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Abstract:

With the rapidly increasing availability of large genetic data sets in recent years, Mendelian
Randomization (MR) has quickly gained popularity as a novel secondary analysis method. Leveraging
genetic variants as instrumental variables, MR can be used to estimate the causal effects of one
phenotype on another even when experimental research is not feasible, and therefore has the
potential to be highly informative. It is dependent on strong assumptions however, often producing
strongly biased results if these are not met. It is therefore imperative that these assumptions are well-
understood by researchers aiming to use MR, in order to evaluate their validity in the context of their
analyses and data. The aim of this perspective is therefore to further elucidate these assumptions and

the role they play in MR, as well as how different kinds of data can be used to further support them.
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1 Introduction
2 Genetic research in the last two decades has taken an enormous flight, and a wealth of genetic data is
3 now available for a wide variety of human phenotypes’?. Besides providing ever-increasing insight into
4  the genetic etiology of these phenotypes, it may provide an opportunity to study causal relations
5 between these phenotypes as well.
6 Although causal inference is generally considered the domain of experimental methods like
7  randomized controlled trials (RCT), some non-experimental methods can be applied to estimate causal
8 relations indirectly®. Though less robust, these can be used when RCTs are not a viable option.
9 Mendelian Randomization (MR), a form of instrumental variable analysis that uses genetic variants as
10 instruments to investigate causal relations between phenotypes, is one such method*®. MR has
11 become very popular in recent years, with thousands of methodological and applied MR studies
12 published to date’™%°, and with the continued growth of available genetic data this trend will likely
13 persist.
14 MR relies on strong assumptions however, yielding biased and misleading results if those
15  assumptions fail*'™*3, Given the widespread popularity of MR, it is therefore imperative that these
16  assumptions are clearly understood by the researchers using it, to allow them to properly evaluate the
17  validity of these assumptions in the context of their own data and analyses?*,
18 The aim of this Perspective is to outline the assumptions that are needed to perform MR, what
19  role those assumptions play in the analysis and its interpretation, and what information different
20  elements of input data contribute to the support of these assumptions. Our aim is not to give an
21  exhaustive overview of individual methods, but rather to elucidate the underlying logic of MR in its
22 different forms. As such, we will also abstract away from issues pertaining to estimation. In order to
23 do so, we will assume an idealized scenario in which all associations between observed variables are
24 fully known, examining what challenges remain even when estimation uncertainty is entirely
25 eliminated.
26
27

28 Core principle

29  The aim of an MR analysis is to estimate and test the causal effect of a putative causal phenotype X
30 (the exposure), on another phenotype Y (the outcome). It uses the principles of instrumental variable
31  analysis to do so, with the genotype G; of a genetic variant j serving as the instrument'>’.

32 To serve as a valid instrument for the causal effect of X on Y, there must be an association
33 between Gj and X. Moreover, it must be the case that any association of Gj with Y is mediated by X,

34  asdepicted in Figure 1a. In other words, associations of G; directly with Y or with a confounder C of X
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35 and Y, such as shown in Figure 2a, cannot be present. There is no requirement that G; has a causal
36 effect itself however; if variant j is in LD with causal variants that are valid instruments, then Gjisa
37  valid instrumental variable as well (Figure 3a).

38 If we assume the effect sizes of all associations and causal effects to be constant (ie. simple
39 linear relations), we can easily see how this can work to provide the causal effect parameter Sy of the
40 effect of X on Y. Denoting the marginal associations of G; with X and Y as yx; and yy; respectively,
41  using the notation from Figure 1a we can express these as yx; = ax;j and yy; = axjfxy = VxjBxy-In
42 other words, because the association between G; and Y is fully mediated by X, it is equal to the causal
43 effect Bxy scaled by the association between G; and X. As such, if we define the ratio of marginal

44 effects §; = ?, it follows that if variant j is a valid instrument then §; = Yxifxy _ BxyY.
Xj j

45 We can thus obtain Sy using any genetic variant for which these assumptions hold®, and all
46 such variants provide the same causal parameter. Indeed, the same applies to any non-genetic variable
47  towhich these assumptions apply. Even though in MR the instrumental variables are inherently genetic
48 in nature, it obtains the entire phenotypic causal effect rather than a causal effect specific only to the
49  geneticsof X andY.

50 This requires that G; is indeed a valid instrument, which absent further data and analysis must
51  simply be assumed. The a priori plausibility of this assumption varies greatly, depending particularly
52  on the exposure being studied. If for example we have a very proximal endophenotype such as the
53 expression of a particular gene as exposure, and use an exonic variant from that gene for which we
54  have strong experimental evidence of its direct causal effect on the gene’s expression, this assumption
55 may be very plausible. But if on the other hand our exposure is an adult behavioural trait with largely
56  unknown biological underpinnings and we only have a weakly associated variant, it probably isn’t.

57 MR also generally depends on some additional assumptions!*>, which are listed in Table 1.
58 Different methods allow these additional assumptions to be relaxed in various ways so these are not
59 always all required. Making those additional assumptions yields the simplest scenario for MR to tackle.
60  As such, in the next section we will first examine different strategies designed to test and correct for
61 potential violations of the instrumental variable assumptions in the context of these additional
62 assumptions being true. Following that we discuss the role of the additional assumptions and what can
63 happen if they do not hold, in the section Relaxing the additional assumptions. An overview of some
64  of the main methods referenced is given in Table 2.

65

66

67
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68 Evaluating instrumental variable assumptions

69

70  Using multiple variants

71  Assuming that the additional assumptions in Table 1 hold, all genetic variants will conform to the
72  scenario in Figure 2a’". It is composed of reciprocal causal effects By, and By x between X and Y, as
73  well as causal effects B-x and Sy on both of a confounder C. In relation to the genetic variant j, it
74 allows for direct associations between Gj and all three variables X, Y and C; associations are direct if
75  they are not mediated by any of the other variables in the figure. Note that the scenario in Figure 2a
76  represents a general model: all the other scenarios in all three figures (except 3c) are a special case of
77  this model, with some of the parameters from Figure 2a set to 0.

78 To simplify notation all the variables are assumed to be standardized, which for Figure 2a yields

1

- 1-BxyBrx

1

- 1-BxyPrx (ayj + anBXY +

79 Yxj (“Xj + ayByx + acj(Bex + ﬂCYﬂYX)) and  yyj

80  aci(Bey + ﬁCXﬁXy)) for the associations with G;. From this it is readily apparent that, given the

81  dependence of these terms on multiple variant-specific parameters, the ratio f8; = % will in the
Xj

|12

82  general case be quite specific to each variant as well*’. This applies to the other scenarios in Figure 2

acjBcy

acjBcy+ay;j
Yxj Yxj

83  as well. For example, for Figure 2b we have f; = Byy + , simplifying to B; = Bxy +

84 and fj = Pxy + ? respectively for Figures 2c and 2d. This is in contrast to variants that are valid
Xj

85  instruments (Figure 1a), for which as previously noted the f; all equal Byy.

86 It follows that if we have a set of variants, if not all their ,Bj are the same then at least some of
87 those variants are not valid instruments. As such, if we assume that at least a subset of our variants
88 are valid instruments, we can identify the homogeneous subset of variants that have the same ,Bj, and
89  obtain Byy from that subset®.

90 In practice, this can be accomplished by performing heterogeneity testing, pruning away
91  variants with heterogeneous ,8j2°‘25. A variation on this approach can also be used with multiple
92 variants from a single locus?®, to detect the LD-induced pleiotropy scenario in Figure 3b, which is a
93 special case of 2c (see Supplemental Information). A conceptually similar alternative approach is to
94  assume that the valid subset is either the majority or a plurality, and use respectively the median?” or
95  mode* of the f5; to obtain fByy (see Supplemental Information).

96 Such a strategy can identify many variants as invalid instruments to be (implicitly or explicitly)
97  disregarded, but provides no guarantee that the remaining homogeneous subset consists of valid

98 instruments since homogeneity can arise from all three of the scenarios in Figure 1. Unless the
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99 scenarios in Figure 1b and 1c can be explicitly ruled out, performing MR using such a homogeneous set
100 of variants therefore still requires the assumption that these variants are valid instruments (Figure 1a).
101 The two alternative scenarios that need to be ruled out are reverse causation (Figure 1b), with
102 the causal effect operating in the opposite of the hypothesized direction; and the ‘mediating
103 confounder’ scenario, where the variants are directly associated with a confounder C, which mediates
104  their effects on X and Y (in this scenario, different homogeneous subsets would arise for different
105 confounders).

106 Distinguishing reverse causation (Figure 1b) from the forward causation scenario in Figure 1a
107 s generally possible. In the notation used here the Sxy and Sy x represent standardized causal effects;
108  assuch 33y, and B2y, the proportion of variance explained by the causal effects, must both be between

109  Oand 1.In Figure 1a we have B; = By for all variants, and thus likewise 0 < [)’1-2 < 1. By contrast, for

110  Figure1b B; = BL for all variants, which means that in this case 7 > 1. By inspection of the 87 value
YX

111  we can therefore rule out one of these two scenarios (except when ,6’1-2 =1).

112 The mediating confounder scenario in Figure 1c imposes no such constraints on f3;. In this
; _ Ber _ Bey+BcxBxy . .
113 scenario f; = 7=, or more generally f; = —=——>=—==if we allow for direct causal effects between X
Bcx Bcx+BcyBrx

114  andY, and this ratio can take any value. Other means are therefore needed to rule out the mediating
115 confounder scenario.

116 Instead of using homogeneous subsets as described thus far, we can formulate an alternative
117  strategy based on the observation that, if there is no reciprocal causation (Syx = 0, Figure 2b), we can
118  express yy; as Yy; = BxyYxj + §;. This suggests an approach of essentially using a linear regression
119  with yx; serving as a predictor for the outcome yy ;, where all terms not involving Bxy are subsumed
120  inthe deviation term §;: if we assume that yy; is (linearly) independent of §;, this should have a slope
121 equal to Bxy and residuals & = §; — by, with by the regression intercept. This is effectively what the

|31,32

122  commonly used MR-Egger mode does, with the independence of §; following from its InSIDE
123 assumption.

124 The advantage of such a strategy is that it allows Byy to be computed even if none of the
125 variants are valid instruments, and for the scenario in Figure 2d where the required independence
126 holds, this indeed works. In other scenarios this independence fails however, such as in Figure 2b
127  whereyy; = ay;j + acjBcx and 6; = acjBcy + ayj. Here, ac; effectively acts as a confounder in this
128  regression model, biasing the slope away from Sxy. The independence assumption is similarly violated
129 in Figures 2c, 2e and 2f.

130 In practice there are no clear ways of validating this independence assumption. But even if the

131 assumption is true, we would then still face the same issue as the ‘homogeneous subset’ strategy
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132 above: the independence also holds for the reverse causation and mediating confounder scenarios in
133 Figure 1b and 1c (with §; = 0), resulting in a slope equal to the ; expressions given for those scenarios.
134  Itis possible to distinguish reverse causation from forward causation with this type of model as well®.
135  And moreover, mixture models can be used to more generally account for the possibility of different

3334 such as some acting directly on X and others acting via

136  variants conforming to different scenarios
137  aconfounder C. But distinguishing Sxy from confounder effects remains impossible, unless we include
138  additional data that can help do so*2.

139

140  Analysing potential confounders

141 If a putative confounder C is available as a variable, and still assuming the other assumptions in Table
142 1 hold, evaluating and correcting for that particular C is relatively straightforward. If C is indeed
143 mediating (part of) the associations of G; with X and Y, adding C as a covariate to compute the
144 conditional associations yxjc and yyjc will remove the confounding effect. These conditional
145 associations can subsequently be used to perform the MR analysis, assuming no further violations of
146 instrumental variable assumptions are present. Note however that if C is not a confounder, in some
147 cases collider bias may be induced when conditioning on it®, and as such care should be taken when
148 including variables as covariates (see also Supplemental Information).

149 In practice however, many known or potential confounders of X and Y will not be available as
150  variables in the GWAS samples. But if a confounder C is mediating associations of j it must itself be
151 associated with Gj, and this can also be verified if results have been published with C as the outcome.
152 Provided that the GWAS was sufficiently well-powered, lack of association of the variant with C is
153  strong evidence that this C is not mediating any genetic effects on X and Y3¢. A similar strategy is to
154  undertake a general lookup of associations for variant j in published GWAS results, to identify known
155 genetic associations with other phenotypes and then evaluate the plausibility of those phenotypes as
156  confoundersof X and Y.

157 Taking this a step further, GWAS results for a possible confounder C can potentially also be
158 used to correct the estimates, using the same principles as the MR-Egger style regression approach.
159 For the model in Figure 2b, the marginal associations are yy; = axj + acjBcx, Yvj = axjPxy + ay; +
160  ac;j(Bcy + BexPxy) and y¢j = acj. With multiple variants available, a similar regression of both yy;
161  and yy; on y¢j can be performed to obtain the B¢y and Bcy + BcxBxy terms, then computing
162 corrected associations yxjic = Vxj — ®cjBcx and vyjic = Yyj — acjBey + BexBxy) = VxjicBxy +
163 ayj37. Alternatively, this principle can be implemented as a multiple-exposure model, treating C as a

164  second exposure and including ac; as additional predictor®®*. As with conditioning on C directly,
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165 similar care must be taken to account for the possibility that C is not a confounder, in which case the
166 conditioning may induce a bias rather than remove it.

167 Although approaches like these can be effective in detecting and correcting for effects
168 mediated by confounders, the obvious limiting factor is that this requires the potential confounders to
169  be explicitly tested. If no data is available for a particular confounder, or if it was not considered as a
170  potential confounder by the analyst to begin with, its effects will not have been accounted for. This
171 poses a major challenge, since any confounder variable is itself a phenotype and almost certainly
172 heritable*’, and any variant directly associated with that confounder will also have associations with X
173  and Y mediated by that confounder.

174 This implies that in practice all (potential) confounders of X and Y would need to be considered
175  and evaluated in an MR context. This is particularly problematic with confounding endophenotypes
176  such as those involved in specific biological pathways and processes, as their causal effects on X and
177 Y may be specific to a particular context such as a cell type or developmental time period, and
178 measurements of such confounders would therefore need to be specific to that context as well for the
179 above methods to be able to fully correct for them.

180

181  Constrained data

182 More general strategies for validating the instrumental variable assumptions that do not require
183  explicit testing of individual confounders can be found by leveraging natural constraints of data, a
184  prime example of which is RCT. Although part of the inferential strength of RCT comes from random
185  assignment of individuals to groups, such randomization only deals with pre-existing differences
186  between individuals in the trial. However, confounding that occurs after assignment can be controlled
187 in the experimental design, such as by keeping background conditions at a constant value,
188  counterbalancing factors across groups, and designing matched control group conditions that allow
189  only the intended exposure to differ between the groups. Such measures all constrain potential
190 confounder variables to specific values, preventing confounding.

191 In an MR context however, the random assignment to a genotype ‘group’ essentially happens
192  at conception, the exposure occurs at an unknown time possibly many years later, and measurement
193 of the exposure and outcome typically happens even later still. As such, there is a large window of time
194  in which confounding could arise. Yet although MR does not offer any of the experimental control
195 available in RCT#, well-chosen data with built-in constraints can mimic it to some extent. A clear
196 example of this would be the use of longitudinal data, for either X or Y or both, which would allow the
197  timing of the causally relevant exposure and of the causal effects to be narrowed down much more. If
198 longitudinal measurements of Y are available, conditioning on the value of Y at an earlier time point

199  also blocks any confounder-mediated genetic effects that occurred prior to that time point*2,

7
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200 Taking more direct inspiration from RCT is the use of additional data from negative control
201  populations'>*, A negative control population is one in which X is constrained to a particular value
202 (usually, but not necessarily, 0), but that in other respects matches the population from which the data
203 for the MR analysis was derived (that is, the relations between all relevant variables are otherwise the
204  same). An example of this would be alcohol consumption as the exposure, using a population where
205 people do not drink alcohol due to religious or cultural taboo as control*. Note that a negative control
206  population needs to have an actual constraint on the exposure; simply selecting a subset of a
207  population with X = 0 does not work, as this would lead to collider bias (see Supplemental
208 Information).

209 Because in such a control population the exposure does not vary, causal effects by or on X are

210  blocked. For the general model in Figure 2a, in the negative control population the association for Y

211  therefore reduces to y;?) = ayj + a¢;jPcy, the sum of the possible paths that bypass X. As such, if

212 variantj is a valid instrument then yg) = 0 in the negative control population. Testing y;f) can thus

213 serve to validate the variant as an instrument, provided the control sample affords sufficient power.
214 This approach can be further extended to directly estimate the part of yy; not mediated by

215 X%, although this only works if there is no reciprocal causation (Byx = 0) (see Supplemental

216  Information). In this case (Figure 2b), yy; = yx;jBxy + @yj + acjBcy and hence yy; = yy; — yy(? =

217 yxjBxy- As such, any variant can therefore be used to obtain Byy by means of this corrected y;j,

218  regardless of whether it is a valid instrument. Although potentially quite powerful, this approach is also

219  vulnerable to bias, since if the assumptions of the negative control population (ie. same parameters,
©

220  and X is fully constrained) fail or fyx # 0, 147 will not correspond to the non-mediated association

221 between G; and Y. This is in contrast to merely testing y}gc-)

i~ = 0 to determine the validity of variant j

222 as an instrument, which will instead tend to generate false negatives (rejecting valid instruments as
223 invalid) if the negative control population assumptions do not hold.

224 Further variations on this approach exist as well, including the use of positive and negative
225  control outcomes, which are outcomes for which we already have strong evidence that they
226  respectively are or are not causally influenced by the exposure>“®. These can therefore be used to
227  further test the validity of candidate genetic instruments. It should be noted that use of gene-
228 environment interactions has been claimed to provide an alternative way to estimate the corrected
229 y{;j‘”. However, in practice this reduces to an MR analysis using a gene-environment interaction term
230  asaninstrumental variable rather than G; itself, requiring the same assumptions and therefore running

231 into the same kinds of problems (see Supplemental Information).
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232 Use of natural constraints such as in longitudinal data and control populations or outcomes
233 has the potential to considerably strengthen support for the instrumental variable assumptions.
234  Strategies like these do require availability of the right data to work, and how difficult such data will
235 be to obtain will vary considerably depending on the exposure and outcome being studied.

236

237

238  Relaxing the additional assumptions

239

240  Variable effect sizes

241 So far we have assumed that all associations and causal effects are all simple linear relations, with
242 effect sizes that are entirely constant and independent of context. In practice however, this
243 assumption may be violated in a number of different ways. One form this can take when yx; and yy;
244  are obtained from data derived from different populations p and g respectively, with potentially
245  different parameters.

1-p)

B(q) (q) ﬁ(q) (and equivalent for reverse causation in Figure 1b),

246 For valid instruments f; =

247  if we assume effect sizes are constant within each population. If there is reciprocal causation in either

248  population this thus introduces a bias, though if this is absent ; simply reduces to B)((‘f,), the causal
249  effectin population g from which yy; was obtained. Differences across the populations in the ay; for
250  valid instruments will similarly result in the f; being biased away from Byy for those variants, but this
251 is likely to be accounted for by whatever method is used to deal with heterogeneity of §; across
252 variants. Somewhat more problematic may be differences in a.; when using additional GWAS data
253 with C as outcome to test for or correct confounding, as this can bias the correction or reduce power
254  inthe test.

255 Similar issues may also arise even when all data is taken from the same population, if different
256  data sets are subject to different kinds of selection criteria. This implicitly conditions on the variables
257  being selected on, which potentially can both remove mediated and confounded effects of those
258  variables as well as result in collider bias®>*. This is also not restricted to explicit selection by the
259  researcher; if for example the outcome is measured specifically in older individuals, this selects for
260 individuals who have survived to that age®. Note that selection bias can still be an issue even if it
261  applies equally to all data sets used in the analysis, since it limits the generalizability of the conclusions
262  to the selected subset of the population®°.

263 Effect sizes may also vary across individuals within a population. This can take the form of non-

264 linear effects of causal variables as well as interactions with other variables. It can also arise as a
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265 function of the outcome variable, when causal effects differ in strength depending on the present
266  value of the outcome. A common instance of this latter phenomenon occurs with dichotomous
267  outcome variables®!, for which effects are typically considered linear only on a log-odds or liability
268  scale, and where indeed the binary nature of the variable inherently prohibits effects being linear on
269  the observed scale.

270 Regardless of their origin, in principle we can approximate all these instances of variable effect
271  sizes by subdividing the population in a set of discrete subpopulations, within each of which the effect
272  sizes are again assumed constant. To give a sense of how this can impact the MR analysis, we will use
273  this approximation to examine the simplest case with only one of the effect size parameter being
274 variable. For each subpopulation p, we will use w, to denote the size of that subpopulation as a
275 proportion of the whole population.

276 If the [yy parameter itself is variable, with different causal effect sizes for different

277  subpopulations, then for valid instruments we have yy; = %), wpyxjﬁ)((f,) and hence f; = Y., wp g,).

278  Assuch B; is essentially a weighted mean of the ﬁ}({ﬁ’,) (and equivalent for reverse causation in Figure
279 1b). Although this makes it harder to interpret and generalize, it nevertheless can still be meaningfully
280 interpreted as a sort of average causal effect. Essentially the same thing happens when Sy or B¢y are
281  variable:including C (or y;) will only correct for the average confounding effect, but this will generally

282 still be sufficient to remove bias due to that confounder from the g;.

(»)

283 If the ay; parameter itself is variable, this will result in yx; = X, Wply;, a weighted mean of

284  thesubpopulation associations. Yetyy; = ¥, Wpa)(fj’.) Bxy = YxjBxy, so because this essentially affects
285  theassociations of G; with X and with Y in the same way it cancels out. More or less the same happens
286  with variability in ay; and a¢j, with neither necessarily impacting the MR analysis.

287 What this may seem to suggests is that at least in the simple case of only a single parameter
288  being variable, that variability tends not to strongly impact the MR analysis. But the results above may
289  not hold if yx; and yy; (or y¢j, where applicable) are not obtained from the same GWAS cohort. In
290  that case we need to further assume that the proportions w,, are the same across these cohorts.

291 Without this assumption, the above will at best only partially hold true. For example with variable ay;,

292 forthe sum }, wpa}(f]’.)

the set of weights w;, implicitly used for yx; may differ from those in yy;, and
293 hence the relation yy; = yx;Bxy no longer holds.

294 Unfortunately, variability in parameters is very likely to be accompanied by differences in w,
295 across cohorts. Unlike linear relations, interactions and non-linear effects are generally sensitive to the
296 distribution of the variables they involve. As such, if variability of parameters is for example caused by

297 an interaction involving a variable D, then simple differences in the mean or variance of D across

10
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298 cohorts will result in different wp as well, even if all the other parameters are identical. Without further
299 understanding of the source of the variability of the parameters, this would in practice be difficult to
300 correct for. Moreover, scenarios with combinations of multiple variable parameters can be
301 considerably more disruptive still, something that MR analysis using binary phenotypes is thus
302 particularly susceptible to.

303

304 Imperfectly observed variables

305 For the MR analysis, we must also assume that the observed variables (X, Y, and potentially C) for
306  which we computed the associations with G; are, or are sufficiently good proxies for, the causally
307 relevant variables. This can fail to be the case for a variety of reasons®*®3. This could be statistical noise,
308 due to measurement error or because the context in which the variable was observed does not
309  sufficiently match that of the causally relevant instance (such as in developmental period, tissue type,
310 or environmental trigger). There can also be more systematic causes. The observed variable may have
311  a complex internal structure, with the causal effect only pertaining to a subtype or subscale of that
312  variable. Similarly, processes such as canalization and behavioural adaptive responses may have
313  amplified or dampened the changes induced by earlier causal effects!®4>>,

314 We can represent this as in Figure 3c, where each variable V (with V representing either X, Y
315  or C)is replaced by its causally relevant instance V. and its observed instance V, = By,V. + &, (note
316 that unlike the other variables, these observed instances are not assumed to be standardized). This is
317  asimplified representation, since in practice there may be multiple distinct causally relevant instances,
318 and the relation need not be a simple linear one either (and inherently won’t be for dichotomous
319  observed variables). Nevertheless, examining this model can give a sense of the effects imperfect
320  observation can have.

— Bro
Bxo

322  attenuation of the causal effect that can arise. In case X, is fully observed however, X, = X, and thus

321 For valid instruments (relative to X, and Y), under this model g; Bxy, showing the

323 Bxp =1, and as a result f; = ByoBxy- Although this is still biased relative to fxy, it does have a
324  somewhat meaningful interpretation as the causal effect of X, on the observed outcome Y,. In this
325 regard, full observation of the exposure is arguably more important than full observation of the
326 outcome.

327 Of additional note is that if a variable V, is only subject to noise relative to its causally relevant
328 instance I, ie. V, =V + &y, this noise does not bias ; since in such a case By, = 1 and disappears
329 from the equation. However, this only applies if the observed variables remain unstandardized; if they

. 1 . - .
330  are standardized, §; = +var(ey) Bxy and thus any noise will introduce bias in that case.

1+var(ey)
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331 A further consequence of the attenuation is that it may no longer be possible to distinguish
332  forward and reverse causation®>°®. Methods that do so directly or indirectly rely on the premise that if
333  the causal direction is correctly specified ﬁ]-z (orits equivalent, in regression-based approaches like MR-

Bro

334 Egger), the variance explained by the causal effect, cannot exceed 1. But since the scaling term 3
X0

335 can take any value, this upper bound ceases to exist when such attenuation is present. Similarly,
336  imperfect observation of a confounder C will also tend to render corrections of the confounding effect
337  only partially effective, as well as reduce power to detect whether C is associated with G;.

338 A related issue is that even if the observed X, is a good proxy for the causally relevant X, it
339 may also be a good proxy for any number of other instances of X. For example, if the expression of a
340 particular gene is relatively stable across various tissues, the expression in a specific tissue will likely
341 be a good proxy for expression in other tissues. As such, even if we use expression in that tissue as the
342  exposure, we cannot know if the causal effect Syy is indeed specific to that tissue. Similarly, we also
343  generally do not know other aspects of the exposure such as the dosage, duration and frequency,
344  further limiting the specificity of our conclusions?>>57,

345 Here again we can see the contrast of MR with RCT*.. In the latter, the control the researcher
346  has can allow for such specificity to be achieved. This again further suggests using MR with more
347  multivariate and longitudinal measurement of exposures and outcomes, as well as with experimental
348  research on the more proximal effects of variants, which may allow for much more fine-grained
349  conclusions to be drawn.

350

351

352  Conclusion

353 In this Perspective we have given an outline of how the different assumptions and elements of the
354  data figure into an MR analysis. This outline is by no means exhaustive, but will hopefully provide some
355  further insight in how the different components of MR fit together, on both a mathematical and
356 conceptual level. Throughout this paper we have entertained the hypothetical that we know all true
357  associations, focusing specifically on the challenges that remain even in such an idealized scenario.
358 These challenges become substantially harder when we get back to practical reality and need to deal
359  with the uncertainty of our estimates.

360 As we have shown, the causal inference that MR allows us to perform strongly depends on the
361  assumptions it makes. When performing an MR study, it is thus crucial that the validity of each of these
362  assumptions is examined for each specific analysis, such that all alternative scenarios can be carefully

363  considered and ruled out as much as possible. This is not a challenge unique to MR however, and many
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364  ofthe same issues apply to other methods that have been developed for causal inference using genetic
365 data, such as LCV°® and GIV*® (see also Supplemental Information).

366 Because of this, performing a reliable MR study requires a considerable investment of time
367 and effort, as well as access to high quality data for the exposures and outcomes of interest. Despite
368  all its complications however, when done right MR can be a valuable tool in providing greater insight
369 in the relations between our phenotypes. Moreover, the data we have available continues to improve,
370  with more detailed measurements of phenotypes in ever larger biobanks, and the rapid innovation in
371 new data and technologies in molecular genetics. And with this growth of our data, and of our
372 understanding of phenotypes, our opportunities for well-designed MR studies will continue to improve
373  aswell.
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Figure 1. Graphical representation of ‘homogeneous’ causal scenarios, for a variant j. Each of these three scenarios yield

YYi .. . . . .
the same f5; = ﬁ ratio for all variants that conform to that scenario. Variables are shown as rectangles or ovals (ovals depict

Yxj

variables that are not (necessarily) observed), with G; the genotype of j, X the exposure, ¥ the outcome and C a confounder.
Arrows indicate causal effects in the direction of the arrowhead, other lines indicate direct (ie. not mediated by any variable
in the graph) associations. Greek letters denote the effect size parameter for each causal effect or association, assuming
simple linear relations. For simplicity of notation throughout the paper, all variables are assumed to be standardized, with
mean of zero and unit variance. Effects that are required to be non-zero for a scenario are highlighted in red, for A) Valid
instrument / forward causation scenario, B) reverse causation scenario, and C) mediating confounder scenario. Note that for
the latter mediating confounder scenario, the homogeneity of f; is specific to each different confounder C.

Figure 2. Graphical representation of ‘heterogeneous’ causal scenarios, for a variant j. All of these scenarios result in
different 8; even for variants conforming to the same scenario. Notation and assumptions are the same as in Figure 1. A)
General model for all scenarios. All other scenarios in Figure 1 and Figure 2 are a special case of this model, equivalent to
setting some of the parameters in this model to zero. B) Same as A), except assuming no reciprocal causation of Y on X. C)
Combination of forward causation (Figure 1a) and mediating confounder (Figure 1c) scenarios. D) Forward causation scenario
with direct pleiotropic effects on Y. E) Reverse causation scenario with direct pleiotropic effects on X. F) Mediating
confounder scenario with direct pleiotropic effects on Y.
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Figure 3. Graphical representation of additional causal scenarios, for a variant j. Notation and assumptions are the same as
in Figure 1, except that X, Y, and C, in E) are not assumed to be standardized. A) Valid instrument model through LD with
causal variants; this is a special case of the scenario in Figure 1a. B) LD-induced pleiotropy, with variant j in LD with separate
causal variants for X and Y; this is a special case of the scenario in Figure 2d. C) Extension of the general model in Figure 2a,
distinguishing between the potentially unobserved causally relevant instances of X, Y and C (subscript c), and the instances
measured in the data (subscript o).
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Table 1. Instrumental variable and other assumptions relevant for MR

Assumption Description
Instrumental variable assumptions
Relevance The variant is associated with the outcome (yx; # 0); the variant
does not need to be causal
Independence The variant is not associated with any confounders (a¢; = 0)

Exclusion restriction
Additional assumptions

Constant effect sizes
Same population parameters (multi-sample)

Same conditioning

No non-linearities

No interaction effects

Fully observed variables

The variant is independent of the outcome given the exposure and
all confounders (ay; = 0)

For multi-sample analyses, the (relevant) parameters are the same
across all populations the different cohorts were drawn from

The associations used are all conditioned on (relevantly) the same
variables and in the same way, in terms of covariates included in
analyses as well as selection effects (in multi-sample analysis)
Effect sizes for any causal effect or association are not dependent
on the value of either of the two variables (as opposed to eg.
quadratic effect of causal variable, or with a binary outcome)
Effect sizes for any causal effect or association are not dependent
on the value of any other variable

The observed instance of each variable fully reflects the causally
relevant instance of that variable; that is, it is observed without
noise or rescaling relative to the causal instance

Note: which assumptions are required for a given MR analysis depends on the model used (see text).
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Table 2. Overview of referenced methods

Method

Brief description

Basic multi-variant MR methods
Two-stage least squares?*
IVW mean*
Heterogeneity testing
GSMR?22
GLIDE**
MR-PRESSO

HEIDI (SMR)26

Implicit subset MR methods
Bowden et. al (2016)?7
Hartwig et al. (2017)%8
Burgess et al. (2018)3°

MR-Mix?°

Modeled pleiotropy MR methods
MR-Egger3?
BayesMR33
CAUSE3#

Explicit confounder MR methods
Multivariable MR-Egger38
MR-TRYX37

Negative control population MR methods
PRMR#>

General instrumental variable analysis model for single-sample MR
Estimates inverse-variance weighted mean of the §;

Combination of IVW mean with HEIDI heterogeneity test

Heterogeneity test, using set of simultaneous regression equations

Heterogeneity test, using discrepancy between each variant with IVW estimate based
on rest of variants

Special application of the HEIDI test for detecting heterogeneity within a locus

Estimates weighted median of the §;

Estimates weighted mode of the f8; using empirically smoothed densities

Estimates weighted mode of the f; using heterogeneity weighted average density of
IVW estimates of all subsets of variants

Models the set variants as an implicit mixture of valid and invalid instruments, and
derives the estimate from the valid component of the mixture

Estimation via weighted linear regression of yy; on yy;

Bayesian model selection on forward and reverse causation models

Bayesian mixture model allowing a subset of variants to correspond to a different
causal scenario

MR-Egger approach that includes additional y; in the model
Large-scale evaluation of potential confounding using GWAS summary statistics
database

Estimates the total component of yy; not mediated by X using a negative control
population
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