y 2 X 2 X 1 by
_p (o x 12 (V) X')—I-n v V) 712 5 (o x; +T1j 2( )
j2v Yj jov Y j2v Y]
2 2 2 2
b(V )2 X uJ Xi; RB_"_ b(V )2 X ij; RB X rRB 2b(V ) X (b(\/ ) X; 0 X; rJ) uj
2 2 2
ja2v Yi jav Yi j2v Y]
X - X 2 X u? 2 X b2 2 X -
+2b(V ) J;J + 7]2 + 8 J 2Xj; RB S X RB , Xiirs o 0 J;'IJ .
jav Y j2v Y j2v Yj j2v Y] jav Y]

When jV j=v v and V &V , we know that there is at least one rj 2V such that rj & 0.

So (V) is well-defined and by Condition 3 we have (V ) ¢p. By some calculations, we can see

that

ORI L/ LD BT o LT o R Y o PV
2 2 = 2

j2v Y ZRjzv Y jov Y
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with probability 1. Therefore,

X | b 2 X 2
o x;+ri V) x) r
: 2 : - (1 o)
j2v Y] j2v Y
with probability 1.
Then under Condition 4, there exists a Cp > 0 such that
P n%igh(v, ) n Vv h(V ; o) n V
X 4 by )2 X 2 2 X w 2
p ( 0 X j . ( ) Xj ) N (V y ) J . Yj b(V )2 J 2XJ; RB
jav Yi j2v Yi jav i
X 2 2 X b X b .
+ b(V )2 bX]; RB 5 Xj; RB 2 ( (V ) Xj g Xj rJ ) ] 2b(v ) ( (V ) X] (2) X] rJ ) uJ
j2v Y j2v Y j2v Y;
X U X 2 2 X u? 2 X b2 2 X U
_|_2b(v ) JZJ + i , Yi g S i 2XJ, RB g Xj r8 , Xire o 0 121
j2v Y j2v Y j2v Y j2v Yj j2v Y
X 41 by 2 X 2z 2z X v Z
P ( 0 X] | y ( ) X] ) n (V v ) ] y Y] =+ b(V )2 | ZXJ, RB
j2v Y j2v Yj j2v Y
X by o) u X by _ X u
+2 b(V) (( ) xj g XJ J) ] +2 (( ) X] 20 XJ J) ] +2 b(V) ]2J
j2v Yj j2v Y j2v Y
X b2 2 2 2 X u? 2 X b2 2 X u
er(V )2 X],RBZ X, r8 + J 5 Y + g I ZXJ,RB g X].RBZ X, r8 +2, i Yi
j2v Y j2v Y j2v Yj j2v Y j2v
X 4+ by 2 X 2 3 X w2
p ( 0 X ] 5 ( ) XJ) N (V v ) ] 5 Yj +C§ J ZXJ,RB
j2v Y| jav Yi jav i
2 2
—|—C§ X rRB X rB +2CO X (b(v ) X g X rj) uJ +9 X (b(v ) X g X r])
ja2v Yj j2v Y jav Y
2 2 2 2 2 2
+2C, X JZLJj + X j 5 Yi + (2) X Uj ZXJ:RB g X bxj; RB , Xj; RB 12, X l;'IJ
j2v Y j2v Y j2v Y j2v Y j2v Y
Denote the event
X +r. by 2 X 2 2 w2 2
(O X J . ( ) XJ) N (V V) ] . Yj +C§ J ZXJ;RB
j2v Y j2v Y j2v Yi
2 2
ez Xim _ Xim | oo X (bv) 0o x, r) U 49 X (bv) o x, r)
j2v Yj j2v Y j2v Y;
X u X 2 2 X uw 2 X bZ g u
+2Co A0y L% 42 L Xire | 2 Xire  Xime 19, e
j2v Y j2v Y j2v Y j2v Y j2v Y
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as C(V ) and

X I b V 2
(V ) — ( 0 XJ + ] 5 ( ) Xl ) n (V Vv ),
jav Yj
we have
8 9 8 9
< 2 2 = < 2 2 =
C(V ) Cg X uj X, rB (V ) [ S X uj X rB (V )
2 2
8 jav Yi ;O ,8 jav Yi 9 810 ' 9
< 2 2 =7 < 2 2 =7 < 2 2 =
N R A 0 I A A\ T O T IR\
. 2 2 2 .
Cojav Yi 10 jav Yi 10 j2v Yi 10
8 9 8 9 8
< 2 2 =7 < =7 <
[ S X bhw Xe (V)T X oqu (vl Xogu (V)
. CO 2 10 2Cyo 5 10 20 5 W
8 j2v Y ! jév Yj ! j2v Y
< =
[S,X V) 0 x 1) i (v)
. 2
3 j2v Yi 105 9
< =
[, X V) 0o )y (V)T
. 2
jav Yi 10
When jV j=v Vv, we know that the number of rj that is not equal to zero for j 2V is at
least v.. v . Then if ———"—— ! 0 (Condition 7), we have % I 0. So there exists a
jzsmi?jgoé j2v %
; . J _
€ > 0 such that J j
X (o x4 v) x)? X orf
j X
(V)= LT Lo v ) 4 c
j2v Y j2v Y
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uniformly holds for all jV j=v

v and V &V . Then P(C(V )) is bounded by

2 2 2 2 2
P C2 Ui Xjre  C X I ip 2 Xy Xijre  C X e
° 2 0. 2 o 2 10 Z
j2v j j2v i j2v ] j2v i
2 2 2 2 2 2
p C2 X rRB X RB c X T p 2 X ij; RB X rB c X ry
TP o 2 o 2 TP 2 0 2
j2v Yj j2v Y j2v Yi j2v Y
2 2 2 2
b Xy X Xy e X
oL E W, T T W, g
j2v Y jov Y j2v Y ji2v Y
iy i iy
tP 2o 72 15 2z TtP2 = 15 Tz
jav. Y jov Y ja2v. Y jov Y
X (b r 1 X 4 by )2
L P2 (V) x o x i) i1 (o x 12() x;) vV
j2v Y j2v Y
+P 2C, X (v g o x; M)y o1 X (o x 1] bv ) x;)? n (Vv
2 2
jav Yi 10 jav Yi

Using Lemma 1, we know that there exists a ¢°> 0 such that the first eight terms are bounded by

c® min v i, v r2(V ) vor (V)
2 e v ' ’ . We also have
X (b ¥ X (b z\d X 2
CV) x, 0 ox Ty CV) % 0 x 1) U
2 2 o an
jav Yj jav Yj jov Y
X (b v X (b 2\d X 2
BVv) x o x n) i EX Bv) x oo x PR X 7
2 2 2
j2v Y j2v Y, jio2v Y
by . o
That means there exists a ¢?°> 0 such that P 2 (V) x; 20 X 1) %) is further
b j2v Yj
2 2
bounded by P - % r% through
j2v Y j2v i
po Bv) x 0o x m) 1 X (o xg o Bv) x)?
2 10 2 n (v
j2v Y j2v Y
P < S+ bvy ¢ )2
v X 2 i i, g n (v Vv)
p 2P e i2v. Y]
2 TP T b 2
jov Y (o x,»+r12(V) x;)
j2v Yj
X 2 r2
j 00 i
P = ¢ =z
jov Y j2v Y
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Similarly,

P 2C0 2 TO 2 n (V \' )
j2v Yi j2v Y]
X 2 X 2
p Yo o T
2 2
j2v Y j2v Y
CO min m

2 .
Using Lemma 1, we can also show that these two terms are bounded by 2 e vV r v

To prove €8 ¥ In(s ) p n%iélh(v; ) n Vv h(V;o) n vV ! OforanyV S such

that V j=v v , we only need to show

v 2r2(V )

Y 1o

9e(s +1) In(s ) Amin v r2(V ), v or (V)

Using v Vv , it suffices to show
9g(s +1) In(s ) o ECminfv r2(v ); v r (v a1
We prove this formula in Lemma 2 and conclude that
gs *Dins) p minh(V; ) n v h(Vie v !0

uniformly for allV. S suchthatjV j=v v andV &V .

S.5.4.2 Case 2: Whenc; v jV j<v but (V)<1

Whenci v jJV j<v but (V)< 1, wecan know from Condition 3 that (V ) ¢cp. Therefore,

X (o x, 1 Bv) )2 X rf

j2v Yi j2v Y
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with probability 1. Similarly, under Condition 4, as n!'1 | there exists a Co > 0 such that

2R
o X (o x +1 brv ) x,)? vV 7 +C2 W e
j2v \2(1 j2v \2(1 j2v \2(1
+C§ b)z(j; RB >2<| RB +2CO X (b(v ) X] 0 XJ r]) UJ +2 X (b(v ) XJ 0 Xj r]) J
j2v Yj j2v \2(1 j2v \2(1
2 2 2 2 2 2
—|—2C0 X JUJ 4 X ] Yj + S X uJ X rB + S X ij;RB Xi: rRB +20 X ]UJ
2 2 2 2
j2v Y j2v Y j2v Y j2v Y j2v
=P(C(V))
We also have
X (o x 46 v) ) X (o x 1 Bv) )2 X rf
j X 0 X i X _
(V)= — — vV > J — (1 o)
i2v Y, j2v Y; j2v. Y
This is because V. <v and , (v Vv )<O0.
Then the probability P(C(V )) is bounded by
2 2 2 2 2 2
P X Yi Xj; rB 1 ¢ X rj P X Yj X rB 1 ¢ X T
2 10 T2 + 2 10 2
ja2v Yi j2v Y jav Y] jav Y
2 2 2 2 2 2
Lp X ij;RB Xj; rRB 1 g X T +P X bxi:RB Xj; rRB 1 g X M
2 2 2
j2v Yj 10 ji2v Y jav Y 10 j2v Y
2 2 2 2 2 2
p X% LeX o X % X T
+ 2 10 2 + 2 10 2
j2v Y j2v Y j2v Y ji2v Y
X U 1 X r? X - 1 X r?
j Yj Co J iy Co i
+P2 2 9 2z tP2 ~z 10 =
jav Y j2v Y j2v. Y jav Y
e X V) 0 m) 1 X (o BV) X))
2 2
j2v Yj j2v Y
+P 2 X (v Xj 0 X Ty 1 X (o x +r bv ) x;)?
2 2
j2v Y 10j2v Y
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Knowing that

2 2 2

j2v Yj ja2v Yj jav Y
Y Y

2

X (bv) x; o . x f) j H X (bv) Xj 0 X rl)z{rj X i

2 2 2

jav Yi jav Yi j2v Y

We can similarly show that there exists a ¢°%> 0 such that the last two terms are further bounded

by
X 2 r2 X u? r2
i 00 ] J 00 j
P > C >~ +P >~ C >
jav Y j2v Y j2v Y jav Y

Using Lemma 1, we know that there exists a ¢®> 0 such that all these terms are bounded by

9 e c® min VZ:,&;V r2(V ), v r (V) .
To prove &8 *D NG ) P minh(V; ) n v h(V;o v ! OforanyV such that

2R
¢t vV jV j<v but (V)< 1, weonly need to show

1) | min v r3(V ) vor (V) VZL&
2e(s ¥ In(s) ¢ Lo
Knowing that jV j <v , it suffices to show that
2.2
0 i v re(v)
2e(s +1) In(s ) c'min v r (V) —5— 0

We prove this formula in Lemma 2 and conclude that
e INE) P ominh(Vv; ) o v hV;o av ! O

2R

uniformly for allV. S suchthatcg v jJV j<v but (V)< 1
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S.5.4.3 Case 3: When [V j=Vv <cC1 V
When Vv <c; Vv , we decompose h(V ;B(V )) in a different way,

X (b, Bv) by )2 , X b%

. X rB
h(v ;bv ) = 5 bv ) Xy re
j2v Yj j2v Yj
Xy Bv) By 2 X B X X
j j; RB 2 X rB X rB 2
= J 2 : b(V ) : 2 : b(v )
j2v Y] j2v Y] j2v
Under Condition 4, there exists a Cg > 0 such that
P n%i'gh(v i) a Vv hV;o9) avV
X by Y X b2 2 X
p (bYJ ( 2) XJ;RB) + ., (V V) bV)z X RBZ X RB+b(V )2
j2v Yj j2v Y j2v
X 2 2 X u? 2 X b2 2 X U
Y, X X i X u
+ J 5 i + S J 5 i; RB g J,F\’Bz i; RB 20 ]21
j2v Yj j2v Y j2v Y j2v Y
X by 32 X b2 2
p (bYJ ( 2) tB(J; RB) o, (V Vv ) Cg X, rRB . X, rB +C§ v
jav Yj j2v Yj
X 2 2 X u? 2 X b2 2 X U
+ J . Yj + g | 2XJ;RB + S XJ:R82 X rRB +20 12]
j2v Y j2v Y j2v Yj j2v Yj
X b2 2 X 2 2
P n(v v) Cv ¢ 7X“RBZ Xire | L Y
j2v Yi j2v Y
X uw oz X bg % X
+ g ] 5 j; RB + S ],RBZ i RB _|_20 ]21
j2v Y j2v Y j2v Y
Denote the event
X b2 2 X 2 2
2 2 Xj; Xj; J Y]
n (v v) C&v Cf LR CERR —
j2v Yi j2v \%
X u 2 X b2 2
J Xi; X, X, u
+ S 5 j; RB 5 j; RB 5 j; RB + 2 0 ]21
jav Yi jav Yi j2v. Y
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as D(V ), we have

8 9
< X u_Z 2 =
J Xj; 1
D(V ) 5 P g(n(V v) C§ v).
8 j2v Y 9’
[ < X oy 1 =
.20 4 5 (n (v v) C§v)
é j2v. Y ' 9
[ <, X b 2 1 =
o6 e 5 (n (v v) C§v)
é j2v Y] 9 ’
[ <X {7 ¢ 1 =
S (n (v V) GV
8 j2v Yj ' 9
[ < X bg 2. 1 =
G RELI® o (o (vov) v o
’ j2v Yj '

Using v <c; v and Condition 7, we know that there must be a ¢°% 0 such that

n (v v) CEv n (1 c)v Cidv & ov:
then the probability P(D(V )) is bounded by
X u2 2 000 X b2 2 000
2 J Xj; c 2 Xj; Xj; c
P 0 5 j; RB E n Vv 4 P CO j; RB 5 j; RB ? Y
j2v Yj j2v Yi
X b)2< ) )2; ) 000 X u 000
+P g JYRBZ L RB ? n \ +P 20 7121 g n \"
jav Yj j2v. Y
X 2 2 000
+P J 5 Y R \Y
j2v Yj

Using Lemma 1, we know that there exists a c®> 0 such that the these five terms are bounded by

av2.

2@ OMin AV eV To prove € ¥ In(s ) p n%igh(v i) anv h(V;o v !

0, we only need to show

9g(s *1) In(s ) o @ hv I 0
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We can prove this by Lemma 3 and conclude that e *1) (s ) p Héiél hV;) nv h(V; o)
n V! Ouniformly forallV S suchthatv <c; v .
Therefore, we conclude that e *1) () p HéiFIel hV;) nv hV;o v 'O

uniformly for all V' S such that V &V .

S.5.5 Proof of Perfect Screening Property

Following the similar procedure in Section 3.4, for any V. S | we denote a function

i< G et B,
j2v Yi

and show
PW &Vv) es*E) p minh(V; ) o v h(Vioe nV

where V. = argmaxe(s *1) In(s ) p néigh(v; ) n Vi h(V;0 nvVv andv =jVj
V6V

As long as we show that

gls *1) In(s ) p Héigh(\/; ) n V h(V; o) nv o O

then P(P &V )! 0 holds.

To prove it, we discuss V in two different cases.
e iVj=v Vv andV &V,
e Vj=v <v .

In each case, we show e(s *1) In(s ) p Héi’l?l h(V; ) nv h(V; o) n Vv ! 0and therefore

P(W 6V )! 0holds.

S.5.5.1 Casel:jVj=v Vv andV &V

The proof of this section is the same as the one in Section 3.4.1.
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S.5.5.2 Case 2: When jV j=vVv <v

When v <v |, following the proof in Section 3.4.3, we show

P rr%igh(v; ) n Vv hV;o0 vV

X b2 2 X 2 2
P o (v v) Civ C? 7X“RB2 Xire 4 ——t Y
jav Yi j2v Yj
2 2 2 2
+ (2) X uj 2Xi:RB + (2) X ij;R32 X rB 12, X i;'lj
j2v Y j2v Y j2v Y
=P(D(V))
Where D(V ) is the event
X b3 Z X 2z 2
n (v v) Cé¢v C? iRe  CERE 4 ) )
ja2v Y] jav Y]
X @ 3 X 6. 3 .
+ 5 | 5 i: RB + g J,RBZ i RB +20 2]
jav Yi jav Yi j2v Y
We have
8 9
< X  u? 2 =
2 ] X, RB 1 2
D(V) 0 2J g(n(V v) Cg v).
j2v Y] ’
8 9
[ < Xy 1 -
20 LS (o ov) CBv)
é jov Y ’ 9
[ < X b2. 2. 1 =
2 X rB X rRB 2
.0 : > : 5 (n (v v) Cjv)
- 2V Y b
g ! ' 9
[ < X 2 2 1 =
J Yi 2
— 5 (n (v v) Csv)
8 jav Yi ' 9
[ < X b Z. 1 =
L C§ o um e oy (vov) G
’ j2v Yi '

Using v <v and Condition 7 , we know that there must be a c®°% 0 such that

n (v v) C&v n CE v ™
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then the probability P(D(V )) is bounded by

2 2 000 2 2 000
p 2 X uJ X rB Ci +P c2 X ij;RB X RB Ci
° 2 5 " o 2 5 "
j2v Y] j2v Yi
X 2 2 000 X 000
+p 2 DXire  Xjra ¢ 1P 2, aY
2 2
j2v Y] e j2v. Y 5
2 2
X i Yi %0 .
+ P 72 ? n .
j2v Y]

Using Lemma 1, we know that there exists a ¢®> 0 such that the these five terms are bounded by
2 2
min L By

2 e " . To prove & *1) (s ) p n%igh(v ;) nVv h(V;o9 av !0
we only need to show
) 2 2 ] 2
2€(S +1) In(s ) e Emin D by _ 2e(s +1) In(s ) e Amin Doy L0

We can prove this by Lemma 3 and conclude that e *8) (s ) p n%i'gl h(V; ) nv h(V; o)
n V! Ouniformly forallV S suchthatv <v .
Therefore, we conclude that e *1) () p HES hV;) nv hV;o v 'O

uniformly for allV. S such that V &V .

S.5.6 Lemmas

Lemma 1 Under Condition 1,

X - ) 2 X 2
u cmin 1=t u in 2
P S v P LAt 2 ecm vt
j2v. Y j2v Y
2 2 2 2 2
P X 5 Y4 g gomn it P X . Y. g gemn it
j2v Yi j2v Y]
2 2 B 2 2
P X uJ ZXJ;RB t 9 cmin It p X uJ 2Xj:RB t 9 e ¢ min \‘,—Zt
j2v Yj j2v Yj
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2 2 o, 2 2
b X ij; RB , X, rRB i 9 e cmin \‘/—;t . P X ij; RB X rB t 9 e ¢ min
j2v Y] j2v Y]

Lemma 2 Under Condition 2, 5 and 6, we have

uniformly holds forMj ¢ v andV &V .
Therefore, when Vj Vv andV &V , we have

2e(s ¥ In(s ) g eminfvrz(v)ive (Vg

Whencit v jVj <v andV &V , we have

. . v2r2(V)
ge(s 1) In(s ) o ¢mMn v (V)

Lemma 3 Under Condition 6 and 7,

Therefore we have

26(5 +1) In(s ) e @ hv I 0

Furthermore, under Condition 6 and Condition 7 , which is a stronger condition of n, we have

2
ge(s *D) (s ) g CMN T o0y,
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S.5.7 Proof of Lemmas
S.5.7.1 Proof of Lemma 1

We first prove Uj is a sub-Gaussian random variable. We know from the definition that the n-th

moment of Uj conditional on selection is

Z
RS T 1 (By+(y) (B () "
[uj J ) ] - PIS: y i B: B;
[Sj > 0] il @(Bj+(y)+2(Bj (y))
(y)[1 @ (Bj+(y)+2(Bj (y)]dy:
where
0 1 0 1
+ X0 X
PS>0 =0g— X +ofhg K-
1+ 2 1+ 72
and
B (y)= S
Xj i i
Given that the calculations can be quite involved, we let j =1 and | = 0 to streamline the
presentation. That is, we consider
Hk 5 2 0 Lo { 29 L -~ ()hq>( )+ @ ( ) d
= +y)+
X PS>0 1 7 @( +y)re(  y) d d o
Here
PS >0=2 @ p—i
E[u} jSj>0
Then when n is an odd number, w = 0. When n is an even number, we have
i
Eu} IS > 0] ) ‘1 ( +y) y) " ()hCD( my )'d
= y y +y)+ y) ay
X; PS> 0] o O( +y)+ o y)
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(. +y v _C+y) Y ( +y) 1="2
O( +y)+ 2 y) o )+2( ) o( )+2( ) @( )+2( )
ELiS >0 2 Z o Cy o O e

% PIS; > 0] o o +y)re( y Y Y

N PR S /H S | R
P[Sj > 0] 1z e( +y)+o( )
2 Z( 12:(7 ) 1= 2 & h '
2 1 . i
R0tz Y v) <I>(I +Y)+®( Y dy
2 L =2 o h i
PIS >0]z° 5 e ) Wel #wxel y)dy
9 L h i
RS0 o ) (yl) (. +y)+2(  y) dy
1:p27 - 2 Z1 n h I
=2 0 )0 ] g0, Y W tvEel Y d
R ot
o ra( ) Pge0 Y VY

Then by the property of sub-Gaussian random variable, we know that there exists a K such

that

forany n 1.

E[u}, iSj > 0] En " 1

Then we can know that there exists a K 2> 0 such that

n
X
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for any n 1.
This proves that conditional on re-randomized selection, Uj is a sub-Gaussian random variable.
Since j is a Gaussian random variable, it’s also a sub-Gaussian random variable. Then we know

iUj, ujz and j2 are all subexponential random variables.
b2 2

Also we know from Condition 1 that —iF8, XiR® is 4 sub-exponential random variable.

Yj

Then by Bernstein’s inequality, we have

; t2 t
cmn  —p——uw——; Uy
max
X iy R e R
P —“ t 2 e i ]
jav Y
2
; t : t
emn —p——————u7 5 - .
B2 0 2 max i 2 2
2 e j2v j j Yi 27 Y 2
¢ min 2 : t
X AT g
iU R B L AR B Y
P > t 2 e : i i
j2v Y
¢ min _ 2 : s t
T i 02 e, § 2 g2
2 e jov© Yjo 20 Y2 ! vy o2 2
¢ min 12 : t
2 $ ! 2 \2(
P P i P
X 2 \2( ki max ki
P ) Lt 2e i2v Y Y
2
i Y
j2Vv ]
) 2
¢ min - : -
u 2 2 i 2 2
U Y g UYL,
. it =i ) max j jifl ———li )
2 e ] Yj Yj
¢ min 2 ; t
R PR
o P o P
X j2 \2( oy i) maxii———Li
P —— t 2e . Yi Yi
j2v j
. 2
¢ min — ; 1
u 2 2 U 2 2
T UYL,
_ZvukJ i max j jif! ———ii )
2 e ' Yi Yi
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t2 . t

¢ min — ; > 2
2 2 P Xjreio Yi Xjrs;
X ¢ i ——Ri 2 max i ‘27’ i
uJ X rRB i2v 1 '
P — ot 2 e i i
j2v i
) 2
¢ min — ; vt
bouro% gl
o —— LB max i ——— LR 2
2 e J YJ Yj
) 2
¢ min —t ; -t 2
2 2 P " Xjre Y Xjre;
X us g e A A max  jj ﬁ—u
p . i RB t 9 e j ¥ ¥
j2v i
) 2
¢ min — ; —
jzvﬂyﬁ—g max i jiff ———L5"
2 e
) 2
¢ min 2 - ; 2 r
X X X X
X b2 2 P CIiRB_TERBy2 ey jj —LRE_TIRBy
. . 1 1
= Xj; RB Xj; rRB t 9 e jav ¥ Y
2
j2v j
) 2
cmin ¥ t ; ¥ t
Pl P%.pe X % re X,
i j; RB I RB]-J- 4 max iy j; RB i RBjj 2
j2v YZ. 2 YZ. 2
2 e ! j i
) 2
¢ min -2 = ; 2 t
P X . X i. X X
X b2 2 i J; RB Js RBjj 2 max ; ji J; RB Js RBjj
. — il
P Xire  Xire ¢ 9 g i j ! j
2
j2Vv j
) 2
¢ min v ! ; ¥ L
8 0% re X d 5% re X
jif i; RB I RBjj 4 max ; jj P j; RB i RB].J. 2
oy 2 2 ! 2 2
2 e J Yj Yj

Under Condition 1, we can have the conclusion in Lemma 1.

X . . 2 X 2
u cmin =t u in 2.
P JZJ t 9 [ v ; = 121 t 2 e cmin  —;t
jev Y j2v Y
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X 2 2 ) (2 X 2 2
j Y, cmin =t ] Yj ¢ min
P 5 t 2 e ; P 5 t
jav Yj jav Yj
2 2 2 2
=) X uj zxj;RB t 9 e cmin f,—z;t : =) X Uj 2Xj;RB t e ¢ min
j2v Yj jav Y
2 2 2 2
=) X bxj; RB , X rB t 9 e cmin \t,iit : X bxj; RB 5 X RB 9 e
j2v Y j2v Yj
S.5.7.2 Proof of Lemma 2
Proof. Without loss of generality, we can assume that \2(1, = %, then we have
1 X rf
r(V)=- —12 — min rj2:
V. v \ j2S ;r;60
j2v i
Under Condition 5, we have
In(s) v In(s) s In(s) |, o:
r(v) n_min_r? n_mn_ r?
j2S ;r;j60 j2S ;rj60
In(s) In(s ) V2 $ In(s) |
r2(V) n2 min_r* n2 min_ r#’
j2s ;re0 ! j2s ;re0 !
Notice that when jVj v and V &V | under Condition 6, we have
(s +1) In(s) (s +1) In(s ), 0 (s +1) In(s) (s +1) In(s ),
vr (V) v or(v) 7 v r2(Vv) vor3v)

Then we can show

2e(s ¥ In(s ) g minfvrz(V)ive (Mg
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Notice that when ¢ v jVj <v and V &V | under Condition 6, we have

(s +1) In(s) (s +1) In(s)! 0: (s +1) In(s) v (s +1) In(s)

voro(Vv) a v or (V) V2 r2(V) gV 2 Lo

Then we can show

v2r2(v)

Y 1o

2e(s +1) In(s ) cmin vr (V);

S.5.7.3 Proof of Lemma 3

Proof. Under Condition 6 and 7 , we know that

n In(s); and \S/— is bounded away from 0:

Then

Then we know

2e(s +1) In(s ) e @ nv I 0

Under Condition 6 and Condition 7 , we have

(s +1) In(s)

n

10

Then we know

2
9e(s D) In(s ) o MmN Fh a
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S.6 An example that Assumption S3 is satisfied without perfect

screening

S.6.1 Main results

With a slight abuse of notation, we consider a special case where the instruments can be divided

into three clusters:

Vi= j:r1;=0; x; = o withjVij=vy;
Vo= j:rj=r2 x;, = o Wwith]jVy =vy;

Va= j:r1j=r3 x; = o WwithjVs=vs:

Here, V1 represents the set of valid IVs with rj = 0, and V> represents the set of invalid IVs
with vanishing pleiotropic effects with ry tending to zero at an appropriate rate (see Lemma 5
and Theorem S3 for its precise characterization), and V3 represents the set of invalid IVs with
non-vanishing pleiotropic effects. We note that it is not necessary to restrict all x;’s to have

the same magnitude, and our results presented in this section can be extended to cases where the
|

standardized IV strength lies in a neighborhood of o= x;, in the sense that % 2 TO -2

j j X

with tending to zero.
To further simplify our theoretical derivation, we consider \2(]_ = % forallj 2S . Next, for any

subset V. S |, we further define the following quantities:

_Vi\Vj

~V2\Vj _JVs\Vj
Vi — —

pa(V) Vi 3(V) Vi

p2(V)

Lastly, we denote Ap = In(s )_ n s =n.

In what follows, we will argue that to satisfy Assumption 3, our invalid IV screening proce-
dure does not need to have a perfect screening property. In other words, our estimator remains
asymptotically unbiased even if our IV screening procedure does not select V1 with probability

approaching one. As shall be made clear in Lemma 4 and Lemma 5, our method avoids the need
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for perfect IV screening by showing that the selected IV set ¥ can include both invalid IVs from
V2 and a vanishing portion of invalid IVs from V3 in the selected set .

We impose the following conditions:

Condition 8 (The order of the number of valid IVs) The number of valid 1Vs v1 is of the
same order as S . For the number of invalid IVs, there exists a positive constant ¢ 2 (0;1) such

that (V2=V1 _ V3=V1> C1.

The above condition requires that the majority of the IVs included in MR are valid IVs. The next
condition is needed so that our optimization problem does not suffer from potential over-fitting

issues in high-dimensional settings:
Condition 9 (High-dimensional BIC) , In(s ):

Next, for any given " > 0, define a collection of sets

V bias (") =V (")[ VBic
1+¢

o
= VV S :p3(V) p—— VV S ;jVj=v<

Vi
ns rs

Vias (") is a union of two types of sets that will be screened out by our invalid IV screening
procedure. The first set V (") consists of all possible sets with a non-vanishing proportion of IVs in

n

V3, defined by the condition p3(V) . Consequently, if our selected set ¥ belongs to V ("),

ns rs
the resulting causal effect estimator is biased. The second set V gc comprises all sets containing a
total number of IVs smaller than v;. As our IV screening procedure adopts lg penalty with BIC to
screen out invalid IVs, our selected set ¥ tends to select an IV set with cardinality larger than vi.

Therefore, ¥ does not belong to Vgic as well. The following lemma provides rigorous statement

about our selected TV set ¥:

Lemma 4 For any given " > 0, if r3 is sufficiently large in the sense that An=(r3") = 0(1) and
jb(V)j 1s bounded by a constant for ollV 2 S | then under Condition 1, 2, 8 and 9, the selected IV

set ¥ using our procedure satisfies P(¥ 2 Vpias (")) ! 0

Next, we demonstrate that when ro tends to zero at an appropriate rate and ¢ are sufficiently
large, for the set V that does not fall into Vpias ("), the bias term described in Assumption 3 is

asymptotically negligible:

o4



Lemma 5 We choose a S =ns 3 to stabilize the variance (other choices for a can
also be adopted). For any given " > 0, whenever ry < P? and z—ré% = 0(1), under Condition
0

1 and 2, we have p
by
- a o j2v I’J i; RB -0 (,.)_
JPS r . b2 2 J_ P .
2V Xijre Xj; rB

for any V 2 Vpjas ().

In Lemma 5, " can tend to zero at different rates, each affecting the conditions on rp, r3, and
o differently. To cast some insights into this result, we consider a simple example. For a positive

constant , we let

r __
" =0(1); np=h' (s) Ins); rz=mI'3 (s) %:

If rp and ¢ satisfy
S

1 In**™ (s)

r<4pi; 71
2 In(s) "ns ° n

the conditions of Lemma 5 are met. Here, the above requirement on the magnitude of ¢ is rather
mild, as the selected IV strength in S typically has an order greater than P log p=n, since the
cut-off value 1is often of the order P Togp. In practice, since relevant IVs often constitute only a
small fraction of all candidate IVs, S should be a term of smaller order compared to p. Therefore,
the condition ¢ In'** (s )=n that we impose here is rather mild.

With these two lemmas, we are ready to show that the set ¥ selected by our proposed invalid

screening procedure induces negligible bias:
Theorem S3 For a vanishing number " > 0, we assume that

(i) r3 is sufficiently large in the sense that An=(r3") = o(1), which ensures our invalid screening

procedure to effectively screen out IVs from V3.

(ii) r2 is a vanishing number in the sense that ry < P;?, which ensures IVs from V2 to have

vanishing pleiotrophic effects.

P —
(i1i) o is sufficiently large in the sense that —Sd?% I 0.
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Ifjb(V)j is bounded by a constant for allV 2 S | under Condition 1, 2, 8§ and 9,

S =ns g to stabilize the variance, we can prove that
P
. a e b5<j; RB .
i2% Xjre X, rB

choosing a

We note that the third condition in the above theorem is slightly stronger than what was

assumed in Lemma 6, as we applied a union bound, needed to account for uniformity across all

possible subsets of S . The conditions we impose here are sufficient but by no means necessary.

S.6.2 Proof of Theorem S3

For any given "> 0, we have

P P
. a 20T b5<j; RB X L a o gavi b5<j; RB
p P = p P
S b2 2 S . 2 2
i29 X rs ij; RB V2Vypias (") j2V Xj re ij; RB
P
i X . a o 2V rj t&j; RB
"’ T he 2
V2V pias (") i2V. Xjre Xj; rB

19 =V)

19 =V)

For any "o > 0, the first term in the right hand side can be bounded using the following

inequality:
P
. X a iov i t& .
P(] s P—s E,zRB 1@ =V)j>"0) Plvavy, fV =
V2V pias (") j2V Xjre X RB

By using the result in Lemma 4 and letting "o ! 0, we are able to show

P

p p—1Z T (Y =V) =o(1):
S b2 b2
V2V pias (") i2v Xjre X, rRB

Thus it suffices to show that the second term on the right-hand side satisfies

P
2v '] ;
P P 22— 1P =V) = op(1):
V2V pias (") i2v Xjre X, rB
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In Lemma 5, we show that under the event A(V;"), we have

P
. a j2v ' in:RB i< o
JHS P PR

12V Xj re Xj: RrB

for any given V 2 Vypjas ().

T
Under the event 5y bae ()

Thus we have

A(V;"), we can show that this holds uniformly for all V 2 V pjas (").

X a vl B,
p P JZ\t/)Z J I ;B 1(9 — V) < 9!!.
V2V pias (") i2v Xjre bxj; RB
We also notice that
\ [ X
P A(V;") =1 P AS(V;M) 1 P AS(V;")
vav bias (") vav bias (") vav bias (")
Here A€(V;") is the complement of the event AV;M).
To prove P yay .. yA(V;") ! 1, we only need to show
X
P AS(v;") e *ING) max P ASVY) 10
" vav bias (")
Vzvbias ( )
c"2 g v
In Lemma 5, we have P(A(V;")) 1 2e BNV § ge cminfgn?v $inv g o gpa(Virg+pa(V)r} 16s
w2 2
. c 0 v
thus P(AS(V;")) < 2 e w44 e ominfigniv giznvie o @raWigrps(Vir3 s addition,

we have v > 1+th1 vy for any V 2 Vypjas ("). Under Condition 8, we have v

any V 2 Vbias (").

With these results, we can prove &5 *1 (S ) maxy 5y, P AC(V;") ! 0if wehave

0 and rr < 9%

When " is a vanishing number, we can show

X a

P
jav T t&j; RB

fal
P
V2V pias (")

S]

r b2 2

2V Xjrs X rB

o7

S uniformly hold for

19 = V) = 0y(1):

)

P,
|
5 nﬁ(s )"r3

0



Thus,

P
a j20 " bS(j; RB )
j2% Xire  “Xjre

o)

Therefore, although our selection procedure does not have perfect screening properties, the set

that we select still has negligible bias.

S.6.3 Proof of Lemma 4

For any V S |, we denote a collection of sparse vectors

n o (0]
Ry= a2RPS11:a =0 forj2V; a&0; fork2V®

and a function

X
h(V; ) = rranizn p N t&j; REY bxj; RB
Vizs
_X (ij ij; M b>2<j; RB.
= 2 ’
j2v i

For any given " > 0, we define the set Vpias (") = fVJV S ;p3(V) pﬁg [ V)V

S;jVj=v < 1+th1 vi1g: Now we want to analyze P(V 2 Vpias (")) by utilizing the following

o8



inequality:

PP 2 Viias (")) P i i inh(V; v inh(Vy; v
( bias (")) o L minh(Ve) minh(Vi; ) n V2
[ o
P H%iélh(v; ) n jVij r%igelh(vl; ) n V1
V2Vbias (")
»
P minh(V; v h(Vy; \
ey ¥ MIEVVEVe () 2R Vi) Wiro) o v
»
sV max P minh(V; ) n V. h(Vi o) n Vi
v=1 Vi=Vv;V2V pias (") 2R

(s +1) In(s ) : . i\/i .
e P h(V; Vj  h(Vy; %
Vo oy meh(Vi) o M hOMa o) v

=eS™NE) P ominh(V; ) o v hViio) o Vi

2R
(S4)
where V. = argmax €S *D ME) P minh(V; ) Vi h(Vi; o) o vi andv =}V |.
V2V bias (") 2R
As we show that
e WINE) P ominh(V; ) v h(Vio) novi! o0 (S5)

2R

then P(V 2 Vpias (")) ! 0 holds. Here, we also note that the first equation in Eq (S4) follows from
the definition of the optimization problem defined in Equation 2 in the manuscript, the second to
the fifth inequalities in Eq (S4) hold following n%ig h(Vi; ) h(Va; o), %, s¥ and some basic
calculations.

To prove formula (S5), we need to analyze the asymptotic properties of h(Vy; o), Héilg h(V; )
and q.

We start with h(Vi; o) and decompose it below following our notation defined in Section S.5.1

X (m] 0 Xj)z 2 X (bxj;RB Xj)z b)z(j;RB

h(V1; o) = > + 5 5
j2vi Yj j2vi Yj
2 X (mj 0 Xj)(t%(j;RB X])
0 2
j2viy Y
X 2 X u? b2 X
j 2 i Xj; iy
= — 1t o 2 2 (S6)
j2vy Y j2vy Yi j2ve Y
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Next, we study the asymptotic property of H%iél h(V ; ). We denote b(V ) = arg H%igal h(V ;)

and decompose h(V ; BV )) in a similar way as h(V1; o), following our notation in Section S.5.1.

h(v ;B ) = . +bev )2 >
j2v Yi j2v Y]
j2v Y]
X ry(by
2b<V ) (bYJ 0 Xj 2])(R(];RB X])
j2v Y]
X (o x +ri+ i Bv) x) X uf b
— j ) i —l—b(V )2 5 i RB
j2v Y] jav Y]
X (bv . r) u X u
+2bv ) V) x (ZJ x;  Ti) uj 2byv ) jzj
j2v Yj ja2v. Y
X 4y by 2 X 2z X +r by
_ (o0 x; i (V) xj)jL - (o x; +rj 2( ) X)) i
jav Yj jav Y jav Yi
X u?Z b2 X (bv) ri) u X u
j Xi; X; 0 X i i uj
+hv )z TR oy ) s 2bev )
jav Yi jav Yi jav Y

With these decompositions, the Equation (2) can be rewritten as

P migh(v; ) n VvV hVi; 0 n w1

2
_p N Lo x bv ) Xi)2+ n(viov) X80 Lo x v ) %)
= 2 2 2
j2v Yi j2v Y j2v Y
2 2 2 2
b(V )2 X Y Xj; RB | b(V )2 X ij; RB X} RB 2b(V ) X (b(v ) X 0 Xj rJ) Uj
2 2 2
j2v Y] ja2v Y j2v Yj
X 4 X 2 X u 2 X b2 2 X U
_|_2b(v ) J;JJ + 7]2 i g i ZXJ: RB % Xj; rB . XiRrs o 0 J;JJ
jav Y j2ve Vi j2vi Yj j2vy Yj j2vy Y
By some calculations, we can see that
P 1 x
i)2
2 ( 2 )
X (o x +r15 bv) )2 minx (0 x; +T )Xot Gy v
2 2 = 2 p 2
i2v Y v Y v Y, &
j2v Y
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with probability 1.

Let
( P r] Xj )2 (P I’j Xj )2
2 2 2 2
ANV ) = 1 X r| jav Y X r jav. Y _
( ) - 7( 2 P )2( ) ; 2 P )2( =V
j2v. Y EaR ji2v Y I
j2v Y j2v Y

When V. 2 Vypias (") such that jV j =v 5

exists a Cg > 0 such that

% vy and V & Vi, under Condition 4, there

P Iglalh(v ) ) n V h(Vl, 0) n Vi
. b 2 X 2 2 X 2 2
L V u .
p ( 0 X ] 5 ( ) XJ) N (V v ) ] . Yj b(v )2 ZXJ, RB
jav Vi jav Yj jov Yj
X b2 Z brv r X (bv v o) u
_|_bV )2 XJ:RB2 X, RB 2 ( ( ) X 2 X J) J 2b(V ) ( ( ) Xj g X J) |
j2v Yi j2v Y j2v Yj
2 2 2 2 2 2
+2b(v ) X iy + X j Yij + (2) X Yj Xj; rRB 2 X bxj: RB X rB 26 X iy
2 2 2 2 2
j2v Y j2v. Yj j2v. Y j2v. Yj j2vy Yi
X b 2 X 2 2 X 2 2
o x; tr \% X Y, u X
P ( j ] 5 ( ) ]) n (V v ) ] 5 j + b(v )2 ] 5 j; RB
j2v Y j2v Y j2v Y
X (b . o)y X (bv . o Xy
j2v Y j2v Y j2v Y
X b 2 X 2z 2 X uw 2 X bZ 2 X
+b(V )2 ],RBZ j; RB + J . [ g J . j; RB + S ],RBZ j; RB +2 5, ]2J
j2v Y j2v. Yj j2v. Y j2v. Y jovy Y
X L by 2 X 2 2 u2 2
p ( 0 X ] . ( ) XJ) N (V v ) ] . Yj +C§ J X rB
j2v Y j2v Y j2v
2 2
—|—C§ bxj; B i X re +2C X (b(V )X 2 x;  Tj) u Lo X (b(V )X, ;) x; Ij)
j2v Yj j2v Y j2v Y
X U X 2 2 X u? 2 X b2 2 X U
+2C, A0y 404z d Xie 20 Hire . iR 49 L=
j2v Y j2Vv Y j2vi Yj j2v. Y j2vy Y
For simplicity, we can assume Cp =1 and ¢ = 1. We also know that
b (7 ny
X (o0 x, 4T V) )2 X r2 vi
j X j2v i X
: 2 : n (Vv ova) - P n (Vovi):
Yi jav Y BaR
j2v Yj
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If we have

n V) Vv, (57)
p ( P in )2 \" A(V ) '
rzj2 ;2vP Yzj
j2v Vi élﬁ
jav Yj
uniformly holds, there should be a € such that
Por )2 P x )2
X rjz j2v i X rjz j2v i )
jav. Yi —- jav. Yi —-
j2v i j2v i
We prove the Equation (S7) in Lemma 6.
With this result, the above probability is bounded by
(P rj Xi)Z (P T Xj)2
2 2 z 2 2 2 z
b XU Xw g<x SR EY ) 4 XU % g(x L/ R
. Z 10", Z Pz _ 2 0 2 P 3
j2v Y jov Y L j2v j j2v i -
jav Vi jav i
P r X P r X
X b2 2 X ( : Z : )2 X b2 2 X 2 ( : 3
p Xjre  Xjre c g i2v ' =) Xire  Xjre  C M i
* 2 w0l 72 Pz ) 2 T P i
j2v Yi j2v Y L j2v, Yi j2v Y L
j2v i j2v i
(7 g (7 g
2 2
b X ]2 %j c X i jov Y 5 X 12 \2(,' c X rjz jov Y
jav Yi jav Vi —L jav Yi jev Vi —L
jov Vi j2v i
P r « P «
X X r? ( 131)2 X U X r2 ( JY-J)Z
i Uj £ M j2v i i Yj £ Ml j2v i
P2 2 ol 7z Pz ) P2 2 ol 2 Pz )
jav, Y jov Yi BJR ji2v Y jav Y L
j2v i j2v i
X (bv r| 1 X +r; b 2
X 0 X 0 X X
ipa X OV o x ) X Gt V)«
j2v Y 10 j2v Yi
X (bv) rj) u 1 X +r; bv) )2
i 0 X 0 X; X
ppon VD x 0o m) Y ¥ Lo x +ri X S v
j2v Y j2v Yj
Also we have
V \Y)
u u
X obv) o x m) oy BX (V) ko x 2 X @
2 2 2
j2v Yj j2v Y] j2v Y
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v v
u u
XoBv) % o ox ) g BX vy x 0 ox X P
2 2 2
j2v Yi j2v Yi j2v Y
That means there exists a ¢°%> 0 such that the last two terms are further bounded by
X V) x 0ox M) 1 X (o x . BV) )
P 2 10 2 n (v
j2v Y] jav Yj
P ¢ S+ by x )2
bx 2 1 R n (Vovi)
p H i ji2v. Y]
2 =4
ji2v Y P (o x;+r 2b(V) x;)?
ja2v Yj
(P ] xj )2
X 2 X r? . z
i 0 ] ji2v. 7]
P - R 5 =)
jav. Y jav Y -
j2v Y
Similarly,
X o(v) x, oo x, m) oy 1 X (o x4+ BV k)2
P 2 10 2 n (v
jav Yj jav Yj
(P rj Xj )2
2 2 2
R TR AL S L
2 2 P 2
jav Y] jav Y] -
j2v Y
Qmin L2 2.
\Z1 ’

Using Lemma 1, we can show that these ten probabilities are bounded by 2 e

To prove els *1) In(s) p n%iFrgh(V 7)) n Vv h(V1; o) n Vi

V 2 Vpias (") such that jV j=v “% vi and V 6 Vi, we only need to show

0 mi ) 20y ). V2 (V)
26(8 +1) In(s ) c¢’min v (V);v v ); vy Lo

The above formula can be converted into

9g(s +1) In(s ) o Aminfv (V )91

We prove the Equation (S8) in Lemma 6.

63

\'

2(V ), v

I' 0 uniformly for any

(V).



When v < & vy we decompose h(V ; (V) in a different way,

X (b Bv ) By )2 X bg
. i j; RB 2 X, rB
W By ) = L ey 2 2y
ja2v Y] j2v Y]
2 2 2
o X (m] b(v ) t&j; RB) b vV 2 X ij; RB X, rRB
= 2 V') >
j2v Y j2v Yj
Under Condition 4, there exists a Cg > 0 such that
P Illzlgh(V P ) n V h(V1; o) n V1
X (b, by )2 X bZ 2
p ( i ( 2) X RB) + o, (Vl v ) b(v )2 X, rB
j2v Y j2v Yj
2 2 2 2 2 2
n X j , Yi T g X UJ 2)(J RB g x ij; RB , Xj; RB 2 0 J2uJ
j2v. Y j2v. Y i2v. Y j2vy Yi
X by b 2 X 2 2
p (mj ( 2) XJ:RB) + 4 (Vl Vv ) g Xj RBZ X, rB ic
j2v Y j2v Yi
X 2 2 X u? 2 X b2 2 X
+ J 5 YJ + g ] 2XJ:RB + g XJ:RE!2 XJ:RB +20
j2v, Yi j2v. Yi j2v. Yj j2Vv.
X b2 2 X 2 2
P, vy v) Cdv Ci Xire  Xjre 5 Xire 4 e Y
j2v Y; j2vi Y
X U-2 2 ) X b2 ) 2 ) X s Ui
+ (2) ] 2XJ;RB + (2) XJ;RBZ X rB _|_20 12]
j2vi Yj j2vi Y j2vy Yi
For simplicity, we can assume Cop =1 and ¢ =1.
Using v < 1+2C1 V1, we know that there must be a ¢ > 0 such that
n(vi v) C3v ¢ g vi
then the above probability is bounded by
X uw g X bZ %
X, c X X, C
p J 5 i RB ~ VA p i; RB . i RB - A
j2vi Yj j2v Y]
X bZ 2 X
X Xi: c u C
+P —LEE IR = onvi P2 o £ nV1+P
j2vy Yi javi Vi
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Using Lemma 1, we know that there exists a ¢®> 0 such that the these five terms are bounded
by 2 e cmin  2vy; ﬁ; n Vi

To prove els *1) In(s ) p n%iFrg hV; ) nv h(Vi; o) n va ! 0, weonly need to show
9g(s +1) In(s ) o @ v I 0

This can be easily verified by Condition 8 and 9. So we can conclude that e(s *1) In(s)

P H%ill?l h(V; ) n VvV h(V1; o) n Vi ! 0 uniformly for V. 2 Vpijas (") such that v <

1+c
21 Vi.

Therefore, we conclude that €S D In(s) p Héig h(V; ) n Vv h(V1; o) nvi !0

uniformly for all V. 2 Vpjas ().

S.6.4 Proof of Lemma 5

To prove this lemma, we first define the event:

8 9 8 9
< 2 2 2 = < 2 2 2 =
A(V:") = X ij;RB Xj; rB < 1 X Xj \ X ui Xj; rB 1 X X
T AR S N A T
j2v ' jov_ Y’ Tojav ' jov. Yi’
8 ' S ER: : ' g
2 = 2 =
\ <X X Uj 1 X X; \ <n4a X rjuj W Xj .
2 1 , LS 2 < 2 -
j2v Y jov. Y’ j2v Y jo2v. Y’
We want to show for any " > 0 and any given V 2 Vpias ("), under event A (V;")
P
a o vt bxj; RB "
p P <9 "™
S R o b2
2V XjRrs Xj. RB
and P(A(V;")) ! 1.
To do this, we make the following decomposition,
P bg< P
o a P jov Ti i g a = - j2vriP X +2 jzvrj2 Uj . —
2 2 Sy . - . . :
S j2V bxj; RB ij; RB S j2v Xj + j2Vv 2 Xj u] + j2v (ij; RB Xj; RB) + j2v (u] Xj; RB)

and notice that under A (V;") we have
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P b, = =
a vl Xre A jov i it ojav i Ui
P Lt NMe—— 17 2
S b2 2 S 1 .
2V Xjre ij;RB =) 4 j2v X P
4 a p2viiox; 4a  Gavli U
= Pg J — + pg—" 5
p 2V X j2v X
4 a pov M X,
< ps p 5 + "
j2v X
For the first term on the right-hand side
P
4 a p2v i X
P ' 2
S 2V X;
, we can rewrite it as
P
q > _p2v i X a ; (k4 r3 o
4 ns g > =4 NS g5 o 20 210 2
j2v X 10TV20TV30
q > Vk+Vv)  org
=4 NS 5 5o .
rs
=4 ns F(palV) k+pa(v)S
p

=4 "ns (p2(V) k+ps(V)) rs:

where k = % For any given " > 0, we have p3(V) < pnsjra for all V 2 Vpjas ("). If we have

r2 < p—=—; then we know

=)
q T )
4 ns 5 JM =4 pﬁ (P2(V) k+p3(V)) ra< 8"
j2v X
holds for any given V 2 Vypjas ().
Now we show that under A (V;"),
P
" a D jZV rJ iji RB < 9 ",
S C b2 2 '

i2vV Xijrs ij; RB
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It suffices to show that P(A(V;"))! 1. We have

2 2 2 2 2 2
P(A(V")) 1 P X bXJ§RB Xj§RB 1 X Xj =] X uJ Xj?RB 1 X Xj
’ . 2 4 2 . 2 4 2
j2v ] j2v i j2v j j2v i

2 2

p X X; Yj 1 X X; p 4a X rjuj " X X

2 4 2 S 2 2

jav Y jav Y jav Y j2v Y

2
P X
X bg & 1 X Z ¢ minf RY i v 29
” . i el o2 4.l 2
X],RBZ Xj; rB T );J 9 e i _9 g cminfgn?vgiznvig
j2v Yi j2v Y
2
F iy 2
i2v 2
Y P X
X U2 2 X 2 cminf I S g
X 1 X 16 v 4 jv Tz infl n2y 4-1 2
=) ] . j; RB Z 21 2 e Vi —9 e cminfs=n<v giznv gg
j2v Yi j2v Y
Z
¢ jav —H)?
Mi
p X P >2(
X X, Uj 1 X )2(1_ 16 jov TJ % jov 2 < P'zv Snv
P > 1 > 2 e =2 e i =2 e ® 12 Xj =2 e 1"V 0
jav Y j2v Y
2.
¢ ( jav —b)?
\7 s
i
7 Z
p re a w2 22,2 4 w2 2
4a X riu X >2< 167 v 4 1; PV 0 1 c"? ¢ v
=] p37 121 " Tj 2 e Y —_9 @B jarfns § _o epz(v)r22+p3(v)r32 s
j2v Y j2v Y

w2 2
c 0 Vv
n < 2 i 1 n2 4.1 2 2 2
Thus we have P(A(V;")) 1 2 e "V 0 4 g CMnfEn™Vvgiznvgg o gra(rgrea(irfies

Since Vj =v  #%s and p3(V) < prg— for V 2 Viias ("), if we have k < pr— then

(V)3 +pa(Vii3 2" 13
"2 2 "hsT3"2 3

. 2" ra

~Phs g

. 2 rs .

~Phs e 2

If P—an% ' 0 and ng I 0, we then can show P(A(V;"))! 1.
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Thus we have p
b
a D j2V rJ Xj? RB :o (u).
S T b2 b2 P
2V Xj re Xj; rB

o)

for any given V 2 Vypjas ().

S.6.5 Additional Lemmas

Lemma 6 Under Condition 2 and 8, if An=(r3") = 0o(1), we have

9e(s ¥ In(s ) o minfv (V9| 4nd " (v Vl)! 0:

uniformly hold for allV 2 Vpjas (") and v = jVj 1+%Vl.

S.6.5.1 Proof of Lemma 6

For a given set V 2 Vpias ("), we let V¥ = jV1\Vj , V) = jV2\Vj and v] =jV3\Vj . Then

i)2
2 (==
AV) = 1 (X v Y ) = VK2 +v8 (VK r3 o+V3 r3 o)? 1
ERvERT AU A T E R A A S A e
jav i
_ VKEHVE o (VEk+VE)? nrg
VPR3 Ve T (Vv g2
Using the definition of p1(V), p2(V) and p3(V), we have
(" oy
1 X rj2 j2v. Y 2 2 2 a2
A(V):m 7 piz):(pZ(V)k +p3(V)) nrz (p2(V)k +ps(V))” nra:
1 2 3jav Y X
2
j2v i

where k = 2,
rs
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‘We have

P2(V)K® +p3(V)  (P2(V)k + p3(V))?
= (P2(V)  P2(V)?)K?  2p2(V)pa(V) k+ps(V)  pa(V)?
= p2(V)(P1(V) +ps(V)K?  2p2(V)pa(V) K+ ps(V)(P1(V) + p2(V))
=p2(V)ps(V) K 2p2(V)ps(V) K+ p2(V)pa(V) + pa(V)Pa(V) + p2(V)pu(V) k2
=p2(V)pa(V) (K 1)? +pr(V)pa(V) + pa(V)pe(V) K?

Note that we have
Vg Ci V1 . 2C1 .

Vi+ve+v) ey 14

p3(V) <

Let ¢ = £%-. If p3(V) g, wehave 1 & <p1(V) +pa(V) 1 pg—r.. Then we

consider two different situations:

1 ¢ . 1
 p2(V) >+: by choosing k < 35, we have

(P2 (VK2 +p3(V))  (p2(V)k +ps(V)?  pa(V)ps(V) (k  1)?> T P
3

0 1

* P2(V) < 1521 we have py(V) > 152,

(P2(V)K + ps(V))  (P(V)K +Pa(V))*  Pi(V)ps(V) > — @

So we have when p3(V) pﬁv

(PaVIK2 4 pa(V))  (pa(VK + paV)2> L g

Now we consider

(s +1) In(s) s +1 In(s ) s +1 8”5 maxfin(s ); ng.
v ANV) v (VK +p3(V)  (paV)K+pa(V)2) nrg @il oy (1 o)) " Thrg

69



n (Vv i) n 8p?maxf|n(§\); ng.
v AN) (VK +ps(V) (peMk+ps(V))?) m2 (1 &) " "nrg

Using Condition 8 we have 613+1+1v = O(1). Then if we further have
2 1

we then can show

9e(s ¥ In(s ) o minfv (V9| g and " (v w) |

N

S.6.6 Sufficient conditions for the Boundness condition

Condition 10 (Boundedness) For anyV 2'S , Jb(V)j is uniformly bounded away from 1 with

probability goes to 1.

To see this, we can decompose P(V) as follows:

P (o x;+1j) x P Xi

j j !
j2v 7 + jov Tz jav T jov ~Z
b(V) o Y| Y Y Y
- 2 2 2 2 2
P Xj +2P R/ Pow e P PXire Xire
j2v 31 j2v 3,- j2v \ij j2v 3}
2 P . P .
s ry o X Xi PR X i Uj Ui i
-+ maxj—- oy =+ oy —— + ( 0o+ maxj—L- oy —— oy —ot
(o e J XJ_J) j2v 73 j2v % (o e J ij) j2v 7% j2v 77
- 2 2 2 2 2
P X +2P X'uj +P Uj X'; RB P bxj; RB Xj; RB
jav 2 jav T2 jav 2 jav 2
Yj Yj Yj Yj
Define the event B(V)
8 9 8 9
< 2 2 2 = < 2 2 2 =
B(V) = X bXJ;RB XjrB 1 X Xj \ X Yj XiRB 1 X Xj
- 2 4 2 - : 2 4 2
ézv Yj jav ng ’8 j2v Yj 9 j2V8 Y !
< 2 =\ < 2 =\ <
\ 2X x; Uj . 1 X X; \ X U . 1 X j \ X Xi i 1 X
D 2 4 % 2 4 2 2 4
j2v i j2v i j2v ] j2v i j2v ] j2v
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Under B(V), we have

. X Xi ] S X Yj u
+ max|—— . L 4 . J + + max |—— . ] + . i
b(V)_ (o e J xjj) jav \2(1_ j2v \2“_ (o e J xjj) j2v 31_ j2v \2(1
= 2 2 2 2 2
P X +2P Xjuj +P Y Xj, RB P ij;RB X RB
jov Tz jov Tz jov — =z jov — 2z
Yj Yj Yj Yj
2 2 p 2 p 2
Ty X; 1 X Crpoy 1 Xj 1 Xj
(0+jf121531XJTjJ) jzv?JFZ j2VT+(O+Jn21%XJTjJ) 3 jzvﬁ{JrZ E
;. P 2
i jv oz
i
9 . 3.
=5 (otj=j+2
2 0
Notice that
2 2 2 2 2 2
X bxj;RB XJ RB } X Xj X u] Xj;RB } X xj
PB(V)) 1 5 1 — P 3 1 5
j2v Yj j2v Y j2v Yj j2v Y
2 2
P2X x; Uj 1 XX PXuJJ 1 X5 PX Xj 1 X
2 4 2 2 4 2 2 4
jav Y j2v Y j2v Y j2v Y j2v Y jav
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Under Condition 1, we have

P Xj 2
S A
X b % 1 X % ¢ minf TRt j2v —2-9
. . - A 2y 4.1 2
p X],RBZ Xj; rB T );J 9 e Vi _9 g cminfgn?vgiznvig
j2v Yi j2v Y
2
F i 2
j2v 2
Y P
X U2 2 X 2 cminf i1 Ly —2-0
i X} RB 1 X 16 v 4 2 cminfi n2v 4inv 2g
' il - 0 0
P % 1 \2( 2 e i =2 e 16 4
j2v i j2v Y
p %
o jov —h)?
M
— =2 — 2
P X P X
X X Uj 1 X )2( 64 joy —- 57 ]ZVT] < n 2 c
P2 ' - —L 2 e =2 e i=2e % ¥ X =92 ¢ &a"V
2 4 2
jav Y j2v Y
2
X
¢ jav )
v, ,
-
P X P X
X X ] 1 X )2( 16 oy —- 6 j2v 2 cn P 2 c
P : - =L 2 e i =2 e i=2e® ¥ X =92 ¢w"Y
2 4 2
jav Y j2v Y
2
P Xj 2
T e &
X X Z cminf v i jov 20 )
P Uj j 1 X 2 e v ! Vi —9 e cmlnf%nzvg;%nvgg:
2 4 2
j2v Y j2v Y

Thus we have P(B(V)) 1 2 e wV 3§ 92 e @V i g e cmnfsg

.
Under the event , g B(V), we can show that

bev)

N | ©

3.
(o+1—z1)+2:

holds uniformly for all subset V.S . We also notice that

2y 4.1
n“v giznNv gg

P B(V) =1 P BC(V) 1 P BS(V)

VS VS VS

Here B€(V) is the complement of the event B(V).

T
To prove P \,g B(V) ! 1, we only need to show

X
P BSv) &5t '“(5)\1/nsaxp BE(V) ! o:
VS
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We have shown P(B(V)) 1 2 e "V § 2 ewm"V i G ecmnfEn®Vgizny o thys

P(BC(V))< 2 @ 1"V g+2 e mnV §+6 e cminf%nzvg;%nvgg.

With these results, we can prove €S D) (S ) maxy s P BE(V) ! 0 if we have :1” (ZS )1 .
0

Thus we have

bv)

| ©

I3,
(o+J%J)+23

holds uniformly for all subset V. 'S with probability approaching one.

If there exists a constant C > 0 such that jr—'gj < C, we then can verify that

bev) (o+C)+2:

| ©

for all subset V. S with probability going to one.

S.7  Connections and differences with [4]

A summary of the proposed method in [4]. The authors consider a setup with an initial GWAS

Xi N (i %I)
This initial scan is used for selecting the strong SNPs. They ordered these effect size as X (1y; 115 X (k)
. e e e 2 .. 2
and denote the corresponding means and variances as (1);::1; (k) and T LKy and then

perform the following selection:

Xol  Xel | Xakl

L1 L@ (k)

Due to the selection step, the distribution of X () becomes truncated normal, and therefore, X )

is a biased estimator of (j). To get an unbiased estimation, the authors leverage the replication
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study, where Y;j is the effect size of the i-th ranked SNP such that

Yi N ( gy 50)

For simplicity, we let %-(i) = %;i = ,2 Obviously, Y; is an unbiased estimator of (). However,

it often has a large variance. For this reason, the authors proposed a weighed version of estimator,

2 2

b i+ 2iXa o Yi+ X

(i) — 2 12 - 2 '
13;31) 2

which can effectively combine the data from both the initial scan and the replication study.
Based on this estimator by, they then construct an unbiased estimator of (j) and further use
the Rao-Blackwellization to obtain an unbiased estimator with the minimum variance.

This estimator takes the form:

0 0 1 !
Wit) W) W)+ W)

‘0 =by Pz 0 0 0 0 .\’
2 (I)(Wigi 1) ¢(Wi§i 1) CD(WiEi w1)t (I)(Wigi 1)
p7 S.X . X . X . .
where Ws(;Ft)) = —52 (b(s) ( 1)p#), % =1, and % = 1(1 Cerit ) =

Connections and differences with our approach. When customizing the proposed ap-

proach in [4] to our problem for SNP selection, we may perform the selection following:

X))
1

o 1(1 Cerit ) = -

Then, the corresponding unbiased estimator for (;) can then be given by

0 0 1 1
b pl (Wi (Wip)  (Wip)+ (Wip)
v = M 5 0 0 1 1
2 WD) WD) B(WLY) + B(WiY)
0 1
o or (W) (wip)
=% P35 © &
WD) +1 BWY)

1
=by Pz —»
2
Although this estimator appears very similar to the one proposed in our manuscript, it requires
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summary statistics from a replication study (as Wéft)) depends on Yj). In other words, to provide
an unbiased estimator of (1), [4] requires two GWAS: one initial GWAS for selection and another
replication study for unbiased estimator construction. Therefore, the key difference between [4] and
our approach is that our method can construct an unbiased estimator of (1) without a replication
study. In other words, the setting considered in [4] is aligned with the three-sample MR setting,
where SNP selection is performed on a third independent exposure GWAS sample. In constrast,
we focus on the two-sample MR, where SNP selection and parameter estimation are carried out in
the same exposure GWAS sample. From a different perspective, our approach is indeed connected

to [4] as a Rao-Blackwellization step is applied to improve the estimation efficiency.

S.8 Simulation settings and additional simulation results

S.8.1 Simulation settings

Note that the total effects of SNP j on exposure X and outcome Y can be written as:
Xj= j+ xu ji vzZ= x;t j+ yuj;

where j, j, and j is the true direct effect of SNP j on X, confounding factor U, and Y,
respectively (see Figure 1). Following [39], we simulate summary-level association statistics by j
and byj directly. Specifically, we generate

2 3 02 3 2 31

b5<j XiZ .6 x O .
ﬁbwjg N F‘@?ng,ﬁo K ;

Y]

where X; = P 1=nyx and X; = P 1=ny.

To save space and make the simulations representative of real GWAS data, we focus on gen-
eral simulation settings where both directional correlated pleiotropy and balanced uncorrelated
pleiotropy are considered simultaneously. Other specific simulation settings have also been briefly

considered. Specifically, we generate the underlying parameters from a mixture of distributions, a
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setup that has been widely used for modeling the effect sizes of complex traits in GWAS [7, 47, 55]:

0 1 0 1 0 1 0 1 0 1 0 1
j N(O; §) N(O; %) N(0; 2) 0 0
%jé 1% 0 §+ 2%N(0:015; 5)§+ 3%N(0; g)g + 4%N(0; §)§+ 5%05;
i 0 N(0; 2) 0 0 0
| {z b {z }ood {z b {z }
Valid 1IVs correlated pleiotropy uncorrelated pleiotropy IVs fail the relevance assumption
(S9)

where ¢ is a Dirac measure centered on zero (i.e., the point mass at 0), 1 controls the proportion
of valid IVs (where j 6 0 and both j and j are equal to zero), » controls the proportion of
invalid I'Vs due to correlated pleiotropy, 3 controls the proportion of invalid IVs due to uncorrelated
pleiotropy, 4 controls the proportion of SNPs that are only associated with Y, and 5 =1 P J-3=1 i
controls the proportion of SNPs that have no association with both X and Y. Note that when

j 6 0, the Instrument Strength Independent on Direct Effect (InSIDE) assumption is violated for
SNP j because the exposure effect is correlated with their pleiotropic effects on the come due to
mediation by common confounding factor U. InSIDE assumption is popular in MR literature and
requires that the exposure effects of individual SNPs are independent of their pleiotropic effects on
the outcome [10].

Following [39], we generate 200,000 independent SNPs to represent all underlying common
variants and set )% = 3 = sz =1 10 °, xu = yu=0:3. Weset nx = ny = 500;000 to reflect
the sample size of a typical GWAS in our real data analyses. We further set 1+ 2+ 3= 0:02,

2= 3, 4 =001, and 5 = 0:97. We vary the proportion of invalid IVs, which is defined as
(2+ 3)=( 1+ 2+ 3), to simulate different situations.

Our proposed CARE estimator is compared with widely used IVW method [8] and seven other
popular, recently proposed robust MR methods, including cML and ¢cML-DP [53], MR-Egger [2],
Weighted-Median [3], MR-mix [38], Weighted-Mode [22], MR-APSS [25], RAPS [56], contami-
nation mixture [ContMix; 9], and MR-Lasso [40]. For IVW, we use the random effects version,
which accounts for invalid IVs by allowing over-dispersion in the regression model. For CARE and
MR-APSS, we set the significance threshold at 5 10 °. Following common practice, for other

benchmark methods, we set the cut-off value at 5.45 (corresponding to the significance threshold

5 10 8). In our numerical studies, we used = 0:5 as the default value in the winner’s curse
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removal step. We simulate 500 Monte Carlo repetitions to evaluate empirical statistical power
( 6 0) and 1,000 Monte Carlo repetitions to evaluate Type 1 error rates ( = 0).

We report our simulation results with five measures: Type 1 error rates (proportions of mistaken
rejection under = 0), power (proportions of p-values less than the significance threshold 0.05
under & 0), absolute bias (the absolute difference between the estimated b and the true ), mean
squared error (the average squared difference between the estimated b and the true ), and coverage

probability (average coverage probability of the 95% confidence interval).

S.8.2 Different proportions of invalid IVs, CARE without winner’s curse, and

running time

We conduct several additional simulations. We generate the parameters using the following distri-

bution:

0 1 0 1 0 1 0 1 0 0 1

j N(O N(O 3 ) 0
%jg 1% E %N 0:015; 5§+ % g)g + 4%N(0; E % E

i 0

| {Z Z {Z P {z
Valid IVs correlated plerotropy uncorrelated pleiotropy IVs fail the relevance assumptlon
(S10)

We follow the main simulation setting and set 1+ 24+ 3 = 0:02, 4 = 0:01, and 5 = 0:97.
We vary the proportion of invalid IVs, which is defined as ( 2+ 3)=( 1+ 2+ 3), to simulate
different situations. Figure S1 summarizes the result to compare the performance of the CARE
estimator and CARE estimator without winner’s curse bias correction under the setting with 50%
invalid IVs. Figures S2 and S3 summarize the results for the settings with 30% and 70% invalid
IVs. Figure S4 summarizes the runtime of the CARE estimator and several robust MR methods

for the setting with 50% invalid IVs.
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Figure S1: Type 1 error rates, power, absolute bias, mean squared error, and coverage of the CARE
estimator and CARE estimator without winner’s curse bias correction (CARE_no_correction) under
the setting with 50% invalid IVs. Power is the empirical power estimated by the proportion of p-
values less than the significance threshold 0.05. Coverage is the empirical coverage probability of
the 95% confidence interval.
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Figure S2: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the main setting with 30% invalid IVs. Power is the empirical
power estimated by the proportion of p-values less than the significance threshold 0.05. Coverage
is the empirical coverage probability of the 95% confidence interval.
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Figure S3: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the main setting with 70% invalid IVs. Power is the empirical
power estimated by the proportion of p-values less than the significance threshold 0.05. Coverage
is the empirical coverage probability of the 95% confidence interval.

Figure S4: Runtime (in seconds) of the CARE estimator and several robust MR methods under the
main setting (12,000 simulations in total). The box limits represent the lower and upper quartiles,
the central line represents the median, and the whiskers represent all samples lying within 1.5 times
the interquartile range (IQR).
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S.8.3 Uniform distributed effects in correlated pleiotropy

Under the setting using uniform distributed effects in correlated pleiotropy, ; follows the uniform

distribution. We generate j; j using the following distribution:

0 1 0 1 0 1 0 1 0 1 0 1
j N(0; %) N(O; §) N(0; 2) 0 0
%jg 1% 0 §+ 2%U(0:01;0:03)§+ 3%N(0; §)§ + 4%N(0; §)§+ 5%02;
i 0 N(0; 2) 0 0 0
| {z—} | {z }oo {z—} | {z }

Valid 1Vs correlated pleiotropy uncorrelated pleiotropy IVs fail the relevance assumption

(S11)

We follow the main simulation setting and set 1+ 2+ 3=0:02, 4=0:01, and 5= 0:97.
We vary the proportion of invalid IVs, which is defined as ( 2+ 3)=( 1+ 2+ 3), to simulate

different situations. Figures S5 to S7 summarize the results for the settings with 30%, 50%, and
70% invalid TVs.

S.8.4 Balanced horizontal pleiotropy with InSIDE assumption satisfied

Under the setting of balanced horizontal pleiotropy with the InSIDE assumption satisfied, we allow

the InSIDE assumption to be satisfied by setting j = 0. We generate j; j using the following
distribution:
0 1 0 1 0 1 0 1 0 1
' N(0; %) N(O; %) 0
%Jg 1?@ X£+ 3% zg +4?@ 2g+ 5% gi
j 0 N(0; §) N(O; ) 0
| {z—} | {z } oo {z }
Valid IVs uncorrelated pleiotropy IVs fail the relevance assumption

We follow the main simulation setting and set 1+ 3 =0:02, 4 =0:01, and 5= 0:97. We vary
the proportion of invalid IVs, which is defined as ( 3)=( 1+ 3), to simulate different situations.

Figures S8 to S10 summarize the results for the settings with 30%, 50%, and 70% invalid IVs.
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Figure S5: Power, absolute bias, mean squared error, and coverage of the CARE estimator and sev-
eral robust MR methods under the setting of uniformly distributed effects in correlated pleiotropy
with 30% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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Figure S6: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the setting of uniform distributed effects in correlated pleiotropy
with 50% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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Figure S7: Power, absolute bias, mean squared error, and coverage of the CARE estimator and sev-
eral robust MR methods under the setting of uniformly distributed effects in correlated pleiotropy
with 70% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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Figure S8: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the setting of balanced horizontal pleiotropy with InSIDE as-
sumption satisfied with 30% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.

84



Figure S9: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the setting of balanced horizontal pleiotropy with InSIDE as-
sumption satisfied with 50% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.
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Figure S10: Power, absolute bias, mean squared error, and coverage of the CARE estimator
and several robust MR methods under the setting of balanced horizontal pleiotropy with InSIDE
assumption satisfied with 70% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.
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S.8.5 Directional horizontal pleiotropy with InSIDE assumption violated

Under the setting of directional horizontal pleiotropy with InSIDE assumption violated, we generate

the underlying parameters using the following distribution:

0 1 0 1 0 1 0 1 0 1
j N(0; %) N(0; %) 0 0
% jg 15@ 0 §+ 2%U(0:01;0:03)§+ 4€N(O; g)g + 5%02;
j 0 N(0; &) 0 0
I {z b {z b {z }
Valid Vs correlated pleiotropy IVs fail the relevance assumption

We follow the main simulation setting and set 1+ 2 =0:02, 4= 0:01, and 5= 0:97. We vary
the proportion of invalid IVs, which is defined as ( 2)=( 1+ 2), to simulate different situations.

Figures S11 to S13 summarize the results for the settings with 30%, 50%, and 70% invalid IVs.

Figure S11: Power, absolute bias, mean squared error, and coverage of the CARE estimator
and several robust MR methods under the setting of directional horizontal pleiotropy with InSIDE
assumption violated with 30% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.
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Figure S12: Power, absolute bias, mean squared error, and coverage of the CARE estimator
and several robust MR methods under the setting of directional horizontal pleiotropy with InSIDE
assumption violated with 50% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.
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Figure S13: Power, absolute bias, mean squared error, and coverage of the CARE estimator
and several robust MR methods under the setting of directional horizontal pleiotropy with InSIDE
assumption violated with 70% invalid IVs. Power is the empirical power estimated by the proportion
of p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability
of the 95% confidence interval.
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S.8.6 Sensitivity analysis using different values of

We conducted sensitivity analyses using different values of (0.1, 0.3, 0.5, 0.7, 0.9) in our main

setting. We generate the underlying parameters using the following distribution:

0 1 0 1 0 1 0 1 0 1 0 1
j N(0; §) N(O; %) N(O; %) 0 0
%jg 1% 0 §+ 2%N(0:015; 3)§+ 3%N(0; g)g + 4&N(O; §)E+ 5%02;
i 0 N(0; 2) 0 0 0
| {z b {z }ood {z b {z }

Valid Vs correlated pleiotropy uncorrelated pleiotropy IVs fail the relevance assumption

We follow the main simulation setting and set 1+ 2+ 3=0:02, 4 =0:01, and 5= 0:97.

Figures S14 summarize the results for the settings with 50% invalid IVs.

Figure S14: Power, absolute bias, mean squared error, and coverage of the CARE estimator with
different under the main setting. Power is the empirical power estimated by the proportion of
p-values less than the significance threshold 0.05. Coverage is the empirical coverage probability of
the 95% confidence interval.

S.8.7 Consistency of using GBIC with different choices of |, as model selection

methods

We discuss the adjustment of BIC when s tends to infinity with generalized BIC (GBIC) of the

following form:

GBIC(v) = 2PDv)ify(V)g,p + n (s V)i s =[S
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We tested two choices of p: (i) n = logn and (ii) n = log(s ) log(log(n)), both satisfying

n log(s ). We generate the underlying parameters using the following distribution:

0 1 0 1 0 1 0 1 0 1 0 1
j N(0; §) N(O; %) N(O; %) 0 0
E} jg 1% 0 E + 2%N(0:015; S)g + 3%N(0; 3)% + 4%N(0; 3)2 + 5% OE;
i 0 N(0; 2) 0 0 0
| {z o {z P {z P {z }
Valid 1IVs correlated pleiotropy uncorrelated pleiotropy IVs fail the relevance assumption

We follow the main simulation setting and set 1+ 2+ 3=0:02, 4=0:01, and 5= 0:97.

Figures S15 and S16 summarize the results for the settings with 50% invalid IVs.

Figure S15: Power, absolute bias, mean squared error, and coverage of the CARE estimator using
GBIC with p =logn and , =log(s ) log(log(n)) under the main setting. Power is the empirical
power estimated by the proportion of p-values less than the significance threshold 0.05. Coverage
is the empirical coverage probability of the 95% confidence interval.
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Figure S16: Comparison of Power, absolute bias, mean squared error, and coverage of the CARE
estimator using GBIC with ,, =logn and , = log(s ) log(log(n)) and other benchmark methods
under the main setting with 50% invalid IVs. Power is the empirical power estimated by the
proportion of p-values less than the significance threshold 0.05. Coverage is the empirical coverage
probability of the 95% confidence interval.

S.8.8 Nonlinear settings

In our non-linear simulation settings, we implement a four-step process to model complex genetic
relationships. First, we simulate p mutually independent single nucleotide polymorphisms (SNPs),
denoted as G = (Gy; :::;Gp)T. Each SNP G;j follows a Binomial(2; MAFj) distribution, where
MAF represents the minor allele frequency drawn from a Uniform(0:01; 0:5) distribution. Next, we
simulate an unmeasured confounder U as U = jp=1 j Gj +Eu. The risk factor X is then simulated
as X = P jpzl f(Gj)+ xuU + Ex, and finally, the outcome Y is modeled as Y = X + yyU +

J_pzl iGj + Ey. In these equations, Ey, Ex, and Ey represent mutually independent random
noise terms, distributed as Ey N (0; 3), Ex N (0; %), and Ey N (0; 2), respectively.
These distributions are consistent with the main setting. Similarly, the coefficients j, j, and |
are generated from the same mixture of distributions as described in the main setting. To explore

different non-linear relationships, we consider three scenarios. In the first, we focus on non-linearity
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in X with a linear Y, where f (Gj) = Gj2 + 2Gj, with 4y = 2 = j. The second scenario
introduces additional complexity by incorporating interaction terms between SNPs in the model for
X, such that X = P jp:1 f(Gj)+ P ij2s il GiGj + xuU+Ex, where f (Gj) remains as in the first
scenario, and S represents a randomly selected set of 20 SNP pairs for which interaction effects are
modeled. The third scenario introduces non-linearity in Y with Y = 2X + y UU+P jp:1 iGj+Ey.

Supplementary Figures S17 to S19 summarize the results for the three scenarios with 50%
invalid IVs. In the first two scenarios with non-linear X on G, CARE showed slightly inflated
Type 1 error rates, larger bias, and worse coverage (Supplementary Figures S17 and S18). The
third scenario revealed that CARE demonstrated diminished power, larger bias, and poor coverage

(Supplementary Figure S19).

Figure S17: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the setting of non-linearity in exposure without interaction terms
with 50% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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Figure S18: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the setting of non-linearity in exposure with interaction terms
with 50% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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Figure S19: Power, absolute bias, mean squared error, and coverage of the CARE estimator
and several robust MR methods under the setting of non-linearity in both exposure and outcome
without interaction terms with 50% invalid IVs. Power is the empirical power estimated by the
proportion of p-values less than the significance threshold 0.05. Coverage is the empirical coverage
probability of the 95% confidence interval.
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S.8.9 Sample size variation of GWAS

We evaluate the performance of CARE estimator and benchmark MR methods with different
sample sizes of both exposure and outcome GWAS (100000, 50000, 10000, 5000). We generate
the underlying parameters using the same distribution as the main setting.

We follow the main simulation setting and set 1+ 2+ 3 =0:02, 4 =0:01,and 5= 0:97. We
vary the proportion of invalid IVs, which is defined as ( 2+ 3)=( 1+ 2+ 3), to simulate different
situations. To maintain heritability within a biologically plausible range, we adjust the variance
of the risk factor, denoted as >2<, across different simulation scenarios to maintain reasonable
heritability. Figure S20 to S23 summarize the results for different sample sizes. The findings

indicate that CARE’s performance deteriorates as the sample size of GWAS decreases.

Figure S20: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with sample size = 100000, 3 =1 10 °and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S21: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with sample size = 50000, 2 =15 10 ° and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S22: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with sample size = 10000, 2 =28 10 ° and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S23: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with sample size = 5000, 2 =1 10 4 and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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S.8.10 Variations in number of SNPs

We evaluate the performance of CARE estimator and benchmark MR methods with different sample
sizes of SNPs (100000, 50000, 10000, 5000, 1000). We generate the underlying parameters using

the following distribution:

0 1 0 1 0 1 0 1 0 1 0 1
j N(0; §) N(O; %) N(0; 2) 0 0
%jg 1% 0 §+ Z%N(O:ow; 5)§+ 3%N(0; g)g + 4%N(0; §)§+ 5%02;
i 0 N(0; 2) 0 0 0
| {z b {z } {z b {z }

Valid 1Vs correlated pleiotropy uncorrelated pleiotropy IVs fail the relevance assumption

We follow the main simulation setting and set 1+ 2+ 3=0:02, 4=0:01, and 5= 0:97.
Supplementary Figure S24 to S27 summarize the results for different sample sizes of SNPs. The

findings indicate that CARE’s performance deteriorates as the sample size of SNPs decreases.

Figure S24: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with the number of SNPs equal to 100,000, and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S25: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with the number of SNPs equal to 50,000, and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S26: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with the number of SNPs equal to 10,000, and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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Figure S27: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods with the number of SNPs equal to 5,000, and 50% invalid IVs. Power
is the empirical power estimated by the proportion of p-values less than the significance threshold
0.05. Coverage is the empirical coverage probability of the 95% confidence interval.
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S.8.11 Using the same liberal threshold

To assess the influence of the IV selection threshold, we compared all methods using the same
liberal threshold of p< 5 10 ° under the main setting. We generate 200,000 independent SNPs

to represent all underlying common variants and set f = 3 = S =1

105 xu = yu=1
We set ny = ny = 500; 000 to reflect the sample size of a typical GWAS in our real data analyses.
We further set 1+ 2 = 0:02, 4 = 0:01, and 5 = 0:97. We let the proportion of invalid
IVs, which is defined as 2=( 1 + 2) be equal to 50%. While some competing methods showed
increased power, this often came at the cost of inflated Type I error rates and poor confidence

interval coverage. CARE maintained its advantages in terms of bias, mean squared error, and valid

inference. Figure S28 summarize the results for this setting.

Figure S28: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the main setting with 50% invalid IVs. The significant threshold
is 5 10 ° for all methods. Power is the empirical power estimated by the proportion of p-values
less than the significance threshold of 0.05. Coverage is the empirical coverage probability of the
95% confidence interval.
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S.8.12 Comparison of |y and |; algorithms

We conduct a series of simulations to compare the performances of these two methods with the lg
constraint approach adopted in this manuscript. Firstly, we varied the proportion of invalid IVs
(30%, 50%). We also tested the performance under the setting of uniform distributed effects in
correlated pleiotropy with 50% invalid IVs (See S.8.3 for the details of the setting).
We generate 200,000 independent SNPs to represent all underlying common variants and set
)% = 3 = S =1 10 5, xu = vu = 1. We set nxy = ny = 500;000 to reflect the sample
size of a typical GWAS in our real data analyses. We further set 1+ 2 = 0:02, 4 = 0:01, and
5 = 0:97. Figure S29 to S31 summarize the results for these settings. Our findings consistently
demonstrate that while both approaches maintain comparable Type I error control, absolute bias,

mean squared error (MSE), and coverage probability across various scenarios, the lp-based CARE

method achieves noticeably higher statistical power.

Figure S29: Power, absolute bias, mean squared error, and coverage of the CARE estimator with
lop and two |1 algorithms under the main setting with 30% invalid IVs. Power is the empirical power
estimated by the proportion of p-values less than the significance threshold of 0.05. Coverage is
the empirical coverage probability of the 95% confidence interval.

S.8.13 Third sample for selecting I'Vs

Our method—CARE—effectively integrates winner’s curse correction via Rao-Blackwellization with
robust handling of both measurement error and pleiotropy. However, in scenarios where the winner’s
curse is no longer a concern—for example, when a third independent sample is available for IV
selection based on association strength—some alternative methods may outperform CARE.

To investigate this, we conducted an additional simulation study using a three-sample MR
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Figure S30: Power, absolute bias, mean squared error, and coverage of the CARE estimator with
lo and two |1 algorithms under the main setting with 50% invalid IVs. Power is the empirical power
estimated by the proportion of p-values less than the significance threshold of 0.05. Coverage is
the empirical coverage probability of the 95% confidence interval.

Figure S31: Power, absolute bias, mean squared error, and coverage of the CARE estimator with
lo and two |1 algorithms under the setting of uniform distributed effects in correlated pleiotropy
with 50% invalid IVs. Power is the empirical power estimated by the proportion of p-values less
than the significance threshold 0.05. Coverage is the empirical coverage probability of the 95%
confidence interval.
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design. The data generating process is the same as the main setting in our manuscript, which
favors other methods with parametric assumptions (See details in Section S.8.1) In this design, a
third independent sample is used exclusively for IV selection based on association strength, thereby
eliminating the need for winner’s curse correction in all methods. We uniformly apply a liberal IV
selection threshold of p< 5 10 ° to this third sample across all methods for fair comparison.
As shown in Figure S32, cML outperforms CARE in terms of both power and mean squared
error (MSE), while maintaining comparable empirical coverage. Other methods, such as cML-DP
and IVW, also exhibit competitive performances. These results highlight that when a third sample

is available and winner’s curse correction is unnecessary, CARE may not be the optimal choice.

Figure S32: Power, absolute bias, mean squared error, and coverage of the CARE estimator and
several robust MR methods under the main setting with 50% invalid IVs, all using a third sample
for IV selection based on association strength. Power is the empirical power estimated by the
proportion of p-values less than the significance threshold 0.05. Coverage is the empirical coverage
probability of the 95% confidence interval.
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S.9 Additional Real Data Results

S.9.1 Data harmonization

We harmonize GWAS summary data through the following steps. First, we exclude genetic vari-
ants that are not available in the outcome GWAS dataset. Second, we select independent genetic
variants that have no linkage disequilibrium with other selected genetic variants. No linkage dise-
quilibrium is defined as R-squared < 0:001 with an extension of 10,000 Kb in the genome, which
has been widely adopted in applied MR studies [24]. For the benchmark methods, in line with the
current practice [24], we employ standard clumping, selecting the variant with the smallest p-value
of the SNP-exposure association when genetic variants are in linkage disequilibrium. For the pro-
posed method CARE, we employ a revised sigma-based pruning procedure and select the variant
with the smallest standard deviation of the SNP-exposure association when genetic variants are in
linkage disequilibrium [33]. We employ this revised sigma-based pruning procedure because stan-
dard clumping introduces a different type of selection bias; see [41] for related discussion. Third,
by leveraging allele frequency information, we infer the strand direction of ambiguous SNPs and
harmonize exposure-outcome datasets using the twosampleMR package. We use the default set-
ting with = 4:06 and = 0:5 for our proposed CARE estimator, and set = 4:06 and = 5:45

for MR-APSS and other benchmark methods, respectively.

S.9.2 Comparative analysis of four MR methods for assessing COVID-19 sever-
ity
Second, we focus on four methods with relatively good performance under our negative control
outcome analysis to alleviate the concerns of false positives. Figure S33 summarizes the results.
First, CARE identifies body mass index (BMI), obesity class 1, obesity class 2, overweight, and
extreme BMI are causally associated with COVID-19 severity. According to the Centers for Disease
Control and Prevention (CDC), the risk of severe illness (i.e., hospitalization) from COVID-19
increases sharply with higher BMI, indicating that extreme BMI may be a likely causal risk factor for
COVID-19 severity. Second, CARE identifies that HDL cholesterol (present in the blood, associated
with a lower risk of coronary heart disease) is causally associated with COVID-19 severity. Low

HDL level in the blood is reported to be associated with COVID-19 severity and most COVID-19
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patients (65%) exhibit severely low HDL levels [36]. In comparison, the competing methods fail
to identify HDL. Third, competing methods such as IVW and ¢cML-DP identify childhood obesity,
and celiac disease as causally associated with COVID-19 severity, while CARE does not. However,
limited evidence supports their roles in COVID-19 severity as these risk factors are not listed on
the CDC website, and hard to find support from the literature, suggesting that these two risk
factors identified by competing methods may be false positives. Fourth, MR-APSS identifies the
waist-to-hip ratio, which has been missed by the other three methods; however, the waist-to-hip

ratio has been reported to have no association with COVID-19 severity [16].

Figure S33: Significant causal exposure COVID-19 severity pairs identified by CARE, cML-DP,
IVW, and MR-APSS. We summarize the significant causal exposure identified by at least one
method under Bonferroni correction.

S.9.3 Supplementary tables and figures for real data results
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GWAS 1D Trait # SNP N PMID

ieu-a-298 Alzheimer’s disease™ 11,633 74,046 | 24162737
ieu-a-45 Anorexia nervosa 1,149,254 17,767 | 24514567
ieu-a-44 Asthma* 546,183 26,475 | 20860503
ieu-a-806 Autism* 9,499,590 10,263 | 23453885
ieu-a-801 Bipolar disorder* 2,427,221 16,731 | 21926972
ieu-a-29 Birth length 2,201,972 28,459 | 25281659
ieu-a-1083 Birth weight 16,245,524 143,677 | 27680694
ieu-a-2 Body Mass Index* 2,555,511 339,224 | 25673413
ieu-a-1109 Cardioembolic stroke 2,421,920 21,185 | 26935894
ieu-a-1058 Celiac disease 38,037 24,269 | 22057235
ieu-a-1096 Childhood obesity 2,442,739 13,848 | 22494627
ieu-a-1102 Chronic kidney disease* 2,191,877 117,165 | 26831199
ieu-a-7 Coronary heart disease™* 9,455,779 123,504 | 26343387
ieu-a-12 Crohn’s disease* 124,888 51,874 | 26192919
ieu-a-1000 Depressive symptoms™ 6,524,475 161,460 | 27089181
ieu-a-1040 Difference in height between adolescence and adulthood | 2,401,290 9,228 23449627
ieu-a-1037 Difference in height between childhood and adulthood | 2,384,832 10,799 | 23449627
ieu-a-85 Extreme body mass index* 1,984,814 16,068 | 23563607
ieu-a-86 Extreme height 1,966,557 16,196 | 23563607
ieu-a-87 Extreme waist-to-hip ratio 1,939,901 10,255 | 23563607
ieu-a-1054 Gout 2,450,548 69,374 | 23263486
ieu-a-299 HDL cholesterol* 2,447,442 187,167 | 24097068
ieu-a-89 Height 2,550,859 253,288 | 25282103
ieu-a-31 inflammatory bowel disease* 12,716,084 34,652 | 26192919
ieu-a-814 Ischaemic stroke 393,465 517 17434096
ieu-a-300 LDL cholesterol 2,437,752 173,082 | 24097068
ieu-a-965 Lung adenocarcinoma* 8,881,354 18,336 | 24880342
ieu-a-966 Lung cancer™ 8,945,893 27,209 | 24880342
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https://gwas.mrcieu.ac.uk/datasets/ieu-a-298/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-45/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-44/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-806/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-801/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-29/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1083/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-2/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1109/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1058/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1096/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1102/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-7/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-12/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1000/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1040/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1037/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-85/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-86/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-87/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1054/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-299/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-89/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-31/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-814/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-300/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-965/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-966/

GWAS 1D Trait # SNP N PMID
ieu-a-1025 Multiple sclerosis™* 156,632 38,589 | 24076602
ieu-a-798 Mycocardial infarction*® 9,289,492 171,875 | 26343387
ieu-a-1007 Neuroticism 6,524,433 170,911 | 27089181
ieu-a-90 Obesity class 1* 2,380,428 98,697 | 23563607
ieu-a-91 Obesity class 2* 2,331,456 72,546 | 23563607
ieu-a-92 Obesity class 3* 2,250,779 50,364 | 23563607
ieu-a-93 Overweight™* 2,435,045 158,855 | 23563607
ieu-a-975 Paget’s disease 2,479,235 3,440 21623375
ieu-a-812 Parkinson’s disease* 453,218 5,691 19915575
ieu-a-833 Rheumatoid arthritis* 9,739,304 80,799 | 24390342
ieu-a-22 Schizophrenia* 9,444,231 82,315 | 25056061
ieu-a-967 Squamous cell lung cancer 8,893,750 18,313 | 24880342
ieu-a-1009 Subjective well being 2,268,675 298,420 | 27089181
ieu-a-301 Total cholesterol 2,446,982 187,365 | 24097068
ieu-a-26 Type 2 diabetes* 2,473,442 69,033 | 22885922
ieu-a-970 Ulcerative colitis 156,116 47,745 | 26192919
ieu-a-72 Waist-to-hip ratio 2,562,516 224,459 | 25673412
ukb-b-553 Ease of skin tanning 9,851,867 453,065
ukb-d-1747_1 Hair colour (natural, before greying): Blonde 13,586,531 360,270
ukb-d-1747_2 Hair colour (natural, before greying): Red 13,586,531 360,270
ukb-d-1747_3 Hair colour (natural, before greying): Light brown 13,586,531 360,270
ukb-d-1747 4 Hair colour (natural, before greying): Dark brown 13,586,531 360,270
ukb-d-1747_5 Hair colour (natural, before greying): Black 13,586,531 360,270

Table 1: 45 exposures and six negative control outcomes included in the current study. GWAS ID,
Trait, # SNP, N, and PMID stand GWAS ID used in IEU OpenGWAS database, exposure name,
number of SNPs in the corresponding full GWAS summary data, sample size of the corresponding
study, and PMID used in PubMed, respectively. Traits with stars represent those have been
reported by the CDC or in peer-reviewed literature as risk factors for COVID-19 severity.
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https://gwas.mrcieu.ac.uk/datasets/ieu-a-1025/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-798/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1007/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-90/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-91/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-92/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-93/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-975/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-812/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-833/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-22/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-967/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-1009/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-301/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-26/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-970/
https://gwas.mrcieu.ac.uk/datasets/ieu-a-72/
https://gwas.mrcieu.ac.uk/datasets/ukb-b-533/
https://gwas.mrcieu.ac.uk/datasets/ukb-d-1747_1/
https://gwas.mrcieu.ac.uk/datasets/ukb-d-1747_2/
https://gwas.mrcieu.ac.uk/datasets/ukb-d-1747_3/
https://gwas.mrcieu.ac.uk/datasets/ukb-d-1747_4/
https://gwas.mrcieu.ac.uk/datasets/ukb-d-1747_5/

Figure S34: QQ plots of p-values in negative control outcome analysis for fixed-effect IVW (panel
A) and CARE using clumping to select candidate IVs (panel B). The gray-shaded part is 95%

confidence interval.

. CARE cML-DP VW MR-APSS
Condition SE p-value SE p-value SE p-value SE p-value
Body mass index 0.3893 0.0595 5.96E-11 | 0.3952 0.0533 1.22E-13 | 0.4024 0.0580 4.11E-12 | 0.4006 0.1008 7.00E-05
Celiac disease 0.0213 0.0189  0.2603 | 0.0293 0.0089  0.0011 | 0.0299 0.0086  0.0005 | 0.0200 0.0166  0.2291
Childhood obesity 0.0749 0.0280  0.0074 | 0.0915 0.0226 5.49E-05 | 0.0946 0.0230 3.88E-05 | 0.0540 0.0231  0.0192
Extreme body mass index | 0.0746  0.0194  0.0001 0.0561 0.0212  0.0081 0.0545 0.0191  0.0042 | 0.0622 0.0180  0.0005
HDL cholesterol -0.1840 0.0509  0.0003 | -0.0598 0.0315  0.0573 | -0.0809 0.0359  0.0244 |-0.1177 0.0836  0.1591
Obesity class 1 0.1916 0.0379 4.27E-07 | 0.1312 0.0254 2.47E-07 | 0.1288 0.0257 5.61E-07 | 0.1461 0.0307 2.01E-06
Obesity class 2 0.0924 0.0266 ~ 0.0005 | 0.0805 0.0222  0.0003 | 0.0793 0.0245 0.0012 | 0.0549 0.0203  0.0069
Overweight 0.2184 0.0602  0.0003 | 0.1475 0.0407  0.0003 | 0.1487 0.0443 0.0008 | 0.1621 0.0514  0.0016
Waist-to-hip ratio 0.3279 0.1139  0.0040 | 0.1980 0.0841 0.0186 | 0.2134 0.0842 0.0113 | 0.4114 0.0990 3.27E-05

Table 2: Association between significant exposure COVID-19 severity pairs using four methods:
CARE, cML-DP, IVW, and MR-~APSS. Values represent effect sizes ( ), standard errors (SE), and

p-values.
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