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Summary
Multivariable Mendelian randomization allows simultaneous estimation of direct causal effects of multiple exposure variables on an

outcome.When the exposure variables of interest are quantitative omic features, obtaining complete data can be economically and tech-

nically challenging: the measurement cost is high, and the measurement devices may have inherent detection limits. In this paper, we

propose a valid and efficientmethod to handle unmeasured and undetectable values of the exposure variables in a one-samplemultivari-

able Mendelian randomization analysis with individual-level data. We estimate the direct causal effects with maximum likelihood esti-

mation and develop an expectation-maximization algorithm to compute the estimators. We show the advantages of the proposed

method through simulation studies and provide an application to the Hispanic Community Health Study/Study of Latinos, which

has a large amount of unmeasured exposure data.
Introduction

Mendelian randomization (MR) enables estimation of the

total causal effect of an exposure on an outcome with

observational data, using genetic variants as instrumental

variables (IVs).1 When there are multiple correlated expo-

sures, multivariable MR (MVMR) is needed to simulta-

neously estimate the direct causal effects of the exposures

on the outcome.2 Specifically, by using genetic variants

that satisfy the IV assumptions, which means that the var-

iants are associated with the exposure, not associated

with the confounder of the exposure-outcome relation-

ship, and only affect the outcome through their effects

on the exposure, the study participants can be divided

into different genotypic subgroups that have a different

level of the exposure but do not have systematically

different levels of the confounders. The discrepancy in

the outcome between different genotypic subgroups can

then imply the causal effect of the exposure on the

outcome, making it possible to infer causal effects even if

unmeasured confounders exist.

In practice, data on the exposures may be available for

only a subset of the study participants because measure-
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ments are costly and some values are beyond the detection

limits of the assays. A reliable MVMR method that appro-

priately accounts for the incompleteness of the exposures

resulting from different causes is needed.

Many studies excluded individuals with unmeasured ex-

posures fromMVMR analyses.3–5 However, such complete-

case analysis results in a loss of information and thus

reduced statistical efficiency, especially when the propor-

tion of missingness is large. Moreover, exclusion of indi-

viduals with incomplete data will result in biased effect es-

timators if data are not missing completely at random.6

When the exposures of interest are quantitative omics

variables, measurements above or below certain values

may not be detected. In univariable MR studies, it is com-

mon for researchers to impute undetectable values with a

fixed quantity related to the detection limits.7–9 However,

single imputation can cause bias in effect estimation and

inflated type I error in hypothesis testing.10 InMVMR anal-

ysis, the issue of undetectable exposure values has received

even less attention.

Existingmethods forMVMRanalysiswith individual-level

data are based on the two-stage least-squares (TSLS) esti-

mator.2,11 In the TSLS methods, however, estimation of
ity of North Carolina at Chapel Hill, Chapel Hill, NC 27599, USA; 2Depart-

g Hom, Kowloon, Hong Kong; 3Carolina Population Center, University of

utrition, Gillings School of Global Public Health, University of North Car-

gy, Gillings School of Global Public Health, University of North Carolina at

n Genetics and Environmental Sciences, School of Public Health, University

ent of Epidemiology and Population Health, Albert Einstein College ofMed-

g School of Medicine, Northwestern University, Chicago, IL 60611, USA;
10Public Health Sciences Division, Fred Hutchinson Cancer Center, Seattle,

Genetics and Genomics Advances 5, 100338, October 10, 2024 1

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

mailto:lin@bios.unc.edu
https://doi.org/10.1016/j.xhgg.2024.100338
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xhgg.2024.100338&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


A

B

C

Figure 1. Direct acyclic graphs for the simulation studies where
Y is the outcome, S1 and S2 are the exposure variables, G1, G2,.,
and G9 are nine IVs for S1 and S2, Z is a vector of measured cova-
riates, and U is an unmeasured confounder
(A) Scenario where S1 and S2 are in independent pathways from
the IVs to the outcome.
(B) Scenario where S2 confounds the relationship between S1 and Y.
(C) Scenario where S2 mediates the relationship between S1 and Y.
parameters in different stages is performed sequentially, and

the correlation between the random errors of different

models is not accounted for. In contrast, the (full-informa-

tion) maximum likelihood method estimates all parameters

simultaneously and takes into account the correlation be-

tween the error terms in the models, which can lead to

greater efficiency.12

In this paper, we propose a valid and efficientmethod for

MVMR analysis with a continuous outcome and two

continuous exposure variables that are potentially unmea-

sured and undetectable. We construct a linear model be-

tween each exposure variable and the IVs and another

linear model between the outcome and the exposure vari-

ables. We account for the unmeasured confounders

and the potential correlation between exposure variables

by allowing the error terms in the linear models to be
2 Human Genetics and Genomics Advances 5, 100338, October 10, 2
correlated. We estimate the direct causal effects by the

maximum likelihood estimators and use the expectation-

maximization (EM) algorithm for computation. The pro-

posed estimators are consistent and statistically efficient.

We demonstrate the advantages of the proposed method

over existing ones with simulated data. Lastly, we apply

the proposed method to the Hispanic Community Health

Study/Study of Latinos (HCHS/SOL).13,14
Material and methods

Let Y be a continuous outcome, S1 and S2 be two potentially corre-

lated continuous exposure variables whose values can be unmea-

sured or undetectable, and G be a vector of IVs for S1 and S2. We

also let Z be a vector of measured covariates, including the unit

component, and let X ¼ ðGT;ZTÞT. The number of IVs must be

greater than or equal to the number of exposure variables.2 In

addition, according to existing literature on MVMR, each compo-

nent of G should satisfy the following conditions: (1) it is associ-

ated with at least one exposure, (2) it does not affect the outcome

except through its effects on the exposure variables, and (3) it is

not associated with the confounders of any exposure-outcome re-

lationships.11,15 The exposure variables can be in independent

pleiotropic pathways from the IVs to the outcome, or one expo-

sure can confound or mediate the relationship between the

other exposure and the outcome. Several examples are shown in

Figure 1. Finally, each exposure should have at least one IV.

We consider the following linear models:

S1 ¼ aT
1X þ eS1 ; (Equation 1)

S2 ¼ aT
2X þ eS2 ; (Equation 2)

and

Y ¼ g1S1 þ g2S2 þ bTZ þ eY ; (Equation 3)

where a1, a2, and b are regression parameters; g1 and g2 represent

the direct causal effects of S1 and S2 on Y, respectively; and

ðeS1 ; eS2 ; eYÞT is a zero-mean three-dimensional normal random

vector, with VarðeSj Þ ¼ s2j , VarðeYÞ ¼ s2Y , CorrðeS1 ; eS2 Þ ¼ r12,

and CorrðeSj ; eYÞ ¼ rjY (j ¼ 1; 2). For model identifiability, we

require that a1 and a2 are linearly independent. In practice, mea-

surements of the exposure variables are usually non-negative.

However, we allow S1 and S2 to be negative to accommodate situ-

ations in which certain transformations (e.g., standardization and

log-transformation) are performed. The joint density function of

ðY; S1; S2Þ given ðX;ZÞ is

f ðY; S1; S2jX;Z; qÞ ¼ 1

ð2pÞ3=2jSj1=2
exp

2664� 1
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and S is the

covariance matrix of ðeS1 ; eS2 ; eY ÞT.
Let Mj indicate, by the values 1 versus 0, whether or not Sj

is measured (j ¼ 1; 2). Let Lj and Uj be the intrinsic lower
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and upper detection limits of Sj, respectively. We define Rj ¼
MjIðLj % Sj %UjÞ, where I is the indicator function, such that

Rj ¼ 1 if Sj is measured and detectable and Rj ¼ 0 otherwise.

When Rj ¼ 0, Sj is only known to lie in an interval Cj, where

Cj ¼ ð�N;LjÞ if Sj < Lj and Mj ¼ 1, Cj ¼ ðUj;NÞ if Sj > Uj and

Mj ¼ 1, and Cj ¼ ð�N;NÞ if Mj ¼ 0. We assume the missing-

at-random mechanism, such that ðMj;Lj;UjÞj¼ 1;2 and ðS1; S2Þ
are independent given ðY;G;ZÞ. We allow the detection limits to

vary across individuals so as to accommodate multicenter studies.

Then, for a sample with n individuals, the observed data

consist of fYi;Gi;Zi;M1i;M2i;R1i;R2i;R1iS1i þð1 � R1iÞC1i;R2iS2i þ
ð1 � R2iÞC2ig for i ¼ 1;.;n.

We assume that the joint distribution of Rji, Lji, and Uji (i ¼ 1;

.;n; j ¼ 1;2) does not depend on q. The observed-data likelihood

for q is proportional to
Yn
i¼ 1

f ðYi; S1i; S2ijXi;Zi; qÞR1iR2i
264 Z

s1 ˛C1i

f ðYi; s1; S2ijXi;Zi; qÞds1

375
ð1�R1iÞR2i

3

264 Z
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:

We use the EM algorithm to maximize this likelihood, treating

the unobserved values of S1 and S2 as missing data. The com-

plete-data log-likelihood is

lðqÞ ¼ � n

2
logjSj � 3n

2
logð2pÞ � 1

2

Xn
i¼1

"X2
k¼1

X2

l¼1

sðklÞ�Ski � aT
kXi

�
� �

Sli � aT
l Xi

�þ2
X2

k¼1

sðk3Þ�Ski � aT
kXi

��
Yi � g1S1i � g2S2i

� bTZi

�þ sð33Þ�Yi � g1S1i � g2S2i � bTZi

�2#
;

(Equation 4)

where sðklÞ is the ðk;lÞth element ofS�1 (k;l ¼ 1;2;3). In the E-step,

we compute blðqÞ ¼ bE½lðqÞ�, where bE denotes the conditional

expectation given the observed data at the current parameter esti-

mates. The conditional expectation blðqÞ involves the first and sec-

ond conditional moments of ðS1i; S2iÞ. In the M-step, we use the

maximizer of the expected complete-data log-likelihood function

to update the parameters. We iterate between the E-step and

M-step until the Euclidean distance between the parameter esti-

mates at two consecutive iterations is smaller than a pre-specified

small positive constant.We use bq to denote the resulting estimator

of q. Details about the EM algorithm are provided in the supple-

mental information.

We estimate the covariance matrix of bq with the Louis formula.6

First, we derive the complete-data information matrix Ic, which is

the negative of the Hessianmatrix of blðqÞ evaluated at bq. Then, we

compute the gradient of log f ðYi; S1i; S2ijXi;Zi; qÞwith respect to q,

denoted by U i, and evaluate bEðU iÞ and bEðU iU
T
i Þ at bq. The

observed-data information matrix is

Iobs ¼ Ic �
Xn

i¼1

ð1 � R1iR2iÞ
hbE�U iU

T
i

� � bEðU iÞbEðU iÞT
i
;

(Equation 5)
Human
and the covariance matrix of bq can be estimated by I�1
obs. The ex-

pressions of Ic and U i (i ¼ 1;.; n) are provided in the supple-

mental information.
Results
We performed extensive simulation studies to compare the perfor-

mance of the proposed method with that of existing methods un-

der different scenarios. We let Z1 ¼ 1 and generated Z2 from the

standard uniform distribution, Z3 from the Bernoulli distribution

with 0.5 success probability, and Z4 from the standard normal dis-

tribution. The variables Z2, Z3, and Z4 corresponded to (normal-

ized) age, gender, and the first principal component for ancestry,

respectively. (Here, we let the age of individuals follow a uniform

distribution, so the variable followed the standard uniform distri-
bution after being normalized to the range between 0 and 1.)

We generated nine correlated IVs as follows. First, we generated

G�hðG�
1;.;G�

9ÞT from the nine-dimensional zero-mean normal

distribution with a covariance matrix whose ðk; lÞth element was

0:2jk� lj (k; l ¼ 1;.;9); G� was independent of Z. Second, for the

kth genetic variant, whose minor allele frequency was pk, we set

G
ð1Þ
k to 1 if G�

k was greater than the ð1 � pkÞ quantile of the stan-

dard normal distribution and set G
ð1Þ
k to 0 otherwise (k ¼ 1;.;

9). Since an individual inherits two alleles, one from each parent,

we repeated the two steps above and generatedG
ð2Þ
k for k ¼ 1;.;9

with the same procedure. Then, we let Gk ¼ G
ð1Þ
k þG

ð2Þ
k (k ¼ 1;.;

9). The marginal distribution of Gk was binomial(2, pk), and the

IVs were correlated. We allow the IVs to be correlated since

r2 < 0:2 has often been used as the criteria for linkage disequilib-

rium pruning, which means that the pruned variants can still

be slightly correlated. We aim to show that the proposed method

performs well even if the IVs are not strictly independent. We

set p1 ¼ p4 ¼ p7 ¼ 0:3, p2 ¼ p5 ¼ p8 ¼ 0:4, and p3 ¼ p6 ¼
p9 ¼ 0:5.

We let Z ¼ ðZ1;.;Z4ÞT and X ¼ ðG1;.;G9;Z
TÞT. We let S1 be

associated with G1 to G6 and S2 be associated with G4 to G9. We

generated the exposure variables and the outcome from the

following equations:

S1 ¼ aT
1X þ l1U þ e1; (Equation 6)

S2 ¼ aT
2X þ l2U þ e2; (Equation 7)

and

Y ¼ g1S1 þ g2S2 þ bTZ þ lYU þ eY ; (Equation 8)

where U, e1, e2, and eY were independent standard normal vari-

ables; the non-zero genetic association parameters (i.e., the first

six components of a1 and the last six components of a2) were

all set to 0.25; the intercept and the association parameters for
Genetics and Genomics Advances 5, 100338, October 10, 2024 3



the measured covariates were set to 0.15; g1 was set to 0 or 0.12; g2

was set to 0.12; and l1, l2, and lY were set to 0.6. A causal diagram

is shown in Figure 1A. We simulated the unmeasured confounder

U to induce correlations (among S1, S2, and Y) that cannot be ex-

plained by the IVs and measured covariates, equivalent to simu-

lating correlated residual errors. The selected values of g1 and g2

represent moderate direct causal effects of the exposures on the

outcome. The choices of l1, l2, and lY also reflect a moderate pair-

wise correlation among S1, S2, and Y.

We set the sample size to 9,000 and the probability of ðS1; S2Þ be-
ing unmeasured to 2/3 for each individual, mimicking the real da-

taset. We assumed that the two exposures have equal lower detec-

tion limits, which varied from �0:5 to 0.5 with a 0.1 increment,

and we assumed no upper detection limit.

The proportion of individuals with undetectable values

increased from 0.54% to 8.56% as the lower detection limit

increased, which covered the situations in the HCHS/SOL data.

To evaluate the strength of the IVs, we calculated the partial

F-test statistic and the Sanderson-Windmeijer conditional F-statis-

tic using individuals with complete exposure data.2 As the lower

detection limit increased from �0:5 to 0.5, the number of com-

plete cases became smaller, resulting in a decrease in the mean

of the partial F-statistic from 39.36 to 21.36 and a decrease in

the mean of the Sanderson-Windmeijer conditional F-statistic

from 30.98 to 18.18. Nevertheless, the Sanderson-Windmeijer

conditional F-statistics were greater than 10, suggesting that the

IVs were sufficiently strong.2

We considered three existing methods to handle the datasets

generated above, including the complete-case analysis, ‘‘imputa-

tion at limit,’’ and ‘‘imputation at mid-point.’’ For the complete-

case analysis, we included only individuals with measured and

detectable values for both exposure variables. For the imputation

methods, we included only individuals with both exposure vari-

ables measured; we imputed values below the lower detection

limit L by L for the imputation at limit method and by L � log 2

for the imputation at mid-point method. Then, for all three

methods, we used TSLS for estimation. In our simulation studies,

we treated S1 and S2 as the log-transformation of their original

measurements; thus, the imputed value for the imputation at

mid-point method was the log of the mid-point between eL (the

lower detection limit on the original scale) and 0 (the smallest

possible value of the exposure variable). For each method, we per-

formed the Wald test on each direct causal effect at the nominal

significance level of 0.001. We simulated 10,000 and 10 million

replicates for g1 ¼ 0:12 and g1 ¼ 0, respectively.

Figure 2 shows the results for the scenario of g1 ¼ 0:12. For

both exposure variables, the proposed direct causal effect estima-

tors are nearly unbiased, the proposed standard error estimators

are accurate, and the 95% confidence intervals have correct empir-

ical coverage probabilities. The complete-case analysis yields nega-

tively biased direct causal effect estimators, and it has extremely

low power in testing g1 and g2; as the lower detection limit in-

creases, the estimators become more severely biased, the standard

errors increase, and the empirical coverage probabilities of the

nominal 95% confidence intervals decrease substantially. The

two imputation methods yield estimators that are biased away

from the null value, and the magnitude of bias increases as the

lower detection limit becomes larger. In addition, the imputation

methods yield much lower power in testing g1 and g2 than the

proposed method.

Figure 3 shows the results for the scenario of g1 ¼ 0. The results

of the inference on g2 are similar to those in the previous scenario.
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For the inference on g1, the proposed method performs the best

among all of the methods, yielding unbiased estimators with the

smallest standard error, accurate standard error estimators, correct

empirical coverage probabilities, and correct empirical type I error

in testing g1. The complete-case estimator is negatively biased; as

the lower detection limit increases, the bias becomes more severe,

and the type I error becomes more inflated. The two imputation

methods yield virtually unbiased estimators for g1 and correct

type I errors in testing g1, but those estimators have much larger

standard errors than the estimators from the proposed method.

Figures 2 and 3 show that as the lower detection limit increases,

the power in testing g2 remains nearly a constant for the imputa-

tion methods, although the standard error increases. Our inspec-

tions show that the empirical distributions of the z-values over

the replicates are almost unchanged as the lower detection limit

increases, where the z-value is defined as the ratio of the causal ef-

fect estimate to the standard error estimate; this is also consistent

with the results that both the magnitude of bias and the standard

error increase with an increasing detection limit. As a result, the

proportion of z-values that exceed the range between the 0.05%

and the 99.95% quantiles of the standard normal distribution is

almost unchanged, which explains why the power in testing g2

is nearly the same when the detection limit varies.

In previous simulation studies, we generated data from Equations

6, 7, and 8, processed the data using the complete-case or imputa-

tion methods, and estimated the parameters with the TSLS method

to compare the performance with the proposed method. All the

methods involved above use individual-level data. Here, we consid-

ered replacing the TSLSmethod with another parameter estimation

method called ‘‘MVMR based on constrainedmaximum likelihood’’

(MVMR-cML) as a comparison; this MVMR-cML method is robust

to the violation of IV assumptions and can accommodate one-sam-

ple and two-sample designs.16 The data generation process and the

specifications of parameters remained unchanged. Since the com-

plete-case analysis and the imputation at limit method perform

worse than the imputation at mid-point method, we only applied

theMVMR-cMLmethod to the dataset processed by the imputation

at mid-point approach. Results from Tables S1 and S2 show that the

TSLS and MVMR-cML methods had similar performances when g1

was set to 0.12, but MVMR-cML yielded inflated type I errors in

testing g1 when the true effect was 0. Based on these results, we

conclude that the proposed method performs better than imputa-

tion at mid-point with either TSLS or MVMR-cML.

We also conducted simulation studies where S2 confounds or

mediates the relationship between S1 and Y (see Figures 1B and

1C). When S2 is a confounder, the data were generated from Equa-

tions 7, 8, and 9:

S1 ¼ aT
1X þ l1U þ l21S2 þ e1; (Equation 9)

where l21 was set to 0.2. When S2 is a mediator, the data were

generated from Equations 6, 8, and 10:

S2 ¼ aT
2X þ l2U þ l12S1 þ e2; (Equation 10)

where l12 was set to 0.2. The rest of the simulation setup remained

the same. Figures S1 and S2 show the results when S2 is a

confounder, and Figures S3 and S4 show the results when S2 is a

mediator. In both situations, the proposed method performs the

best among the four methods, yielding unbiased effect estimators

with the smallest standard errors, accurate standard error estima-

tors, and the highest power (under the alternative hypothesis)

and correct type I error (under the null hypothesis) in testing

the causal effects.
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Figure 2. Simulation results for the scenario where S1 and S2 are in independent pathways from the IVs to the outcome, with g1 set to
0.12
The left and right images correspond to the inference on g1 and g2, respectively. The bias and standard error of the estimators, the empir-
ical coverage probabilities of the 95% confidence intervals, and the empirical power of the hypothesis test on g1 and g2 are plotted
against the lower detection limit of each exposure variable. The red, brown, green, and blue curves correspond to the complete-case anal-
ysis, the imputation at limit method, the imputation at mid-point method, and the proposed method, respectively. The pink curve rep-
resents the mean of the standard error estimator (SEE) given by the proposed method.

Human Genetics and Genomics Advances 5, 100338, October 10, 2024 5



Figure 3. Simulation results for the scenario where S1 and S2 are in independent pathways from the IVs to the outcome, with g1 set to 0
The left and right images correspond to the inference on g1 and g2, respectively. The bias and standard error of the estimators, the empirical
coverage probabilities of the 95% confidence intervals, the empirical type I error of the hypothesis test on g1, and the empirical power of the
hypothesis test on g2 are plotted against the lower detection limit of each exposure variable. The red, brown, green, and blue curves corre-
spond to the complete-case analysis, the imputation at limit method, the imputation at mid-point method, and the proposed method,
respectively. The pink curve represents the mean of the SEE given by the proposed method. The black dashed line in the plot for empirical
type I error represents the nominal level of 0.001.

6 Human Genetics and Genomics Advances 5, 100338, October 10, 2024



To assess the performance of the proposed method when the

exposure variables have lower heritability, we performed addi-

tional simulation studies in which we only simulated three IVs.

Specifically, the genetic variants Gk (k ¼ 1; 2; 3) were generated

with the same approach as before except that we reduced the

dimension from 9 to 3. We set the minor allele frequency of the

three IVs to 0.3. We let S1 be associated with G1 and G2 and S2
be associated with G2 and G3. We also set g1 to 0 or 0.25 and set

g2 to 0.25. We kept the other simulation parameters unchanged

and then generated the simulated data with Equations 6, 7, and 8.

To maintain similar proportions of undetectable exposure

values compared with previous simulation studies, we set the

lower detection limit to vary from �1:5 to � 0:5. As a result,

when the lower detection limit increased, the proportion of indi-

viduals with undetectable exposure values increased from 0.96%

to 6.90%, themean of the partial F-statistic in the first-stage regres-

sion model decreased from 34.94 to 21.89, and the mean of the

Sanderson-Windmeijer conditional F-statistic decreased from

24.54 to 16.35. The heritability of S1 and S2 was about 0.027,

similar to the HCHS/SOL data.

Figure S5 shows the results for the scenario of g1 ¼ 0:25. The re-

sults are similar to those in Figure 2 except for having higher levels

of bias (for the complete-case and imputation methods) and larger

standard errors due to decreased strength of the IVs. Figure S6 shows

the results for the scenario of g1 ¼ 0. The results on g2 are similar

to those in Figure S5. As for the inference on g1, all the estimators

are nearly unbiased except for the complete-case estimators, and

the proposed method yields the least standard errors and provides

accurate standard error estimators. The empirical type I errors for

testing g1 are below the nominal level for all methods. By checking

the histograms and quantile-quantile plots of the z-values, we

attributed the deflation of type I errors to the thin-tailed distribu-

tion of the z-values. Figure S6 also shows a non-monotonic trend

in the empirical type I errors of testing g1 for the complete-case

analysis. When the lower detection limit increases from �1:5 to

� 0:7, the magnitude of bias increases, leading to higher levels of

empirical type I errors; however, when the lower detection limit

further increases, the tails of the distributions of the z-values are

so thin that the proportion of the z-values that exceed the range be-

tween the 0.05% and 99.95% quantiles of the standard normal dis-

tribution decreases, leading to lower empirical type I errors.

The above simulation results show that the removal or single

imputation of the undetectable values in the exposures can lead

to biased direct causal effect estimators in MVMR analyses. In

addition, complete-case analysis and the two imputationmethods

exclude individuals with unmeasured exposures, resulting in in-

formation loss and low statistical efficiency. The proposedmethod

can overcome the limitations of the existing methods and yield

unbiased estimators and substantially higher statistical power.
Application to the HCHS/SOL
We used the proposed method to assess the direct causal effects

of two metabolites, 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) (a

phosphatidylinositol) and 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC

(P-16:0/16:0) (a phosphatidylcholine), on total cholesterol (TC),

triglycerides (TGs), and low-density lipoprotein cholesterol

(LDL-C) in the HCHS/SOL participants. Phosphatidylinositol

and phosphatidylcholine were previously found to be related to

the secretion, transport, and excretion of cholesterol17,18 and

were potentially correlated since they are both involved in glycer-

ophospholipid metabolism (according to the web resource avail-
Human
able at https://www.genome.jp/pathway/hsa00564). In addition,

a previous study of the HCHS/SOL participants showed that

both 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) and 1-(1-enyl-

palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0) correlated with the

three lipoprotein variables mentioned above, with each metabo-

lite-lipoprotein pair having an absolute Pearson’s correlation

parameter greater than 0.15 (p < 10�28).19 We performed an

MVMR analysis to assess the relevant direct causal effects and bet-

ter understand the underlying causal relationships.

The HCHS/SOL is a multicenter longitudinal cohort study

of Hispanics/Latinos in the United States. Through a stratified

multistage area probability sampling strategy, a total of 16,415 in-

dividuals from different Hispanic/Latino backgrounds (Central

American, Cuban, Dominican, Mexican, Puerto Rican, South

American, and others) were recruited in the Bronx, Chicago,

Miami, and San Diego.14 The HCHS/SOL study was approved by

institutional review boards at participating institutions. Written

informed consent was obtained from all participants. Only data

from the participants’ baseline visit were used in our analysis.

Fasting blood was collected at the baseline visit. The process by

which the lipoprotein variables were measured is described in the

HCHS/SOL Manual 7 (Addendum), available at https://sites.cscc.

unc.edu/hchs/manuals-forms. Non-fasting participants and indi-

viduals with missing outcome measurements were excluded

from our analysis. In addition, the measurements for individuals

using statins, a type of lipid-lowering medication, were adjusted

based on the results of Wu et al.20

Measurements of the exposure variables were only available for

a randomly selected subset of about 1/3 of the study participants

with available genetic data at the baseline visit. The processes of

metabolomic profiling and quantification were described in previ-

ous literature.19 We considered the minimal measured and detect-

able value for each metabolite exposure as the intrinsic lower

detection limit L0. In addition, we treated outlying values as being

beyond detection limits. Specifically, we set an upper detection

limit of exp ðmþ2sÞ and redefined the lower detection limit as

maxfexp ðm � 2sÞ; L0g, where m and s were the sample mean

and sample standard deviation of the log-transformed measure-

ments, respectively.

We obtained data on the genetic variants significantly associ-

ated with at least one exposure through an existing genome-

wide association study (Table S3).21 Details about the IV selection

process are shown in the supplemental information. We per-

formed the imputation with the TOPMed freeze 8 imputation

reference panel22–24 and derived the principal components for

ancestry. To handle genetic relatedness among the HCHS/SOL par-

ticipants, we used the software package of Pedigree Reconstruction

and Identification of a Maximum Unrelated Set to obtain the

maximum unrelated subset of participants, such that the esti-

mated proportion of alleles shared identical by descent was no

more than 0.2 for any individual pair.25 All analyses were per-

formed using unrelated individuals only.

For the demographic variables, age and gender information was

collected during participants’ baseline visits. The Hispanic/Latino

background was derived using the method described in Conomos

et al.26

We performed the inverse-normal transformation on each lipo-

protein outcome and the measured values of each metabolite

exposure. Then, we evaluated the direct causal effects of the trans-

formed exposures on each transformed outcome using the genetic

variants in Table S3 as the IVs and using age, gender, the center of

recruitment, the Hispanic/Latino background, and the first five
Genetics and Genomics Advances 5, 100338, October 10, 2024 7
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Table 1. Estimated direct causal effects of the exposure variables on the outcomes

Outcome n Exposure variable

Proposed method Imputation at mid-point

Est SE 95% CI p value Est SE 95% CI p value

TC 9,608 1-stearoyl-2-arachidonoyl-
GPI (18:0/20:4)

0.416 0.088 (0.243, 0.590) 2.52E� 06 0.351 0.121 (0.115, 0.588) 3.64E� 03

1-(1-enyl-palmitoyl)-2-
palmitoyl-GPC (P-16:0/16:0)

0.010 0.031 (� 0.050, 0.070) 0.736 0.012 0.046 (� 0.079, 0.103) 0.795

TGs 9,608 1-stearoyl-2-arachidonoyl-
GPI (18:0/20:4)

0.608 0.093 (0.425, 0.791) 7.26E� 11 0.655 0.119 (0.422, 0.888) 3.47E� 08

1-(1-enyl-palmitoyl)-2-
palmitoyl-GPC (P-16:0/16:0)

� 0.023 0.034 (� 0.089, 0.043) 0.499 � 0.014 0.045 (� 0.104, 0.075) 0.750

LDL-C 9,428 1-stearoyl-2-arachidonoyl-
GPI (18:0/20:4)

0.239 0.085 (0.072, 0.406) 0.005 0.153 0.150 (� 0.141, 0.448) 0.308

1-(1-enyl-palmitoyl)-2-
palmitoyl-GPC (P-16:0/16:0)

� 0.039 0.031 (� 0.099, 0.021) 0.201 � 0.064 0.054 (� 0.169, 0.041) 0.229

Abbreviations: n, sample size; Est, direct causal effect estimate; SE, standard error; CI, confidence interval; TC, total cholesterol; TGs, triglycerides; LDL-C, low-
density lipoprotein cholesterol.
principal components for ancestry as the measured covariates. We

performed the analysis with all methods described in the simula-

tion studies. For both imputation methods, we imputed values

above the upper detection limit with the upper detection limit.

For the imputation at limit method, we imputed values below

the lower detection limit by the lower detection limit; for the

imputation at mid-point method, we imputed values below

the lower detection limit by half of the lower detection limit on

the original scale.

We computed the partial F-statistics and the Sanderson-

Windmeijer conditional F-statistics to assess IV strength. In addi-

tion, we performed the Sargan test2 to evaluate whether there

was significant unmeasured horizontal pleiotropy.

Descriptive statistics are shown in Table S4, and the numbers of

individuals with an unmeasured or undetectable exposure are pre-

sented in Table S5. In brief, only about one-third of the partici-

pants have measured values for the two metabolite exposures,

and about 2.3% of the individuals (who have measured metabo-

lites) have undetectable exposure values.

Statistical analysis results are shown in Table 1. The proposed

method detected positive direct causal effects of 1-stearoyl-2-

arachidonoyl-GPI (18:0/20:4) on TC, TGs, and LDL-C (p <

0:005). In addition, 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-

16:0/16:0) had a positive effect on TC and a negative effect on

TGs and LDL-C, although these effects were not statistically sig-

nificant. The imputation at mid-point method yielded similar

effect estimates but reported 28.0%–76.5% larger standard er-

rors, wider confidence intervals, and larger p values than the

proposed method. The imputation at mid-point method failed

to detect a significant direct causal effect of 1-stearoyl-2-

arachidonoyl-GPI (18:0/20:4) on LDL-C. Results from the com-

plete-case analysis and the imputation at limit method were

similar to those from the imputation at mid-point method since

the proportions of undetectable values were small; these results

are given in Table S6.

Table 2 shows the results relevant to the assessment of IV

assumptions. The partial F-statistics and the Sanderson-

Windmeijer conditional F-statistics were all greater than the

rule-of-thumb value of 10,27 indicating that the IVs were suffi-

ciently strong.2 In addition, the p values of the Sargan test were

all greater than 0.05, showing no statistically significant unmea-
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sured horizontal pleiotropy. Thus, the IVs in our analysis satisfied

the assumptions required.
Discussion

In this paper, we present amaximum likelihood estimation

method for MVMR analysis with two exposure variables

whose values may be unmeasured and undetectable. Un-

like the existing TSLS method, where the parameters in

different model equations are estimated separately, the

proposed method includes all parameters in the likelihood

and conducts joint estimation. The proposed method per-

forms well even when only a small proportion of the expo-

sure values are measured and within detection limits. In

addition, we can handle outliers by treating them as being

beyond the detection limits, as shown in application to the

HCHS/SOL, whereas the common practice of removing

outliers or winsorizing may induce bias and reduce power.

The proposedmethod is based on the condition that the IV

assumptions aremet, and ourmethod is not robust to weak

IVs or horizontal pleiotropy. For the scenarios where indi-

vidual genetic variants (that do not induce horizontal plei-

otropy) are weak, we can construct allele scores (e.g., poly-

genic risk scores and unweighted allele scores) to form

stronger instruments for MR analysis.28–30 We measured

the IV strength with the Sanderson-Windmeijer condi-

tional F-statistic, which should be greater than 10 for an

IV to be considered strong.2

Besides the methods discussed in simulation studies,

multiple imputation is another common approach to

address missing data. However, most existing algorithms

generate the imputed values from a specific distribution

that requires proper estimation of the parameters or speci-

fication of a prior distribution for the parameters, which

can be challenging since the data are incomplete. In addi-

tion, multiple imputation is computationally intensive,

especially when there are missing values for multiple
024



Table 2. Results of assessing the instrumental variable assumptions

Outcome Sargan test p value Exposure variable F Fc

TC 0.156 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) 39.032 15.470

1-(1-enyl-palmitoyl)-2-palmitoyl-
GPC (P-16:0/16:0)

161.130 103.668

TGs 0.103 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) 39.032 15.470

1-(1-enyl-palmitoyl)-2-palmitoyl-
GPC (P-16:0/16:0)

161.130 103.668

LDL-C 0.105 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) 32.131 13.044

1-(1-enyl-palmitoyl)-2-palmitoyl-
GPC (P-16:0/16:0)

154.388 98.707

Abbreviations: F, partial F-statistic; Fc, the Sanderson-Windmeijer conditional F-statistic; TC, total cholesterol; TGs, triglycerides; LDL-C, low-density lipoprotein
cholesterol.
variables or the proportion of missing values is large.6

Thus, we did not consider multiple imputation in this

paper.

One limitation of the proposed method is that it can only

handle two exposure variables. Lin et al. proposed a general

framework to handle the unmeasured and undetectable

values in more than two exposures.10 The authors consid-

ered similar models to those in this paper, except that the

residuals of the linear models are assumed uncorrelated in

their models; as a result, the parameter estimates can be up-

dated with explicit formulas in the M-step, and thus, the

computational burden of the EM algorithm is not a

concern. However, by assuming no correlation among the

residuals, the unmeasured confounders are not considered,

and the models can only infer associations rather than cau-

sality. When we incorporate the residual correlations into

the models to estimate the causal effects, we need to run

the M-step with the Newton-Raphson algorithm, which

makes the computation more complicated and challenging

when the number of exposures increases. The computation

in the E-step and the derivation of the estimated covariance

matrix will also become much more complex when we

include more exposure variables. There may also be extra

computational challenges when the sample size is large.

As a future direction, wewill develop a computationally effi-

cient algorithm to accommodate more exposure variables

and larger sample sizes.

For a general MVMR analysis, investigators can include

the potential confounders as exposures to avoid horizontal

pleiotropy. The proposed method is designed for the

setting with two exposure variables, so we should be care-

ful in the IV selection in order not to induce horizontal

pleiotropic effects. For instance, a previous study found

that the genetic variant rs174559 in the FADS1 gene

(MIM: 606148) on chromosome 11 was significantly asso-

ciated with both 1-stearoyl-2-arachidonoyl-GPI (18:0/

20:4) and 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/

16:0) in the HCHS/SOL.21 However, including this variant

as an IV in our analysis led to significant unmeasured hor-

izontal pleiotropy, evident by p values of the Sargan test be-

ing smaller than 0.003 in the analysis of TGs and LDL-C.
Human
For the analysis of TC, including rs174559 did not lead

to unmeasured horizontal pleiotropy, and the correspond-

ing results were close to those reported in Table 1.

A previous univariable MR study reports that the total

causal effects of 1-stearoyl-2-arachidonoyl-GPI (18:0/

20:4) on TC, TGs, and LDL-C are significantly positive

and that 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/

16:0) has significantly negative total effects on TGs and

LDL-C.31 Our MVMR analysis results suggest direct causal

effects in the same directions; however, the direct causal

effects of 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/

16:0) on TGs and LDL-C are not significant. The difference

in the MR and MVMR results implies that the effects

of 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0) on

TGs and LDL-C may be operated through 1-stearoyl-2-

arachidonoyl-GPI (18:0/20:4), andmore biological and sta-

tistical investigations may be needed.

While little attention has been paid to the biological links

between the twometabolites and the levelsof lipoproteins in

the existing literature, our analysis provides an assessment

from a statistical perspective. For example, the significant

direct causal effects show that 1-stearoyl-2-arachidonoyl-

GPI (18:0/20:4) can be a potential biomarker or therapeutic

target for hyperlipidemia. Future biological or epidemiolog-

ical research can further study the roles of thesemetabolites,

which is important to drivemore insights into the treatment

of relevant diseases. In addition, our study focuses on indi-

viduals with Hispanic/Latino backgrounds, and it is worth-

while to extend the scope to consider individuals fromother

ethnic groups and compare the effects of themetabolites on

lipoproteins in different populations; thismay help develop

population-specific strategies for the prevention and inter-

vention of coronary artery disease, stroke, atherosclerosis,

and other diseases of which lipoproteins are important risk

factors.

The sampling scheme of the HCHS/SOL was complex,

and the study participants in different sampling units

had unequal selection probabilities.14 Using sampling

weights to handle the complex sampling design would

enable us to generalize the effect estimates to the target

population, providing more reliable inference on the
Genetics and Genomics Advances 5, 100338, October 10, 2024 9



effects of interest.32 As a future direction, we will develop a

weighted version of the proposed method to accommo-

date different sampling strategies.
Data and code availability

Data from the HCHS/SOL are available at https://sites.cscc.

unc.edu/hchs/ upon request. The R package we developed

for our proposed method is available at https://github.

com/OSylli/MVMRIE.
Supplemental information

Supplemental information can be found online at https://doi.org/

10.1016/j.xhgg.2024.100338.
Acknowledgments

The authors are grateful for the support from the National Heart,

Lung, and Blood Institute (NHLBI) under R01HL143885 and the

National Human Genome Research Institute under R01HG009974

to develop this methodology. The authors are also grateful for fund-

ing from the National Institute on Aging under P30AG066615 and

the Population Architecture using Genomics and Epidemiology

Study under R01HG010297. The authors thank the staff and partic-

ipants of HCHS/SOL for their important contributions (investiga-

tors’ website: https://sites.cscc.unc.edu/hchs/). The HCHS/SOL is

a collaborative study supported by contracts from the NHLBI

to the University of North Carolina (HHSN268201300001I/N01-

HC-65233), University of Miami (HHSN268201300004I/N01-HC-

65234), Albert Einstein College ofMedicine (HHSN268201300002I/

N01-HC-65235), University of Illinois at Chicago (HHSN268201

300003I/N01-HC-65236 Northwestern University), and San Diego

State University (HHSN268201300005I/N01-HC-65237). The Ge-

netic Analysis Center at the University of Washington was sup-

ported by NHLBI and NIDCR contracts (HHSN268201300005C

AM03 and MOD03). Support for HCHS/SOL metabolomics data

was graciously provided by the JLH Foundation (Houston, Texas).

The authors also thank the Trans-Omics for Precision Medicine

(TOPMed) program imputation panel (v.TOPMed-r2), which is sup-

ported by the NHLBI (see www.nhlbiwgs.org). The panel was con-

structed and implemented by the TOPMed Informatics Research

Center at the University of Michigan (3R01HL-117626-02S1; con-

tract HHSN268201800002I). The TOPMed Data Coordinating Cen-

ter (3R01HL-120393-02S1; contract HHSN268201800001I) pro-

vided additional data management, sample identity checks, and

overall program coordination and support. We gratefully acknowl-

edge the participants who provided biological samples and the

studies that provided data for TOPMed.
Author contributions

D.Y.L. conceived the proposed method. Y.L. derived the mathe-

matical formulas and developed the statistical programs to imple-

ment themethod. Y.L., K.Y.W., andD.Y.L. designed and performed

the simulation studies and verified the results. Y.L., A.G.H., P.G.L.,

H.M.H., M.G., K.E.N., C.G.D., C.L.A., B.Y., K.L.Y., V.L.B., R.K., L.H.,

B.T.J., Q.Q., T.S., and J.Y.M., acquired, processed, and analyzed

the data and discussed the results. Y.L., K.Y.W., and D.Y.L. wrote
10 Human Genetics and Genomics Advances 5, 100338, October 10,
the manuscript. All authors reviewed and commented on the

manuscript.
Declaration of interests

The authors declare no competing interests.

Received: March 9, 2024

Accepted: July 27, 2024
Web resources

HCHS/SOLManual 7, https://sites.cscc.unc.edu/hchs/manuals-

forms

KEGGPathwayDatabase, https://www.genome.jp/pathway/

hsa00564

OMIM, http://www.omim.org
References

1. Burgess, S., and Thompson, S.G. (2015). Mendelian Random-

ization: Methods for Using Genetic Variants in Causal Estima-

tion (CRC Press).

2. Sanderson, E., Davey Smith, G., Windmeijer, F., and Bowden,

J. (2019). An examination of multivariable Mendelian

randomization in the single-sample and two-sample summary

data settings. Int. J. Epidemiol. 48, 713–727.

3. Chadeau-Hyam, M., Bodinier, B., Vermeulen, R., Karimi, M.,
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