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Abstract

Mendelian randomization (MR) is an approach that uses genetic variants
associated with a modifiable exposure or biological intermediate to estimate
the causal relationship between these variables and a medically relevant out-
come. Although it was initially developed to examine the relationship be-
tween modifiable exposures/biomarkers and disease, its use has expanded to
encompass applications in molecular epidemiology, systems biology, phar-
macogenomics, and many other areas. The purpose of this review is to intro-
duce MR, the principles behind the approach, and its limitations. We con-
sider some of the new applications of the methodology, including informing
drug development, and comment on some promising extensions, includ-
ing two-step, two-sample, and bidirectional MR. We show how these new
methods can be combined to efficiently examine causality in complex biolog-
ical networks and provide a new framework to data mine high-dimensional
studies as we transition into the age of hypothesis-free causality.
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INTRODUCTION

A central question in epidemiology concerns the degree to which an observational association
between two quantities reflects a causal effect of one variable on the other. Unfortunately, obser-
vational studies are subject to confounding, reverse causation, and various biases that often make
it impossible to know whether such an association reflects a causal relationship. Indeed, there is
a long history of observational epidemiological studies purporting to show robust associations
between a variety of risk factors and disease that upon subsequent investigation turned out to
be noncausal, most probably owing to the presence of residual confounding. Some prominent
examples include the observational associations between vitamin supplements and coronary heart
disease (87, 104, 123), beta-carotene and lung cancer (86), and hormone replacement therapy and
cardiovascular disease (106).

The gold standard for demonstrating causality between a medically relevant exposure and out-
come is the randomized controlled trial (RCT). However, RCTs are expensive, are often of long
duration, and are not always ethical or generalizable to populations outside the strictly controlled
confines of the study. Mendelian randomization (MR) is an approach that uses genetic variants
robustly associated with a modifiable exposure or biological intermediate of interest to estimate
the causal relationship between these variables and a medically relevant outcome free from the
influence of confounding. Although it was initially developed to examine the relationship between
modifiable exposures/biomarkers and disease (35), its use has expanded to encompass applica-
tions in molecular epidemiology, systems biology, pharmacogenomics, and other areas. This is
important because an increasing number of studies are investigating relationships between high-
throughput molecular intermediates (e.g., DNA expression, gene methylation, metabolites, and
metagenomic information), and these investigations suffer from all the same issues of confounding
and reverse causality as more traditional measurements.

The purpose of this review is to introduce MR, the principles behind the approach, and its
limitations. We consider some of the new applications of the methodology, including its growing
role in drug development, and comment on some promising extensions to the approach, including
two-step, two-sample, and bidirectional MR. We show how these new methods can be combined
to efficiently examine causality in complex biological networks and provide a new framework to
data mine high-dimensional studies as we transition into the age of hypothesis-free causality (33).

HISTORY AND PRINCIPLES OF MENDELIAN RANDOMIZATION

MR refers to the random segregation and assortment of genes from parent to offspring that occur
during gamete formation and provides a method of using genetic variants in observational settings
to make causal inferences regarding the relationship between exposures and outcomes. The basic
principle utilized in the MR framework is that if genetic variants either alter the level of or mirror
the biological effects of a modifiable exposure that itself alters disease risk, then these genetic
variants should be related to disease risk to the extent predicted by their influence on exposure
to the risk factor (35). This is qualitatively different from the traditional gene discovery paradigm
typified in genome-wide association studies (GWAS), where the focus is on demonstrating a
statistical association between a genetic variant and an outcome. Rather, in MR studies, the aim
is to provide evidence for or against a causal relationship between a modifiable exposure variable
and a disease or health-related outcome of interest (and, often, to estimate the magnitude of this
causal relationship).

The influential statistician and geneticist Ronald Fisher (49) was well aware of the peculiar
advantages afforded by genotypes and their potential use in scientific study designs. Indeed, genetic
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variation has been utilized in various ways over the last few decades to leverage evidence about the
potentially causal nature of exposure-disease associations (32). In 1986, Katan (67, 68) explicitly
described the use of genetically influenced differences in a modifiable risk factor to avoid the
problem of reverse causation when he suggested that polymorphisms of the apolipoprotein E (ApoE)
gene could be used to interrogate the observational relationship between low cholesterol levels
and risk of cancer. The general lack of confounding, absence of reverse causation, protection
against measurement error, and avoidance of other biases in observational studies inherent in
what is now termed the MR approach were formulated in the early years of this century (35). The
ability to estimate the magnitude of the causal effect of the long-term exposure on the modifiable
exposure of interest was also recognized (35). Since the formal presentation of the overall approach,
there have been more than 350 mentions of the phrase “Mendelian randomization” in the title
or scientific abstract of indexed peer-reviewed publications, with a steeply increasing trajectory
(PubMed, accessed November 18, 2014). Table 1 describes some recent MR studies.

Table 1 Examples of recent Mendelian randomization studies

Study Reference Exposure Outcome Instrument Description of results
Holmes et al.
(2014)

60 Alcohol
intake

Cardiovascular risk
factors, CHD,
stroke

Variant in ADH1B Increased alcohol intake is
associated with a worse
cardiovascular risk profile,
increased risk of CHD, and
ischemic stroke.

Holmes et al.
(2014)

61 BMI Fasting glucose,
fasting insulin, IL6,
SBP, HDL, LDL,
T2D, CHD, stroke

14 BMI-associated
variants

BMI causally influences T2D,
stroke, and a range of
cardiometabolic traits, but a causal
association with CHD risk is
questionable.

Proitsi et al.
(2014)

98 LDL,
HDL,
TG, TC

Late-onset
Alzheimer’s disease

157 SNPs associated
with lipid levels

No strong evidence was found of a
causal relationship between lipids
and late-onset Alzheimer’s disease.

Richmond
et al. (2014)

102 BMI Exercise 32 BMI-associated
variants and a
genome-wide allelic
score related to
physical activity

Bidirectional MR was performed
using BMI variants and
genome-wide score for physical
activity. The results suggested that
an increase in BMI causes a
reduction in physical activity and
not vice versa.

Smith et al.
(2014)

116 LDL,
HDL, TG

Aortic stenosis Allelic scores of
known variants from
large genome-wide
association studies

Increased LDL causally increases
risk of aortic stenosis.

Thrift et al.
(2014)

130 BMI Barrett’s esophagus,
esophageal
adenocarcinoma

29 BMI-associated
variants

Increased BMI causally increases
risk of Barrett’s esophagus and
esophageal adenocarcinoma.

Wium-
Andersen
et al. (2014)

145 CRP Depression 4 variants in
CRP-encoding gene

CRP is not causally associated with
depression.

Abbreviations: BMI, body mass index; CHD, coronary heart disease; CRP, C-reactive protein; HDL, high-density lipoprotein cholesterol; IL6,
interleukin 6; LDL, low-density lipoprotein cholesterol; SBP, systolic blood pressure; SNP, single-nucleotide polymorphism; T2D, type 2 diabetes;
TC, total cholesterol; TG, triglycerides.
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There are several reasons for using genetic variants as proxies for exposure variables rather
than using the exposures themselves. First, genetic variants are less susceptible to confounding.
As stated by Mendel’s first law (the law of segregation), genetic variants segregate randomly
and independently of environmental factors, and Mendel’s second law (the law of independent
assortment) suggests that genetic variants should also segregate independently of other traits
(although with some exceptions—see below) (79). There is empirical evidence that this is indeed
the case (subject to certain qualifications, described below). For example, one study showed that
although 96 nongenetic characteristics showed substantial intercorrelation with one another,
23 genetic variants were associated with the same traits only at the level expected by chance
(37).

Second—and in sharp contrast to retrospective observational study designs—provided that a
genetic instrument has been appropriately chosen, reverse causality is not an issue in MR studies,
because an individual’s germline genotype must precede the outcome of interest. Third, MR stud-
ies are arguably less prone to bias from measurement error than other observational studies. Most
genetic variants are measured with a high degree of precision. By contrast, exposure variables are
often subject to considerable measurement error in traditional observational association studies.
Random error in measuring the exposure variable can bias estimates of the regression coefficient
in ordinary least squares regression toward the null and can contaminate other forms of analysis,
including mediation and path analyses, producing erroneous inferences (52, 90, 94, 118, 119).
Lastly, and related to the point above, an individual’s genotype can be thought of as providing a
lifelong exposure in contrast to a one-off measurement, which again may be subject to error.

ANALOGY BETWEEN MENDELIAN RANDOMIZATION
AND RANDOMIZED CONTROLLED TRIALS

In RCTs, the process of randomization ensures that in large samples the distribution of known
and unknown confounders is balanced evenly across the different treatment arms. Assuming that
the trial is conducted competently and compliance is perfect, differences between the groups at
the end of the trial should reflect only the different treatments received, enabling the investigators
to draw conclusions regarding the effectiveness of the treatment protocol. In MR, the segregation
of alleles during meiosis is analogous to the randomization process in RCTs, except that in MR,
the randomization occurs at conception and the causal effects estimated in the analysis represent
the long-term effects of lifelong exposures. This implies that MR estimates of causal effects may
be larger than the benefits seen following treatment, because the latter will generally be for only
a fraction of the lifetime.

More formally, MR analysis uses genetic variants as instrumental variables (IVs) to provide
evidence of causality between an exposure and outcome. IVs are factors that are associated with
the exposure of interest but do not suffer from confounding, reverse causality, or other biases that
typically plague traditional observational studies. To be used as an IV, a genetic variant [or an allelic
combination of such variants (24)] must satisfy three core assumptions (40): (a) The instrument
must be associated with the exposure of interest, (b) the instrument must not be associated with
confounders of the exposure-outcome association, and (c) the instrument must not affect the
outcome except possibly through the exposure variable (see Figure 1).

The first of the core assumptions can be easily verified by examining the strength of associ-
ation between the genetic instrument and the exposure. Single genetic variants can be used as
instruments, or the effect of several polymorphisms could be used in the form of a weighted or
unweighted allelic score to increase power (24). Note that the genetic variant does not have to be
a true functional variant that produces a downstream effect on the exposure; rather, it needs only
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Figure 1
Directed acyclic graph showing the assumptions of the Mendelian randomization methodology. The
different nodes in the graph represent the genetic instrument (Z ), the modifiable exposure variable (X ), the
outcome (Y ), and the effect of all possible confounding variables on variables X and Y (U ). Causal effects are
denoted by arrows; the absence of an arrow indicates no direct causal effect. (Note that for the graphical
model to be directed, there must be no feedback loops in the system—i.e., a variable cannot be a direct or
indirect cause of itself.) For Z to be used as an instrumental variable, it must be associated with X (core
assumption one, denoted by the arrow between Z and X ), must not be related to confounders of the
exposure-outcome relationship (core assumption two, denoted by a lack of paths between Z and U ), and
must be related to the outcome only through the exposure of interest (core assumption three, denoted by an
absence of paths from Z to Y except the one that passes through X ).

to be a marker in linkage disequilibrium with a functional variant. Intuitively, one can think of
the IV as dividing the sample into subgroups that differ with respect to the exposure of interest
and any causal descendants, but not with respect to confounding variables. Because one does not
require knowledge of the functional variant to do this, a variant in linkage disequilibrium suffices
for this purpose.

Although it is technically impossible to prove that the second assumption holds true for all
possible confounders, it is possible at least to examine the relationship between the genetic instru-
ment and a range of likely measured confounders (and this should be done wherever possible).
The absence of a statistical association between the two can increase confidence (but never prove)
that the second core assumption is satisfied.

The third core assumption is possibly the most problematic for MR and can never be proved
for certain, in that it is always possible that the instrument could affect the outcome via a biological
pathway other than the exposure of interest. To minimize this possibility, a promising strategy is to
use genetic variants in genes where the functions of those genes and their relationship to the expo-
sure are well understood. If the intermediate of interest is a protein, then the best strategy is gen-
erally to use a genetic variant in the gene coding for the protein itself. When multiple instruments
are available, it may be possible to fit a series of models involving different instruments (34, 88). If
the different analyses yield heterogeneous estimates of the causal effect, then this suggests that core
assumption three has been violated, and genetic pleiotropy (see Table 2) is likely to be an issue.

Finally, making valid causal inferences from MR analysis requires a further structural
assumption—specifically, that intervening on the exposure does not affect any of the other terms
in the joint probability density function of the directed acyclic graph (40). In other words, it is
assumed that naturally induced changes in the exposure variable produce the same change in the
outcome variable as an experimenter-directed alteration. If all of these assumptions are satisfied,
then a statistical test of the association between the genetic instrument and the outcome is a valid
assessment of the presence of a causal relationship between the exposure and the outcome (40).
However, a simple test of association does not provide a causal estimate of the effect of the exposure
on the outcome, and consequently it is difficult to know whether a negative test result represents
a true finding or is simply due to lack of power.

The IV core assumptions can be violated in multiple ways, and these are summarized in Table 2
together with other potential complicating factors of MR analysis and methods to control or
mitigate these problems. Pleasingly, though, it appears that the results of many published MR
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Table 2 Potential pitfalls in Mendelian randomization studies

Phenomenon Description/explanation Strategy for detecting or reducing influence
Genetic instrument
unavailable

Sometimes genetic variants are unavailable to proxy
the exposure or intermediate of interest.

Genome-wide association studies are discovering an
increasing number of variants related to exposures or
intermediates; sequencing studies have potential to
discover low-frequency variants; genome-wide allelic
scores might have some utility, but their use is
controversial and likely premature (43).

Weak instruments Analyses performed with instruments that show
weak association with the exposure (typically a
regression F ratio < 10) bias the instrumental
variable estimate toward the observational
association (23, 122).

Increase sample size; combine genetic variants into an
allelic score to increase instrument strength; use the
limited information likelihood estimator, which is
close to median unbiased (5, 38), although some
discourage its use (57).

Low power Mendelian randomization analyses have low power
(17, 92).

Increase sample size; combine genetic variants into
allelic score (92).

Pleiotropy The genetic variant is associated with a risk factor
for the outcome that is not on the same causal path
as the exposure under study, or the genetic variant
affects the outcome through a pathway other than
the exposure (139).

Use variants in genes where the function of the gene is
well understood (or directly codes for the
intermediate, if possible); test the relationship between
the instrument and potential confounding variables to
detect violations of assumptions; use different genetic
instruments and test for heterogeneity of causal effect
estimates; show that the association between the
genetic instrument and outcome is present only in
individuals positive for the exposure (although this
may be possible only in some situations).

Linkage
disequilibrium

Another variant may be in linkage disequilibrium
with the genetic instrument, and this affects the
outcome through a pathway other than the
exposure (similar to pleiotropy).

Similar to above for pleiotropy.

Population
stratification

The sample consists of different subpopulations
and/or admixed individuals who also differ in the
frequency or mean of their exposure and/or
outcome. This can induce spurious associations
among the genetic instrument, exposure, and
outcome.

Restrict analysis to ethnically homogeneous individuals;
include ancestry-informative principal components in
the analysis; perform an analysis within families.

Canalization/
developmental
compensation

An individual adapts in response to a genetic change
so that the effect of that genetic change is reduced
or absent (138). This may produce estimates that
are not representative of modifying the exposure.

No strategy known (although knowledge of underlying
biology may suggest whether this likely to be a
problem).

Complexity of
association

Inadequate knowledge regarding the underlying
biology of the instrument, exposure, and outcome
may produce misleading inferences.

Increase the biological understanding of the
relationship between genotype, intermediate, and
phenotype.

studies have shown good concordance with the findings from RCTs of the same exposure and
outcomes, suggesting that the method is valid and of considerable utility if it is used appropriately
and the limitations of the approach are kept in mind (Table 3).

Prizment et al. (97) illustrated some of the difficulties faced in interpreting the results of
MR studies, particularly those that combine several single-nucleotide polymorphisms (SNPs)
into a single genetic score. The authors examined the relationship between a genetic risk score
consisting of 20 SNPs robustly related to increased levels of C-reactive protein (CRP) and risk of
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Table 3 Alignment between Mendelian randomization (MR) studies and randomized controlled trials (RCTs)

Exposure Outcome Comments on MR study Comments on RCT
HDL MI It is difficult to find variants that are specific for one

blood lipid fraction, potentially complicating
interpretations of MR studies (147). However,
variants specific for HDL, such as the
loss-of-function coding SNP in the endothelial
lipase gene (LIPG N396S), are not strongly related
to risk of CHD, suggesting that HDL has either a
small or no causal effect on MI risk (137).

RCTs involving a range of drug treatments
that increase HDL levels, including CETP
inhibitors (11, 26, 112), combination
therapy of statin plus fibrates (1), and niacin
treatment (62), do not decrease risk of MI.

LDL CHD There is strong evidence that genetic variants that
increase LDL also proportionately increase risk of
CHD (46).

HMGCR inhibitors, which decrease LDL,
have well-documented efficacy in reducing
risk of CHD (9).

LDL Late-onset
Alzheimer’s
disease

Genetic risk scores proxying LDL show no
relationship with late-onset Alzheimer’s disease
(98).

There is no evidence that RCTs of
LDL-lowering statins have any effect on
risk of Alzheimer’s disease (45, 76).

Maternal
folate

Neural tube
defects

Mothers who have the TT MTHFR C677T
genotype are at increased risk of having children
with neural tube defects (148), but this is not the
case for fathers (50), suggesting that increased
maternal folate consumption is protective against
neural tube defects.

RCTs indicate that maternal folate
supplementation decreases the risk of
neural tube defects in offspring (31).

Statins T2D Variants in the HMGCR gene are associated with
increased risk of T2D (125).

A meta-analysis of RCTs of statins showed a
dose-dependent increase in T2D for
individuals on statins compared with those
on a placebo (96, 108).

Abbreviations: CETP, cholesteryl ester transfer protein; CHD, coronary heart disease; HDL, high-density lipoprotein cholesterol; HMGCR, 3-hydroxy-
3-methylglutaryl-CoA reductase; LDL, low-density lipoprotein cholesterol; MI, myocardial infarction; SNP, single-nucleotide polymorphism; T2D, type
2 diabetes.

several cancers, including colorectal cancer. They found that the score was related to increased
risk of colorectal cancer, which they interpreted as supporting a causal effect of CRP on cancer
risk. However, the difficulty in interpreting the results in this fashion is that it is possible that
many of the SNPs in the risk score may exert pleiotropic effects on CRP through pathways
directly upstream of CRP [e.g., interleukin 6 receptor (IL6R)], through adiposity, or via pathways
unrelated to inflammation. Indeed, the association between the CRP risk score and colorectal
cancer in this study was only marginally attenuated after adjusting for plasma CRP, consistent
with the notion that at least some of the CRP SNPs might exert their effect on cancer risk through
pathways independent of CRP. Indeed, the authors tried to discount this possibility by examining
the association between different subsets of SNPs and cancer risk and showing that the association
was present in each of the analyses—although this of course does not address the possibility that
pleiotropy was an issue in each of the subsets of SNPs analyzed.

Another strategy to minimize the possibility of horizontal pleiotropy is to examine the asso-
ciation between variants within the CRP gene itself and risk of cancer. There are several variants
within CRP that influence the level of serum CRP and are not located in the coding sequence
of the gene and do not lead to alternative splicing, isoforms, etc., and so it could be argued that
these polymorphisms are less likely to influence risk of colorectal cancer except through CRP
itself. Allin et al. (2) found no relationship between several of these variants and risk of cancer
(including colorectal cancer), suggesting that the relationship between the two was not due to a
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causal effect of CRP. However, a more recent study that used a similar set of SNPs did find a
positive association between the variants in CRP and risk of colorectal cancer (84). Clearly, the
jury is still out on whether the association between CRP and colorectal cancer reflects a causal
relationship, and larger studies will need to be conducted, keeping in mind the complexities of
utilizing the myriad of variants related to CRP levels.

ESTIMATING THE SIZE OF CAUSAL EFFECTS

Estimating the size of causal effects requires additional assumptions that depend on the nature
of the exposure and outcome. For example, in the case of continuous exposures and outcomes,
linearity is typically assumed between the variables, as is the absence of statistical interaction
between the exposure and unmeasured confounders. Under these assumptions, the simplest way
to estimate the causal effect of the exposure on the outcome (β̂IV) is via the Wald method (140),
which is simply the ratio of the linear regression coefficient of the outcome on the instrument
(β̂Y|G) to the regression coefficient of the exposure on the instrument (β̂X|G):

β̂IV = β̂Y|G
β̂X|G

.

Standard errors can be calculated in a variety of ways, including via the delta method (129),
Fieller’s theorem (48), and bootstrapping (41). Several other methods of IV estimation are also
available, including two-stage least squares, which is useful when multiple genetic instruments
are fit simultaneously to the data, and limited information likelihood (LIML), which may have
advantages if the investigator can use only weak instruments (5, 38) (see also Table 2). In the
case of binary outcomes, where the assumption of linearity between the exposure and outcome is
more tenuous, various forms of semiparametric estimation that do not make strong assumptions
about the form of the relationship between exposure and outcome can be used to estimate causal
effects, including G-estimation and the generalized method of moments (for a review of these
methods, see 89).

NOVEL APPLICATIONS OF MENDELIAN RANDOMIZATION

Table 1 lists some recent examples of MR studies of behavioral factors and biomarkers as potential
causes of a variety of health outcomes. Such conventional MR approaches are now widely used and
have been reviewed in both general and domain-specific fashions (34, 53, 65). Here, we describe
some exciting recent extensions to the MR methodology that are different from the traditional
uses of MR that have focused on the causal effect of environmental exposures on medically relevant
outcomes, and have been discussed in several other reviews.

Using Mendelian Randomization to Inform Drug Development

Although GWAS have been extremely successful over the last decade in identifying common
genetic variants associated with complex traits and diseases, many critics of the approach have
argued that the results from such studies have been slow to translate to the clinic in the form of
drug therapies (136). However, this overlooks the fact that many GWAS discoveries could be used
immediately to guide the process of drug development using the principles of MR. A major concern
in the pharmaceutical industry is late-stage failure, where novel compounds that show considerable
potential in preclinical and animal studies turn out to lack efficacy or have important toxicological
side effects in phase III clinical trials (6). By this stage, of course, millions of dollars and many
years of research have often been wasted developing the compound. There is no guarantee that a
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Randomized controlled trial Mendelian randomization

Sample Sample

Randomization

Drug Placebo

(On- and
off-target

effects)

Genotype AA Genotype aa

Protein modified Protein unmodified

Downstream effects Downstream effects

Outcome Outcome Outcome Outcome

Segregation

Figure 2
Similarities and differences between a randomized controlled trial of a drug and a placebo compared with
Mendelian randomization of a genetic variant in a drug target. In the randomized controlled trial, the drug
may produce both on- and off-target effects. By contrast, genetic variants in the gene of the target of interest
should produce only on-target effects.

compound that works well in vitro or in animal models will succeed in clinical trials, and indeed,
the vast majority of compounds that undergo development are never approved for clinical practice
(7). Part of this inefficiency is a direct consequence of the traditional model of drug development:
Pharmaceutical companies must commit substantial time and financial resources to following up a
new compound before embarking on large-scale phase III clinical trials, which have no guarantee
of success. MR can assist in this process by providing a useful adjunct (although not a substitute)
at several points in the drug development pipeline (95).

The basic idea is that variants in a gene encoding a specific drug target that alters the level
of activity of the encoded protein can be used to mimic the consequences of targeting the same
protein pharmacologically using an idealized compound free from off-target effects (i.e., effects
of a compound that are realized through mechanisms independent of the intended drug target).
This approach is slightly different from usual applications of MR in that the focus is on the
drug target itself rather than on biomarkers, exposures, or intermediates that may be downstream
of the target. MR could therefore be used to assess not only the probable efficacy of pursuing
a particular target, but also whether unintended side effects of the drug are likely due to on- or
off-target effects (117) (see Figure 2).

MR could be used advantageously at several stages in the drug development pipeline. Early
in the process, it could be used to ascertain whether time and money are likely to be well spent
developing compounds targeting a particular protein. If MR studies indicate that variants within
the gene encoding the protein have little effect on disease risk, then targeting other proteins might
be preferable. The same principle could also be applied to choosing which compounds to prioritize
for development in small-molecule libraries.

One example concerns recently developed monoclonal antibodies to the proprotein convertase
subtilisin/kexin type 9 serine protease (PCSK9). PCSK9 is synthesized primarily in the liver and
enters the circulation, where it binds to low-density lipoprotein (LDL) receptors on the surface
of the liver. The process decreases the capacity of the liver to remove LDL cholesterol from
circulation and results in increased LDL cholesterol levels. Genetic association studies have shown
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that variants in PCSK9 that are relatively selectively associated with reduced LDL cholesterol
levels are also associated with reduced risk of coronary heart disease (27). Phase I clinical trials
of monoclonal antibodies to PCSK9 are now under way, and have shown that the compound is
well tolerated and significantly reduces LDL cholesterol in healthy volunteers in conjunction with
statin therapy (124). Although it remains to be seen whether these compounds also reduce the risk
of coronary heart disease, results to date show considerable promise.

More recently, there has been considerable excitement over the identification of low-frequency
loss-of-function mutations within the APOC3 gene that are associated with low levels of triglyc-
erides (66, 127). APOC3 is a glycoprotein synthesized chiefly in the liver that is present on ApoB-
containing triglyceride-rich particles [chylomicrons and very-low-density lipoproteins (VLDLs)]
and to a lesser extent on high-density lipoprotein (HDL) particles. It has a variety of functions, in-
cluding inhibiting lipoprotein lipase (an enzyme responsible for the hydrolysis of triglyceride-rich
particles), reducing the liver’s uptake of triglyceride-rich lipoproteins, and promoting triglyceride
and VLDL synthesis and secretion by the liver (14, 55). Low-frequency loss-of-function variants
in APOC3 that are related to decreased levels of triglycerides are also associated with reduced risk
of ischemic cardiovascular disease (66, 127). Although the precise mechanism by which the vari-
ants reduce risk of coronary heart disease is uncertain and may be mediated by factors other than
reduced triglycerides (28), second-generation antisense oligonucleotides that selectively inhibit
APOC3 are already in development and show considerable promise in initial studies (56). Other
promising examples of MR’s potential utility in the field of cardiovascular pharmacology are also
appearing (82).

Finally, at the other end of the spectrum, another example concerns recently developed oligonu-
cleotide inhibitors of CRP (85). CRP is an inflammatory biomarker that is inflated in many lifestyle
diseases, including coronary heart disease and metabolic syndrome, and it has often been suggested
as a target for pharmacologic intervention. However, MR studies utilizing variants within the CRP
gene that affect levels of the protein have consistently failed to find any evidence of a causal as-
sociation with coronary heart disease (25) or metabolic phenotypes (131), suggesting that this
compound is unlikely to be useful in treating these conditions and should perhaps be targeted
toward other disorders.

MR can also be useful in investigating on- and off-target drug effects, possible side effects, and
whether the balance of favorable and unfavorable side effects is likely to be acceptable (141). An
example is the cholesteryl ester transfer protein (CETP) inhibitor torcetrapib, which was designed
to increase HDL cholesterol levels by inhibiting the CETP molecule but exhibited unexpected
blood-pressure-raising effects in clinical trials (11). MR could be used to examine the relationship
between functional variants within the CETP gene and blood pressure. A positive association
would suggest a class effect and that all CETP inhibitors might be expected to show an effect on
blood pressure (117). The lack of such an association would suggest that the effect is specific to
the torcetrapib molecule and unlikely to be shared by other members of the class. Indeed, this
seems to be the case, as RCTs of other CETP inhibitors do not appear to show an increase in
blood pressure (26).

Another recent example concerns the observation in RCTs that statin treatment appears to
increase the risk of type 2 diabetes in a dose-dependent fashion (96, 108). The question, however,
is whether this represents an on- or off-target effect—that is, is this effect mediated through
inhibition of 3-hydroxy-3-methylglutaryl-CoA reductase (HMGCR) or explained by one of the
proposed pleiotropic mechanisms of statins? A recent meta-analysis showed that two variants in
the HMGCR gene that were related to decreased LDL cholesterol were also related to a host of
metabolic measures and increased risk of type 2 diabetes (125), suggesting that statins do indeed
causally increase risk of type 2 diabetes and that this is mediated through an on-target effect of the

336 Evans · Smith



GG16CH14-DaveySmith ARI 10 July 2015 17:28

drugs. Indeed, MR studies that have revealed an association between genetic variants in a drug
target and a range of different biomarkers suggest that it would be wise to monitor these biomarkers
in upcoming clinical trials. For example, the P446L variant in the glucokinase regulator (GCKR) gene
is associated not only with lower plasma glucose levels but also with higher triglyceride levels (12),
suggesting that additional monitoring of triglyceride levels might be advisable in future clinical
trials of glucokinase activators (22).

Finally, MR could be used to better target existing agents that have been licensed for other
conditions through the process of drug repurposing or repositioning (7, 95, 107). An advantage
of drug repositioning over the traditional pipeline is that the repurposed drug has already passed
initial studies on its toxicity and could therefore proceed more quickly through the approval
process. Although few existing therapies have been repurposed successfully all the way through
clinical trials based on GWAS results, several promising candidates are currently undergoing trials
or being considered for this purpose (95). Examples include trials of eculizumab, which targets
the immune complement system in age-related macular degeneration (149). The importance of
this pathway in disease pathogenesis was identified in one of the very first GWAS (69). Likewise,
a nonsynonymous variant in the IL6R gene is associated with increased levels of circulating IL6,
consistent with the action of the IL6R blocker tocilizumab, which has been approved in treating
rheumatoid arthritis (54). The same variants are also associated with reduced risk of coronary
heart disease events, suggesting that tocilizumab might be a promising candidate for coronary
heart disease prevention (64).

Using MR to inform the drug development process has many obvious advantages. As outlined
above, it can lead to substantial efficiencies and cost savings. Information can be leveraged from
existing cohort studies and GWAS meta-analyses. MR should not be seen as a substitute for RCTs
but merely as an adjunct for assisting at various points in the developmental pipeline. RCTs will
continue to be required because novel compounds may have actions that cannot be modeled
genetically, and the effect of the intervention needs to be quantified reliably to ensure that it is
cost effective and to precisely quantify the balance between benefits and any harms (59).

The use of MR in the drug discovery pipeline has all the limitations of traditional MR analyses
as well as some others that are specific to this paradigm. First, one must have a functional genetic
variant that affects the drug target of interest (i.e., genetic variants that do not have functional con-
sequences are less likely to be useful from the perspective of MR). Fortunately, the overwhelming
majority of drug targets are proteins, many of which have cis-acting variants that at least affect
gene expression (although perhaps not protein levels or function), suggesting that such instru-
ments may be plentiful. The second difficulty is that sometimes it is not possible to know whether
a genetic association with disease suggests that an agonist or antagonist would be better suited to
treating the condition. A final consideration is that it is by no means certain that genes (and their
products) implicated by GWAS in the etiology of disease will have clinical utility as therapeutic
targets once the disease process has been initiated. In other words, for some conditions, once the
disease process has begun, it may not be treatable by targeting the processes responsible for its
development. Many cancers are likely to fall into this category. For example, in the case of lung
cancer, even though variants in the CHRNA5-CHRNA3 gene cluster may contribute to risk of
lung cancer, most likely by influencing smoking intensity (81), it is highly unlikely that modifying
this gene or its product, or indeed stopping smoking, will have any direct beneficial effect on pre-
existing cancer in individuals who already suffer from the disease. Conversely, there are without
doubt diseases at the other end of the spectrum, for which discovering predisposing genes and
targeting their products will result in therapies that offer a cure, reversal, remission, or at least
treatment of the underlying condition.
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NOVEL EXTENSIONS OF MENDELIAN RANDOMIZATION

Two-Sample and Subsample Mendelian Randomization

In many situations, the exposure of interest, the outcome, and the genetic instrument have all
been measured in the same sample, and it is possible to perform ordinary MR analysis. In other
circumstances, however, these quantities have been ascertained in different samples or sometimes
in a limited number of overlapping individuals. This situation is common in studies involving
molecular intermediates, where it is often expensive to assay the measures on all the samples. In
these circumstances, it is still possible to estimate the causal effect of the exposure on the outcome by
employing two-sample IVs or (in the case of partially overlapping samples) split-sample estimators
(4, 63, 93).

Under the usual IV assumptions, and assuming that the two samples have been drawn from the
same population (i.e., if not, then the two-sample estimator will result in a biased estimate of the
causal relationship between the two variables), two-sample estimators can be calculated by first
regressing the outcome on the genotype in one sample (β̂GY) and then regressing the exposure on
the genotype in the other (β̂GX). The ratio of these two quantities is the two-sample IV estimator
(β̂TSIV):

β̂TSIV = β̂GY

β̂GX
.

The standard error for the two-sample IV estimator must take into account that both the numerator
and denominator are estimated. Standard errors can be estimated in several ways (e.g., Fieller’s
theorem), as discussed in detail elsewhere (63, 93).

Pierce & Burgess (93) have shown that, in the case of strong instruments, two-sample and sub-
sample MR analyses have much the same power as a full-sample MR analysis. This has important
implications for the design of MR studies because exposure and outcome data can be expensive
to measure in large numbers of individuals. Importantly, the two-sample approach means that
summary-level data from publicly available GWAS data sets could be used in the analysis. The
results of many entire GWAS are now available freely online (83) or in public archives such as
the Database of Genotypes and Phenotypes (dbGAP) (74) and the European Genome-Phenome
Archive (47). Table 4 lists several websites where the results of GWAS may be downloaded and
used in two-sample MR. Summary association statistics have also been made publicly available
for molecular phenotypes, including the results of expression quantitative trait locus (eQTL)
(144) and metabolomic GWAS analyses (113). These studies could be combined efficiently and
cost effectively using the two-sample framework and then easily harvested to examine possible
causal associations of interest. An overall estimate of the causal effect could then be obtained by
combining IV estimates from several variants using inverse variance meta-analysis (78) or simple
likelihood or Bayesian procedures (19).

Given its potential, two-sample MR has, until recently, been underutilized in the literature
to date, with only a handful of studies taking advantage of the approach (91). However, one
of the problems of relying on summary statistics to perform MR is that it may be difficult to
test the underlying IV assumptions (e.g., IV core assumption two—that the instrument is not
related to variables confounding the exposure-outcome association) and the linearity of the
genotype-exposure association or of the risk factor–outcome association (40). In the latter case,
methods have been proposed for examining the linearity of the association between the potential
causal factor of interest and the disease outcome within the MR framework (21, 115). Publication
bias and the winner’s curse (29)—i.e., the phenomenon that effect sizes in discovery GWAS are
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Table 4 Publicly available genome-wide association study meta-analysis results

Phenotype Study Reference Study size Website
Alzheimer’s disease Lambert et al. (2013) 70 17,008 cases

37,154 controls
http://www.pasteur-lille.fr/en/
recherche/u744/igap/igap_
download.php

Anorexia Boraska et al. (2014) 16 2,907 cases
14,860 controls

http://www.med.unc.edu/pgc/
downloads

Bipolar disorder Psychiatr. GWAS Consort.
Bipolar Disord. Work.
Group (2011)

99 7,481 cases
9,250 controls

http://www.med.unc.edu/pgc/
downloads

BMI Speliotes et al. (2010) 120 123,865 individuals http://www.broadinstitute.org/
collaboration/giant

Bone mineral
density

Estrada et al. (2012) 42 32,961 individuals http://www.gefos.org/?q=content/
data-release

CHD Schunkert et al. (2011) 111 22,233 cases
64,762 controls

http://www.cardiogramplusc4d.org

Crohn’s disease Barrett et al. (2008), Franke
et al. (2010)

10, 51 6,333 cases
15,056 controls

http://www.ibdgenetics.org

Depression Major Depress. Disord.
Work. Group Psychiatr.
GWAS Consort. (2013)

75 9,240 cases
9,519 controls

http://www.med.unc.edu/pgc/
downloads

Educational
attainment

Rietveld et al. (2013) 103 101,069 individuals http://ssgac.org/Data.php

Height Lango Allen et al. (2010) 71 133,653 individuals http://www.broadinstitute.org/
collaboration/giant

Rheumatoid
arthritis

Stahl et al. (2010) 121 5,539 cases
20,169 controls

http://www.broadinstitute.org/ftp/
pub/rheumatoid_arthritis

Schizophrenia Schizophr. Work. Group.
Psychiatr. Genomics
Consort. (2014)

110 36,989 cases
113,075 controls

http://www.med.unc.edu/pgc/
downloads

T2D Morris et al. (2012) 80 12,171 cases
56,862 controls

http://diagram-consortium.org/
downloads.html

Ulcerative colitis Anderson et al. (2011) 3 6,687 cases
19,718 controls

http://www.ibdgenetics.org

Waist-hip ratio Heid et al. (2010) 58 77,167 individuals http://www.broadinstitute.org/
collaboration/giant

Abbreviations: BMI, body mass index; CHD, coronary heart disease; T2D, type 2 diabetes.

likely to be overestimated—may also inflate the strength of association between genotype and
intermediate and hence bias the results of the MR analysis. If original data (i.e., data not based
on summary statistics from meta-analysis) are available, then it may be possible to mitigate this
problem by using half of the sample as the discovery set and the other half to estimate the causal
effect (102). Interestingly, in two-sample MR, weak IVs lead to estimates of the causal effect that
are biased toward the null hypothesis (4, 63), which is opposite to the situation in traditional MR
analysis, where IV estimates are biased toward the observational association in the presence of
weak instruments. Given that the two estimates are generally biased in opposite directions, the
two forms of analysis can provide boundaries on the likely size of the causal effect.
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Figure 3
Example of two-step Mendelian randomization, which aims to quantify the extent to which a causal
relationship between an exposure and outcome is mediated by a particular variable. In this hypothetical
application from epigenetic epidemiology—where there is often considerable uncertainty about the extent to
which observational associations reflect causality, as opposed to latent confounding or reverse causation
(101)—the aim is to investigate the observational relationships between smoking (the exposure), methylation
[a potential mediator, as measured on an Illumina 450K array (15)], and lung cancer (the outcome).
Methylation is measured in peripheral blood at CpG site cg05575921 in the AHRR gene, which shows a
strong observational relationship with smoking (151). The rs1051730 variant in the CHRNA3 gene, which is
known to be associated with the number of cigarettes smoked per day (133), is used as a genetic instrument
for smoking in order to estimate the causal effect of smoking on methylation. Likewise, rsXXXX, a
(fictitious) genetic variant putatively related to methylation at the cg05575921 AHRR site, is used as an
instrumental variable to assess the causal relationship between the methylation site and lung cancer. In the
first step of the process, instrumental variable analysis is performed between the exposure (smoking) and the
putative intermediate variable (AHRR methylation) using the genetic instrument for the exposure
(rs1051730). In the second step, instrumental variable analysis is performed between the outcome (lung
cancer) and the intermediate (AHRR methylation) using the genetic instrument for the intermediate
(rsXXXX). Under certain assumptions, including linearity among the different variables, the effect of the
exposure (smoking) on the outcome (lung cancer) mediated by the intermediate is equal to the product of the
regression coefficients (β̂IV1 multiplied by β̂IV2).

Two-Step Mendelian Randomization and Mediation Analysis

MR can be extended to examine the extent to which the causal relationship between an exposure
and outcome is mediated by an intermediate variable of interest. The two-step approach (Figure 3)
was originally developed within the framework of epigenetic epidemiology to examine the degree
to which methylation mediates the relationship between an exposure and medically relevant
outcomes (100, 101). However, it can be used to examine the degree to which any variable (i.e., not
just methylation) mediates a causal relationship of interest. In the first step, a genetic instrument
that is related to the exposure variable of interest is used to estimate the causal influence of the
exposure on an intermediate variable. In the second step, a genetic instrument related to the
intermediate variable is used to estimate the effect of the mediator on the outcome of interest.
Under certain assumptions, including the linearity of relationships between variables and no effect
modification (i.e., no statistical interactions between the variables), it is possible to estimate both
the direct effect of the exposure on the outcome (i.e., independent of the mediator) and the effect
of exposure on the outcome that is mediated through the intermediate variable (20, 36, 134).

Obviously, for two-step MR to be possible, genetic instruments must exist for both the exposure
and intermediate of interest. However, the exposure, mediator, and outcome need not be measured
in the same individuals (36). In fact, two-step MR could be combined with the two-sample MR
approach described above to powerfully and efficiently examine the extent of mediation in causal
networks. This gives two-step MR a distinct advantage over traditional mediation analysis and
structural equation modeling approaches, which require the exposure, mediator, and outcome to
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be measured in at least a subset of all individuals (20). This advantage is particularly relevant for
many molecular intermediates, which may be expensive to measure or difficult to collect (e.g.,
from tissues that are difficult to access), providing an opportunity to undertake MR analyses in far
larger samples than would otherwise be possible (36).

We expect application of the two-step MR approach to increase substantially as more genetic
influences on intermediate traits are reported. Plentiful numbers of genetic variants related to
molecular phenotypes such as gene methylation (13) and metabolomics have been reported (113),
and large meta-analyses for many of these traits are already under way. Pleasingly, GWAS of
methylation sites (e.g., as measured on microarray chips) have shown that methylation at many
CpG sites is ubiquitously influenced by cis-genetic variants, implying that many instruments will
be available for these types of analyses in the future (13).

Mining the Phenome Using Mendelian Randomization

Whereas in the early part of the twenty-first century, use of MR was extremely limited by the
paucity of genetic variants reliably associated with modifiable exposures and biological interme-
diates, the unbridled success of GWAS has meant that thousands of SNPs can now be used as IVs
in MR analysis. These include the multitude of genetic variants that have been reliably associated
with gene expression (144), methylation (13), the metabolome (113), and other molecular inter-
mediates. The deposition of a substantial proportion of these data in public databases has created
an unprecedented opportunity to data mine large-scale resources such as the UK Biobank (30)
and other publicly available GWAS data collections for causal associations of interest (43).

In a proof-of-principle study, Evans et al. (43) constructed allelic scores consisting of known
genetic variants that proxied body mass index (BMI) (120), CRP (39), and LDL cholesterol (126)
in data from the first Wellcome Trust Case Control Study (142). The authors examined the
association between these instruments and seven different diseases (bipolar disorder, coronary
heart disease, hypertension, inflammatory bowel disease, rheumatoid arthritis, type 1 diabetes,
and type 2 diabetes). They found that the method successfully identified strong known causal
relationships (i.e., LDL allelic scores were associated with coronary heart disease, and BMI scores
were related to type 2 diabetes) and was relatively robust in terms of not generating spurious
relationships between allelic scores related to exposures not causally related to disease [e.g., CRP
allelic scores were not related to coronary heart disease (25) or type 2 diabetes (131)].

As the authors note, there is no reason why this basic strategy could not be scaled up to examine
tens of thousands of molecular phenotypes that may causally affect risk of disease in the many
GWAS that are publicly available from the different data repositories. Although Evans et al. (43)
constructed allelic scores using raw genotypes, two-sample and meta-analytic approaches could
also be used if only summary results data are available. Indeed, there now exists software that can
efficiently create genetic instruments from publicly available data and provide a preliminary IV
analysis of GWAS data for potential causal associations (150). The likely success or failure of this
approach will depend on several factors, including the degree to which the biological intermediates
of interest are polygenic [otherwise, allelic scores cannot be formed, and one might as well just
look at, e.g., the concordance between single eQTLs or metabolic QTLs (mQTLs) and disease-
related SNPs] and the extent to which associations are tissue specific (i.e., if an allelic score proxies
a relevant intermediate but not in the correct tissue, then it will not show association with the
disease). In the future, to maximize application of the method, much could be gained from funding
large-scale public resources of data from GWAS of gene expression and methylation in many
different tissues and cell types, including cells in stimulated and resting states. Indeed, a “mining
the phenome”–type approach could be carried out using a recently developed methodology to
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screen large publicly available disease and multi-omic GWAS summary results for evidence of
genetic correlation (18). Those disease-omic pairs showing evidence of genetic correlation could
then be followed up using bidirectional MR to investigate the possibility of a causal relationship
(see below).

Another interesting possibility concerns the extent to which genome-wide allelic scores could
be used in MR analysis. In other words, rather than just using known variants (or combinations of
known variants) as genetic instruments, one could in theory use hundreds (or even thousands) of
genetic variants scattered across the genome that GWAS indicate are nominally associated with the
exposure of interest (i.e., variants that are not robustly associated with disease). Most exposures and
intermediates are at least partially heritable. Several studies have shown that genome-wide allelic
scores explain significant proportions of the variance in intermediates of interest and in some cases
explain more variance than scores constructed only of known variants (43, 44). This idea has appeal
in that not only could explaining more variance in the exposure of interest increase the strength
of instruments and the power of studies, but it might even be possible to use genome-wide allelic
scores to proxy traits with no known associated variants. However, the obvious problem is that
genome-wide allelic scores will almost certainly violate at least one of the core IV assumptions
(core assumptions two and/or three), reintroducing confounding into the analysis via genetic
pleiotropy. A preliminary analysis showed that genome-wide scores lacked specificity and showed
unexpected associations with diseases (43), and the authors concluded that there is currently little
to recommend the use of genome-wide allelic scores, although they may be useful as a screening
tool for generating hypotheses where known variants do not exist. The use of genome-wide
information in MR continues to be an active area of research (146).

Bidirectional Mendelian Randomization, Network Mendelian Randomization,
and the Coming Age of Hypothesis-Free Causality

If the precise biological function of the genetic variant that one is using in MR is unknown (which
is not uncommon when using genetic instruments derived from GWAS), it can sometimes be
difficult to know a priori whether the genetic instrument exhibits a primary effect on the exposure
of interest or the effect on the exposure is secondary to the outcome. In these ambiguous situations,
traditional MR analysis has the potential to produce erroneous conclusions regarding the direction
of causation. Bidirectional MR (also known as reciprocal MR) can quantify the causal effect of
each variable on the other, provided that genetic instruments are available to proxy both variables.

In bidirectional MR, separate MR analyses are performed in both directions to ascertain the
direction of any causal relationship. For example, if the observational relationship of interest is an
association between BMI and CRP, then one would instrument BMI to estimate the causal effect
of BMI on CRP and then instrument CRP to assess the causal effect of CRP on BMI. Bidirectional
MR has been used in several recent applications to study the relationship between BMI and CRP
(132, 143), BMI and fetuin A (128), BMI and vitamin D (135), and serum uric acid and adiposity
(73). The bidirectional framework can be combined with the two-sample approach, yielding an
efficient method for establishing causal relationships.

An obvious precondition for using the bidirectional approach is that appropriate independent
genetic instruments for both variables are known in advance. Caution must be exercised when
selecting genetic instruments from GWAS so that the variants chosen have primary rather than
secondary effects on the variable of interest. For example, variants within the fat mass and obesity
associated (FTO) gene could erroneously be selected as instruments for CRP based on their low
p values in a CRP GWAS meta-analysis (39). However, these low p values arise because FTO
variants are strongly related to BMI, which in turn causally affects CRP. Another limitation is
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that bidirectional MR will have difficulty in the presence of reciprocal feedback loops where both
variables influence each other. In these situations, a structural equation modeling framework might
be a useful alternative for estimating reciprocal relationships.

Considerable potential exists for extending the basic MR framework to more complicated
situations involving networks of variables. The central idea is that if there are several risk factors
in a data set that each have instruments to proxy them, then in principle it should be possible to
estimate the causal effect of each of these risk factors on each outcome of interest. Similarly, each
of the risk factors could be examined for causal relationships with each other using bidirectional
MR (20). In this way, genotypes can be used as IVs at various points to anchor the networks, and an
overall picture of the causal relationships between the different variables can be constructed (20).
This approach assumes that the genetic instruments are known a priori and that, in situations where
an instrument correlates with multiple variables [as is common in, e.g., metabolomic networks
(147)], it is known which of these associations represents a primary as opposed to secondary effect
(i.e., an effect mediated through another variable in the network). When this information is not
known, it may still be possible to orient the network by using other statistical techniques, such
as structural equation modeling (8, 72, 105), partial correlation, or likelihood-based techniques
(77, 109), to investigate which configuration of variables is most likely, and then use MR to
estimate the size of causal effects between the different network nodes (114). These methods hold
great promise for investigating and integrating multiple tiers of “-omics” data and for gaining
insight into causal relationships between the different layers. Indeed, in the near future, MR
methods could conceivably be used regularly to investigate all pairwise relationships within large
multidimensional data sets in a hypothesis-free manner, letting the data speak for itself (33). The
associations for which there is good evidence of causality would then become targets for formal
and exhaustive hypothesis-testing studies.

CONCLUSION

MR is a flexible and robust method that can be used to test whether an observational association
between a modifiable exposure and a health-related outcome represents a causal relationship. The
method has steadily grown in importance, utility, and scope as the number of genetic variants
reliably associated with modifiable exposures, biological intermediates, and medically related
outcomes has increased over the last decade. In this review, we have endeavored to show that
MR not only has provided valuable insights into many areas of traditional epidemiology, but also
is playing an increasingly important role in drug discovery and has the potential to assist in the
dissection of high-dimensional complex networks consisting of thousands of molecular variables.
Indeed, we envisage a time in the not too distant future when MR methods are regularly applied
to all pairwise relationships within large multidimensional data sets in a hypothesis-free manner,
producing evidence that can then be followed up in a hypothesis-testing manner with a high
probability of success.

DISCLOSURE STATEMENT

The authors are not aware of any affiliations, memberships, funding, or financial holdings that
might be perceived as affecting the objectivity of this review.

ACKNOWLEDGMENTS

D.M.E. is supported by an Australian Research Council Future Fellowship (FT130101709). This
work was supported by a Medical Research Council program grant (MC_UU_12013).

www.annualreviews.org • Mendelian Randomization 343



GG16CH14-DaveySmith ARI 10 July 2015 17:28

LITERATURE CITED

1. ACCORD Study Group. 2010. Effects of combination lipid therapy in type 2 diabetes mellitus. N. Engl.
J. Med. 362:1563–74

2. Allin KH, Nordestgaard BG, Zacho J, Tybjaerg-Hansen A, Bojesen SE. 2010. C-reactive protein and
the risk of cancer: a Mendelian randomization study. J. Natl. Cancer Inst. 102:202–6

3. Anderson CA, Boucher G, Lees CW, Franke A, D’Amato M, et al. 2011. Meta-analysis identifies 29
additional ulcerative colitis risk loci, increasing the number of confirmed associations to 47. Nat. Genet.
43:246–52

4. Angrist J, Krueger A. 1992. Identification of causal effects using instrumental variables. J. Am. Stat. Assoc.
91:444–55

5. Angrist J, Pischke J. 2009. Mostly Harmless Econometrics: An Empiricist’s Companion. Princeton, NJ: Prince-
ton Univ. Press

6. Arrowsmith J, Miller P. 2013. Trial watch: phase II and phase III attrition rates 2011–2012. Nat. Rev.
Drug Discov. 12:569

7. Ashburn TT, Thor KB. 2004. Drug repositioning: identifying and developing new uses for existing
drugs. Nat. Rev. Drug Discov. 3:673–83

8. Aten JE, Fuller TF, Lusis AJ, Horvath S. 2008. Using genetic markers to orient the edges in quantitative
trait networks: the NEO software. BMC Syst. Biol. 2:34

9. Baigent C, Keech A, Kearney PM, Blackwell L, Buck G, et al. 2005. Efficacy and safety of cholesterol-
lowering treatment: prospective meta-analysis of data from 90,056 participants in 14 randomised trials
of statins. Lancet 366:1267–78

10. Barrett JC, Hansoul S, Nicolae DL, Cho JH, Duerr RH, et al. 2008. Genome-wide association defines
more than 30 distinct susceptibility loci for Crohn’s disease. Nat. Genet. 40:955–62

11. Barter PJ, Caulfield M, Eriksson M, Grundy SM, Kastelein JJ, et al. 2007. Effects of torcetrapib in
patients at high risk for coronary events. N. Engl. J. Med. 357:2109–22

12. Beer NL, Tribble ND, McCulloch LJ, Roos C, Johnson PR, et al. 2009. The P446L variant in GCKR as-
sociated with fasting plasma glucose and triglyceride levels exerts its effect through increased glucokinase
activity in liver. Hum. Mol. Genet. 18:4081–88

13. Bell JT, Pai AA, Pickrell JK, Gaffney DJ, Pique-Regi R, et al. 2011. DNA methylation patterns associate
with genetic and gene expression variation in HapMap cell lines. Genome Biol. 12:R10

14. Bernelot Moens SJ, van Capelleveen JC, Stroes ES. 2014. Inhibition of ApoCIII: the next PCSK9? Curr.
Opin. Lipidol. 25:418–22

15. Bibikova M, Le J, Barnes B, Saedinia-Melnyk S, Zhou L, et al. 2009. Genome-wide DNA methylation
profiling using Infinium R© assay. Epigenomics 1:177–200

16. Boraska V, Franklin CS, Floyd JA, Thornton LM, Huckins LM, et al. 2014. A genome-wide association
study of anorexia nervosa. Mol. Psychiatry 19:1085–94

17. Brion MJ, Shakhbazov K, Visscher PM. 2013. Calculating statistical power in Mendelian randomization
studies. Int. J. Epidemiol. 42:1497–501

18. Bulik-Sullivan B, Finucane HK, Anttila V, Gusev A, Day FR, et al. 2015. An atlas of genetic correlations
across human diseases and traits. BioRxiv. doi: 10.1101/014498

19. Burgess S, Butterworth A, Thompson SG. 2013. Mendelian randomization analysis with multiple genetic
variants using summarized data. Genet. Epidemiol. 37:658–65

20. Burgess S, Daniel RM, Butterworth AS, Thompson SG, EPIC-InterAct Consort. 2015. Network
Mendelian randomization: using genetic variants as instrumental variables to investigate mediation in
causal pathways. Int. J. Epidemiol. 44:484–95

21. Burgess S, Davies NM, Thompson SG (EPIC-InterAct Consort.). 2014. Instrumental variable analysis
with a nonlinear exposure-outcome relationship. Epidemiology 25:877–85

22. Burgess S, Malarstig A. 2013. Using Mendelian randomization to assess and develop clinical interven-
tions: limitations and benefits. J. Comp. Eff. Res. 2:209–12

23. Burgess S, Thompson SG. 2011. Bias in causal estimates from Mendelian randomization studies with
weak instruments. Stat. Med. 30:1312–23

344 Evans · Smith



GG16CH14-DaveySmith ARI 10 July 2015 17:28

24. Burgess S, Thompson SG. 2013. Use of allele scores as instrumental variables for Mendelian random-
ization. Int. J. Epidemiol. 42:1134–44

25. C React. Protein Coron. Heart Dis. Genet. Collab. 2011. Association between C reactive protein and
coronary heart disease: Mendelian randomisation analysis based on individual participant data. BMJ
342:d548

26. Cannon CP, Shah S, Dansky HM, Davidson M, Brinton EA, et al. 2010. Safety of anacetrapib in patients
with or at high risk for coronary heart disease. N. Engl. J. Med. 363:2406–15

27. Cohen JC, Boerwinkle E, Mosley TH Jr, Hobbs HH. 2006. Sequence variations in PCSK9, low LDL,
and protection against coronary heart disease. N. Engl. J. Med. 354:1264–72

28. Cohen JC, Stender S, Hobbs HH. 2014. APOC3, coronary disease, and complexities of Mendelian
randomization. Cell Metab. 20:387–89

29. Colhoun HM, McKeigue PM, Davey Smith G. 2003. Problems of reporting genetic associations with
complex outcomes. Lancet 361:865–72

30. Collins R. 2012. What makes UK Biobank special? Lancet 379:1173–74
31. Czeizel AE, Dudas I. 1992. Prevention of the first occurrence of neural-tube defects by periconceptional

vitamin supplementation. N. Engl. J. Med. 327:1832–35
32. Davey Smith G. 2007. Capitalizing on Mendelian randomization to assess the effects of treatments.

J. R. Soc. Med. 100:432–35
33. Davey Smith G. 2011. Random allocation in observational data: how small but robust effects could

facilitate hypothesis-free causal inference. Epidemiology 22:460–63; discussion 467–68
34. Davey Smith G. 2011. Use of genetic markers and gene-diet interactions for interrogating population-

level causal influences of diet on health. Genes Nutr. 6:27–43
35. Davey Smith G, Ebrahim S. 2003. “Mendelian randomization”: Can genetic epidemiology contribute

to understanding environmental determinants of disease? Int. J. Epidemiol. 32:1–22
36. Davey Smith G, Hemani G. 2014. Mendelian randomization: genetic anchors for causal inference in

epidemiological studies. Hum. Mol. Genet. 23:R89–98
37. Davey Smith G, Lawlor DA, Harbord R, Timpson N, Day I, Ebrahim S. 2007. Clustered environments

and randomized genes: a fundamental distinction between conventional and genetic epidemiology. PLOS
Med. 4:e352

38. Davies NM, von Hinke Kessler Scholder S, Farbmacher H, Burgess S, Windmeijer F, Davey Smith G.
2015. The many weak instruments problem and Mendelian randomization. Stat. Med. 34:454–68

39. Dehghan A, Dupuis J, Barbalic M, Bis JC, Eiriksdottir G, et al. 2011. Meta-analysis of genome-wide
association studies in >80 000 subjects identifies multiple loci for C-reactive protein levels. Circulation
123:731–38

40. Didelez V, Sheehan N. 2007. Mendelian randomization as an instrumental variable approach to causal
inference. Stat. Methods Med. Res. 16:309–30

41. Efron B, Tibshirani RJ. 1993. An Introduction to the Bootstrap. New York: Chapman & Hall
42. Estrada K, Styrkarsdottir U, Evangelou E, Hsu YH, Duncan EL, et al. 2012. Genome-wide meta-analysis

identifies 56 bone mineral density loci and reveals 14 loci associated with risk of fracture. Nat. Genet.
44:491–501

43. Evans DM, Brion MJ, Paternoster L, Kemp JP, McMahon G, et al. 2013. Mining the human phenome
using allelic scores that index biological intermediates. PLOS Genet. 9:e1003919

44. Evans DM, Visscher PM, Wray NR. 2009. Harnessing the information contained within genome-wide
association studies to improve individual prediction of complex disease risk. Hum. Mol. Genet. 18:3525–31

45. Feldman HH, Doody RS, Kivipelto M, Sparks DL, Waters DD, et al. 2010. Randomized controlled
trial of atorvastatin in mild to moderate Alzheimer disease: LEADe. Neurology 74:956–64

46. Ference BA, Yoo W, Alesh I, Mahajan N, Mirowska KK, et al. 2012. Effect of long-term exposure to
lower low-density lipoprotein cholesterol beginning early in life on the risk of coronary heart disease: a
Mendelian randomization analysis. J. Am. Coll. Cardiol. 60:2631–39

47. Fernandez-Suarez XM, Rigden DJ, Galperin MY. 2014. The 2014 Nucleic Acids Research Database Issue
and an updated NAR online Molecular Biology Database Collection. Nucleic Acids Res. 42:D1–6

48. Fieller EC. 1954. Some problems in interval estimation. J. R. Stat. Soc. B 16:175–85

www.annualreviews.org • Mendelian Randomization 345



GG16CH14-DaveySmith ARI 10 July 2015 17:28

49. Fisher RA. 1952. Statistical methods in genetics. Heredity 6:1–12 (Repr. 2010, Int. J. Epidemiol. 39:329–35)
50. Fisk Green R, Byrne J, Crider KS, Gallagher M, Koontz D, Berry RJ. 2013. Folate-related gene variants

in Irish families affected by neural tube defects. Front. Genet. 4:223
51. Franke A, Balschun T, Sina C, Ellinghaus D, Hasler R, et al. 2010. Genome-wide association study for

ulcerative colitis identifies risk loci at 7q22 and 22q13 (IL17REL). Nat. Genet. 42:292–94
52. Frost C, Thompson SG. 2002. Correcting for regression dilution bias: comparison of methods for a

single predictor variable. J. R. Stat. Soc. A 163:173–89
53. Gage SH, Davey Smith G, Zammit S, Hickman M, Munafo MR. 2013. Using Mendelian randomisation

to infer causality in depression and anxiety research. Depress. Anxiety 30:1185–93
54. Genovese MC, McKay JD, Nasonov EL, Mysler EF, da Silva NA, et al. 2008. Interleukin-6 receptor

inhibition with tocilizumab reduces disease activity in rheumatoid arthritis with inadequate response
to disease-modifying antirheumatic drugs: the tocilizumab in combination with traditional disease-
modifying antirheumatic drug therapy study. Arthritis Rheum. 58:2968–80

55. Gibson WT. 2015. Beneficial metabolic phenotypes caused by loss-of-function APOC3 mutations. Clin.
Genet. 87:31–32

56. Graham MJ, Lee RG, Bell TA III, Fu W, Mullick AE, et al. 2013. Antisense oligonucleotide inhibition
of apolipoprotein C-III reduces plasma triglycerides in rodents, nonhuman primates, and humans. Circ.
Res. 112:1479–90

57. Hahn J, Hausman J, Kuersteiner G. 2004. Estimation with weak instruments: accuracy of higher-order
bias and MSE approximations. Econ. J. 7:272–306

58. Heid IM, Jackson AU, Randall JC, Winkler TW, Qi L, et al. 2010. Meta-analysis identifies 13 new loci
associated with waist-hip ratio and reveals sexual dimorphism in the genetic basis of fat distribution. Nat.
Genet. 42:949–60

59. Hingorani A, Finan C, Sofat R, Overington JP, Casas JP. 2015. Mendelian randomization and genomics
assisted drug development. In Mendelian Randomizing: How Genes Can Reveal the Biological and Environ-
mental Causes of Disease, ed. G Davey Smith. Oxford, UK: Oxford Univ. Press. In press

60. Holmes MV, Dale CE, Zuccolo L, Silverwood RJ, Guo Y, et al. 2014. Association between alcohol
and cardiovascular disease: Mendelian randomisation analysis based on individual participant data. BMJ
349:g4164

61. Holmes MV, Lange LA, Palmer T, Lanktree MB, North KE, et al. 2014. Causal effects of body mass
index on cardiometabolic traits and events: a Mendelian randomization analysis. Am. J. Hum. Genet.
94:198–208

62. HPS2-THRIVE Collab. Group. 2014. Effects of extended-release niacin with laropiprant in high-risk
patients. N. Engl. J. Med. 371:203–12

63. Inoue A, Solon G. 2010. Two-sample instrumental variables estimators. Rev. Econ. Stat. 92:557–61
64. Interleukin-6 Recep. Mendel. Randomisation Anal. Consort. 2012. The interleukin-6 receptor as a target

for prevention of coronary heart disease: a Mendelian randomisation analysis. Lancet 379:1214–24
65. Jansen H, Samani NJ, Schunkert H. 2014. Mendelian randomization studies in coronary artery disease.

Eur. Heart J. 35:1917–24
66. Jorgensen AB, Frikke-Schmidt R, Nordestgaard BG, Tybjaerg-Hansen A. 2014. Loss-of-function mu-

tations in APOC3 and risk of ischemic vascular disease. N. Engl. J. Med. 371:32–41
67. Katan MB. 1986. Apolipoprotein E isoforms, serum cholesterol, and cancer. Lancet 327:507–8 (Repr.

2004, Int. J. Epidemiol. 33:9)
68. Katan MB. 2004. Commentary: Mendelian randomization, 18 years on. Int. J. Epidemiol. 33:10–11
69. Klein RJ, Zeiss C, Chew EY, Tsai JY, Sackler RS, et al. 2005. Complement factor H polymorphism in

age-related macular degeneration. Science 308:385–89
70. Lambert JC, Ibrahim-Verbaas CA, Harold D, Naj AC, Sims R, et al. 2013. Meta-analysis of 74,046

individuals identifies 11 new susceptibility loci for Alzheimer’s disease. Nat. Genet. 45:1452–58
71. Lango Allen H, Estrada K, Lettre G, Berndt SI, Weedon MN, et al. 2010. Hundreds of variants clustered

in genomic loci and biological pathways affect human height. Nature 467:832–38
72. Li R, Tsaih SW, Shockley K, Stylianou IM, Wergedal J, et al. 2006. Structural model analysis of multiple

quantitative traits. PLOS Genet. 2:e114

346 Evans · Smith



GG16CH14-DaveySmith ARI 10 July 2015 17:28

73. Lyngdoh T, Vuistiner P, Marques-Vidal P, Rousson V, Waeber G, et al. 2012. Serum uric acid and
adiposity: deciphering causality using a bidirectional Mendelian randomization approach. PLOS ONE
7:e39321

74. Mailman MD, Feolo M, Jin Y, Kimura M, Tryka K, et al. 2007. The NCBI dbGaP database of genotypes
and phenotypes. Nat. Genet. 39:1181–86

75. Major Depress. Disord. Work. Group Psychiatr. GWAS Consort. 2013. A mega-analysis of genome-
wide association studies for major depressive disorder. Mol. Psychiatry 18:497–511

76. McGuinness B, O’Hare J, Craig D, Bullock R, Malouf R, Passmore P. 2010. Statins for the treatment
of dementia. Cochrane Database Syst. Rev. 2010:CD007514

77. Millstein J, Zhang B, Zhu J, Schadt EE. 2009. Disentangling molecular relationships with a causal
inference test. BMC Genet. 10:23

78. Minelli C, Thompson JR, Tobin MD, Abrams KR. 2004. An integrated approach to the meta-analysis
of genetic association studies using Mendelian randomization. Am. J. Epidemiol. 160:445–52

79. Morgan TH. 1919. Physical Basis of Heredity. Philadelphia: JB Lipincott
80. Morris AP, Voight BF, Teslovich TM, Ferreira T, Segre AV, et al. 2012. Large-scale association analysis

provides insights into the genetic architecture and pathophysiology of type 2 diabetes. Nat. Genet. 44:981–
90

81. Munafo MR, Timofeeva MN, Morris RW, Prieto-Merino D, Sattar N, et al. 2012. Association between
genetic variants on chromosome 15q25 locus and objective measures of tobacco exposure. J. Natl. Cancer
Inst. 104:740–48

82. Myocard. Infarct. Genet. Consort. Investig. 2014. Inactivating mutations in NPC1L1 and protection
from coronary heart disease. N. Engl. J. Med. 371:2072–82

83. Nat. Genet. Eds. 2012. Asking for more. Nat. Genet. 44:733
84. Nimptsch K, Aleksandrova K, Boeing H, Janke J, Lee YA, et al. 2015. Association of CRP genetic variants

with blood concentrations of C-reactive protein and colorectal cancer risk. Int. J. Cancer 136:1181–92
85. Noveck R, Stroes ES, Flaim JD, Baker BF, Hughes S, et al. 2014. Effects of an antisense oligonucleotide

inhibitor of C-reactive protein synthesis on the endotoxin challenge response in healthy human male
volunteers. J. Am. Heart Assoc. 3:e001084

86. Omenn GS, Goodman GE, Thornquist MD, Balmes J, Cullen MR, et al. 1996. Effects of a combination
of beta carotene and vitamin A on lung cancer and cardiovascular disease. N. Engl. J. Med. 334:1150–55

87. Osganian SK, Stampfer MJ, Rimm E, Spiegelman D, Hu FB, et al. 2003. Vitamin C and risk of coronary
heart disease in women. J. Am. Coll. Cardiol. 42:246–52

88. Palmer TM, Lawlor DA, Harbord RM, Sheehan NA, Tobias JH, et al. 2012. Using multiple genetic
variants as instrumental variables for modifiable risk factors. Stat. Methods Med. Res. 21:223–42

89. Palmer TM, Sterne JA, Harbord RM, Lawlor DA, Sheehan NA, et al. 2011. Instrumental variable
estimation of causal risk ratios and causal odds ratios in Mendelian randomization analyses. Am. J.
Epidemiol. 173:1392–403

90. Phillips AN, Davey Smith G. 1991. How independent are “independent” effects? Relative risk estimation
when correlated exposures are measured imprecisely. J. Clin. Epidemiol. 44:1223–31

91. Pichler I, Del Greco MF, Gogele M, Lill CM, Bertram L, et al. 2013. Serum iron levels and the risk of
Parkinson disease: a Mendelian randomization study. PLOS Med. 10:e1001462

92. Pierce BL, Ahsan H, Vanderweele TJ. 2011. Power and instrument strength requirements for Mendelian
randomization studies using multiple genetic variants. Int. J. Epidemiol. 40:740–52

93. Pierce BL, Burgess S. 2013. Efficient design for Mendelian randomization studies: subsample and 2-
sample instrumental variable estimators. Am. J. Epidemiol. 178:1177–84

94. Pierce BL, VanderWeele TJ. 2012. The effect of non-differential measurement error on bias, precision
and power in Mendelian randomization studies. Int. J. Epidemiol. 41:1383–93

95. Plenge RM, Scolnick EM, Altshuler D. 2013. Validating therapeutic targets through human genetics.
Nat. Rev. Drug Discov. 12:581–94

96. Preiss D, Seshasai SR, Welsh P, Murphy SA, Ho JE, et al. 2011. Risk of incident diabetes with intensive-
dose compared with moderate-dose statin therapy: a meta-analysis. JAMA 305:2556–64

www.annualreviews.org • Mendelian Randomization 347



GG16CH14-DaveySmith ARI 10 July 2015 17:28

97. Prizment AE, Folsom AR, Dreyfus J, Anderson KE, Visvanathan K, et al. 2013. Plasma C-reactive
protein, genetic risk score, and risk of common cancers in the Atherosclerosis Risk in Communities
study. Cancer Causes Control 24:2077–87

98. Proitsi P, Lupton MK, Velayudhan L, Newhouse S, Fogh I, et al. 2014. Genetic predisposition to
increased blood cholesterol and triglyceride lipid levels and risk of Alzheimer disease: a Mendelian
randomization analysis. PLOS Med. 11:e1001713

99. Psychiatr. GWAS Consort. Bipolar Disord. Work. Group. 2011. Large-scale genome-wide association
analysis of bipolar disorder identifies a new susceptibility locus near ODZ4. Nat. Genet. 43:977–83

100. Relton CL, Davey Smith G. 2010. Epigenetic epidemiology of common complex disease: prospects for
prediction, prevention, and treatment. PLOS Med. 7:e1000356

101. Relton CL, Davey Smith G. 2012. Two-step epigenetic Mendelian randomization: a strategy for estab-
lishing the causal role of epigenetic processes in pathways to disease. Int. J. Epidemiol. 41:161–76

102. Richmond RC, Davey Smith G, Ness AR, den Hoed M, McMahon G, Timpson NJ. 2014. Assessing
causality in the association between child adiposity and physical activity levels: a Mendelian randomization
analysis. PLOS Med. 11:e1001618

103. Rietveld CA, Medland SE, Derringer J, Yang J, Esko T, et al. 2013. GWAS of 126,559 individuals
identifies genetic variants associated with educational attainment. Science 340:1467–71

104. Rimm EB, Stampfer MJ, Ascherio A, Giovannucci E, Colditz GA, Willett WC. 1993. Vitamin E con-
sumption and the risk of coronary heart disease in men. N. Engl. J. Med. 328:1450–56

105. Rosa GJ, Valente BD, de los Campos G, Wu XL, Gianola D, Silva MA. 2011. Inferring causal phenotype
networks using structural equation models. Genet. Sel. Evol. 43:6

106. Rossouw JE, Anderson GL, Prentice RL, LaCroix AZ, Kooperberg C, et al. 2002. Risks and benefits of
estrogen plus progestin in healthy postmenopausal women: principal results from the Women’s Health
Initiative randomized controlled trial. JAMA 288:321–33

107. Sanseau P, Agarwal P, Barnes MR, Pastinen T, Richards JB, et al. 2012. Use of genome-wide association
studies for drug repositioning. Nat. Biotechnol. 30:317–20

108. Sattar N, Preiss D, Murray HM, Welsh P, Buckley BM, et al. 2010. Statins and risk of incident diabetes:
a collaborative meta-analysis of randomised statin trials. Lancet 375:735–42

109. Schadt EE, Lamb J, Yang X, Zhu J, Edwards S, et al. 2005. An integrative genomics approach to infer
causal associations between gene expression and disease. Nat. Genet. 37:710–17

110. Schizophr. Work. Group Psychiatr. Genomics Consort. 2014. Biological insights from 108
schizophrenia-associated genetic loci. Nature 511:421–27

111. Schunkert H, Konig IR, Kathiresan S, Reilly MP, Assimes TL, et al. 2011. Large-scale association
analysis identifies 13 new susceptibility loci for coronary artery disease. Nat. Genet. 43:333–38

112. Schwartz GG, Olsson AG, Abt M, Ballantyne CM, Barter PJ, et al. 2012. Effects of dalcetrapib in patients
with a recent acute coronary syndrome. N. Engl. J. Med. 367:2089–99

113. Shin SY, Fauman EB, Petersen AK, Krumsiek J, Santos R, et al. 2014. An atlas of genetic influences on
human blood metabolites. Nat. Genet. 46:543–50

114. Shin SY, Petersen AK, Wahl S, Zhai G, Romisch-Margl W, et al. 2014. Interrogating causal pathways
linking genetic variants, small molecule metabolites, and circulating lipids. Genome Med. 6:25

115. Silverwood RJ, Holmes MV, Dale CE, Lawlor DA, Whittaker JC, et al. 2014. Testing for non-linear
causal effects using a binary genotype in a Mendelian randomization study: application to alcohol and
cardiovascular traits. Int. J. Epidemiol. 43:1781–90

116. Smith JG, Luk K, Schulz CA, Engert JC, Do R, et al. 2014. Association of low-density lipopro-
tein cholesterol-related genetic variants with aortic valve calcium and incident aortic stenosis. JAMA
312:1764–71

117. Sofat R, Hingorani AD, Smeeth L, Humphries SE, Talmud PJ, et al. 2010. Separating the mechanism-
based and off-target actions of cholesteryl ester transfer protein inhibitors with CETP gene polymor-
phisms. Circulation 121:52–62

118. Spearman C. 1904. The proof and measurement of association between two things. Am. J. Psychol.
15:72–101

119. Spearman C. 2010. The proof and measurement of association between two things. Int. J. Epidemiol.
39:1137–50

348 Evans · Smith



GG16CH14-DaveySmith ARI 10 July 2015 17:28

120. Speliotes EK, Willer CJ, Berndt SI, Monda KL, Thorleifsson G, et al. 2010. Association analyses of
249,796 individuals reveal 18 new loci associated with body mass index. Nat. Genet. 42:937–48

121. Stahl EA, Raychaudhuri S, Remmers EF, Xie G, Eyre S, et al. 2010. Genome-wide association study
meta-analysis identifies seven new rheumatoid arthritis risk loci. Nat. Genet. 42:508–14

122. Staiger D, Stock J. 1997. Instrumental variables regression with weak instruments. Econometrica 65:557–
86

123. Stampfer MJ, Hennekens CH, Manson JE, Colditz GA, Rosner B, Willett WC. 1993. Vitamin E con-
sumption and the risk of coronary disease in women. N. Engl. J. Med. 328:1444–49

124. Stein EA, Mellis S, Yancopoulos GD, Stahl N, Logan D, et al. 2012. Effect of a monoclonal antibody to
PCSK9 on LDL cholesterol. N. Engl. J. Med. 366:1108–18

125. Swerdlow DI, Preiss D, Kuchenbaecker KB, Holmes MV, Engmann JE, et al. 2015. HMG-coenzyme
A reductase inhibition, type 2 diabetes, and bodyweight: evidence from genetic analysis and randomised
trials. Lancet 385:351–61

126. Teslovich TM, Musunuru K, Smith AV, Edmondson AC, Stylianou IM, et al. 2010. Biological, clinical
and population relevance of 95 loci for blood lipids. Nature 466:707–13

127. TG HDL Work. Group Exome Seq. Proj., Natl. Heart Lung Blood Inst. 2014. Loss-of-function muta-
tions in APOC3, triglycerides, and coronary disease. N. Engl. J. Med. 371:22–31

128. Thakkinstian A, Chailurkit L, Warodomwichit D, Ratanachaiwong W, Yamwong S, et al. 2014. Causal
relationship between body mass index and fetuin-A level in the Asian population: a bidirectional
Mendelian randomization study. Clin. Endocrinol. 81:197–203

129. Thomas DC, Lawlor DA, Thompson JR. 2007. Re: Estimation of bias in nongenetic observational
studies using “Mendelian triangulation” by Bautista et al. Ann. Epidemiol. 17:511–13

130. Thrift AP, Shaheen NJ, Gammon MD, Bernstein L, Reid BJ, et al. 2014. Obesity and risk of esophageal
adenocarcinoma and Barrett’s esophagus: a Mendelian randomization study. J. Natl. Cancer Inst.
106:dju252

131. Timpson NJ, Lawlor DA, Harbord RM, Gaunt TR, Day IN, et al. 2005. C-reactive protein and its role
in metabolic syndrome: Mendelian randomisation study. Lancet 366:1954–59

132. Timpson NJ, Nordestgaard BG, Harbord RM, Zacho J, Frayling TM, et al. 2011. C-reactive protein lev-
els and body mass index: elucidating direction of causation through reciprocal Mendelian randomization.
Int. J. Obes. 35:300–8

133. Tob. Genet. Consort. 2010. Genome-wide meta-analyses identify multiple loci associated with smoking
behavior. Nat. Genet. 42:441–47

134. Varbo A, Benn M, Davey Smith G, Timpson NJ, Tybjaerg-Hansen A, Nordestgaard BG. 2015. Remnant
cholesterol, low-density lipoprotein cholesterol, and blood pressure as mediators from obesity to ischemic
heart disease. Circ. Res. 116:665–73

135. Vimaleswaran KS, Berry DJ, Lu C, Tikkanen E, Pilz S, et al. 2013. Causal relationship between obesity
and vitamin D status: bi-directional Mendelian randomization analysis of multiple cohorts. PLOS Med.
10:e1001383

136. Visscher PM, Brown MA, McCarthy MI, Yang J. 2012. Five years of GWAS discovery. Am. J. Hum.
Genet. 90:7–24

137. Voight BF, Peloso GM, Orho-Melander M, Frikke-Schmidt R, Barbalic M, et al. 2012. Plasma HDL
cholesterol and risk of myocardial infarction: a Mendelian randomisation study. Lancet 380:572–80

138. Waddington CH. 1942. The epigenotype. Endeavor 1:18–20 (Repr. 2012, Int. J. Epidemiol. 41:10–13)
139. Wagner GP, Zhang J. 2011. The pleiotropic structure of the genotype-phenotype map: the evolvability

of complex organisms. Nat. Rev. Genet. 12:204–13
140. Wald A. 1940. The fitting of straight lines if both variables are subject to error. Ann. Math. Stat. 11:284–

300
141. Wang ZY, Zhang HY. 2013. Rational drug repositioning by medical genetics. Nat. Biotechnol. 31:1080–82
142. Wellcome Trust Case Control Consort. 2007. Genome-wide association study of 14,000 cases of seven

common diseases and 3,000 shared controls. Nature 447:661–78
143. Welsh P, Polisecki E, Robertson M, Jahn S, Buckley BM, et al. 2010. Unraveling the directional link be-

tween adiposity and inflammation: a bidirectional Mendelian randomization approach. J. Clin. Endocrinol.
Metab. 95:93–99

www.annualreviews.org • Mendelian Randomization 349



GG16CH14-DaveySmith ARI 10 July 2015 17:28

144. Westra HJ, Peters MJ, Esko T, Yaghootkar H, Schurmann C, et al. 2013. Systematic identification of
trans eQTLs as putative drivers of known disease associations. Nat. Genet. 45:1238–43

145. Wium-Andersen MK, Ørsted DD, Nordestgaard BG. 2014. Elevated C-reactive protein, depression,
somatic diseases, and all-cause mortality: a Mendelian randomization study. Biol. Psychiatry 76:249–57

146. Wray NR, Yang J, Hayes BJ, Price AL, Goddard ME, Visscher PM. 2013. Pitfalls of predicting complex
traits from SNPs. Nat. Rev. Genet. 14:507–15

147. Wurtz P, Kangas AJ, Soininen P, Lehtimaki T, Kahonen M, et al. 2013. Lipoprotein subclass profiling
reveals pleiotropy in the genetic variants of lipid risk factors for coronary heart disease: a note on
Mendelian randomization studies. J. Am. Coll. Cardiol. 62:1906–8

148. Yadav U, Kumar P, Yadav SK, Mishra OP, Rai V. 2014. Polymorphisms in folate metabolism genes as
maternal risk factor for neural tube defects: an updated meta-analysis. Metab. Brain Dis. 30:7–24

149. Yehoshua Z, de Amorim Garcia Filho CA, Nunes RP, Gregori G, Penha FM, et al. 2014. Systemic
complement inhibition with eculizumab for geographic atrophy in age-related macular degeneration:
the COMPLETE study. Ophthalmology 121:693–701

150. Yin P, Voight BF. 2015. MeRP: a high-throughput pipeline for Mendelian randomization analysis.
Bioinformatics 31:957–59

151. Zeilinger S, Kuhnel B, Klopp N, Baurecht H, Kleinschmidt A, et al. 2013. Tobacco smoking leads to
extensive genome-wide changes in DNA methylation. PLOS ONE 8:e63812

350 Evans · Smith


	ar: 
	logo: 



