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Adiposity vs CRP (C-Reactive Protein, Bochud et al, 2009)

— COLAUS observational study (Lausanne, 2003-2006, n = 5362, 35-75 years)

— adjustment for age, physical activity, regular alcohol consumption, current smoking,
hormone replacement therapy (for women)

— beta regression coefficients (for one-unit increase Log2-CRP, 95% Cl) :

response variable  adjusted men women
BMI (kg/m?) no 0.92 (0.82;1.02) 1.44 (1.34;1.54)
yes 0.86 (0.77;0.96) 1.35 (1.25;1.44)
fat mass (kg) no 1.78 (1.60;1.96) 2.78 (2.59;2.97)
yes 1.50 (1.32;1.68) 252 (2.33;2.70)
lean mass (kg) no 0.56 (0.36;0.77) 0.57 (0.42;0.71)
yes  0.90 (0.69;1.11) 0.72 (0.59;0.86)

— although strongly significant associations, not enough to infer a causal effect
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Mendelian Randomization (Katan, 1986)
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— technique of instrumental variables (IV) with genetic information as an instrument
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Surrogate instrument (Hernan and Robins, 2006)
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— U* is here a surrogate instrument for Z
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Method of instrumental variables
— core assumptions about the instrument Z :
1. Z is independent from Y given X and U
— no direct pathway from Z to Y

2. Z is independent from any confounder U

— no indirect pathway from Z to Y other than via X

3. Zis (causally) correlated with X

— 142 : untestable assumptions, judged based on subject matter knowledge
— idea : use genetic information Z which is directly (specifically) responsible for X
— note : genetic is in principle determined at birth (excluding reverse causation)

— under core assumptions : one can test for a causal effect of X on Y by testing for
an association between Z and Y (using a classical test)
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The Wald method

® (linear) causal relationship between X and Y to be investigated :

Y=a+pX+U+e¢ j?fZ (1)

— one actually has v = 0 (assumption 1)

— B would be the parameter of interest but cannot be consistently estimated
via least-squares with unknown confounders U

® (linear) relationship between Z and X which is assumed :

X=a1+pZ+ Ui +e1 (2)

— regressing X on Z via least squares is the first step of the method

— one obtains an estimate Bl of 81 as Z independent from U (assumption 2)
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The Wald method
® (linear) relationship between Z and Y which is assumed :

Y=o+ o2Z+ Uz+e2 (3)

— regressing Y on Z via least squares is the second step of the method

— one obtains an estimate Bz of B2 as Z independent from U (assumption 2)
® plugging-in (2) into (1) yields :

Y = (a+fa1) + BALZ + (BUL + Ber + U +¢) (4)

— since Z is independent from U, U; and Uy (assumption 2), one has
B2 = BB1 and thus 8 = B2/B1, where 31 # 0 (assumption 3)

— let EIV = B\z/SAl be the third step of the method (consistent estimate of 3)
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Two-stage least squares

— alternatively (equivalently), one can use two-stage least squares

1. fit via least squares :
X =03+ (37 +e¢3 (5)

Slet X = as + §3Z the fitted values of this first model

2. fit via least squares :
Y =aa+ aX +ea (6)

- B (= 3,\/) is a consistent |V-estimate of 3
— one can add further covariates, provided they are in both equations

— one can use several instruments (satisfying the core assumptions) in first equation

— confidence intervals should take into account uncertainty due to first stage
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Adiposity vs CRP (Bochud et al, 2009)

— genetic instruments : genes rs7553007 and rs1805096

— 3 possible values (from 0 to 2, number of alleles associated with lower CRP)

— genetic score : rs7553007 + rs1805096 (5 possible values from 0 to 4)

— BMI vs Log2-CRP :

instrument  adjusted men women
none (OLS) no 092 (0.82;1.02) p<000l 144 (1.34;154) p< 0.001
yes 0.86 (0.77;0.96) p < 0.001 1.35 (1.25;1.44) p < 0.001
rs7553007 no 012 (—0.79;1.02) p=080 122 (0.18.2.25) p—0.02
yes 0.17 (—0.68;1.02) p=0.70 1.29 (0.32;2.27) p=0.01
rs1805096 no —0.41 (—6.56,;5.75) p =0.90 0.78 (—0.12;1.67) p = 0.09
yes 0.16 (—3.60;3.92) p=0093 0.70 (—0.17;1.57) p=0.11
score no 0.04 (-1.12;1.20) p=0095  0.98 (0.32;1.63) p — 0.004
yes 0.14 (—0.90;1.18) p=0.79 0.97 (0.34;1.60) p = 0.002

— suggestion of causal effect of CRP on BMI for women, not for_men !
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First stage regression

A log2 CRP
11 495

combined genotypes
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Second stage regression (BMI vs CRP)
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Second stage regression (fat mass vs CRP)
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Second stage regression (lean mass vs CRP, negative control!)
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Checking assumptions 1-2 via DAG (Didelez and Sheehan, 2007)
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Figure 5 Linkage disequilibrium in a Mendelian randomization application.
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Figure 6 Pleiotropy in a Mendelian randomization application.
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Checking assumptions 1-2 via DAG (Didelez and Sheehan, 2007)
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Figure 7 Genetic heterogeneity in a Mendelian randomization application.
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Figure 8 Two examples of population stratification for Mendelian randomization.
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Checking (understanding) the method via simulations (Bochud and Rousson, 2010)

— all ¢ variables below were simulated as N(0, 1)
— sample size : n = 100

— five considered situations :

1. (causal effect without confounding, 8 = 1)
Z=e1; X=2Z+¢ez; Y =X+e3

2. (measurement errors, 3 = 1)
Z =c1; Xtrue = Z +€2; Yerue = Xtrue +€3; X = Xtrue +€4; Y = Yirue + €5

3. (causal effect with confounding, 8 = 1)
Z=e1;U=¢e3; X=Z+U+e3; Y=X+U-+e4

4. (no causal effect with confounding, 8 = 0)
Z=e1; U=¢e20; X=Z+U+e3; Y=U+ea

5. (reverse causation, 5 = 0)
Z=¢e1;Y=e2; X=2Z+4+Y +e3
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Simulation results
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Assumption 3 : the problematic of weak instruments

— even if it formally holds, one has a weak instrument if small R? in first regression

— yields the following problems :

® bias of [V-estimate because E(A/B) # E(A)/E(B)

® huge variability of IV-estimate given by :

o B2 SE2(By)  B3SE2(B1)  2B2Cov(Bi,B2)
SE 5 =SE | = ~ = + = — =
) <5 ) J B CH e

1

— rule of thumb for sample size calculation : divide by R? the sample size that
would be calculated in an observational study (to reach a given power) !

® non-normality (even bimodality !) of IV-estimate (Nelson and Startz, 1990)

— rule of thumb to avoid these problems (with p instruments and n individuals) :

n—p—1 R2

F=
p 1-R?

> 10

(Staiger and Stock, 1997 ; Stock, Wright and Yogo, 2002)
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Simulations (n = 25, 0.25Z instead of Z in design of Bochud and Rousson, 2010)
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What if causal effect not constant ?

— since already different for men and women, our example suggests that the effect of
X on Y might not be constant for all individuals

— specifically, this means that one has interactions in model (1)

— under that setting, the IV-estimate converges towards a “local average causal
effect” (sometimes referred to as LATE in case of a treatment effect)

— one needs however an additional “monotonicity assumption” (binary exposure)

— in the case of a positive causal relationship between Z and X, this means that for
each individual, increasing Z will not decrease X

— remember our equation (2) :
X=oa1+p1Z+ U1 +e1

— monotonicity assumption will not hold if £ contains measurement errors (or if it is
not reproducible, cannot be explained by anything)

— partly a philosophical assumption! (Dawid, 2000)

20/28



Binary instrument and binary exposure (Angrist, Imbens and Rubin, 1996)

— context of a clinical trial with non-compliance :

® |et Z the assigned treatment (Z = 0 for placebo, Z =1 for new treatment)

® |et X the actual treatment (X = 0 for placebo, X =1 for new treatment)

— we use the following terminology :
® complier: X =27
® always-taker : X =1 (whatever Z)
® never-taker : X = 0 (whatever Z)

o defier: X # Z

— monotonicity assumption : there are no defiers
— in that case, |V-estimate converges to average causal effect among compliers

— however : compliers is not an identifiable (sometimes small) subset of individuals !
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Clinical trial with non-compliance
— kind of ideal situation where the untestable assumptions may appear reasonable,
and where the instrument should not be weak

— let U represent the fact to be complier, always-taker, never-taker or defier :

® let ;1;; the mean outcome for individuals with Z =i and U = j
— one has here i =0,1and j = C,A,N,D

— assumption 1 : poj = pyj for j = A, N

® |et we,wa,wn and wp the proportions of compliers, always-takers, never-takers
and defiers (such that : we +wa +wy +wp =1)

— assumption 2 : same proportions for the two groups Z=0and Z =1
— assumption 3 : we > wp (or at least we # wp)

— strong instrument if w¢ is large, weak instrument of w¢ is low
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Clinical trial with non-compliance

— first regression :

® mean of X ingroup Z=1:wc+wap
® mean of X in group Z=0: wp + wap

® mean difference : f1 = wec — wp

— (1 is the proportion of compliers if there are no defiers

— second regression :

® mean of Yingroup Z =1: wcpic +wapia +wnpin + wppip
® mean of Y in group Z =0 : wcuoc + wakoa + wnion + wpliop

® mean difference : B2 = wc(p1c — poc) +wp(pap — Hop)

— [z is the parameter which is estimated by the intention-to-treat estimate

— core assumptions : the |V-estimate converges to :

B2 _ wclpic — poc) +wp(pap — pop)

B1 we —wp

— monotonicity assumption : without defiers (wp = 0), 32/51 =p1c — poc
23/28



Mendelian randomization with binary outcome (Vuistiner et al, 2012)

— variables :

® X : alcohol consumption (1=yes, 0=no)

® Y : hypertension (1=yes, 0=no)

® 7 : absence of a protective allele in one marker of ALDH2 gene (1=yes, 0=no),

supposed to be responsible for a decrease in alcohol consumption

— (reconstructed) data :

Z=0 Z=1
X=0 X=1|X=0 X=1
Y =0 188 444 50 456
Y=1 108 284 40 430
U CorN A N Cor A

— confounded (as-treated) estimate :

A 284+430 108440
BaT = = =

2841430+4441456 1081401188150

=0.44-0.38 = 0.06 (95% Cl : [0.00;0.11])
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Mendelian randomization with binary outcome (Vuistiner et al, 2012)

— estimations :

® ©A = zza7sa:ses7i0s = 071

® On = s5raoriasazs = 0.09

® Oc=p1=(1-0.09) —0.71 =020

® Birr == 204430 _ _ __ 1084288 __ _ 48 038=0.10

(05% [ 40+430]+)50+456 108+284+188+444
95% CI : [0.06;0.14

® Biv=7p2/P =322 =050 (95% Cl:[0.27;0.74])

— some more estimations :

~ .~ 284 _
® Hoa = 1A = 3g4 425 = 0-39
P ._ Dclict@allaa _ __430  _
HicA - Dctoa 430456 — 0-49
. (Bc+Ba)fica—Gafiza _ (0.20+0.71)0.49—0.71:0.39 _
® iic= At 5(C:‘A Abia _ ( )0'20 — 083

hd ﬁON = ﬁlN - 40+50 =0.44

® I ._ Dclioc+WnHon _ 108  _
HocN : Goton 1os+188 — 0-30
_ Be+ON)RocN—ONA 0.20+0.09)0.36—0.09-0.44
® fioc = (wc+wlv)u£<ém Onion _ (0.20+ )0 36 — 0233
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Causal odds-ratio among compliers (Lui and Chang, 2010)

— can be defined and estimated as follows :

1- —  jic(l-7
ORy = Mact—poc) g _ Hc(l —jic)

poc (1 — pic) Boc(1 — H1c)
— our example :
® |V-estimate :
— 0.83(1 —0.33
ORyy = 0-83(1 - 033) _ 9.97 (95% Cl : [2.09; 47.42])
0.33(1 —0.83)

® |TT-estimate :

0.48(1 — 0.38)

ORjpr = oo = 229)
TT = 0.38(1 — 0.48)

=150 (95% CI:[1.25;1.79])

® confounded (as-treated) estimate :

0.44(1 — 0.38)

ORpr = —ono—=2%)
AT = 0.38(1 — 0.44)

=128 (95% Cl: [1.02;1.60])
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Some conclusions

— Mendelian randomization : technique of instrumental variables with genetic
information as an instrument

— goal : estimate a causal effect rather than a mere association

— smart (and desirable) idea rising new problems :

® unverifiable assumptions
® weak instruments (low power, causality less interesting with few compliers)

® extension to binary outcome (odds-ratio) problematic with continuous exposure

— interesting : these problems largely disappear for a clinical trial with non-compliance

— kind of paradox : while the original goal of Mendelian randomization was to
improve inference in observational studies, trying to get “closer to” clinical trials in this
regard, it can be used at the end to further improve inference in clinical trials

— clinical trials thus remain a gold standard to assess causal inference !
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