
Nature as a trialist? Deconstructing the analogy between 
Mendelian Randomization and randomized trials

Sonja A. Swanson1,2, Henning Tiemeier1,3,4, M. Arfan Ikram1, and Miguel A. Hernán2,5,6

1Department of Epidemiology, Erasmus MC, P.O. Box 2040, 3000 CA Rotterdam, NL

2Department of Epidemiology, Harvard T. H. Chan School of Public Health, 677 Huntington 
Avenue, Boston, US

3Department of Child and Adult Psychiatry, Erasmus MC, P.O. Box 2040, 3000 CA Rotterdam, NL

4Department of Psychiatry, Erasmus MC, P.O. Box 2040, 3000 CA Rotterdam, NL

5Department of Biostatistics, Harvard T. H. Chan School of Public Health, 677 Huntington 
Avenue, Boston, US

6Harvard-MIT Division of Health Sciences and Technology, Harvard University and 
Massachusetts Institute of Technology, 677 Huntington Avenue, Boston, US

Abstract

Mendelian randomization (MR) studies are often described as naturally occurring randomized 

trials in which genetic factors are randomly assigned by nature. Conceptualizing MR studies as 

randomized trials has profound implications for their design, conduct, reporting, and 

interpretation. For example, analytic practices that are discouraged in randomized trials should 

also be discouraged in MR studies.

Here, we deconstruct the oft-made analogy between MR and randomized trials. We describe four 

key threats to the analogy between MR studies and randomized trials: (1) exchangeability is not 

guaranteed; (2) time zero (and therefore the time for setting eligibility criteria) is unclear; (3) the 

treatment assignment is often measured with error; and (4) adherence is poorly defined. By 

precisely defining the causal effects being estimated, we underscore that MR estimates are often 

vaguely analogous to per-protocol effects in randomized trials, and that current MR methods for 

estimating analogues of per-protocol effects could be biased in practice.

We conclude that the analogy between randomized trials and MR studies provides further 

perspective on both the strengths and the limitations of MR studies as currently implemented, as 

well as future directions for MR methodology development and application. In particular, the 

analogy highlights potential future directions for some MR studies to produce more interpretable 

and informative numerical estimates.
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Mendelian randomization (MR) studies are often described as naturally occurring randomized 

trials in which genetic factors are randomly assigned by nature.1,2 This analogy between MR and 

randomized trials is used to defend the superiority of MR analyses over other observational study 

analyses that require adjustment for measured confounders, and to position MR studies as the 

preferred source of evidence when trial data are not available. For example, recent clinical 

guideline reports purport MR studies are the best hope for estimating the benefits of screening or 

treating children for high cholesterol levels, implying MR studies are a welcome substitute for a 

decades-long trial that would be required to assess the impact on cardiovascular disease 

incidence.3,4

When considered in depth, the analogy with randomized trials has profound implications for the 

design, conduct, reporting, and interpretation of MR studies. Best analytic practices in randomized 

trials should also be encouraged in MR studies, and methodologic advancements for one study 

design can potentially be adapted to advance the other design. Likewise, analytic practices that are 

discouraged in randomized trials should also be discouraged in MR studies.

Here, we deconstruct the oft-made analogy between MR studies and randomized trials. We focus 

on the consequences of the analogy for the design, conduct, reporting, and interpretation of MR 

studies. In particular, we explore the implications for clinical and public health decision-making of 

the meaning of effect estimates in MR studies. In so doing, we highlight the benefits of specifying 

the protocol of the hypothetical randomized trial that the MR study is replacing. Throughout, we 

use the term “treatment” as synonymous with “exposure.” We begin by defining the average causal 

effect of treatment assignment.
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The effect of treatment assignment in a randomized trial

The causal effect of treatment assignment in randomized trials is known as the intention-to-

treat effect. Because assignment is randomized, eligible individuals assigned to each 

treatment group at “time zero” (i.e., baseline) are expected to be exchangeable (or 

comparable) on average. Thus, the intention-to-treat effect can be consistently estimated by 

an unadjusted intention-to-treat analysis that compares the observed outcome distributions 

across the trial arms. In the presence of differential loss to follow-up, the intention-to-treat 

analysis often requires adjustment for prognostic factors that predict loss to follow-up.5

The analogue of the effect of treatment assignment in MR studies

When investigators say that MR studies are “natural randomized experiments,” they are 

proposing that genetic factors are analogous to the randomized treatment assignment in a 

trial. Therefore, the effect of the genetic variant in a MR study is analogous to the intention-

to-treat effect (the effect of treatment assignment) in a randomized trial. Under this analogy, 

the effect of the genetic variant can be estimated via an “intention-to-treat” analysis that 

compares the observed outcome distributions across the groups with different genetic 
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variants. However, there are four key threats to this analogy, and therefore to any analogous 

estimation of the effect of treatment assignment.

First, groups with different values of the genetic variant may not be exchangeable (i.e., 

comparable) in MR studies, for example because of population stratification and linkage 

disequilibrium.1,2,6,7 Non-comparability can also occur if there is kinship in the study 

population that is unknown to the study investigators, a problem known as “cryptic 

relatedness.”8 Such themes have been widely discussed in the MR literature. As is fairly 

standard practice in the current MR literature, measuring and adjusting for measures of 

population stratification (e.g., ethnicity) or other sources of non-comparability mitigates this 

concern,9 but, as in an observational study with potential confounding, the concern is never 

eliminated.

Second, “time zero” of follow-up may not be well defined in a MR study. In randomized 

trials, time zero is the time at which concomitantly (i) treatment is assigned, (ii) eligibility 

criteria are met, and (iii) the outcome events of interest start to be counted.10 In MR studies, 

there is no clear time zero at which (i), (ii), and (iii) co-occur. Treatment assignment (i) 

might be (arguably) conceptualized as the time of assignment to the genetic variant, i.e., 

conception, but many MR studies apply post-conception eligibility criteria (ii) and then 

begin recording outcomes (iii) later in life. Of course, applying eligibility criteria subsequent 

to treatment assignment would make little sense in a true randomized trial. Some examples 

of MR studies applying “post-conception eligibility criteria” include: studies of disease 

progression restricted to persons with the disease;e.g.,11 studies restricted to pregnant 

women; e.g.,12,13 and studies using metabolism- or addiction-related genetic variants 

restricted to persons who report alcohol, tobacco, or other substance use at or above a 

minimum frequency.e.g.,13,14

Thus, MR studies are the analogue of randomized trials with a lag of several years or 

decades between the time of randomization, the time of eligibility, and the time during 

which the outcomes start to be recorded (Figure 1). Therefore, the effect estimate may be 

biased if the genetic variant is associated with the probability of being alive (e.g., either 

through the treatment of interest15 or another mechanism) and eligible at the time events 

start to be recorded,10 just like the intention-to-treat effect estimate in a trial may be biased if 

similar restrictions were made to the analytic sample based on post-randomization events. 

Such bias is more likely to be consequential in MR studies for which the genetic variant is 

strongly associated with the eligibility criteria or studies in the elderly or involving genetic 

variants with strong effects on longevity.16 For example, estimates of the effect of variants in 

the FTO gene (a gene strongly related to obesity and perhaps also survival) are expected to 

be more biased when studying outcomes in the elderly than in young adults.

Third, the genetic variant is not always causal. When the data for MR studies come from 

genome-wide association studies, the measured genetic polymorphisms are usually a proxy 

to the causal variant. Thus the genetic variant in the MR study is not an analogue of the 

treatment assignment in a randomized trial, but rather the analogue of a misclassified version 

of treatment assignment. This misclassification does not occur in randomized trials, which 

have accurate recordings of subjects’ treatment assignments. Thus an “intention-to-treat” 
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analysis does not estimate the causal effect of the proxy genetic variant, which is 

confounded by the causal genetic variant itself. If the causal genetic variant were known, 

information on the linkage between the measured non-causal variant and the underlying 

causal variant might be used to minimize this concern. In general, using a proxy of the 

causal variant affects the identifiability and interpretation of some types of treatment effects 

beyond the intention-to-treat analogue.17,18

Fourth, the definition of “adherence” is unclear in MR studies and is therefore difficult to 

assess how far the “intention-to-treat” effect is from the effect of the intended treatment 

strategies. In a randomized trial, the protocol specifies the treatment strategies under study, 

and non-adherence is defined as a deviation from the protocol. In the presence of low 

adherence, the intention-to-treat effect estimate will be interpreted cautiously. In MR studies, 

however, the treatment strategies are not explicitly described, which prevents us from 

unambiguously determining the degree of adherence, and therefore compromises the 

interpretation of the intention-to-treat effect.

For example, several MR studies used variants in the FTO gene to study the effect of obesity 

on depression (more precise effect definitions are considered below).e.g.,19–21 One such 

study reported only 22% of persons with the highest-risk allele (“randomized to treatment”) 

and 15% of persons with the lowest-risk allele (“randomized to control”) were overweight or 

obese at some point during the study’s 19-year period.19,20 If we define the treatment 

strategies of interest as “becoming overweight or obese” versus “not becoming overweight 

or obese”, then this MR study had substantial “non-adherence” because the genetic variant is 

only weakly associated with the treatment level. On the other hand, if we define the 

treatment strategies as “increasing BMI by at least two units” versus “decreasing BMI or 

increasing BMI by two units or less” over the study period, then the MR study might have 

high adherence if each FTO allele does increase BMI by more than two units in most people, 

or low adherence if FTO only increases BMI by more than two units in a minority of people. 

That adherence is poorly defined in MR studies does not affect our ability to estimate the 

effect of the genetic variant (i.e., the intention-to-treat analog), but it limits its utility and 

interpretability.

These four threats to the analogy between MR studies and randomized trials (non-

guaranteed exchangeability; unclear time zero; proxy randomizers; and undefined 

adherence) question the validity or interpretability of the effect of genetic variants in 

“intention-to-treat” analyses of MR studies. MR studies, however, are often not focused on 

the effect of the genetic variants themselves because the goal is not generally to inform 

decision-making that involves direct genetic manipulation.22 Instead, MR studies use genetic 

variation to study other treatment effects that are the analogue of per-protocol effects in 

randomized trials. We next turn to defining these treatment effects, for which the 

implications of these four threats to the analogy are compounded and further threats emerge.

The per-protocol effect of treatment strategies in a randomized trial

When there is low adherence to the assigned treatment, patients and clinicians may be 

interested in the effect that would have been observed if all participants had adhered to their 
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assigned treatment strategy as specified in the protocol, that is, the per-protocol effect.23 

Protocols may mandate two types of treatment strategies: strategies that require a single 

intervention at time zero (e.g., a one-dose vaccine, surgery, colonoscopy), and strategies that 

are sustained during the follow-up of the trial (e.g., a daily medication taken throughout 

follow-up). Below we consider these two cases separately.

The per-protocol effect of baseline interventions can sometimes be validly estimated via 

instrumental variable methods. An instrumental variable is a variable that (i) is associated 

with the treatment, (ii) causes the outcome at most through treatment, and (iii) shares no 

causes with the outcome. Treatment assignment in a randomized trial meets condition (i) 

because treatment assignment affects actual treatment, and is expected to meet condition (iii) 

by randomization. Condition (ii), known as the “exclusion restriction,” is expected to hold in 

double-blind placebo-controlled trials, but not necessarily when the trial is not blinded or a 

placebo effect is possible.24 Condition (ii) may also be unreasonable in trials comparing two 

active treatments, because treatment assignment can affect non-compliance (e.g., taking 

neither treatment) which in turn may affect the outcome.25

The use of an instrumental variable to estimate the per-protocol effect of a baseline 

intervention also requires a strong “effect homogeneity” condition,18,26 which cannot be 

guaranteed by design. In practice, such homogeneity conditions are often considered 

biologically implausible, as they essentially require that unmeasured prognostic factors 

cannot modify the treatment effect.18,24,27,28 Therefore, many investigators replace that 

homogeneity condition by a monotonicity condition, which allows them to estimate the per-

protocol effect for only a subgroup of the trial participants rather than the “global” per-

protocol effect in the entire study population. This “local” average treatment effect is the 

per-protocol effect in the unknown subgroup of “complier” participants who would have 

complied with the assigned treatment level had they been assigned to either randomization 

arm.29 For dichotomous instruments and treatments, monotonicity means that there are no 

“defiers,” i.e., no patients who would have taken the opposite treatment level of treatment 

assignment in either randomization arm, which is a reasonable assumption in many trials.

An alternative that requires neither homogeneity nor monotonicity is to compute bounds 

(rather than point estimates) for the per-protocol effect in the entire study population. Such 

bounds are often so wide in practice that they cannot inform whether treatment is helpful, 

harmful, or has no effect.26,30 A more thorough discussion of when these assumptions are 

expected to hold in a randomized trial with a baseline intervention is provided elsewhere.24

Many trials, however, assign patients to sustained strategies, e.g., rather than instructing 

patients to take or not take a single treatment once, we instruct them to take, or refrain from 

taking, a medication repeatedly over a period, and include instructions for when to change or 

stop that treatment. This means that adherence, too, can vary over time. In these trials, the 

per-protocol effect is the effect that would have been observed had all patients adhered to 

their assigned treatment strategy for the duration of the study. (Note there is no analogue of 

the local average treatment effect for sustained strategies.)18
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Generally, classical instrumental variable methods cannot be used (and are not used) to 

compare sustained treatment strategies, for reasons we explain further below. Extensions of 

instrumental variable methods based on g-estimation of structural nested models26,31 can be 

used, but they have rarely applied. Such generalizations of instrumental variable methods 

require detailed and unverifiable assumptions about the effect of treatment, and can only be 

employed when there is comprehensive data collection on (time-varying) adherence for each 

individual during follow-up.

The analogue of the per-protocol effect of treatment strategies in MR 

studies

MR studies frequently include a classical instrumental variable analysis to estimate the 

effect of the treatment of interest using the genetic factor as the instrumental variable.9 Much 

has been written about whether the conditions required for a valid instrumental variable 

analysis are reasonable for MR studies, with much focus on the plausibility of the “exclusion 

restriction” condition (ii).2,6,7,9,32 For example, a genetic variant with pleiotropic effects 

may affect the outcome through pathways other than the treatment of interest, and thus 

violate this condition. The “exclusion restriction” in MR studies should be explicitly 

justified on a case-by-case basis – just like in trials without double-blinding. Likewise, any 

other evoked assumptions using classical instrumental variable approaches (e.g., 

monotonicity; homogeneity) should also be justified on a case-by-case basis. This 

requirement is even more important for MR studies with non-causal genetic instruments, 

which result in hard to interpret instrumental variable estimates.17

The use of classical instrumental variable estimation suggests that the goal of MR studies is 

the comparison of baseline interventions. However, most MR studies estimate the effects of 

biomarkers (e.g., C-reactive protein, blood pressure, obesity) or behaviors (e.g., diet, 

substance use) sustained over the entire life-course. While the treatment strategies of interest 

are not usually rendered explicit in MR studies (because there is no explicit protocol), the 

interest in sustained treatment strategies is implied by the common phrasing that MR studies 

are of “lifetime effects of genetically conferred” treatment levels. That is, the appropriate 

analogy between MR and trials is almost certainly with trials comparing sustained treatment 

strategies and therefore potentially time-varying treatments.

We now see an important incongruence: the target effect in MR studies is analogous to the 

per-protocol effect in a randomized trial with sustained treatment strategies, while the 

common analysis of MR studies is analogous to an instrumental variable estimation in a 

randomized trial with baseline interventions. This incongruence between the research 

question and the data analysis is rarely acknowledged in the interpretation of results from 

MR studies.

To see why this incongruence is a problem, consider a randomized trial of aspirin treatment 

to estimate the effect of taking aspirin continuously unless contraindications arise (vs. taking 

no aspirin) on risk of stroke over a five-year period. Because adherence is expected to 

change over the follow-up, an instrumental variable analysis cannot generally be used to 

estimate the per-protocol effect in this trial without bias. If the investigators decided to 
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choose a single measurement of adherence at a random time during follow-up (e.g., at year 

2) and apply an instrumental variable analysis based on that single measurement, the 

resulting estimate would be uninterpretable because adherence in year 2 may be a poor 

proxy measure for overall adherence (e.g., patients who adhered in year 2 may stop adhering 

in year 3). In fact, the “exclusion restriction” assumption would be violated because aspirin 

use at any time may affect future stroke risk. This means that the instrumental variable 

analysis based on that single measurement would also be inappropriate if the goal was to 

measure the effect of adherence at year 2 only. Similarly, an instrumental variable analysis in 

an MR study with a single measurement of the treatment during the follow-up will generally 

not produce interpretable effect estimates. Any sound analytic strategy for estimating an 

analogue of the per-protocol effect requires either measuring changes in adherence 

throughout follow-up, or that the treatment values are constant throughout time.

There is a related challenge to the analogy between MR studies and randomized trials. The 

per-protocol effect in randomized trials is the effect that would have been observed if all 

participants had adhered to their assigned treatment strategy as specified in the protocol. 

Trying to identify an analogue of a “per-protocol” effect in MR studies is intrinsically 

related to defining an analogue of the protocol, that is, to providing a clear definition of the 

treatment strategies of interest. As discussed above, in MR studies that propose variants in 

the FTO gene as the “treatment assignment” for obesity, the obesity-related “protocol” is 

undefined. Those who inherit the high-risk variant may be assigned at conception to a 

treatment strategy of continuous obesity throughout the life-course, to a treatment strategy of 

progressive weight gain after a childhood of normal weight, etc. Each of these treatment 

strategies will result in different effect estimates and it is unclear which one of them 

corresponds to the one targeted by the MR study. Because of this, it is all the more difficult 

to describe the resulting bias from an MR study using a classical instrumental variable 

analysis to study a sustained treatment strategy: without first addressing the ambiguity in the 

per-protocol effect of interest, we cannot logically address whether our estimates are valid or 

approximately valid.

Testing for a non-null average effect of treatment strategies

Some investigators insist the goal of MR studies (and, by reversing the analogy, perhaps 

randomized trials) is not to estimate an effect, but to test whether the treatment has a null 

average causal effect. In fact, the initial description of MR concepts by Katan in 1986 

emphasized methods for testing.33 In both randomized trials and MR studies, an “intention-

to-treat” analysis suffices to test this null hypothesis. However, for such a test to be valid, the 

effect of treatment assignment must be weaker than the effect of treatment. This will occur 

when the effect of treatment is in the same direction for all individuals (i.e., a “monotonic” 

treatment effect) and treatment assignment is indeed an instrumental variable. Thus, if the 

goal is testing, an instrumental variable analysis is not required but an instrumental variable 

still is. Of note, testing whether a treatment effect is non-null requires generally fewer 

assumptions (and less data – we do not need to measure treatment levels) than estimating 

that same treatment effect, but both require specifying the treatment effect of interest for 

meaningful discussions of validity.34
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All we need for testing purposes is the intention-to-treat effect, yet even for testing we must 

consider the four above-mentioned threats to the trial analogy in MR. Specifically, the 

potentially low adherence severely limits the statistical power of any test of the effect of the 

treatment of interest in MR studies.35–37 Moreover, the misclassification in treatment 

assignment may not affect the validity of a test (if the misclassification is random, 

potentially conditional on measured covariates), but the statistical power of that test will 

nonetheless be low.34

Embracing the trial analogy: The future of MR studies?

A pessimistic reader may wonder whether MR studies are ever appropriate. By 

deconstructing the analogy with randomized trials, we described multiple problems with 

effect estimation in MR studies. On the other hand, the trial analogy provides opportunities 

for improving future MR studies and innovating MR methodology. Here we provide some 

suggestions.

Embracing the trial analogy in MR studies requires an explicit specification of the protocol 

of the trial that the MR study attempt to emulate, i.e., the target trial.38 The main features of 

this protocol are eligibility criteria, treatment strategies under study, assignment procedures, 

follow-up period, outcome, causal contrasts of interest, and analysis plan. These features are 

described in the protocols of randomized trials, but only partially or vaguely explained in 

most MR reports. In particular, the treatment strategies and causal contrasts are ambiguously 

defined and do not always map onto the analysis performed.

Explicit specification of the target trial protocol has two key by-products. First, it can help 

protect against biases, and help us understand which problems most urgently require 

solutions in a given study. Second, it helps reposition MR studies to address questions of 

clinical or public health interest. For example, rather than making imprecise statements 

about the effect of obesity, future MR studies that specify a target trial protocol (and use 

appropriate instrumental variable methods for time-varying treatments) could potentially 

address explicit and important questions concerning when and to what extent various 

weight-loss interventions over the life-course may be beneficial. Of course, explicit 

specification of the target trial protocol is also beneficial for non-MR observational studies, 

because, by decreasing the vagueness in study questions, it facilitates the interpretation of 

numerical estimates.38–40 These themes are perhaps all the more important when 

considering some of the recent advancements in MR designs and analyses,32,41,42 which we 

discuss briefly in the Appendix.

Regardless of whether the goal is to estimate the effect of treatment assignment, or to test or 

estimate the effect of a sustained treatment strategy, investigators should consider the four 

following questions in the context of each MR application. (1) Are likely sources of 

confounding (i.e., non-comparability across populations with each level of the genetic 

variant) measured and appropriately adjusted for? If not, consider augmenting with 

sensitivity analyses, which are especially important for instrumental variable analyses, as 

small amounts of non-comparability can lead to counterintuitively large biases.43 (2) Is there 

a unified time zero at which eligibility criteria, treatment assignment, and outcome recording 
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begins? If no, consider augmenting the analysis with adjustment for measured covariates 

related to selection (e.g., via inverse-probability weighting), as well as consider using 

negative controls, simulations, and/or sensitivity analyses to better understand plausible 

biases.10,16 (3) Is the genetic variant known to have a causal effect on the treatment? If no, 

be careful in interpretation of effect estimates and likewise consider whether the sample size 

is sufficiently large to mitigate the lowered power and the possibility of weak instrument 

biases.18 And, (4) is there substantial (and well-defined) “non-adherence”, i.e., is the 

association between the genetic variant and treatment strategy weak? If yes, consider 

whether the sample size is sufficiently large to mitigate the lowered power and the 

possibility of weak instrument bias, and use appropriate analytic techniques for weak 

instruments.37 Beyond these four queries, investigators should, of course, consider the 

specific assumptions underlying their analytic goals of testing and/or estimating particular 

treatment effects. Such considerations can be guided by prior reporting guidelines on 

instrumental variable methods and for randomized trials.27,38,44

The analogy between MR studies and randomized trials is often used to promote MR studies 

as the ideal approach for estimating causal effects when randomized trials are neither 

feasible nor practice. Indeed, MR methods have a lot of promise for advancing our 

understanding of the effects of treatment strategies when unmeasured confounding appears 

insurmountable. However, before we can fully answer when and whether an MR analysis is 

valid for estimating a causal effect, we have to define the effect we are trying to estimate. 

Here, we have presented some limits of and opportunities for using MR studies. All told, the 

analogy between MR studies and trials is not a simple strength of the MR design, but rather 

a complex and helpful framework for understanding and improving the validity of MR 

research.
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Appendix: Some extensions to the analogy between randomized trials and 

Mendelian randomization

MR studies with a two-sample design

MR studies sometimes employ “two-sample” designs such that one study population is used 

to estimate the association between the genetic variants and treatment and a second study 

population is used to estimate the association between the genetic variants and outcome.32,41 

Even beyond the fundamental question raised in the main text – what treatment effect is this 

design really targeting? – such a design is peculiar when drawing a trial analogy. 

Swanson et al. Page 11

Epidemiology. Author manuscript; available in PMC 2018 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Specifically, it is like using the adherence observed in one trial to adjust the intention-to-treat 

effect estimate in another trial.

MR studies with multiple genetic variants

The main text considers the analogy between randomized trials and MR studies with one 

genetic variant, but MR studies increasingly involve multiple genetic variants. This setting is 

often described as analogous to a meta-analysis of multiple randomized trials that are all 

happening simultaneously in the same set of individuals.41 That is, each genetic variant is a 

treatment assignment in its own randomized trial with its own level of adherence, which 

partly depends on the other simultaneous trials. Although recent advancements in MR 

methods can address some important limitations of classical instrumental variable analyses 

with weak or imperfect instruments,2,32,41 all such techniques developed thus far are limited 

to settings for baseline treatments only.42 Therefore, MR studies using data on multiple 

genetic variants would suffer from the same limitations as inappropriately applying classical 

instrumental variable analyses in settings with time-varying treatments.
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Figure. 
Timing of treatment assignment, application of eligibility criteria, recording of treatment 

adherence, and recording of outcome occurrences in A) a randomized trial and B) a 

hypothetical Mendelian randomization study. The time between beginning and end of study 

period in a randomized trial is often weeks or possibly years; the time scale in a Mendelian 

randomization study is often years or decades.
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