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Summary
Mendelian randomization has been widely used to assess the causal effect of a heritable exposure variable on an outcome of interest,

using genetic variants as instrumental variables. In practice, data on the exposure variable can be incomplete due to high cost of mea-

surement and technical limits of detection. In this paper, we propose a valid and efficient method to handle both unmeasured and un-

detectable values of the exposure variable in one-sample Mendelian randomization analysis with individual-level data. We estimate the

causal effect of the exposure variable on the outcome using maximum likelihood estimation and develop an expectation maximization

algorithm for the computation of the estimator. Simulation studies show that the proposed method performs well in making inference

on the causal effect. We apply our method to the Hispanic Community Health Study/Study of Latinos, a community-based prospective

cohort study, and estimate the causal effect of several metabolites on phenotypes of interest.
Introduction

Mendelian randomization (MR) is a technique of using ge-

netic variants as instrumental variables (IVs) to estimate

the causal effect of an exposure variable on an outcome

with observational data. Unlike conventional association

analysis, MR analysis with properly selected IVs can pro-

vide valid causal inference even in the presence of unmea-

sured confounders and reverse causation.1 In practice, MR

analysis is often complicated by incomplete data on the

exposure variable. In particular, the exposure data may

be collected only on a subset of study subjects due to

high cost of measurement or degraded samples. In addi-

tion, measurements of quantitative omics features, such

as metabolite levels, may be subject to detection limits,

such that values beyond certain thresholds are undetect-

able. As one of the major goals of omic studies is to assess

the causal effects of quantitative omic variables on pheno-

types of interest, a rigorous MR approach that properly ac-

counts for incomplete exposure data is needed.

It is a common practice to exclude individuals with un-

measured values of the exposure variable from MR anal-

ysis.2,3 However, this approach results in a loss of informa-
1Department of Biostatistics, Gillings School of Global Public Health, Univers

ment of Applied Mathematics, The Hong Kong Polytechnic University, Hun

North Carolina at Chapel Hill, Chapel Hill, NC 27599, USA; 4Department of N

olina at Chapel Hill, Chapel Hill, NC 27599, USA; 5Department of Epidemiolo

Chapel Hill, Chapel Hill, NC 27599, USA; 6Department of Epidemiology, Huma

of Texas Health Science Center at Houston, Houston, TX 77030, USA; 7Departm

icine, Bronx, NY 10461, USA; 8Department of Preventive Medicine, Feinber
9Department of Medicine, Harvard Medical School, Boston, MA 02115, USA;

WA 98109, USA
11Lead contact

*Correspondence: lin@bios.unc.edu

https://doi.org/10.1016/j.xhgg.2023.100245.

Human

This is an open access article under the CC BY-NC-ND license (http://creative
tion and causes bias in parameter estimation when data are

not missing completely at random.4 Pierce and Burgess5

proposed a subsample estimator for MR analysis when

data on the exposure are collected only for a subset of par-

ticipants. Specifically, the causal effect estimator is the ra-

tio between the estimated effect of a genetic variant on

the outcome (based on the entire sample) and the esti-

mated effect of the genetic variant on the exposure (based

on the complete cases only). This approach requires the

missing-completely-at-random assumption and is not

applicable when the exposure variable is subject to detec-

tion limits.

It is common to remove subjects with undetectable

values or impute the undetectable values.6–8 However,

complete-case analysis and single imputation methods

can result in biased effect estimators and inflation of type

I error in hypothesis tests.9 Multiple imputation has been

used to impute unmeasured and undetectable values in as-

sociation analysis,10–12 but not in MR analysis. This

approach is computationally intensive and is sensitive to

the distributional assumption.13

In this article, we present a valid and powerful approach

to MR analysis with a continuous outcome and a
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continuous exposure, where the latter is potentially un-

measured or undetectable. We consider a linear model be-

tween the exposure and the IVs and another linear model

between the outcome and the exposure. We accommodate

unmeasured confounders of the exposure-outcome rela-

tionship by allowing a nonzero correlation between the

error terms in the two regression models. We estimate

the causal effect using maximum likelihood estimation

(MLE) and develop a computationally efficient expectation

maximization (EM) algorithm. Under the normality

assumption, the proposed estimator is virtually unbiased

and statistically efficient. We show the advantages of the

proposed method over the existing methods through

simulation studies. We apply the proposed method to

data from the Hispanic Community Health Study/Study

of Latinos (HCHS/SOL).14,15
Material and methods

Let Y be a continuous outcome variable, S be a continuous expo-

sure variable that is potentially unmeasured and subject to detec-

tion limits, and G be a vector of IVs for S. To be a valid IV, each

component of G should satisfy the following assumptions: (1) it

is associated with S; (2) it does not affect Yexcept through its effect

on S; and (3) it is not associated with any confounders of the expo-

sure-outcome relationship.1 A causal diagram is given in Figure 1.

Let Z be a vector of measured covariates, such as age, gender, and

principal components for ancestry. In addition, let the first

component of Z be the constant 1, and let X ¼ ðGT;ZTÞT.
We consider the following pair of linear models:

S ¼ aTX þ eS; (Equation 1)

and

Y ¼ gSþ bTZ þ eY ; (Equation 2)

where a and b are vectors of regression parameters, g represents

the causal effect of the exposure variable on the outcome, and

ðeS; eY ÞT is a zero-mean bivariate normal random vector, with

VarðeSÞ ¼ s2S , VarðeYÞ ¼ s2Y , and CorrðeS; eYÞ ¼ r. The joint den-

sity function of ðY; SÞ given ðX;ZÞ is
f ðY; SjX;Z; qÞ ¼ 1

2pjSj1=2
exp

�
� 1

2

�
S � aTX;Y � gS � bTZ

�
S�1



S � aTX

Y � gS � bTZ

��
;

where q ¼ ðaT;bT;g;s2S ;s
2
Y ; rÞ

T
, and S is the covariance matrix of

ðeS; eY ÞT. When the normality assumption is in doubt, we perform

the inverse-normal transformation on the outcome and the

measured values of the exposure.

We use R to indicate, by the values one versus zero, whether

the measurement of S is exact or incomplete, respectively. When

R ¼ 0, the exposure variable S is only known to belong to an

interval C, where C ¼ ð�N;LÞ if S is below the lower detection

limit L, C ¼ ðU ;NÞ if S is above the upper detection limit

U, and C ¼ ð�N;NÞ if S is not measured. Although measure-

ments of the exposure variable are usually non-negative, we
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allow negative values to accommodate situations in which stan-

dardization, log-transformation, or other transformations are

performed. The detection limits are allowed to be subject-

specific. For a sample of size n, the observed data consist of

fYi;Xi;Zi;Ri;RiSi þð1 �RiÞCig for i ¼ 1;.;n.

We assume that Ri, Li, and Ui are random variables whose joint

distribution does not contain information about q. We impose

the missing-at-random assumption on Ri. We further assume

that data on the outcome, genotypes, and measure covariates

are complete. The observed-data likelihood function for q is pro-

portional to

Yn
i¼1

�
f ðYi; SijXi;Zi; qÞRi

�Z
s˛Ci

f ðYi; sjXi;Zi; qÞds
�1�Ri

�
;

where the integration is taken over all possible values of the

missing Si. To maximize this likelihood function, we adopt the

EM algorithm with S treated as potentially missing data. The com-

plete-data log likelihood function is

[ ðqÞh
Xn
i¼1

log f ðYi; SijXi;Zi; qÞ:

In the E-step, we evaluate the conditional expectation of [ðqÞ given
the observed data at the current parameter estimates:

b[ ðqÞ ¼ � n logð2pÞ � n

2
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2
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�
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�	
; (Equation 3)

where bE denotes the conditional expectation given the observed

data, evaluated at the current parameter estimates. In the

M-step, we update the parameters with the maximizer of the ex-

pected complete-data log likelihood function. We iterate between

the E-step and the M-step until the Euclidean distance between

the parameter values at two successive iterations is less than a
pre-specified small positive constant (e.g., 10�5). The resulting

estimator of q is denoted by bq. Details of the E-step and the

M-step are given in Appendix A.

The estimated covariance matrix of bq is derived using the

Louis formula.4 We first compute the complete-data informa-

tion matrix Ic, which is the negative of the Hessian matrix ofb[ðqÞ evaluated at bq. In addition, we calculate the gradient of

log f ðYi; SijXi;Zi; qÞ with respect to q, denoted by U i, and eval-

uate the conditional expectations of U i and U iU
T
i given the

observed data at bq. We finally obtain the observed-data informa-

tion matrix
024



Figure 1. The causal diagram for MR analysis, where a set of ge-
netic variants are used as IVs to estimate the causal effect of an
exposure on an outcome with observational data
A dashed arrow from the IV(s) to the outcome means that there
should not be any direct effect(s) of the IV(s) on the outcome.
Similarly, a dashed line between the IV(s) and the confounder(s)
means that the IV(s) should not be associated with any con-
founder(s) of the exposure-outcome relationship.
Iobs ¼ Ic �
Xn
i¼1

IðRi ¼0Þ
hbE�U iU

T
i

� � bEðU iÞbEðU iÞT
i
; (Equation 4)

where the second term on the right-hand side is the conditional

covariance matrix of the gradient of [ðqÞ given the observed

data. Then, the covariance matrix of bq can be estimated by I�1
obs;

see Appendix A for details.
Simulation studies

We conducted extensive simulation studies to compare the

proposed method with existing ones. We set Z1 ¼ 1 and

independently generated Z2 from the standard normal dis-

tribution, Z3 from the Bernoulli distribution with 0.5 suc-

cess probability, and Z4 from the standard uniform distri-

bution; Z2, Z3, and Z4 represent the first principal

component for ancestry, gender, and (normalized) age,

respectively. We generated the IV (i.e., G) from the

Binomialð2; pÞ distribution, which represents the genotype

of a genetic variant with minor allele frequency p under

the Hardy-Weinberg equilibrium; we set p ¼ e0:5Z2=

ð1þe0:5Z2Þ to create population stratification. Then, we

generated the exposure variable S from model (1), where

X ¼ ðG;ZTÞT and Z ¼ ðZ1;.;Z4ÞT, and generated the

outcome variable Y from model (2).

For the parameter values, the genetic effect on the expo-

sure was set to 0.25; the intercepts in both models (1) and

(2) were set to 1; the coefficients of Z2, Z3, and Z4 in both

models (1) and (2) were set to 0.5; g was set to 0 or 0.25; s2S
and s2Y were both set to 1; and r was set to vary from 0 to

0.5 with a 0.1 increment. The choice of g ¼ 0:25 repre-

sents a moderate effect of the exposure on the outcome.

We set the sample size n to be 9,000 and let 70% of the

exposure values be unmeasured completely at random.

We altered the lower detection limit for the exposure

values from � 1 to 1 with an increment of 0.1; we assumed

that all the individuals had the same lower detection limit

and that there was no upper detection limit.

The value of a was selected such that when there was no

lower detection limit, the mean of the 2.5% and the 97.5%

quantiles of the measured exposure variable were �0.78

and 4.28, respectively. As the lower detection limit

increased from �1 to 1, the proportion of subjects (within
Human
the subsample consisting of individuals with measured

exposure) with undetectable exposure values increased

from 0% to 30.3%, which covered the situations in the

HCHS/SOL data. To measure the strength of the IV, we

evaluated the (partial) F-test statistic for the coefficient of

G in model (1) based on individuals with available S. As

the lower detection limit increased, the number of com-

plete cases became smaller, resulting in a decrease in the

mean F-statistic from 76.6 to 35.3; however, the selection

of the genetic effect size ensured that the IV remained suf-

ficiently strong since the F-statistics were greater than 10.16

We considered four existing methods: complete-case

analysis, ‘‘imputation at limit,’’ ‘‘imputation atmid-point,’’

and multiple imputation. For complete-case analysis, we

removed all subjects with unmeasured or undetectable

exposure values and estimated the parameters using stan-

dard MLE. For the single imputation methods, we imputed

the measurements below the detection limit L by L for the

‘‘imputation at limit’’ method and by L � log 2 for

the ‘‘imputation at mid-point’’ method; in addition, we

removed subjects with unmeasured exposure values. We

then performed standard MLE on the resulting data.

Here, we assumed S to be the log-transformation of the

original measurement. Thus, for the imputation at mid-

point method, the imputed value is the log of the mid-

point between eL (the lower detection limit on the original

scale) and 0 (the lower bound of the exposure values). For

multiple imputation, we imputed each missing value 20

times from the distribution in Equation 5. We calculated

the MLE on each complete dataset and obtained the com-

bined estimate, standard error estimate, and p value.4 Esti-

mates from the imputation atmid-pointmethodwere used

as parameter values in Equation 5 for multiple imputation

and as initial values for the EM algorithm in the proposed

method. For each method, we performed the Wald test on

the null hypothesis of g ¼ 0 at the nominal significance

level of 0.001. We simulated 10,000 and 10 million repli-

cates for g ¼ 0:25 and g ¼ 0, respectively.

Figures 2, S1, and S2 show the simulation results for the

scenario of g ¼ 0:25. The proposed causal effect estimator

is nearly unbiased, the proposed standard error estimator is

accurate, and the 95% confidence interval has adequate

empirical coverage probability. The complete-case analysis

yields a nearly unbiased causal effect estimator when r is

zero (i.e., when there are no unmeasured confounders),

but the estimator has a much larger standard error than

the proposed estimator, so the complete-case analysis has

substantially lower power for testing g than the proposed

method. When r is nonzero, the complete-case analysis

yields a negatively biased estimator; as the lower detection

limit increases, the bias becomes more severe, the standard

error increases, and the power for the test on g decreases.

The bias of the causal effect estimator from the imputation

at limit method is away from the null and becomes more

severe as the lower detection limit increases. The causal ef-

fect estimator from the imputation at mid-point method is

also biased, although the magnitude is smaller than that of
Genetics and Genomics Advances 5, 100245, January 11, 2024 3



Figure 2. Simulation results for the scenario where the true value of the causal effect g is 0.25
Panels A and B correspond to the cases where the correlation is 0 and 0.1, respectively. Bias and standard error of the causal effect esti-
mators, the empirical coverage probabilities of the 95% confidence intervals, and the empirical power of the significance test on g are
plotted against the lower detection limit of the exposure variable. The red, brown, green, purple, and blue curves correspond to the com-
plete-case analysis, the imputation at limit method, the imputation at mid-point method, multiple imputation, and the proposed
method, respectively. The pink curve represents the mean of the standard error estimator (SEE) given by the proposed method.
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the imputation at limit estimator. The two single imputa-

tion methods yield larger standard errors and thus are

less powerful in testing g than the proposed method. Mul-

tiple imputation performs similarly to the proposed

method when the lower detection limit is small; however,

when the lower detection limit is greater than 0.5, under

which the proportion of undetectable values reaches about

17.8%, the effect estimator becomes positively biased, and

its standard error becomes larger than that of the proposed

estimator.

Figures 3, S3, and S4 show the simulation results for the

scenario of g ¼ 0. For the proposed method, the conclu-

sions regarding the bias of the causal effect estimator, stan-

dard error estimation, and coverage of confidence intervals

are the same as those in the case of g ¼ 0:25, but the empir-

ical type I error tends to be below the nominal significance

level. The complete-case analysis yields a virtually unbiased

causal effect estimator when r is zero. However, when r is

nonzero, the complete-case estimator is biased, and the

bias becomes more severe as r or the detection limit in-

creases. Compared with the proposed estimator, the com-

plete-case estimator also has a higher standard error, which

increases drastically as the lower detection limit increases.

The twosingle imputationapproachesyieldnearlyunbiased

estimators of g, but the estimators have higher standard er-

rors than the proposed estimator. The empirical type I errors

yielded by the two single imputation methods are similar

but larger than the type I error of the proposed method,

exceeding the nominal level for rR0:4. Finally, multiple

imputation provides a nearly unbiased causal effect esti-

mator but yields an inflated type I error when r ¼ 0:5.

We performed additional simulation studies to evaluate

the robustness of each method to the non-normality of

ðeS; eYÞT. In the first scenario, we set eS ¼ ðTS þT0Þ=
ffiffiffi
3

p

and eY ¼ ðTY þT0Þ=
ffiffiffi
3

p
, where TS, TY , and T0 followed in-

dependent t-distributions with 6 degrees of freedom. In the

second scenario, we let eS ¼ ðGS þG0 �16Þ=4 ffiffiffi
2

p
and eY ¼

ðGY þG0 � 16Þ=4 ffiffiffi
2

p
, where GS, GY , and G0 independently

followed the Gamma distribution with a shape parameter

of 4 and a scale parameter of 2. The constants (i.e.,
ffiffiffi
3

p
,

16, and 4
ffiffiffi
2

p
) were incorporated so that eS and eY had

means of zero and variances of one. The other simulation

parameters remained unchanged. When the lower detec-

tion limit increased from � 1 to 1, the proportion of indi-

viduals with undetectable exposure increased from 0% to

31.1%. We performed the inverse-normal transformation

on the outcome and the measured values of the exposure.

The corresponding parameter should be interpreted as the

effect of the transformed exposure on the transformed

outcome rather than the effect on the original scale, and

the two effect sizes are generally different when the true ef-

fect on the original scale is nonzero.

The results are shown in Figures S5 and S6. When the

true causal effect is nonzero, the proposedmethod remains

more powerful than complete-case analysis and single

imputation; multiple imputation has similar power to

the proposed method when the proportion of undetect-
Human
able values is small but is less powerful when more than

14.3% of the exposures are undetectable. However, the es-

timators no longer reflect the effect size on the original

scale due to the inverse-normal transformation. When

the true causal effect is zero, the type I errors of the impu-

tation methods are inflated, whereas the type I errors

yielded by the proposed method and complete-case anal-

ysis remain below the nominal level; in addition, the pro-

posed estimator is almost unbiased.

The simulation results show that removing the unde-

tectable values of the exposure (which is an endogenous

variable in our models) or imputing the undetectable

values with fixed values generally leads to biased causal ef-

fect estimators. In addition, since the complete-case anal-

ysis and the two single imputationmethods remove a large

proportion of subjects, they yield much larger standard er-

rors and are substantially less powerful than the proposed

method in detecting a causal effect. Multiple imputation

also performs worse than the proposed method when the

proportion of the undetectable values is large or when

the normality assumption does not hold, and it is compu-

tationally less efficient than the proposed method.

Under the normality assumption, the proposed method

yields a nearly unbiased causal effect estimator, with accu-

rate standard error estimation, but the empirical type I er-

ror under the null hypothesis tends to be below the nom-

inal level. By inspecting the empirical distributions of the

z-values over the replicates, where the z-value is defined

as the ratio of the causal effect estimate to the standard er-

ror estimate, we found that the deflation of type I error is

attributed to the thin-tailed distributions of the z-values.

For scenarios where rR0:2, the complete-case analysis

yields a severely biased causal effect estimator when the

lower detection limit is large, but the corresponding empir-

ical type I error remains deflated. This is because the distri-

butions of the z-values are highly leptokurtic, and less than

0.1% of the values exceed the range between the 0.05%

and the 99.95% quantiles of the standard normal distribu-

tion. When rR0:4, the two single imputation approaches

yield inflated type I errors since the distributions of the

z-values are positively skewed and have heavy right tails;

similar phenomena were observed for the multiple impu-

tation method when r ¼ 0:5.
Application to the HCHS/SOL

In this section, we use the proposed method to evaluate

the causal effects of the metabolites of interest on esti-

mated glomerular filtration rate (eGFR) and some lipopro-

tein outcomes using data from the HCHS/SOL. Feofanova

et al.17 conducted a genome-wide association study and

discovered some previously unreported single nucleotide

polymorphism (SNP)-metabolite associations in the

HCHS/SOL; the authors also reported some metabolite-

phenotype pairs with an absolute Pearson’s correlation

greater than 0.1. We used the significant SNPs identified
Genetics and Genomics Advances 5, 100245, January 11, 2024 5



Figure 3. Simulation results for the scenario where the true value of the causal effect g is 0
Panels A and B correspond to the cases where the correlation is 0 and 0.1, respectively. Bias and standard error of the causal effect esti-
mators, the empirical coverage probabilities of the 95% confidence intervals, and the empirical type I error of the significance test on g
are plotted against the lower detection limit of the exposure variable. The red, brown, green, purple, and blue curves correspond to the
complete-case analysis, the imputation at limit method, the imputation at mid-point method, multiple imputation, and the proposed
method, respectively. The pink curve represents themean of the standard error estimator (SEE) given by the proposedmethod. The black
dashed line indicates the nominal significance level of 0.001.
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Table 1. SNP-metabolite-phenotype combinations of interest

SNP Metabolite Phenotype

rs1047891 isovalerylglycine eGFR

rs1047891 isobutyrylglycine eGFR

rs10889335 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) TC

TG

LDL-C

rs174554 1-palmitoyl-2-stearoyl-GPC (16:0/18:0) TC

rs247617 1-(1-enyl-palmitoyl)-2-palmitoyl-GPC
(P-16:0/16:0)

HDL-C

LDL-C

TC

TG

eGFR, estimated glomerular filtration rate; TC, total cholesterol; TG, triglycer-
ides; LDL-C, low-density lipoprotein cholesterol; HDL-C, high-density lipopro-
tein cholesterol.
by the authors as the IVs and performed MR analyses on

these metabolite-phenotype pairs.
HCHS/SOL

The HCHS/SOL is a multicenter community-based pro-

spective cohort study of US Hispanic/Latino individuals.

A stratified two-stage area probability sampling design

was adopted in the recruitment process, so that the

selected individuals would represent the target popula-

tion.15 In total, 16,415 individuals between 18 and 74

years old who self-identified as Hispanic or Latino were re-

cruited from communities in the Bronx, Chicago, Miami,

and San Diego.14 The study included participants from

the following backgrounds: Central American, Cuban,

Dominican, Mexican, Puerto Rican, and South American.

Participants’ fasting blood specimens were collected at

each recruitment center with a standardized protocol, and

daily fresh and frozen specimens were sent to a central labo-

ratory for further measurements.14 The serumwas separated

from the cells within 2 h of collection and stored at� 70+C

until assayed. Serum and plasma metabolite measurements

were available only for a randomly selected subset of the

studyparticipants, andonlydata from theparticipants’ base-

linevisitwere used inour analysis. TheHCHS/SOL studywas

approved by institutional review boards at participating in-

stitutions. Written informed consent was obtained from all

participants. More details on the laboratory procedures and

measurements are described in the HCHS/SOL Manual 7

(Addendum), available at https://sites.cscc.unc.edu/hchs/

manuals-forms.
Selection of outcomes, exposures, and IVs

We focused on 10 of the 15metabolite-phenotype pairs that

were reported to have an absolute Pearson’s correlation

greater than 0.1: we excluded three pairs with a binary

phenotype; we excluded two more pairs involving urine
Human
creatinine because the measurements can fluctuate depend-

ing on diet, hydration, and other factors18 and because a

single observation is usually insufficient to reflect the actual

level of urine creatinine. In Feofanova et al.,17 one SNP was

reported to be significantly associated with each of the 10

metabolites used in our analysis. Themetabolite-phenotype

pairs of interest and the corresponding SNP for eachmetab-

olite are shown in Table 1, and details on the SNP-metabo-

lite associations reported by Feofanova et al.17 are provided

in Table S1. Throughout our analysis, participants with

chronic kidney disease were excluded.19

Data collection and processing

Total cholesterol (TC), triglycerides (TG), low-density lipo-

protein cholesterol (LDL-C), high-density lipoprotein

cholesterol (HDL-C), and creatinine were measured in

serum on a Roche Modular P Chemistry Analyzer (Roche

Diagnostics Corporation), and eGFR was computed based

on serum creatinine level, age, and sex, using the method

described by Inker et al.20 We removed individuals with

missing outcome measurements. In the analyses of the

lipid outcomes, we also excluded non-fasting participants

and corrected the outcome values for individuals using sta-

tins (which are lipid-lowering medications) based on the

findings of Wu et al.21

Stored serum samples were used for metabolomic

profiling, which was conducted in 2017 at Metabolon Inc.

(Durham,NC)with theMetabolonDiscoveryHD4platform,

and serum metabolites were quantified with an untargeted,

liquid chromatography-mass spectrometry (LC-MS)-based

method.22,23 For each of the metabolites included in our

analysis, there are values below the lower detection limit.

The minimum measurement among the individuals whose

metabolites were measured and detectable was considered

to be the (intrinsic) lower detection limit, denoted by L0.

Outliers exist in the positively skewed metabolite data,

and we set them as being beyond certain detection limits

before data analysis. Specifically, we first computed the sam-

ple mean and sample standard deviation of the log-trans-

formed measurements among the measured and detectable

values, denoted by m and s, respectively. Then, we intro-

duced an upper detection limit of expðmþ3sÞ and redefined

the lower detection limit as maxfexpðm � 3sÞ; L0g. Thus,
the log-scalemeasurements that were three sample standard

deviations above and below the sample mean were labeled

as being above the upper detection limit and below the

lower detection limit, respectively.

The HCHS/SOL participants were a subset of the individ-

uals in the Population Architecture using Genomics and

Epidemiology (PAGE) study; in the course of that study,

the participants were genotyped on the MultiEthnic Geno-

typing Array at the Center for Inherited Disease Research.24

Four SNPs (rs1047891, rs10889335, rs174554, and

rs247617) were used in our analysis, and the imputation

was performed with the TOPMed imputation server using

the TOPMed freeze 8 imputation reference panel.25–27 We

obtained genotypic data on 11,604 HCHS/SOL participants
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for each SNP and excluded individuals with unavailable ge-

netic data. To account for the population structure, we also

derived the principal components for ancestry and incorpo-

rated them into our model as covariates.

Complete data on age and gender were collected during

individuals’ baseline visits. The Hispanic/Latino back-

ground (Central American, Cuban, Dominican, Mexican,

Puerto Rican, and South American) of the individuals

was derived using the method of Conomos et al.28 We

included the Hispanic/Latino background variable in the

analysis since it is associated with lifestyle factors, such

as diet, that affect metabolite values.
Statistical analysis

We performed the inverse-normal transformation on the

outcome variables and the measured values of the expo-

sures, such that the measured and detectable metabolite

values approximately followed a truncated normal distri-

bution. Then, we used the proposed method to assess the

causal effects of the transformed metabolite levels on the

transformed outcomes, using the corresponding SNP in

Table 1 as an IV and using age, gender, the center of recruit-

ment, Hispanic/Latino background, and the first five prin-

cipal components for ancestry as the measured covariates.

We also employed multiple imputation and the imputa-

tion at mid-point method for comparisons. For imputation

at mid-point, individuals with unmeasured metabolites

were removed, and values above the upper detection limit

or below the lower detection limit were imputed with the

upper detection limit or half of the lower detection limit

on the original scale, respectively.

We performed a preliminary assessment of the IV as-

sumptions. Similar to the simulation studies, we assessed

the IV strength by calculating the (partial) F-test statistic

for the coefficient of the genetic variant in model (1) using

individuals with available metabolite data. The validity of

the IVs is more difficult to verify. There has been little liter-

ature on the reliable assessment of horizontal pleiotropy

when a single SNP is used and a large proportion of the

measurements on the exposure variable are unavailable;

we discuss this issue in Section discussion.

Endogamous mating exists in the Hispanic/Latino com-

munity and induces genetic relatedness in the HCHS/SOL

participants. As a sensitivity analysis, we used Pedigree

Reconstruction and Identification of a Maximum Unre-

lated Set (PRIMUS) to identify the maximum unrelated

subset of individuals such that bp%0:2 for any individual

pairs, where bp is the estimated proportion of alleles shared

identical by descent based on identity by state and allele

frequency.29We then repeated the statistical analysis using

only the unrelated individuals.
Results

Descriptive statistics of the phenotypes, metabolites, and

covariates for the 11,604 individuals with available genetic
8 Human Genetics and Genomics Advances 5, 100245, January 11, 2
data are shown inTable S2. In addition, for eachmetabolite-

phenotype pair of interest, the number of individuals with

unmeasured or undetectable exposure values is shown in

Table S3. In summary, the metabolite is unmeasured in

about two-thirds of the individuals, and the proportion of

undetectablemetabolite values varies from0.13%to5.72%.

The proposed method detected a significant (p < 0:05)

causal relationship for all 10 metabolite-phenotype pairs

(Table 2). Both isovalerylglycine and isobutyrylglycine

were found to have a negative causal effect on eGFR. The

metabolite 1-stearoyl-2-arachidonoyl-GPI (18:0/20:4) had

strong and positive causal effects on TC, TG, and LDL-C.

A positive causal effect of 1-palmitoyl-2-stearoyl-GPC

(16:0/18:0) on TC was also identified. The effects of 1-(1-

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

lipid phenotypes were found to be in opposite directions,

with positive causal effects on HDL-C and TC and negative

causal effects on LDL-C and TG. After applying the Bonfer-

roni correction, which produced an adjusted significance

level of 0:05=10 ¼ 0:005, most of the causal effects de-

tected by the proposed method remained significant,

except for the effects of 1-(1-enyl-palmitoyl)-2-palmitoyl-

GPC (P-16:0/16:0) on TC and LDL-C.

The results frommultiple imputation were close to those

of the proposed method. This was consistent with the

simulation results that the two methods performed simi-

larly when the proportion of undetectable values was

small. The effect estimates from the imputation at mid-

point method were similar to the proposed estimates,

and the estimated causal effects from the two methods

had the same directions. However, the imputation at

mid-point method generated wider confidence intervals

and larger p values, reflecting lower statistical efficiency

than the proposed method. At the significance level of

0.05, the effect of 1-stearoyl-2-arachidonoyl-GPI (18:0/

20:4) on LDL-C and the effects of 1-(1-enyl-palmitoyl)-2-

palmitoyl-GPC (P-16:0/16:0) on TC and LDL-C were all re-

ported to be insignificant by the imputation at mid-point

method, while significant causal relationships were identi-

fied by the proposed method for these three pairs. Results

given by the complete-case analysis and the imputation

at limit method are shown in Table S4.

In the assessment of IV strength, the F-statistics in the 10

sets of analyses ranged from 23.7 to 80.4 and were greater

than the rule-of-thumbvalue of 10,16 so the IVswere strong.

For IV validity, we recognized that potential pleiotropic ef-

fects might lead to bias in the causal effect estimation.

In the sensitivityanalysis, thenumberofexcluded individ-

uals ranged from1,300 to1,400.The effect directionsyielded

by different methods remained the same as those in the

main analyses. However, with a smaller sample size, the con-

fidence intervals were wider. As a result, the proposed

method failed to identify a significant causal relationship

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

16:0) and TC, and the causal effect of isobutyrylglycine

on eGFR given by the imputation at mid-point method

became insignificant. The causal effects for the other
024



Table 2. Estimated causal effect of the metabolite on the phenotype for each pair of interest

Metabolite Phenotype n

Proposed method Multiple imputation Imputation at mid-point

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

isovalerylglycine eGFR 9540 �0.171 (�0.276, �0.066) 0.001 �0.170 (�0.280, �0.060) 0.002 �0.207 (�0.385, �0.030) 0.022

isobutyrylglycine eGFR 9540 �0.225 (�0.371, �0.080) 0.002 �0.229 (�0.378, �0.080) 0.003 �0.270 (�0.507, �0.033) 0.025

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

TC 9382 0.543 (0.361, 0.724) <0.001 0.552 (0.368, 0.736) <0.001 0.460 (0.203, 0.717) <0.001

TG 9382 0.662 (0.463, 0.860) <0.001 0.661 (0.463, 0.859) <0.001 0.610 (0.355, 0.865) <0.001

LDL-C 9236 0.330 (0.147, 0.512) <0.001 0.334 (0.150, 0.518) <0.001 0.169 (�0.139, 0.477) 0.283

1-palmitoyl-2-
stearoyl-GPC
(16:0/18:0)

TC 9382 0.292 (0.159, 0.424) <0.001 0.291 (0.156, 0.426) <0.001 0.430 (0.239, 0.622) <0.001

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

HDL-C 9381 1.676 (1.132, 2.221) <0.001 1.777 (1.232, 2.322) <0.001 1.661 (1.103, 2.219) <0.001

LDL-C 9236 �0.275 (�0.504, �0.046) 0.019 �0.270 (�0.499, �0.041) 0.021 �0.368 (�0.769, 0.034) 0.073

TC 9382 0.195 (0.001, 0.389) 0.049 0.199 (0.005, 0.393) 0.044 0.121 (�0.212, 0.454) 0.476

TG 9382 �0.317 (�0.531, �0.103) 0.004 �0.325 (�0.541, �0.109) 0.003 �0.361 (�0.693, �0.030) 0.033

n, sample size; Est, causal effect estimate; CI, confidence interval; eGFR, estimated glomerular filtration rate; TC, total cholesterol; TG, triglycerides; LDL-C, low-
density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol.
metabolite-phenotype pairs remained significant. Finally,

the IVs remained strong in the sensitivity analysis.
Discussion

In this article, we consider MR analysis with a continuous

exposure variable thatmay be unobserved or beyond detec-

tion limits.We propose anMLE approach that incorporates

both the outcome model and the exposure model into the

likelihood function, so the estimator is valid and statisti-

cally efficient. Extensive simulation studies demonstrate

that under the normality assumption, the proposed

method provides reliable inference on the causal effect of

interest evenwhen exact exposure values are only available

for a small subset of individuals. The proposedmethod also

performs better than existingmethods when the normality

assumption does not hold. In addition to incomplete mea-

surements, the proposed method can deal with outliers in

the exposure data, as in the analysis of the HCHS/SOL

data: values above or below certain thresholds can be

treated as being above the upper or below the lower detec-

tion limit before the proposedmethod is applied. The com-

mon practice of excluding outliers from analysis or winso-

rizing may introduce bias and reduce power.

The proposed method involves the use of the EM algo-

rithm, which requires initial parameter estimates. The

EM algorithm may be sensitive to the choice of initial

values, and it may fail to converge if the initial values are

far away from the optimizer of the target function. Using

the estimates from the other existing methods is one

possible way to select the initial parameter values. Multiple
Human
imputation performs well in the simulation studies, but it

is time-consuming. Among the other methods, we have

shown that the causal effect estimate from the imputation

at mid-point method is closer to the true value than that

from the complete-case analysis and imputation at limit.

Therefore, we recommend using the imputation at mid-

point method to compute the initial values for the EM al-

gorithm. With this choice of initial values, the proportion

of non-convergence was less than 0.1% in the simulation

studies. The solution from the EM algorithmmay be a local

rather than the global maximizer of the observed-data like-

lihood function. We suggest running the EM algorithm

with different initial values and choosing the solution

with the highest likelihood value.

The HCHS/SOL data example involved only a single IV

for each exposure variable, and thus we merely conducted

simulation studies under the single-IV scenario. However,

the proposed framework accommodates a multivariate G,

so the proposed method is still applicable when there are

multiple IVs. When the number of IVs increases, it takes

longer for the proposed EM algorithm to converge. Thus,

we recommend combining multiple IVs into genetic risk

scores before applying the proposed method, which not

only leads to higher time efficiency but also increases the

first-stage (partial) F-statistic and thus reduces the weak in-

strument bias.30

The HCHS/SOL participants were selected through a strat-

ified multistage cluster sampling design.15 Incorporating

sampling weight into analysis to account for the complex

survey sampling design can resolve potential over-represen-

tation or under-representation issues so that the effect

estimates can be generalized to the target population. In
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addition, taking into account the complex correlation struc-

ture induced by household sharing and endogamous mat-

ing within the Hispanic/Latino community can lead to

more reliable inference on the effect of interest.31 Thus, it

would be valuable to extend our current method to accom-

modate a complicated sampling schemewith unequal selec-

tion probabilities.

Evaluating the IVassumptions is essential for anMRanal-

ysis. Pleiotropy-robust methods and the assessment of IV

strength have been frequently discussed with regard to

MRstudieswith individual-level data.32–38However, the ap-

proaches in these studies require that data on the exposure

variable are complete. Although a preliminary assessment

was performed in our analysis of the HCHS/SOL data, we

haveyet todevelop rigorousmethods for assessing the IVas-

sumptions when exposure data are incomplete. To fill this

gap, we are exploring whether the proposed method can

be incorporated into existing approaches that accommo-

date more complex relationships between variables, such

as networkMR,39 and we aim to develop reliable guidelines

for assessing IV strength with incomplete exposure data.
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 the proposed method is available at https://github.

com/OSylli/MRIE.
Supplemental information

Supplemental information can be found online at https://

doi.org/10.1016/j.xhgg.2023.100245.
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We denote the initial parameter vector by qð0Þ.
E-step

At the jth iteration (j ¼ 1;2; .), we compute the

conditional expectations of Si and S2i given the

observed data at the current parameter values qðj�1Þ h

ðaT
ðj�1Þ;b

T
ðj�1Þ; gðj�1Þ; s2Sðj�1Þ; s

2
Yðj�1Þ; rðj�1ÞÞT.

If Ri ¼ 1, then Si is observed, bEðSiÞ ¼ Si, and bEðS2i Þ ¼
S2i . If Ri ¼ 0, then the conditional density function of Si
given the observed data Yi, Zi, and Xi at the current values

of parameters qðj�1Þ, denoted by f ðs

Yi; Xi; Zi; Ci; qðj�1ÞÞ,
satisfies
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Therefore, if Si is unmeasured, then Ci ¼ ð� N;NÞ,bEðSiÞ ¼ bi, and bEðS2i Þ ¼ b2i þ a. If Si is below the

lower detection limit, then Ci ¼ ð� N; LiÞ, bEðSiÞ ¼
bi �

ffiffiffi
a

p
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p
, and 4

and F are the probability density function and the

cumulative distribution function of the standard

normal distribution, respectively. If Si is above the

upper detection limit, then Ci ¼ ðUi;NÞ, bEðSiÞ ¼ bi þffiffiffi
a

p
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p
. Then

we can obtain the expression of b[ðqÞ in Equation 3.
M-step

By computing the first-order partial derivatives of b[ðqÞ and
setting them to zero, we find that for any fixed a, b, and g,b[ðqÞ is maximized at
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and
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Plugging in the maximizers into b[ðqÞ, we have

b[ �a;b;g; bs2
Sða;b;gÞ; bs2

Yða;b;gÞ; brða;b;gÞ� ¼ � n logð2pÞ
� n � n

2
log
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so it suffices to minimize logfbs2
S ða; b; gÞbs2

Yða; b; gÞ½1 �br2ða; b; gÞ�g. At the jth iteration (j ¼ 1;2; .), we find

the optimizers aðjÞ, bðjÞ, and gðjÞ by applying the

Newton-Raphson algorithm and then get the updated

parameters s2
SðjÞ, s2

YðjÞ, and rðjÞ based on Equations 6, 7,

and 8; this completes the M-step.

We iterate between the E-step and the M-step until the

Euclidean distance between qðj�1Þ and qðjÞ is smaller

than 10�5.

Estimated covariance matrix

Define X ¼ ðX1;.;XnÞT, Z ¼ ðZ1;.;ZnÞT, Y ¼
ðY1;.;YnÞT, E ¼ ðbEðS1Þ;.; bEðSnÞÞT, eS ¼ E � Xba, eY ¼
Y � bgE � Zbb, and A ¼ Pn

i¼1
bEðS2i Þ. It is straightforward

to show that the complete-data information matrix Ic is

a symmetric matrix with the following lower triangular

elements:
� 2
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; (Equation 6)
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Xi;Zi; qÞwith respect to q at bq, and the conditional expecta-

tions bEðU iÞ and bEðU iU
T
i Þ. It can be verified that U i ¼ V i1

þSiV i2 þ S2i V i3, where
V i1 ¼

266666666666666666666664

� 1

ð1 � br2Þbs2
S

�baTXi

�
Xi � br

ð1 � br2ÞbsSbsY

�
Yi � bbTZi

�
Xi

1

ð1 � br2Þbs2
Y

�
Yi � bbTZi

�
Zi þ br

ð1 � br2ÞbsSbsY

�baTXi

�
Zi

0

� 1

2bs2
S

þ 1

2ð1 � br2Þbs4
S

�baTXi

�2 þ br
2ð1 � br2Þbs3

S bsY

�baTXi

��
Yi � bbTZi

�
� 1

2bs2
Y

þ 1

2ð1 � br2Þbs4
Y

�
Yi � bbTZi

�2 þ br
2ð1 � br2ÞbsSbs3

Y

�baTXi

��
Yi � bbTZi

�
br

1 � br2
� br�

1 � br2
�2bs2

S

�baTXi

�2 � br�
1 � br2

�2bs2
Y

�
Yi � bbTZi

�2 � 1þ br2�
1 � br2

�2bsSbsY

�baTXi

��
Yi � bbTZi

�

377777777777777777777775

;

V i2 ¼ 1
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and

V i3 ¼ 1

1 � br2

266666666666666666664
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:

Thus, bEðU iÞ ¼ V i1 þ bEðSiÞV i2 þ bEðS2i ÞV i3, and

bE�U iU
T
i

� ¼ V i1V
T
i1 þ

�
V i1V

T
i2 þV i2V

T
i1

�bEðSiÞ
þ�V i1V

T
i3 þV i2V

T
i2 þV i3V

T
i1

�bE�S2i �
þ �V i2V

T
i3 þV i3V

T
i2

�bE�S3i �þV i3V
T
i3
bE�S4i �:

To evaluate the conditional expectation bEðU iU
T
i Þ, we

need to derive bEðS3i Þ and bEðS4i Þ. If Si is observed, thenbEðS3i Þ ¼ S3i and bEðS4i Þ ¼ S4i . If Si is unmeasured, thenbEðS3i Þ ¼ b3i þ 3bia, and bEðS4i Þ ¼ b4i þ 6b2i aþ 3a2. If Si is

below the lower detection limit, then

bE�S3i � ¼ b3
i þ3bia � 4ðL0iÞ

FðL0iÞ
�
3b2i

ffiffiffi
a

p þ2a
3
2 þ3biaL0i þ a

3
2L2

0i

�
;

and

bE�S4i � ¼ b4i þ6b2i aþ3a2 � 4ðL0iÞ
FðL0iÞ

h
4b3i

ffiffiffi
a

p þ8bia
3
2

þ
�
6b2i aþ3a2

�
L0i þ4bia

3
2L2

0i þ a2L3
0i

i
:

If Si is above the upper detection limit, then

bE�S3i � ¼ b3i þ3biaþ 4ðU0iÞ
FðU0iÞ

�
3b2i

ffiffiffi
a

p þ 2a
3
2 � 3biaU0i þ a

3
2U2

0i

�
;

and

bE�S4i � ¼ b4i þ6b2i aþ 3a2 þ 4ðU0iÞ
FðU0iÞ

h
4b3i

ffiffiffi
a

p þ 8bia
3
2

�
�
6b2i aþ 3a2

�
U0i þ4bia

3
2U2

0i � a2U3
0i

i
:

Then we can obtain the observed-data information ma-

trix in Equation 4.
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