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Mendelian randomization has evolved from a niche methodology toa
widely adopted research approach. In this Perspective, we briefly present a

bibliometric analysis of the Mendelian randomization literature toinforma
discussion of how Mendelian randomization studies are conducted and how
they do not fully realize the potential of the data and techniques available to

empirically examine the reliability of assumptions. We propose that future
progress will depend on integrating empirical evidence from molecular,
cellular, animal and quasi-experimental studies to assess its assumptions
and causal claims. We also highlight how the shifting landscape of genetic
and genomic data presents new challenges and opportunities for the
Mendelian randomization framework, providing a deeper understanding of
causal mechanisms.

Mendelian randomization isamethod for causal inference that lever-
ages the random inheritance of alleles as instrumental variables to
estimate the causal effects of exposures on outcomes'* (Box 1). Expo-
suresinvestigated in Mendelian randomization studies have included
risk factors suchasbody massindex (BMI), the proteome, epigenome,
microbiome and even environmental exposures such as air pollution.
Outcomes have included most diseases, intermediate risk factors
and social outcomes. The instrumental variables are genetic variants
associated with the exposure of interest. Mendelian randomization can
overcome bias arising from unmeasured confounding of exposures
and outcomes, akey limitation of estimates from other observational
study designs (Box1). Mendelian randomizationis anincreasingly used
and accessible approach that has substantially expanded our under-
standing of disease etiology. It has provided insights into a range of
research questions, including many that are either very expensive or

challenging to address through alternative methods for causal infer-
ence, such as randomized controlled trials or other observational
designs. For example, Mendelian randomization has helped refute
claims of detrimental effects of C-reactive protein® and protective
effects of high-density lipoprotein cholesterol® on coronary heart
disease, as well as clarified the direction of causation between edu-
cational attainment and myopia’.

We reviewed the literature to characterize the nature of pub-
lished Mendelian randomization papers, analyzing the abstracts of
10,126 studies that included the term ‘Mendelian randomization’
in the title or abstract (Supplementary Note 1). The number of arti-
cles using Mendelian randomization has increased exponentially,
especially since 2019, primarily due to the increased availability of
publicly available genome-wide association study (GWAS) summary
statistics (Supplementary Fig. 1). The number of abstracts reporting
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BOX1

Glossary of terms used in
Mendelian randomization
studies

Bias The difference between an effect estimate (for example, a
phenotypic association of an exposure and outcome) and the true
causal effect in the population (that is, the difference in outcomes
that would occur if the exposure were changed).

Causal effect The effect of an exposure on an outcome.

Estimand The statistical parameter of interest in a study (for
example, the average causal effect of the exposure on the outcome).

Exposure A measured phenotype that might affect the outcome.

Gene-environment equivalence The concept that the effect of
changing the exposure genetically will have the same effect as
changing the exposure by other environmental means. This is
implied if the instrumental variable assumptions hold.

Individual-level analyses Analyses that use molecular genetic data
structured at the individual level, where each row is an individual
and genotypes are stored in columns.

Instrumental variables Must be associated with the exposure, share
no common cause with the outcome, and only affect the outcome
through the exposure. Mendelian randomization studies use genetic
variants as instrumental variables.

One-sample analyses Estimate the association of the genetic
variant, the exposure and the outcome in the same samples.

Outcome A measured phenotype that is thought to be affected by
the exposure(s).

Summary-level analyses Analyses that use data structured at
the genetic-variant level, typically involve associations of genetic
variants and different phenotypes.

Two-sample analyses Estimate the associations of the genetic
variants and the exposure and outcome in different samples. Note
that one- and two-sample analyses can be conducted using either
individual-level or summary-level data.

‘statistically significant’ effects increased more rapidly than those
reporting effects consistent with the null, which may indicate selec-
tive reporting of study results, data-driven analytic decisions and
p-hacking® (Supplementary Fig. 2). P-hacking occurs when research-
ers select which hypotheses to test and which results to report from
among many possible hypotheses or analytic approaches solely on
the basis of statistical significance. Summary-level Mendelian rand-
omization is particularly susceptible to p-hacking because the data
arereadily available and the analyses are quick to run and easy to auto-
mate across a large set of exposures and/or outcomes. Although not
specific to Mendelian randomization®', there is concern that paper
mills and Al-generated papers have driven a substantial proportion
of this growth”, leading some to suggest the field faces a credibility
crisis™ ™, Similar problemsin other open-access health datasets, such
as the National Health and Nutrition Examination Survey, have led to
calls for preregistration of studies”, which could also help reduce
these issues in summary-level GWAS. This would require researchers

to publishdetailed analysis plans, specifying primary outcomes, data-
sets, estimators and an approach to statistical significance before
analyzing the data.

Although the production of papers has accelerated across many
study designsinbiomedical research (SupplementaryFig.1), the rapid
growth of Mendelian randomizationstudiesisrelatively recent; hence,
the absolute number of published studies remains very small compared
with, for example, GWAS and systematic reviews. Nevertheless, this
may indicate that the volume of Mendelian randomization studies will
continue toincreaseinthe comingyears, underscoring theimportance
of developing appropriate analytical guidelines and publishing norms.

Summary-level analysis expands the scope of
causal inference

There has been a rapid shift towards the use of summary statistics
rather thanindividual-level datain Mendelian randomization studies
(Supplementary Fig.2). Akey advantage of summary-level approaches
istheir ability to efficiently combine information from different stud-
ies, thereby increasing effective sample sizes and the scope of ques-
tionsthat canbe addressed (Figs.1and 2). This approachis particularly
powerfulin cases where the exposure or outcome is difficult to meas-
ure, for example, rare disease outcomes or traits that are expensive
tomeasure, including proteomic and metabolomic markers”. GWAS
summary statistics are far easier to share thanindividual-level geno-
type data and are freely available in various forms'®. Many software
tools have been developed to automate most steps of summary-data
analysis—for example, the OpenGWAS database can be directly
integrated with the TwoSampleMR and MendelianRandomization
analysis packages'®". This framework also increases the equity in
research by removing barriers, such as access to funding, data and
computational power.

Our analysis of Mendelian randomization studies indicates that
they are being conducted across abroad spectrum of health and social
domains, with reportsincorporating almost all possible combinations
of trait categories, whichreflects the value of the summary-level analyti-
calframework being able tointegrate datagenerated across disciplines
(Fig.2). Thereisaparticular focus on molecular exposure traits, reflect-
ing the important role of Mendelian randomization in drug-target
prioritization®. Cardiometabolic, cancer and nervous system-related
health conditions were substantially overrepresented among the out-
come traits analyzed in Mendelian randomization studies.

Biasin Mendelian randomization

Mendelian randomization depends on the underlying instrumental
variable assumptions—relevance, independence and the exclusion
restriction** (Box 2). In addition, a fourth assumption is required to
interpret the effect estimate obtained—typically the average causal
effect of the exposure across the population—linking the statisti-
cal model to an interpretable estimand (Supplementary Note 2).
Together, these instrumental variable assumptions are necessary
for gene-environment equivalence, that is, that changing exposure
through genetic variation will have the same effect as changing it
through an environmental intervention (Box 1).

Mendelian randomization analyses generally provide estimates
oftheeffect of alifetime change in an exposure on an outcome. Thus,
the effect estimate obtained from a Mendelian randomization study
may not be equivalent to the effects of areal-world intervention that
occursataspecificage. The disconnect between the causal effect of
potential interest (which could be described as ‘what would happen
ifIchanged this exposure in this way now’) and what can be estimated
with Mendelianrandomization (‘what would happenif this exposure
had been changed for someone’s entire lifetime’) potentially shifts
emphasis towards hypothesis testing, rather than interpretation
of the effect estimate obtained (Box 3). However, by interpreting
the magnitude of the effect of a lifetime change in an exposure,
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Fig.1|Individual-and summary-level Mendelian randomization.

a-d, Mendelian randomization (MR) can be conducted using either individual-
level data (a,b) or summary-level data (c,d). a, Analyses using individual-level
dataarerestricted to those samples for which genetic (g), exposure (x) and
outcome ( y) measures (plus any covariates, not shown here) are available. b, In
individual-level analyses, MR estimates (blue) can be contrasted against
multivariable-adjusted phenotypic associations (red). ¢, Analyses using
summary data are more flexible and do not require that the exposure and
outcome variables be measured in the same samples. d, They use genetic
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associations between a variant and exposure, along with corresponding
estimates of those variants on the outcome, which can be obtained from the same
samples or from a different dataset. While the terms ‘individual-level’ MR and
‘summary data’ MR are clearer definitions’, the terms ‘one-sample’ (to refer to
individual-level data) and ‘two-sample’ (to refer to summary data) are still much
more widely used in the literature. Both individual and summary data analyses
typically select specific genetic variants associated with the exposure with

P <5x107%in GWAS summary data as instruments®, Cl, confidence interval;

IV, instrumental variable.

the relative importance of an exposure can be assessed. By clearly
defining the causal effect of interest and the causal effect that can be
estimated with Mendelian randomization, the distinction BETWEEN
them canbe made clear and the results obtained can be interpreted
in this context.

Progressinassessing biasin Mendelian
randomization studies

Several commentaries have argued that, given the ease with which
Mendelian randomization can be implemented, a large fraction of
these studies may be of low quality, owing to insufficiently rigorous
study design orimplementation™'*??, A key question therefore is how
should Mendelian randomization studies be conducted to provide
reliable and impactful scientific insights.

There are two broad approaches for assessing the instrumental
variable assumptions, which, for convenience, we categorize as ‘statis-
tical’and ‘empirical’. Statistical approaches impose different assump-
tions on the same variant-exposure and variant-outcome associations
or an individual-level dataset. In contrast, empirical approaches use

additional data beyond the variant-exposure and variant-outcome
associations to explore the robustness of the results and whether other
mechanisms are likely to explain the findings®**.

A large proportion of methods for Mendelian randomization
have concentrated on assessing horizontal pleiotropy using statisti-
calmethods, which occurs when agenetic variant directly affects two
traits. Horizontal pleiotropy canviolate the third instrumental-variable
condition, the exclusion restriction® (defined in Box 2). Consequently,
many statistical methods have been developed to assess the sensitiv-
ity of estimated effects to various assumptions about the presence of
pleiotropic effects. Studies typically use several different statistical
methods, allapplied to the same underlying data. If multiple methods
yield comparable effect estimates, it is often argued that these esti-
mates are more likely to reflect the true causal effect of the exposure.
Conversely, if estimates differ across methods, this suggests violations
oftheinstrumental variable assumptions and potential bias (see Box 3
for further details on bias).

An advantage of this rationale is that it does not depend on a
comprehensive measurement of the sources of bias. However, these
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Fig. 2| Categorizing exposures and outcomes used in MR studies.
Abibliographic review of exposures and outcomes reported in MR studies
2003-2024 (n=9,271 manuscripts; 24,298 exposure-outcome pairs). Point sizes
represent the number of studies analyzing that exposure (x axis)-outcome
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(yaxis) pair. Marginal bar plots represent the number of studies reporting on
each exposure (top) and outcome (right). Studies have been conducted on most
exposure-disease pairs, with particularly large numbers of studies on molecular
exposures and circulatory outcomes.

methods still require additional assumptions about how the instru-
mental variable assumptions are violated, such as the structure of
any horizontal pleiotropy. Although several Mendelian randomiza-
tion methods allow estimation under different assumptions, they
are not always clearly defined®. It can therefore be unclear how dis-
tinct the assumptions are across methods. This could lead to unwar-
ranted confidence in the validity of a result if the assumptions are
very similar and being applied to the same underlying data, especially
across a class of estimators, for example, the simple, weighted and
penalized-weighted-median approaches. Notably, these methods
typically impose different assumptions on the same underlying data.
Asaresult, the estimates are not orthogonal orindependent; for exam-
ple, the inverse-variance-weighted and weighted-median estimates
using the same data will not be independent. It can also be challeng-
ing to assess heterogeneity across estimates or to determine whether
inferences drawn from one estimator differ from those of another.
Furthermore, there are limits to the range of assumptions that can
be assessed and the settings in which these models can be applied.
For example, pleiotropy is often assumed to affect different variants
to different extents, with a majority or plurality assumed to be unaf-
fected by any (where different estimators define plurality differently).
This means analyses involving one or very few variants, for example,

when restricting to the cis region of proteins, often cannot use many
estimators and can struggle to assess pleiotropy.

By contrast, comparatively less attention has been givento empiri-
cal methods for assessing instrumental variable assumptions; how-
ever, these approaches offer a promising avenue for improving the
robustness of Mendelian randomization studies. By incorporating
evidence fromawider range of study designs regarding the plausibility
of the instrumental variable assumptions in a particular analysis, the
most appropriate Mendelian randomization methods canbe assessed.
Empirical approaches can include evaluating the association of vari-
ants used as instruments across a range of phenotypes to investigate
whether these variants are likely to have horizontally pleiotropic
effects. For example, the strength of associations between genetic
variants used as instruments for an exposure and other phenotypes
in published GWAS can help assess how many other traits the variants
associate with, which may indicate horizontal pleiotropy.

Additional empirical approaches include negative-control out-
comes or exposures, considering evidence from other studies to sup-
porttheselection of variants asinstruments or adding broader context
from cell, animal and human studies®. Such approaches are currently
not widely used in Mendelian randomization studies, with statistical
approaches (described above) relied on to assess how sensitive an
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BOX2

Assessing the instrumental variable assumptions

Instrumental variable 1: relevance
The genetic variants (g) must be associated with the exposure (x)
(panel a of Box figure).
¢ This assumption can be assessed using F-statistics and conditional
F-statistics for weak instruments in univariable and multivariable
Mendelian randomization, respectively®.
e Weak instrument bias and winner’s curse can be addressed using
statistical approaches®* .

Instrumental variable 2: independence

There must be no uncontrolled common cause (u) of the genetic
variant and the outcome (y) or controlled common consequence
(panel b of Box figure).

o Within-family studies can be used to assess independence by
obtaining estimates of genetic associations that are less biased by
population and familial processes®®®.

e Phenome-wide approaches can help identify variants that capture
sociodemographic confounding®.

¢ Negative-control exposures and outcomes can be used to assess
independence, such as geographically structured physical
features that are unlikely to be causal®.

Instrumental variable 3: exclusion restriction
The genetic variant’s effect on the outcome must be mediated solely
through the exposure (panel ¢ of Box figure).

¢ The exclusion restriction can be assessed using estimators®’
that evaluate the consistency of effect estimates across multiple
variants and different approaches to down-weighting or excluding
outliers®?",

e Multivariable Mendelian randomization estimators can jointly
estimate the effects of multiple exposures to assess potentially
horizontal pleiotropic paths®%

¢ Negative-control subpopulations can be used to assess
variant-outcome associations across groups in which the

effect estimate obtained is to the specific set of genetic variants used
asinstruments. The likelihood that those variants are valid instruments
is often not assessed. Including evidence from a broader range of
sourcesin assessing assumptions and combining it with existing statis-
tical approaches could improve our understanding of the underlying
biological mechanisms. This would strengthen our understanding of
when the assumptions indeed hold and increase the reliability of the
evidence from Mendelian randomization studies.

These approaches can help assess the plausibility of the assump-
tions required for a Mendelian randomization study. However, they
donotyield a straightforward list of methods or approaches to apply
to each study. Instead, the points raised above highlight the need for
a careful case-by-case assessment, using all available information, to
determine how likely the assumptions are to hold for each hypothesis.
The most relevant approaches will depend on the nature of the appli-
cation and the availability of data. For example, for more biological
exposures—such as proteins (Box 4) or metabolites—there may be cell
or animal studies that provide information ontherelevance of particu-
lar genes®. For traits that are socially structured, such as educational
attainment or exposure to air pollution (Box 5), examining the associa-
tion of genetic variants with other traits or conducting negative-control
analyses may help assess their validity.

variant-exposure effect is more or less attenuated, for example, in
groups with minimal exposure level®.

e Manual or automated inspection of instrument pleiotropy profiles
using broad GWAS summary data can provide evidence of horizontal
pleiotropy. Additionally, incorporating data from other study types
that might indicate how likely an instrument is to be pleiotropic.
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Box Fig. 2| Directed acyclic graphs illustrating the three core
instrumental variable assumptions—a, relevance; b, independence;
and ¢, exclusion restriction.

One way to overcome instrument-outcome confounding—thatis,
violations of the second instrumental variable condition (independ-
ence; Box 2)—isto use family-based data, which can control for popula-
tionstructure, dynastic effects and assortative mating. However, there
is relatively little familial data available”, and we need more studies
and individual- and summary-level data from large-scale consortia to
support family-based analyses to assess the prevalence and impact
of familial factors on estimates of the causal effects of exposures®?.
Family-based studies also provide insightsinto the mechanismsunderly-
ing theintergenerational transmission of traits. See Supplementary Note
3foradiscussion of how different analytical approaches canbe used to
examine the plausibility of the instrumental variable assumptions for
anthropometric, gut microbiotaandsocial and behavioral phenotypes.

Future challenges and opportunities

The tools for examining the assumptions required for reliable causal
inference in Mendelian randomization are often developed withinthe
context of the available data. Yet we are currently experiencing tre-
mendous technological advances that are transforming the nature and
scale of biobanks. In this context, we consider how the use of Mendelian
randomization could beimproved and highlight emerging challenges
and opportunities arising from these changes in the data landscape.
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BOX3

What is bias in Mendelian
randomization studies?

The bias of any estimate must be defined relative to the causal effect
of interest™®*. Mendelian randomization estimates are based on a
small difference in the liability of the exposure induced by the genetic
variants across the entire life course. By contrast, interventions such
as pharmacological treatments are more likely to induce large,
temporally restricted perturbations on the level of the exposure.
Hence, bias in Mendelian randomization studies can be defined as

(1) the difference between the Mendelian randomization estimate
obtained and the estimate if all assumptions are met (internal validity)
or (2) the difference between the Mendelian randomization estimate
and the estimand of interest (external validity)®®.

Internal validity can be compromised when the assumptions
underlying instrumental variables are violated. For example, if the
relevance condition does not hold because the genetic variants are
only weakly associated with the exposure. In that case, the estimates
can be biased toward the phenotypic association in individual-level
data and towards the null in summary-data studies. Violations of the
independence condition, for example, if population structure leads
to differences in the frequencies of genetic variants associated with
BMI and cardiovascular disease incidence, can also induce bias.
Finally, if the exclusion restriction does not hold, for example, in
case there are direct, horizontally pleiotropic paths from the genetic
variants to the outcome, this can lead to biased estimates of the
causal effect of the exposure on the outcome.

External validity depends on the extent to which a Mendelian
randomization estimate is likely to reflect the real-world causal
contrast of interest. By contrast, internal validity depends on
ensuring—as far as is feasible—that the assumptions required for
Mendelian randomization hold. For example, consider a Mendelian
randomization study aiming to estimate the effects of bariatric
surgery on cardiovascular disease risk using BMI as the exposure and
cardiovascular disease as the outcome. It would not be possible to
estimate the effect of interest using Mendelian randomization, as the
estimates obtained reflect differences in BMI across the entire life
course, from conception to outcome measurement. These Mendelian
randomization estimates are therefore likely a biased estimate of
the effect of a specific intervention at a specific point in time, such
as bariatric surgery. The estimate is therefore not externally valid.
However, the results obtained could provide an unbiased estimate
of the causal lifetime effects of lifelong differences in BMI on the
outcome of interest, if the instrumental variable assumptions hold.
Therefore, if the estimand of interest is the lifetime effect of BMI on
cardiovascular disease risk, the estimate would have external validity
and by assessing the instrumental variable assumptions, we could
determine how likely it is that the results are internally valid and
provide a consistent estimate of that estimand.

Thus, assessing the potential bias of Mendelian randomization
estimates requires stating both the real-world causal estimand of
interest and assessing the plausibility of the assumptions required
to estimate that effect.

Evidence triangulation

Integrating the diversity of approaches described above to reduce bias
duetointernalvalidity issues exploitstheidea of evidence triangulation.
The objective of triangulationis tointegrate evidence withindependent
forms of bias to arrive at a more robust conclusion®* %, However, the

extent towhich biases across these methods areindependentis not well
understood, which may lead to overconfidence when multiple methods
thatrely onsimilar assumptions are applied. Further methodological
workis needed tounderstand the independence of biasing mechanisms
that underpin different Mendelian randomization methods and how
those methods behave when their underlying assumptions do not hold.
Inparallel, more empirical research is required to assess the plausibility
of the key assumptions for estimation across a wide range of settings.

Triangulation may also offer Mendelian randomization an oppor-
tunity to reduce bias in estimating the causal effect of interest, particu-
larly when the mechanistic context of a study—such as an intended
policy or healthintervention—differs from the small, lifetime genetic
perturbations leveraged in Mendelian randomization. This can be
achieved by building triangulation frameworks that integrate results
from independent experimental approaches, such as randomized
controlled trials, cellular and animal models, other natural experi-
ments and well-conducted observational studies®. Examples of such
integration at the qualitative level are emerging and making a particular
contribution to drug-target prioritization**4%*,

Diversity of samples

Historically, most molecular genetic data used in GWAS have come
from populations of European ancestry living in Northern Europe or
the USA*. This means that most Mendelian randomization studies
are conducted on data from, or using genetic variants identified in,
populations of Europeanancestry. If estimates vary across populations,
this may imply that there are differing interactions or mediators that
modify the effects of the exposure or that the third variable has a differ-
entdistribution across populations. Understanding such relationships
has twoimportantimplications. First, we gain aricher understanding
of causal mechanisms that are likely relevant to all ancestral groups.
Second, it may contribute to our understanding of health inequali-
ties. However, most likely, healthinequalities are driven by differential
levels of disease risk factors rather than differential causal effects of
those risk factors.

Data from diverse populations can also provide unique insights
into diseaserisk and the mechanisms that mediate the effects of expo-
sures onoutcomes. Perhaps the most well-known exampleis the study
of alcohol consumption and its effects on various outcomes, includ-
ing blood pressure, which has been most compellingly made using
variation in ALDH2 (which encodes an enzyme that helps metabolize
acetaldehyde, a harmful intermediate product of alcohol metabo-
lism). A common missense variant in the ALDH2 gene, encoding the
p.Glu504Lys substitution, substantially impairs enzymatic function.
This variantis common in East Asian populations, carried by approxi-
mately 20% of individuals, but has a very low frequency in European
populations. Furthermore, for cultural reasons, some women in East
Asian populations have very low alcohol consumption, which provides
a credible negative-control population, in which, if the Mendelian
randomization assumptions hold, the variants in ALDH2 should not
affectblood pressure®, Therefore, here genetic variation distinct to one
population can provide evidence about the effects of an environmental
exposureinall populations.

Animportant challenge withtheincreasing diversity of population-
scale genetic association data is understanding the consistency of
genetic associations across populations and the causal effects they
suggest**. Numerous processes, in particular differential linkage dis-
equilibrium, allele frequencies and sample sizes, can lead to spuri-
ous evidence for differential genetic or Mendelian randomization
estimates across ancestral groups**. However, when appropriately
accounted for, genetic effects appear largely consistent across ances-
tral groups, suggesting an opportunity to leverage well-powered
European studies for instrument selection in other ancestral groups
with smaller sample sizes. For such analyses to be rigorously per-
formed, an extensive expansion of biobanks for underrepresented
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BOX4

BOX5

Plausibility of instrumental
variable assumptions for the
proteome

Plausibility of instrumental
variable assumptions for air
pollution

Large GWAS have been conducted on the blood serum proteome’>°.
Data from these GWAS have been used to assess the effects of

the proteome on health outcomes. This approach is particularly
interesting because the proteome represents the downstream
product of genes and serves as the target of many pharmaceuticals.
Studies are increasingly using these results in Mendelian
randomization for drug-target associations. The instrumental
variable assumptions can be quite plausible for specific proteomic
mechanisms because several potential pitfalls are assessable and
avoidable. Thus, Mendelian randomization can be potentially helpful
for evaluating the causal influence of proteomic traits on various
outcomes.

Relevance

Robust genetic associations for protein levels, known as protein
quantitative trait loci (0QTLs), are being extensively cataloged,
particularly for a majority of those proteins that are easily
assayable’’®. However, pQTL effects may vary substantially

across tissues, protein isoforms or cellular contexts. Detectable
measurement errors may arise in several ways that are consequential
for Mendelian randomization, for example, due to uncorrected
batch effects®, technical errors in the assay”, cell count variation®
or epitope effects®. A limitation to the relevance condition for
summary data studies is that we cannot be sure that genetic variants
associated with protein levels detected in one sample (for example,
the UK Biobank) will also predict protein levels in other samples.
However, the general consistency of pQTL effects across studies has
been demonstrated”.

Independence

Modest evidence from family-based designs suggests that
population-based estimates of genetic effects on more widely
available molecular measures, such as low-density lipoprotein (LDL)
cholesterol, are unlikely to be biased by confounding processes,
whereas estimates for proteins, for instance, C-reactive protein,
are?. It is argued that biological traits such as protein levels are less
likely to be affected by familial and social factors, including indirect
effects of parents and assortative mating. However, assortative
mating can induce spurious correlations between traits that are
directly subject to assortment (for example, BMI) and other traits
that are potentially less likely to be affected by assortative mating
(for example, the proteome). Furthermore, most traits investigated
show evidence of assortment**.

Exclusion restriction

A key distinction is between cis (proximal to the functional gene) and
trans (distal to the functional gene) variants. Cis variants typically have
larger effects relative to other GWAS hits, explain a larger fraction
of heritability and are likely more specific to the gene and protein of
interest than trans instruments®®. However, cis instruments are not
guaranteed to be molecule-specific and empirical searches can be
performed to examine this. Biological complexity can often be poorly
captured as molecular phenotypes tend to reflect levels rather than
function, which may lead to violations of the exclusion restriction.

A small but growing body of literature has applied Mendelian
randomization to assess the effects of air pollution on health. The
instrumental variable assumptions are unlikely to be plausible for
assessing air pollution. Itis unlikely that an individual’s genetic
variation directly influences their exposure to air pollution. A

more plausible explanation is that these associations reflect the
confounding of genetic associations by demographic factors.

The instrumental variable assumptions provide a framework for
assessing their plausibility and considering alternative explanations.

Relevance

GWAS in the UK Biobank has identified eight genetic variants
strongly associated with air pollution (F-statistic for instrument
strength >10)'°°. These genetic variants are relevant because they
are associated with the measured exposure. However, the measured
exposure is not necessarily the exposure of interest and may
therefore not capture an individual's total exposure to air pollution;
for example, it may not reflect exposure at home or at work.

Independence

The most likely explanations for the associations of genetic variants
and air pollution are demographic, familial and socioeconomic
factors. The air pollution measures are based on regional summaries
rather than individual-level data and therefore depend on an
individual's place of residence. At the national or regional level,
residual population stratification can lead to substantial genetic
associations with geographic location. At the local level, residential
location is strongly determined by socioeconomic status and more
socioeconomically disadvantaged individuals typically experience
higher levels of air pollution. Thus, genetic variants associated

with the region (due to population stratification) or socioeconomic
position (for example, educational attainment) could also be
associated with air pollution. Family-based designs could help
determine whether the reported associations between genetic
variants and air pollution are attributable to individual-level or
familial/demographic factors.

Exclusion

An important question is whether these genetic variants are likely
to affect only the specific measure of air pollution of interest.

The biological relevance of the variants for the measure can be
assessed. Alternatively, the association between variants and air
pollution should be assessed for potential mediating pathways,
such as socioeconomic position or educational attainment.

communities is required. Furthermore, we need methods and larger
samples to estimate gene-environment interactions or gene-gene
interactions (epistasis)**°. We also need to overcome significant chal-
lenges in analyzing diverse samples, such as differential statistical
power", treating ancestry as a continuum®*® and differential linkage
disequilibrium patterns®.

Selectionbias
Selection bias occurs when the samples available for analysis are
nonrepresentative of the target population. Recent studies have
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demonstrated that population-based samples, particularly large vol-
unteer samples, are highly unrepresentative and may be affected by
selection and collider bias®*~>*, This type of bias can affect Mendelian
randomization studies, as with all epidemiological analyses of highly
selected data*, especially when the selection mechanism is related
tothe traitsunder analysis. Summary-data Mendelian randomization
studies typically do not directly control for selection or collider bias,
although sensitivity analyses and negative-control analyses can be per-
formed. Individual-level studies can use statistical approaches, such as
inverse propensity weights*>*° or g-estimation®, to correct for selection
or collider bias, provided the selection mechanism is known. However,
these methods are not frequently applied in genetic epidemiological
studies”*®. This is partly for practical reasons, as many of these meth-
ods are not integrated into widely used statistical genetics packages.
The effect of selection bias on GWAS associations and downstream
Mendelian randomization studies remains unclear. Recent studies
analyzing the UK Biobank found that inverse weighting by participa-
tion probability produces different effect estimates for the impact
of education on BMI’®. However, it remains challenging to determine
whether these methods yield less biased estimates of the causal effects
of exposures on outcomes because the underlying selection process
in analytic samples is often unknown and imperfect modeling may
exacerbate selection bias®™,

Another way toinduce selection biasis by analyzing the progres-
sionof established disease (forexample, to reduce therisk of recurrent
stroke or slow the progression of cancer***°), where selectionbased on
cases may lead to factors associated with disease incidence becoming
correlated with confounders of incidence and progression among
cases®. Despite this difficulty, such studies are critically important, as
the exposures that drive the progression and severity of an established
disease may differ from those that lead to disease incidence and may
be more relevant for treatment®'. Statistical methods to address col-
lider bias in studies of disease progression in genetic epidemiology
have been proposed®*®’. Recent GWAS have suggested that the genetic
variation underlying disease incidence and progression may differ®’.
However, there have been relatively few applications of Mendelian
randomization to progression phenotypes, largely because of a paucity
of sufficiently large datasets.

Inclusion of multiple traits

Many hypotheses relate two or more exposures, such as the effects
of educational attainment and cognition on Alzheimer’s disease
or the effects of multiple metabolites on age-related macular
degeneration®*®, Widely used methods, such as multivariable Men-
delian randomization®>¥, can effectively estimate the effect of alimited
number of exposures on a single outcome. However, these estima-
torsrely onsufficient genetic variation to estimate the effects of each
exposure and so typically require hundreds of thousands of samples
to obtain a precise estimate of the effects of correlated traits®®. Alter-
native approaches, such as Bayesian model averaging, can determine
which exposuresto include; however, itis generally assumed that the
true modelincludes relatively few exposures to make the analysis trac-
table and well powered®. Methods for reliably estimating the effects
of multiple exposures on multiple outcomes in a single model have
been developed®. However, new methodological approaches are still
needed to identify specific causal pathways and accurately estimate
the complex network of causal effects among phenotypes®.

Effects across the lifecourse

Many exposures of interest will vary across anindividual’s lifetime and
identifying whether the causal effect varies across the life course is
vitaltounderstanding how tointervene toimprove outcomes. If there
issufficient variationin the effects of genetic variants across ages, itis
possible toidentify the effects of exposures at different ages’*”’% One
approachto estimating these effectsis to exploit variationin the effects

of genetic variants on the exposure (for example, BMI) by age (for exam-
ple, childhood versus adulthood) to estimate the direct effects of the
exposure in different ages (for example, the direct effects of child-
hood versus adulthood BMI on breast cancer)’®’>”, Approaches have
also been proposed to estimate the effects of exposure trajectories.
However, a limitation of these studies to date is that they rely on our
limited understanding of how genetic variants associate with exposure
throughoutlife. Asaresult, this approach has been applied so far only
tolimited exposures beyond BMI. Further GWAS of phenotypes strati-
fied by age or exposure trajectories will help expand the application
of these methods.

Molecular phenotypes

Heritability of molecular traitsis typically concentrated in cis regions”
(Box 4) and the routine use of cis-acting genetic variants for molecu-
lar exposures is intuitive, given that such variants are more likely to
act directly on the molecular exposure of interest than trans-acting
variants; therefore, they are less likely to act through pleiotropic
pathways’. However, as molecular phenotypes are often highly cor-
related—both genetically and phenotypically—or can be groupedinto
classes that are difficult to separate, this approach has the limitation
that there are often very few independent cis variants, which can make
it challenging to use routine statistical tests for horizontal pleiot-
ropy. Similarly, multivariable Mendelian randomization relies on a
moderate level of genetic separation between the traits for reliable
effect estimation; it cannot easily be applied to estimate the effects
of highly correlated molecular traits®®. One approach is to select a
candidate trait from the set to consider as the reference exposure
for a class of traits”. This strategy is likely to become increasingly
important as the density of molecular phenotyping increases, for
example, through single-cell assaying and the informational content of
asingle cisregion becomes saturated. Further molecular quantitative
trait locus studies using rare variants from sequencing studies may
provide further insights’.

Attempts to expand instruments to include trans-variants have
been shown to induce substantial heterogeneity, consistent with the
understanding thatless-specific, smaller genetic effects on an exposure
aremorelikely to capture heritable confounders’. Further work is also
neededtointegrate other genomic and biological information towards
molecular instrument selection.

Several large studies have provided new evidence on the associa-
tion between genetic variationand gene expression in specific tissues
(for example, GTEX) and proteomics/metabolomics in large serum
samples (for example, UK Biobank)®. These datasets have identified
potential molecular mechanisms that mediate the effects of genetic
variants, enabling Mendelian randomization studies of drug targets®*,
However, these studies are highly heterogeneous in their methods, for
example, in the use of proxy exposures and tissues and there are no
established standards or agreed-upon best practices for conducting
drug-target studies. Furthermore, we have limited data from many of
the tissues of interest; therefore, it is unclear how informative easily
accessible tissues, such as serum, are regarding the effects of spe-
cific drugs across different tissues. Consequently, larger samples of
tissue-specific proteomics and expression data could improve resolu-
tion, power and credibility of these studies.

Conclusions

Mendelian randomization is a powerful and efficient tool for testing
causal relationships between exposures and outcomes in populations
and has contributed to scientific understandingin several areas. How-
ever, as withall empirical research, the credibility of studies using these
methods depends on the plausibility of their assumptions for each
hypothesis. Further empirical studies are needed to assess the plausibil-
ity of the assumptions underlying different Mendelian randomization
methods. Mendelian randomization studies also need to drawon a
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wider range of evidence from other sources, in conjunction with new
and existing statistical methods, toimprove confidence in the conclu-
sions drawn from the analysis.
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