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Most Mendelian randomization (MR) studies published in the literature to date have involved
analyses of unrelated, putatively independent sets of individuals. However, estimates ob-
tained from these sorts of studies are subject to a range of biases including dynastic effects,
assortativemating, residual population stratification, and horizontal pleiotropy. The inclusion
of related individuals inMR studies can help control for and, in some cases, estimate the effect
of these biases on causal parameters. In this review, we discuss these biases, how they can
affect MR studies, and describe three sorts of family-based study designs that can be used to
control for them. We conclude that including family information from related individuals is
not only possible given the world’s existing twin, birth, and large-scale population-based
cohorts, but likely to reap rich rewards in understanding the etiology of complex traits and
diseases in the near future.

Mendelian randomization (MR) is a method
commonly used in epidemiology that uses

genetic markers to investigate possible causal
relationships between exposures and outcomes.
The majority of MR studies to date have inves-
tigated putative causal relationships between
exposures and outcomes using unrelated indi-
viduals. However, information contained within
family-based designs can be useful for a number
of purposes including estimation of the causal
effect of maternal exposures on offspring out-
comes, controlling for biases induced by un-

modeled dynastic effects, assortative mating
and population stratification, and mitigating
the effects of horizontal pleiotropy induced by
genetic confounding (i.e., the genetic marker, or
one in linkage disequilibrium [LD] with it, in-
fluencing both the exposure and the outcome
through different pathways). The purpose of
this paper is to discuss these biases and review
some of the family-based designs that can be
used to control for and, in some cases, estimate
them. Specifically, we will review three sorts of
family-based MR studies: (1) MR studies em-
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ploying within-family tests of association in sib
pairs and/or parent–offspring trios to estimate
causal effects that are potentially more robust
to effects from dynastic effects, assortative
mating, and population stratification; (2) MR
studies of mothers and their offspring to esti-
mate the causal effect of maternal exposures
on offspring outcomes; and (3) the MR direc-
tion of the causation model (MR-DOC), which
uses an extension of the classical twin design to
control for potential confounding by horizontal
pleiotropy.

MR STUDIES EMPLOYING WITHIN-FAMILY
TESTS OF ASSOCIATION

In addition to horizontal pleiotropy, which
has received wide attention in the literature
(Bowden et al. 2018), causal estimates from
MR studies can also be biased by dynastic ef-
fects, assortative mating, and residual popula-
tion stratification. We discuss each of these po-
tential sources of bias in turn before describing
some family-based methods to overcome them.

Dynastic Effects

Dynastic effects, also known as genetic nurture
effects, occur when the expression of parental
genotype in the parents’ phenotype directly af-
fects their offspring’s outcomes (Brumpton et al.
2019). These effects can lead to biased estimates
of the single-nucleotide polymorphism (SNP)-
outcome associations in the offspring (Fig. 1B;
Davies et al. 2019). To see why, consider an MR
study that is investigating the effects of an expo-
sure, for example, educational attainment, on an
outcome on body mass index (BMI). Assume
also that parental educational attainment affects
offspring BMI (e.g., perhaps more educated par-
ents encourage their offspring to maintain a
healthy BMI). This study could use genetic var-
iants associated with educational attainment to
estimate the effects of education on BMI in one
generation. However, the genotypes of the off-
spring will be correlated with that of their par-
ents, and if the effects of education are estimated
using samples of unrelated individuals, the ef-
fect of parental education on offspring’s BMI

will be ignored and mistakenly attributed to
the offspring’s educational attainment. Another
example of potential dynastic effects are mater-
nal intrauterine effects. Maternal effects such
as these create backdoor paths from offspring’s
genotype to mother’s genotype to offspring’s
outcomes, which are not mediated by the off-
spring’s exposure and can bias MR studies
using unrelated individuals. In some situations,
however, it is the causal effect of the parents’
environment/behavior/trait on the offspring
outcome that is actually of interest (e.g., the
causal effect of maternal alcohol consumption
during pregnancy on offspring health out-
comes); in a later section, we will show how
family-based designs can be utilized to partition
genetic effects into parental and offspring com-
ponents and subsequently estimate the causal
effect of maternal exposures on offspring out-
comes in MR studies.

Assortative Mating

Humans do not mate at random, rather they
select partners partly based on characteristics
similar to their own, a phenomenon referred
to as assortative mating. For example, mothers
and fathers tend to bemore similar to each other
in terms of height, BMI, and education than
would be expected by chance (Robinson et al.
2017). Assortment can occur on a single pheno-
type, for example, if more educated mothers on
average have offspring with more educated fa-
thers, or cross-trait, for example, where more
educated mothers on average have offspring
with taller fathers. Cross-trait assortative mating
can cause bias in MR studies because it can in-
duce associations between SNPs used as instru-
ments for the offspring’s exposure and their
outcomes. This bias occurs because assortative
mating induces associations between parents’
genotypes for the exposure and outcome, which
opens a path from offspring genotype to off-
spring outcome via parents’ genotype and not
the exposure of interest (Fig. 1C; Hartwig et al.
2018). Perhaps less intuitively, assortment on a
single phenotype can also bias the results of MR
analyses if the trait undergoing assortment is
genetically correlated with (or causes) the expo-
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sure and outcome under investigation (Hartwig
et al. 2018). The reason is because this sort of
assortment results in correlations between vari-
ants associated with the exposure in one parent
and variants underlying the outcome in the oth-

er parent. This means that when the variants are
transmitted from the parents to their offspring, a
backdoor path potentially opens between any
markers used to proxy the exposure in the off-
spring and the offspring outcome.

SNP
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Figure 1.Genetic variants are valid instrumental variables forMendelian randomization (MR) if they satisfy three
core assumptions: (1) they associate with the exposure of interest, (2) there are no confounders of the genetic
marker–outcome association, and (3) the genetic variants only affect the outcome via the exposure of interest.
These core assumptions are depicted in A. (A–D) The solid blue arrows represent relationships within an
individual (e.g., the effects of offspring single-nucleotide polymorphisms [SNPs] on offspring exposure). The
red lines represent the effects of relationships between individuals (e.g., the direct effects of parents’ phenotypes
on their children). Dynastic effects, shown in B, refer to any effect of parental genotype on the offspring outcome
that is not mediated via the offspring exposure. These effects are indicated by the dashed red lines in B. Dynastic
effects violate the second core assumption for a valid genetic instrument by opening a path from offspring SNPs
to offspring outcome that is not due to the offspring exposure. Cross-trait assortative mating, as shown in C,
induces associations between SNPs related to the exposure and the outcome in the parental generation (indicated
by dashed red lines). If the parents assort on the exposure and the outcome (e.g., more educated females tending
to mate with taller men, as indicated by the dashed red arrow in C), then this will induce correlation between
exposure-related SNPs and the outcome in the offspring generation that is not mediated by the offspring
exposure (i.e., outcome← offspring SNP←maternal SNP—assortment—paternal SNP→ offspring SNP→ ex-
posure). Therefore, assortative mating can bias MR estimates of the causal effect. Finally, population structure
and demography can also open a path from SNP to outcome, which is not mediated via the exposure of interest,
and introduce bias, as shown in D. (Figure based on data in Brumpton et al. 2019.)
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Residual Population Stratification

Population differences can induce noncausal as-
sociations between genetic variants and traits or
diseases (Fig. 1D). If these noncausal associa-
tions are between an SNP and an outcome of
interest for MR analyses, then the MR analysis
will be biased away from the true causal effect of
the exposure. For example, consider genetic var-
iation associated with lactase persistence. There
are substantial regional differences in the fre-
quencyof genetic variation related to lactase per-
sistence (e.g., the SNP rs4988235) across Europe
(Plantinga et al. 2012). If there are also regional
differences in prevalence of disease or the mean
value of an outcome (for example, prevalence of
coronary heart disease), then anMR study of the
effect of consuming dairy products on coronary
heart disease may mistakenly conclude that
there is a causal effect. Historically, residual pop-
ulation stratification has been dealt with in two
ways, first by restricting analyses to a single an-
cestrally homogenous population (historically,
most frequently European populations), and
second by adjusting for ancestry informative
principal components derived from, for exam-
ple, genome-wide SNP data. However, while re-
sidual population stratification does not appear
to be a major issue in smaller genetic studies
(Mathieson andMcVean 2012), there is increas-
ing evidence that in larger samples, principal
components may not completely control for
fine-scale structure nor all the regional differ-
ences between samples (Haworth et al. 2019).
In otherwords, residual population stratification
can confound SNP-outcome associations and
lead to spurious conclusions in large-scale MR
studies.

Controlling for Bias Using Within-Families
Estimators

Dynastic effects, assortative mating, and resi-
dual population stratification result in biased
estimates of the SNP-phenotype associations.
If biased SNP-phenotype associations are used
in MR analyses, then the estimated causal effect
may also be biased. The direction and magni-
tude of these biases is dependent on the specific

context and application. It is possible for the bias
in the SNP-exposure and SNP-outcome associ-
ations to be of similar magnitude, resulting in
little bias in the estimated causal effect. How-
ever, the direction and size of a bias in the esti-
mated causal effect may not be intuitive. For
example, if the SNP-exposure association is bi-
ased downward (i.e., underestimated), and the
SNP-outcome association is estimated without
bias, then this will overestimate the causal effect
via Wald-type estimators (i.e., because if the de-
nominator in the Wald ratio is lower, the Wald
ratio itself will be higher).

Do these biases exist and are they of conse-
quence for MR studies? One way we can obtain
information on the extent of the problem is by
estimating the association between untransmit-
ted parental alleles and offspring phenotypes
(Bates et al. 2018). For example, Kong et al.
(2018) estimated these associations using sam-
ples of families from Iceland. They found that
untransmitted allelic variants that were associ-
ated with parental educational attainment were
also associated with offspring educational at-
tainment, offspring age at first child, high-den-
sity lipoprotein (HDL) cholesterol, BMI, fasting
glucose, height, cigarettes per day, and a com-
posite health measure. These results suggest that
accounting for dynastic effects is likely to be
important for valid MR studies, at least for
some phenotypes of interest like educational at-
tainment (Davies et al. 2019). Transgeneration-
al genome-wide association studies (GWAS)
(Evans et al. 2019; Warrington et al. 2019) and
G-REML approaches that estimate the propor-
tion of variance in offspring phenotypes ex-
plained by parental genetic effects (Eaves et al.
2014; Qiao et al. 2020) will likely provide further
indications as to the existence of dynastic effects,
their magnitude, and how important they are
likely to be for MR studies.

The potential sources of bias discussed
above (i.e., residual population stratification, dy-
nastic effects, and assortative mating) can be
controlled for by applying within-family tests
of association to datasets of related individuals
including sibling pairs and parent–offspring
trios. Genetic differences between sibling pairs
from the same family are primarily due to
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chance events that occur at conception. As a
result, these differences are independent of pop-
ulation stratification. Likewise, siblings from the
same family share the same parents. This has
two implications. First, differences in genotype
between siblings from the same family will be
independent of assortative mating. Second, the
effects of parents on their offspring (dynastic
effects) are likely to be similar across siblings.
Thus, the difference in genotypes between
siblings from the same family is also likely to
be independent of many dynastic effects. Simi-
larly, conditional on parental genotype, the
genotypes inherited by offspring are stochastic.
Therefore, if genotyped parent–offspring trios
where the offspring has been phenotyped are
available, then performing tests of genetic asso-
ciation controlling for parental genotype may
also control for population stratification, dynas-
tic effects, and assortative mating. To see why,
consider the directed acyclic graphs (DAGs)
shown in Figure 1 (Fig. 1B, dynastic effects;
Fig. 1C, assortative mating; Fig. 1D, population
stratification). In each case, controlling for pa-
rental genotype will block the alternative paths
from offspring genotype to offspring outcome.

If sibling data are available, then we can
use either difference, within-family, or family-
fixed effects estimators to perform MR analyses
(Brumpton et al. 2019). Difference estimators
estimate the association between the difference
in genotype and the difference in phenotype
across siblings. Multiple sibling pairs from each
family can be included in difference estimates by
calculating all differences between all sibling
pairs and clustering standard errors by family.
Within-family estimators estimate the associa-
tion between genotype and phenotype control-
ling for the mean family outcome. Family-fixed
effect estimators include an indicator variable
for family and cluster standard errors by family.
If the sample is restricted to pairs of siblings (i.e.,
exactly two siblings per family), then the dif-
ference and family-fixed effects estimators are
identical. These estimators can be used with sin-
gle-sample designs, for example, by allowing for
family-fixed effects and clustering standard er-
rors by family. Alternatively, these estimators
can be used in a two-sample MR setting in

which the SNP-exposure and SNP-outcome as-
sociations are estimated allowing for a familial
effect (e.g., using the difference, within-family,
or family-fixed effects mentioned above) in sep-
arate samples of siblings.

If data on parent–offspring trios are avail-
able, then preliminary work suggests that esti-
mates of the SNP-exposure and SNP-outcome
associations conditional on the parental geno-
type may be unbiased by many of the com-
plicating factors we have discussed above
(researchers would ideally want to condition
both the SNP-exposure and SNP-outcome asso-
ciations on parental genotypes). This would cer-
tainly be the case for many forms of dynastic
effects. Hartwig et al. (2018) showed via simu-
lation and illustrated via DAGs that the inclu-
sion of parental genotypes should control for
any biases in causal estimates introduced by
assortative mating. While no studies have spe-
cifically investigated whether including parental
genotypes in the model also guards against bias
induced by population stratification inMR stud-
ies, this may well be the case; however, this as-
sertion will need to be confirmed by future work
(obviously, ancestry informative principal com-
ponents can also be included in the model).
Inclusion of parental genotypes in the design
also has the additional advantage of permitting
explicit estimation of parental genetic effects on
offspring phenotypes if these quantities are of
interest (e.g., for estimating the causal effect of
parental phenotypes on offspring outcomes)
and may be more powerful than just utilizing,
for example, sibling pairs. Multiple siblings can
also be included in the design if appropriate
adjustments are made to standard errors.

Most software packages can implement
family-fixed effects for one-sample MR. How-
ever, a downside to this approach is that power is
limited to the sibling pairs or parent–offspring
trios available with both the exposure and out-
come measured. In contrast, two-sample MR
estimates SNP-exposure and SNP-outcome as-
sociations using separate samples. An advantage
of two-sample MR is that the exposure and the
outcome do not need to be measured in the
same sample, and two-sample MR can use sum-
mary data from GWAS studies, subject to as-
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sumptions. If a GWAS has been run using with-
in-family estimators (either the difference or
sibling-fixed effect method above, or the trio
method adjusting for parental genotype), then
the SNP-phenotype summary data can be used
in downstreamMR analyses. These analyses can
include sensitivity analyses and estimators that
are robust to other forms of bias that can occur
in MR studies, such as MR-Egger, weighted me-
dian, andweightedmodal estimators that poten-
tially overcome horizontal pleiotropy (Bowden
et al. 2015, 2016; Hartwig et al. 2017) or multi-
variable MR (Sanderson et al. 2019).

Power of Within-Families Estimators

The power of sibling or trio models for a given
sample and effect size is substantially lower than
MR analyses using samples of unrelated individ-
uals (Sham et al. 2000). As a result, the standard
errors of within-family tests of association are
larger and consequently the results are less pre-
cise. Furthermore, across the world there are far
fewer cohorts containing siblings and parent–
offspring trios than samples of unrelated indi-
viduals. Thus, sample sizes for within-family
analyses are typically far smaller than GWAS
of unrelated individuals. This limited power
can be mitigated by selecting variants as instru-
ments using large GWAS of unrelated individu-
als and then estimating the SNP-exposure and
SNP-outcome associations for MR using avail-
able samples of siblings or trios.

Limitations

In addition to limited power and precision, these
within-family methods may still be affected by a
number of sources of bias. For example, sample
selection bias, in which individuals are selected
into a study on the basis of factors related to both
their exposure and outcome, may induce spuri-
ous associations between genotype, exposure,
and outcome. Selection bias will be particularly
problematic if the selection effects differ across
sibling genotypes and these differences relate to
differences in outcomes between siblings (Mu-
nafò et al. 2018). Within-family effects, for ex-
ample, effects of one sibling on the other sibling,

may also induce bias in the estimated causal
effects. Finally, differential measurement error
in the outcome between siblings can result in
further bias, for example, if a sibling that inher-
ited more education-associated alleles was less
likely to misreport their disease status.

MENDELIAN RANDOMIZATION STUDIES
OF MATERNAL EXPOSURES AND
OFFSPRING OUTCOMES

There is growing interest in using MR to esti-
mate the causal effect of maternal environmen-
tal exposures on their offspring’s outcomes. In
large part, this interest is driven by the fact that
randomized controlled trials (RCTs) are often
neither ethically nor practically feasible in this
context. For example, poor maternal nutrition
during pregnancy has been hypothesized to lead
to intrauterine growth restriction and increased
risk of cardiometabolic disease in offspring later
in life through developmental compensations
(Schulz 2010). However, this hypothesis is diffi-
cult to test by an RCT as it is obviously inappro-
priate to randomize pregnant mothers to receive
poor nutrition, in addition to the practical dif-
ficulties and expenses associated with waiting
decades before their offspring begin to develop
signs of cardiometabolic disease. In these, and
other situations, MR studies may offer a valu-
able, practical, ethical, and cost-effective alter-
native to estimating the causal effect of maternal
influences on their offspring.

MR studies of mothers and their offspring
proceed along similar lines as ordinary MR
studies of unrelated individuals (Fig. 2A). How-
ever, as shown in Figure 2B, maternal genotype
is correlated with offspring genotype, which can
potentially influence the offspring outcome by
pathways other than through the maternal ex-
posure. This additional pathway from maternal
genetic variant to offspring outcome violates
one of the three core assumptions of MR—that
genetic variants are only potentially associated
with the outcome through the exposure of in-
terest. Thus, it is important to block this path-
way to provide unbiased estimates of the causal
effect of the maternal exposure on the offspring
outcome.
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The most intuitive way of blocking this path
is by conditioning on offspring genotype by in-
cluding it as a covariate in theMR analysis (Law-
lor et al. 2017). For example, Tyrrell et al. (2016)
used this strategy to show that high blood pres-
sure in mothers during pregnancy is likely to be
causal for reduced birth weight in their off-
spring. However, this strategy requires genotype

information on both mothers and their off-
spring, and as there is a paucity of cohorts
around the world that contain this sort of infor-
mation, these MR studies are likely to be small
and underpowered to evaluate many effects of
interest. An additional complication is that
because offspring genotypes are a product of
paternal genotypes, conditioning on offspring

Confounding
variables

Confounding
variables

Offspring
outcome

Maternal
genotype

Maternal
exposure

Offspring
genotype

(4)(5)

(1)

(1)

(2)

(2)

(3)

(3)

(4)

(6)

Paternal
genotype

Offspring
outcome

Maternal
exposure

Maternal
genotype

A

B

Figure 2. Directed acyclic graphs showing the three core assumptions underlying Mendelian randomization
(MR). (A,B) Assumption (1) requires that maternal genetic variants must be robustly associated with the
maternal exposure of interest. Assumption (2) requires that the genetic variants are uncorrelated with confound-
ers of the maternal exposure–offspring outcome relationship. Assumption (3) requires that the genetic variants
are only potentially associated with the offspring outcome through the maternal exposure of interest. Offspring
genetic variants violate assumption (3), as they permit a path to the offspring outcome that is notmediated by the
maternal exposure (4). However, conditioning on offspring variants (as indicated by a box around the offspring
single-nucleotide polymorphism [SNP]), blocks path (4). Conditioning on offspring genotype induces a corre-
lation between maternal and paternal genotypes (5). This may produce biased estimates of the causal effect
(collider bias) if markers at the same loci (or loci in linkage disequilibriumwith them) also exert paternal genetic
effects on the offspring phenotype (6). This possibility can be prevented by conditioning on paternal genotype as
well as offspring genotype in the analysis. (Figure based on data in Evans et al. 2019.)
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genotype will induce a negative correlation be-
tween maternal and paternal genotypes. This
may in turn bias estimates of maternal and off-
spring genetic effects if the markers used in the
MR analysis (or ones correlated with them) ex-
ert effects on the offspring when present in the
father (i.e., paternal genetic effects). If paternal
genotypes are available, they can also be includ-
ed as covariates in the statistical model, which
should ameliorate this potential complication.

Recently, we have proposed increasing the
power of maternal offspring MR studies by us-
ing a two-sample strategy (Evans et al. 2019).
The basic idea is to first generate estimates of
the maternal SNP-offspring outcome associa-
tion conditional on offspring genotype. These
estimates can then be combinedwith (potential-
ly independent) estimates of the maternal SNP-
exposure association to obtain estimates of the
causal effect, similar to what is done in tradi-
tional two-sample MR studies (Fig. 3). The

advantage of this strategy is that both estimates
(but especially estimates of the conditional
maternal SNP-offspring outcome association)
can be obtained in vastly increased numbers of
individuals using a number of different family-
based designs, not just genotyped mother–off-
spring pairs.

For example, within the context of a large
genetic study of birth weight, Warrington et al.
showed how an SEM approach could be used
to estimate the association between maternal
SNPs and offspring outcomes conditional on
offspring genotype (Warrington et al. 2018).
Mothers in the UK Biobank (Sudlow et al.
2015) report both their own birth weight and
the birth weight of their first offspring.Warring-
ton et al. showed how an SEM can be fitted to
these data to estimate both the association be-
tween maternal genotype and offspring pheno-
type conditional on offspring genotype (termed
the “maternal genetic effect”), and the associa-

Sample 2

Sample 1

Maternal SNP

Exposure
βZX
ˆ βXY (m)

ˆ

βXY (f )
ˆ

βZY (m)
ˆ

βZY (f )
ˆ

SNP Outcome

Fetal SNP

Figure 3. Two-sample Mendelian randomization study testing the causal effect of a maternal exposure on an
offspring outcome. Estimates of the single-nucleotide polymorphism (SNP)-exposure association (b̂ZX) are
calculated in the first sample of unrelated individuals. The association between these same SNPs and the offspring
outcome is then estimated in the second sample of individuals, except in this case, the genetic association is
partitioned into maternal (b̂ZY(m)) and offspring (b̂ZY(f )) genetic effects on the outcome (see Fig. 4 for how these
can be estimated using structural equationmodeling). These estimates are then combined to yield estimates of the
causal effect of the maternal exposure on the offspring outcome (b̂XY(m) ¼ b̂ZY(m)=b̂ZX), and the causal
effect of the exposure in the offspring on their own outcome (b̂XY(f ) ¼ b̂ZY(f )=b̂ZX). It is important to realize
that under thismodel, the same SNP-exposure association is being used to index bothmaternal and fetal exposures.
While this may be appropriate in some circumstances (e.g., examining the effect of maternal and offspring IQ
on offspring obesity in teenagers), it may not make sense for other exposures of interest (e.g., SNPs that index
maternal smoking cannot index fetal smoking in utero). Investigators therefore need to think carefully about
whether estimates of the offspring causal effect make sense in the particular context in which they are derived.
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tion between offspring genotype and offspring
phenotype conditional on maternal genotype
(termed the “offspring genetic effect” or the “fe-
tal genetic effect”) (Fig. 4). The authors showed
how the approach yielded unbiased estimates of
maternal and fetal genetic effects on birth
weight, gave similar answers to traditional con-
ditional association analyses of genotyped
mother–offspring pairs, and had low sensitivity
to random measurement error (Warrington et
al. 2018). Indeed, one of the main advantages of
SEM is that the approach is flexible in that an
arbitrary number of different study designs and
pedigree structures can be easily incorporated
into the analysis (for example, genotyped
mother–offspring duos, genotyped individuals
reporting their own and their offspring’s phe-
notype, genotyped singleton individuals, etc.).
Most importantly though, the method is flexible

enough to include both individual level geno-
type data and summary level GWAS results,
meaning that potentially huge numbers of indi-
viduals can be incorporated into the analysis
leading to large gains in power (Moen et al.
2019). The resulting estimates can then be
used in two-sample MR studies of maternal ex-
posures and offspring outcomes as described
above. For an application of fitting SEMs and
using the results in two-sample MR studies of
maternal exposures and offspring outcomes, see
a recent study of birth weight where these meth-
ods are used to confirm that high maternal
blood pressure is likely to be causal for low off-
spring birth weight, and high maternal blood
glucose is likely to be causal for increased off-
spring birth weight (Warrington et al. 2019).

MR studies aimed at assessing the causal
effect of maternal exposures on offspring out-

0.5
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GO

βZY (m)
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βZY (m)

ρ

βZY (f )

βZY (f )

Figure 4. Structural equation modeling (SEM) used for the analysis of birth weight in Warrington et al. (2018).
The squares represent observed variables in the analysis, in this particular case, the birth weight of the individual
(BWM), the birth weight of her first offspring (BWO), and the genotype of themother (GM). The circles represent
latent variables in the analysis, that is, the genotype of the individual’s mother (GG) and the genotype of the
individual’s offspring (GO). The total variance of the latent genotypes for the individual’s mother (GG) and
offspring (GO) and for the observed single-nucleotide polymorphism (SNP) variable is set equal to the estimated
parameter Φ, that is, variance (GG) =Φ, variance (GM) = 0.75Φ+ 0.25Φ, and variance (GO) = 0.75Φ+ 0.25Φ as
can be confirmed by path analysis. The βZY(m) and βZY( f ) path coefficients refer tomaternal and offspring genetic
effects on birth weight, respectively (i.e., the association between maternal genotype and offspring birth weight
conditional on offspring genotype, and the association between the offspring genotype and offspring birthweight
conditional on maternal genotype). The residual error terms for the birth weight of the individual and their
offspring are represented by ɛM and ɛO, respectively, and the variance of both of these terms is estimated in the
SEM. The covariance between residual genetic and environmental sources of variation on birth weight is given by
ρ. (Figure adapted from Warrington et al. 2018 with permission from the authors.)
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comes carry with them a number of additional
assumptions that need to be borne in mind. The
first is the absence of paternal genetic effects on
the offspring outcome at the same (or correlat-
ed) markers that are used as putative instru-
ments in the analysis. This may be a reasonable
assumption for some perinatal traits where the
father’s phenotype has limited impact on the
offspring, but probably not for many other off-
spring traits of interest. Since paternal genotypes
are also correlated with offspring genotype, the
presence of paternal genetic effects on the off-
spring outcome will bias estimates of the mater-
nal and offspring genetic effects, unless paternal
genotype is included in the model. The effect of
the paternal genotype can be modeled, for ex-
ample, by analyzing genotyped parent offspring
trios, or extending the SEM (Fig. 4) to include
paternal genotypes. This latter approach could
be advantageous if the sample consists of a mix-
ture of maternal–child pairs and father–off-
spring pairs for example.

A second assumption is that the estimate of
the SNP-exposure association is specific to and
reflects the particular time period under study.
As individuals’ genetic variants are present from
conception, the causal estimates fromMR stud-
ies are often thought to reflect life-long expo-
sures to the environmental factor of interest.
This can be problematic if the focus is on a par-
ticular period of the life course, such as the
period of pregnancy to assess an intrauterine
exposure. Indeed, in this particular instance, es-
timating paternal genetic effects can be a useful
negative control (Gage et al. 2016), as one would
expect to see evidence of a causal association in
mothers but not fathers if the causal effect is
mediated by the intrauterine environment.

Third, a complication to bear in mind is that
under this model, the same SNP-exposure asso-
ciation is being used to index both maternal and
fetal exposures. While this may be appropriate
in some circumstances (e.g., examining the ef-
fect of maternal and offspring IQ on offspring
obesity in teenagers), it may not make sense for
other exposures of interest (e.g., SNPs that index
maternal smoking cannot index fetal smoking
in utero). Investigators therefore need to think
carefully about whether estimates of the off-

spring causal effect make sense in the particular
context in which they are derived.

Last, and particularly relevant for two-
sample MR studies of maternal exposures and
offspring outcomes, the assumption is made
that estimates of the SNP-exposure association
utilized in the calculation are representative of
those in the particular population of interest. For
example, genetic instruments are typically
identified in GWAS performed in the general
population (i.e., healthy men and women).
Most two-sampleMR studies extract SNP-expo-
sure statistics from publicly available summary
results data published from these studies. How-
ever, it is possible that these SNPs (and themag-
nitude and direction of their associations with
the exposure) are different fromwhat is observed
in, for example, pregnant women. The field as a
whole would benefit from large, well-powered
studies investigating whether this is actually
the case across a range of different exposures
of interest and whether such an assumption is
justified.

Finally, we note that although we have fo-
cused our discussion on estimating the causal
effects ofmaternal exposures on their offspring’s
outcomes, many of the methods we have dis-
cussed and the issues we have raised are also
relevant for studying the causal effect of paternal
influences on offspring outcomes. As the size
and number of cohorts with genotyped father
offspring pairs grows, it will be interesting to use
MR methods in this context as well.

MENDELIAN RANDOMIZATION
DIRECTION OF CAUSATION MODEL

TheMR-DOCmethod is an attempt to fuse MR
principles with the DOC twin model from bio-
metric genetics (Evans et al. 2002). The original
DOC twin model uses monozygotic (MZ) twin
pairs (who are genetically identical) and dizy-
gotic (DZ) pairs (who on average share half their
genes identical by descent) to estimate the causal
effect of one variable on another. The basic idea
is that the effect of one variable on the other
produces different expectations for the MZ
and DZ cross-twin, cross-trait covariances
depending on the DOC, for example, whether
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variable one causes variable two, or vice versa,
or the variables reciprocally cause each other.
Using these differences, causal parameters can
be estimated through SEM (Heath et al. 1993).

The original DOC twin model formulation
has a number of serious limitations. First, it is
susceptible to measurement error, which can be
partially overcome by including multiple indi-
cator variables in the model (Gillespie et al.
2003). Second, it has low statistical power in
that the model tends to work best when the
two traits under investigation have radically dif-
ferent etiologies (for example, one trait is highly
genetic, whereas variation in the other trait is
mostly due to common environmental factors)
(Duffy and Martin 1994). Finally, and perhaps
most importantly (and not always appreciated),
the model makes the strong assumption that the
only source of covariation between the two traits
is due to the causal effect of one trait on the
other. In other words, the DOC model assumes
that latent (genetic or environmental) con-
founding does not contribute to covariation be-
tween the traits, vastly limiting its utility (Ras-
mussen et al. 2019).

In 2018, Minică et al. extended the DOC
model to include an additional component due
to a polygenic risk score (PGS) (Fig. 5; Minică
et al. 2018). In this MR-DOCmodel, the pheno-
typic variance and covariance between an ob-
served exposure variable (X) and an outcome
variable (Y) is decomposed into latent additive
genetic (A), common environmental (C), and
unique environmental sources of variation (E)
(indicated by circles) as in the traditional DOC
model. These latent factors are assumed to have
zero mean and unit variance. However, the
model also includes an additional observed var-
iable, a PGS designed to proxy the exposure var-
iable X. In equation form, the model is:

Xij ¼ aXAXij þ cXCXij þ eXEXij þ b1PGSij,

Yij ¼ aYAYij þ cYCYij þ eYEYij þ g1Xij

þ b2PGSij,

where subscript i represents the twin pair and j
twin one or twin two. The coefficients a, c, and e

represent path coefficients linking latent addi-
tive genetic, common environmental, and
unique environmental factors to the observed
exposure (X ) and outcome (Y ), b1 and b2 rep-
resent the direct effect of the PGS on the expo-
sure and outcome, respectively, and, finally, g1
represents the causal effect of the exposure on
the outcome. The model makes the usual as-
sumptions regarding random mating, absence
of gene–environment interaction, gene–envi-
ronment covariance, etc. The model can be fit
and parameters estimated using full information
maximum likelihood in, for example, the soft-
ware package OpenMx (Neale et al. 2016).

The potential advantage of the MR-DOC
model over traditional MR formulations is that
the pleiotropic effect of the PRS (b2) can be es-
timated from the data. However, for the model
to be identified (i.e., all the paths to be estimated
uniquely) the model requires additional as-
sumptions (Minică et al. 2018). One way of en-
suring model identification is to assume that
the cross-trait unique environmental correla-
tion is set to zero (re). This assumption is equiv-
alent to the (strong) assumption of the absence
of confounding in the data through unique en-
vironmental factors. In other words, the model
permits confounding through genetic but not
unique environmental sources of variation. It
remains to be seen how realistic this constraint
is in real-life situations (Rasmussen et al. 2019).

Another strategy that permits model identi-
fication while still allowing estimation of the
causal effect (g) and genetic pleiotropy (b2) is
to fix rE to a range of values and investigate the
sensitivity of the model and estimates of the
causal effect. Alternatively, the model could
be modified to freely estimate rE while fixing
the genetic correlation (rG) to a value consistent
with those obtained from an orthogonal data
source (e.g., from estimates of the genetic corre-
lation from LD score regression [Bulik-Sullivan
et al. 2015], G-REML [Yang et al. 2010], or IBD-
based methods [Visscher et al. 2006]). However,
our preliminary work investigating this interest-
ing possibility has suggested that estimates of
the causal effect are exquisitely sensitive to the
choice of rG and so this possibility may not be
practical (data not shown).
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MR-DOC is a relatively recent addition to
the growing arsenal of MRmethods designed to
detect and/or correct for the effect of pleiotropic
instruments. It will be interesting to see how the
method performs on real data (particularly in
instances where we are reasonably certain of the
true DOC), and how it compares to existing MR
methods. We suspect that the main impedi-
ments to its widespread adoption will be the
fact that epidemiologists tend to be unfamiliar
with the methods used for its implementation,
and of course the necessity for having large
numbers of genotyped MZ and DZ twins avail-

able for analysis. Indeed, it may be that those
more familiar with the intricacies of SEM like
behavior geneticists and twin modelers may
need to take the lead in evaluating whether
this interestingmethod is likely to produce gains
in understanding trait etiology relative to other
MR approaches.

CONCLUSIONS

Most MR studies conducted to date have in-
volved analyses of independent unrelated indi-
viduals. However, these sorts of studies are sub-
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Figure 5. The Mendelian randomization direction of the causation model (MR-DOC) illustrated as a path
diagram for dizygotic (DZ) twins. Phenotypic variation and covariation between a polygenic risk score (PGS)
and two observed phenotypes (X and Y) for twin one and twin two are decomposed into latent additive genetic
(A), common environmental (C), and unique environmental (E) sources of variation (all latent variables are
assumed to have mean zero and variance one). To assist with explication, correlational paths that contribute to
within-twin, cross-trait covariances are displayed in red (dot dashes), correlational paths that contribute to cross-
twin, within-trait covariances are shown in orange (long dashes), and correlational paths that contribute to cross-
twin, cross-trait covariances are presented in green (short dashes). There are 13 potentially free parameters to be
estimated in this model including the variance of the PGS [var(PGS)], the additive genetic, common environ-
mental, and unique environmental path coefficients for variable X (ax, cx, ex) and variable Y (ay, cy, ey), the
additive genetic, common environmental, and unique environmental correlations between variable X and Y (ra,
rc, re), the direct effect of the PGS on variable X (b1) and variable Y due to pleiotropy (b2), and the causal effect of
variableX on variableY (g1). The covariance among the PGSs is equal to half the variance of the polygenic scores.
For the model to be identified, some parameters must be constrained (e.g., re = 0), which may not be an accurate
reflection of reality. The path model for monozygotic (MZ) twins is similar except the cross-twin, same-trait
correlation between latent additive genetic sources of variation is set to one, the cross-twin, cross-trait correlation
between latent additive genetic sources of variation is set to ra, and the covariance among the PGSs is equal to the
variance of the PGSs. If there is no horizontal pleiotropy (i.e., b2 = 0), then both MR-DOC and standard MR
analyses (i.e., MR using two-stage least squares, Wald ratio, etc.) should give unbiased estimates of the causal
effect (g1). In contrast, if b2≠ 0, then standard MR analyses will be biased, whereas MR-DOC will produce
unbiased estimates of g1 (assuming re = 0). (Figure based on data in Minică et al. 2018.)
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ject to a range of biases including dynastic ef-
fects, assortative mating, residual population
stratification, and horizontal pleiotropy. MR de-
signs capitalizing on the additional information
contained within related individuals such as
twin pairs, sibling pairs, mother–offspring pairs,
and parent–offspring trios, offer the ability to
control for many of these biases and in some
cases estimate the magnitude of their effects di-
rectly. The availability of genotyped twin stud-
ies, population-based birth cohorts of parents
and their children, as well as large-scale bio-
banks containing related individuals will pro-
vide an opportunity to fit many of the models
described in this chapter and quantify the effects
of biases that may contaminate MR studies of
unrelated individuals.
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