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1. We are interested in estimating the effect of an “exposure” (or 
“treatment”) on an outcome of interest

2. Causal inference with purely correlational data is usually 
problematic, because confounders may influence the 
relationship between the exposure and the outcome

3. The “gold standard” to make causal inference is a 
Randomized Control Trial (RCT)

4. Individual genotypes are assigned randomly at birth; if they 
directly influence the exposure and only influence the 
outcome via the exposure, a research design similar to RCTs 
can be used

Motivation



Mendelian randomization and RCTs
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trol studies of NTDs, TT mothers had a twofold risk of hav-
ing an infant with a neural tube defect compared with CC
mothers (Botto and Yang 2000). The relative risk of a neu-
ral tube defect associated with the TT genotype in the infant
was less than that observed with respect to maternal geno-
type, and there was no eVect of paternal genotype on
oVspring neural tube defect risk. This suggests that it is the
intra-uterine environment—inXuenced by maternal TT
genotype—rather than the genotype of oVspring that
increases the risk of NTD (Davey Smith and Ebrahim
2003), and that higher maternal folate intake would reduce
the risk of oVspring NTDs, as found in the trials.

Implications of Mendelian randomization study 
Wndings

Establishing the causal inXuence of environmentally modi-
Wable risk factors from Mendelian randomization designs
informs policies for improving population health through
population-level interventions. They do not imply that the
appropriate strategy is genetic screening to identify those at
high risk and application of selective exposure reduction
policies. For example, the implications of studies on mater-
nal MTHFR genotype and oVspring NTD risk are that pop-
ulation risk for NTDs can be reduced through increased
folate intake peri-conceptually and in early pregnancy. It
does not suggest that women should be screened for
MTHFR genotype; women without the TT genotype but
with low folate intake are still exposed to preventable risk
of having babies with NTDs. Similarly establishing the
association between genetic variants (such as familial
defective ApoB) associated with elevated cholesterol level

and CHD risk strengthens causal evidence that elevated
cholesterol is a modiWable risk factor for CHD for the
whole population. Thus, even though the population attrib-
utable risk for CHD of this variant is small it usefully
informs public health approaches to improving population
health. It is this aspect of Mendelian randomization that
illustrates its distinction from conventional risk identiWca-
tion and genetic screening purposes of genetic epidemiol-
ogy.

Mendelian randomization and randomized controlled trials

Randomized controlled trials are clearly the deWnitive
means of obtaining evidence on the eVects of modifying
disease risk processes. There are similarities in the logical
structure of RCTs and Mendelian randomization, however
(Hingorani and Humphries 2005). Figure 7 illustrates this,
drawing attention to the unconfounded nature of exposures
proxied for by genetic variants (analogous to the uncon-
founded nature of a randomized intervention, and see
Tables 2, 3 for explicit demonstration of the potential for
confounding by intermediate phenotype but not by geno-
type), the lack of possibility of reverse causation as an
inXuence on exposure-outcome associations in both
Mendelian randomization and randomized controlled trial
settings and the importance of intention to treat analyses—
i.e. analysis by group deWned by genetic variant, irrespec-
tive of associations between the genetic variant and the
proxied for exposure within any particular individual.

The analogy with randomized controlled trials is also
useful with respect to one objection that has been raised
with respect to Mendelian randomization studies. This is
that the environmentally modiWable exposure proxied for

Fig. 7 Mendelian randomization and randomized controlled trial designs compared, after Hingorani and Humphries (2005)
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Instrumental variables: a refresher

• We wish to estimate the causal effect of “exposure” (or 
“treatment”) e on outcome y—e.g.:

Ø The effect of income (e) on wellbeing (y)
Ø The effect of height (e) on income (y)

• Consider the linear specification:

! = #$ + & (1)

• If Cov(#, &) ≠ 0, then 0$ will be biased (omitted-variables bias)



Instrumental variables: a refresher

• Recall: ! = #$ + &, and Cov(#, &) ≠ 0
• Suppose there exists “instruments” x such that

# = /0 + 1 (2)
and suppose:

Ø γ≠	0 (the relevance condition – instruments have non-zero effects 
on the exposure)

Ø / ⊥ & (the exogeneity condition – conditional on the exposure, 
the instruments must be independent of the outcome)



Instrumental variables: a refresher

x e

y

• Recall: we have   

! = #$ + & 1
# = () + * 2 )

$

Relevance 
condition: 
γ≠	0

0

Exogeneity 
condition: 

x⊥&

• Substitute (2) into (1): 
! = () + * $ + & = () $ + *$ + & ≡ #̂$ + ̈&

• Key insight: if the exogeneity condition is satisfied, 
then #̂ = () ⊥ ̈& (since ̈& = *$ + &, and ( ⊥ *, &)

• Therefore, if we regress ! on #̂ = ( 6) (the predicted value of e), 
we can obtain a consistent estimate of $

*
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Exogeneity 
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#̂ = () ⊥ ̈&
Estimate ! = #̂$ + ̈&



Example: “Lifetime Earnings and the Vietnam 
Era Draft Lottery”

Ø y = lifetime earnings

Ø e = veteran status

Ø x = random draft lottery to be evaluated to enter the military 
during to Vietnam War period 

• The relevance condition holds: being selected in the lottery 
increased the probability of induction in the military   

• The exogeneity condition holds: the lottery was random, so 
independent of other variables, and common sense suggests it 
had no direct effects on earnings 

• Angrist finds that “long after their service in Vietnam was ended, 
the earnings of white veterans were approximately 15 percent less 
than the earnings of comparable nonveteran” 

(Angrist, American Economic Review 1990)



Instrumental variables and 
Mendelian randomization
• Mendelian randomization is essentially using genes as 

instruments

• Example: using Mendelian randomization to estimate the causal 
effect of height on income

Ø y = income

Ø e = height

Ø x = genetic variants that directly influence height but have no 
effect on income (except via height)
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MR and the relevance condition
• Recall the relevance condition: the genetic variants must have 

non-zero effects on the exposure (γ≠	0)

• If γ =	0, '̂ = ( )* will only capture noise 
Ø It is important to use genetic variants x that are known to affect the 

exposure e
Ø To date, many MR studies have employed genetic variants whose 

effects have only been documented in candidate genes studies

o Many of these studies have a poor replication record (Beauchamp et al. JEP 
2011, Benjamin et al. An. Rev. Econ 2012)

• Furthermore, if x is a weak set of instruments for e (i.e., if the 
association between x and e is weak), the resulting IV estimates 
may be severely biased 
Ø This is known as the problem of weak instruments (Bound et al. JASA

1995, Staiger and Stock Econometrica 1997)

Ø Rule of thumb: the F-stat for the joint significance of the instruments in 
(2) should be > 10 



• Recall the exogeneity condition: conditional on the exposure, the 
genetic variants must be independent of the outcome (! ⊥ #)
Þ The genetic variants must be independent of any confounding 

factors that affect both the exposure (e) and the outcome (y)

x e

yC

Situation when this fails?

• Population stratification
Ø Suppose genetic variants x vary 

between English and Scots

Ø Suppose e = height, and Scots are 
taller (for non-genetic reasons)

Ø Suppose y = income, and English 
incomes are higher (for non-
genetic reasons)

Ø Then IV estimates could suggest 
height reduces income

MR and the exogeneity condition



x e

y

A situation when this fails?

• 1. (Horizontal) pleiotropy
Ø Suppose genetic variants x directly affect 

both height (e) and income (y)
Ø For instance, think of a genetic variant that:

o Directly affects height by affecting bone    
length – γ

o Also affects income independently of height, by 
affecting labor market skills – "

o (May indirectly affect income via its effect on 
height, if height affects income – this is the 
effect of interest, #)

Ø IV estimates will be biased

γ

" #

MR and the exogeneity condition

• Recall the exogeneity condition: conditional on the exposure, the 
genetic variants must be independent of the outcome ($ ⊥ &)
Þ The genetic variants can only affect y via e

(the “exclusion restriction”)



x e

y

γ

" #

MR and the exogeneity condition

Another situation when this fails?

• 2. Linkage disequilibrium (LD)
Ø Suppose genetic variants x directly affect 

height, and are in LD with variants that 
directly affect income

Ø IV estimates will be biased (same 
reasoning as for the previous example) 

• Recall the exogeneity condition: conditional on the exposure, the 
genetic variants must be independent of the outcome ($ ⊥ &)
Þ The genetic variants can only affect y via e

(the “exclusion restriction”)



x e

y

γ

" #

[NOT COVERED IN THE LECTURE]
MR and the exogeneity condition

Yet another situation when this fails?
• 3. Parents directly influence the outcome

Ø Suppose genetic variants x directly affect 
height (e), and height directly affects income 

Ø Suppose higher parental income also 
directly affects (children) income

o E.g., because richer parents can pay for private 
school and college, which increases children 
income

Ø x is shared between parents and children; so 
x affects children and parental height, and 
thus also children and parental income; the 
latter in turn directly affects children income

• Recall the exogeneity condition: conditional on the exposure, the 
genetic variants must be independent of the outcome ($ ⊥ &)
Þ The genetic variants can only affect y via e

(the “exclusion restriction”)



• The relevance condition: the genetic variants must have non-zero 
effects on the exposure (γ≠	0)

Ø Genetic variants with weak effects can also be problematic 
(weak instruments)

• The exogeneity condition: conditional on the exposure, the genetic 
variants must be independent of the outcome (% ⊥ ')
Ø The genetic variants must be independent of any confounding factors that 

affect both the exposure (e) and the outcome (y)
o May fail when there is (uncontrolled for) population stratification

Ø The genetic variants can only affect y via x (the “exclusion restriction”)
o May fail when there is pleiotropy or LD (when the genetic variants, or variants in LD, 

directly influence both x and y)
o May fail if parents directly influence the outcome

• For a more in-depth treatment, see von Hinke et al. (J. Health Econ 2016)

Recap
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• So far, we have neglected possible control variables

• When there are control variables, the relevance and exogeneity 
conditions still apply, but must hold conditional on the control 
variables:

Ø The relevance condition: the genetic variants must have non-zero effects 
on the exposure (γ≠	0), conditional on the control variables

Ø The exogeneity condition: conditional on the exposure and on the 
control variables, the genetic variants must be independent of the 
outcome (% ⊥ ')

MR and control variables



• The exogeneity condition may fail when appropriate control 
variables are not included
Ø E.g., if there is population stratification and the top principal components 

(PCs) of the genetic relatedness matrix (GRM) are not included

• In addition, including control variables may increase the precision 
of the estimates 

• Nonetheless, it is important not to control for downstream 
covariates that may be influenced by the exposure or outcome (von 
Hinke et al. J. Health Econ 2016)
Ø For instance, including a dummy for urban vs. rural residence may bias 

estimates of the effect of height on income, if height affects preferences 
for living in cities and living in cities affects income

• In general, it is advisable to control for 
(i) for the top PCs 
(ii) for sex and age (to increase the precision of the estimates—since these 
cannot be downstream variables)

When to include control variables?
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• Analyze ~120k individuals of British ancestry, aged between 37 
to 73 years, in the UK Biobank

• Exposure variables (e): height and BMI (analyzed separately)
• Instruments / genetic variants (x):

Ø For height: polygenic score constructed using 396 independent variants 
identified by Wood et al. (Nature Genetics 2014)’s GWAS of height 
with ~253k individuals

Ø For BMI: polygenic score constructed using 69 independent variants 
identified by Locke et al. (Nature 2015)’s GWAS of BMI with ~339k 
individuals

• Outcome variables (y): two measures of educational attainment 
(age completed, degree level), job class, household income, 
Townsend deprivation index

Example 1: Height, BMI, SES: MR in the UK Biobank
(Tyrrell et al., BMJ 2016)



Example 1: Height, BMI, SES: MR in the UK Biobank
(Tyrrell et al., BMJ 2016)
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working in skilled job roles (odds ratio 1.29, 1.27 to 1.32). 
Genetic analyses provided evidence that this associa-
tion was partly causal—a 1 SD (6.3 cm) genetically 
 determined higher height was associated with 
increased odds of working in more professional roles 
(odds ratio 1.12, 1.07 to 1.18) (table 2, supplementary fig-
ure A-III). This association was consistent when we ana-
lysed the data as 11 ordered job classes (supplementary 
table D). We found no genetic evidence that the effect 
was stronger in men or women.

Annual household income
Using 103 327 participants, we found that taller stature 
was strongly correlated with higher household income. 
The correlation was approximately 50% stronger in 
men (table 2 ). A 1 SD (6.3 cm) greater height was associ-
ated with a 0.13 (0.12 to 0.14) SD increase in income 
(table 2 ). This difference is approximately equivalent to 
a £2940 (£2730 to £3185) higher annual household 
income. Genetic analyses provided evidence that this 
association was partly causal—a genetically deter-
mined 1 SD (6.3 cm) greater height was associated with 
a 0.05 (0.03 to 0.07) SD increase in annual household 
income, equivalent to £1130 (£680 to £1580) (table 2 
and supplementary figure AIV). The genetic analyses 
showed that the effect was approximately twice as 
strong in men as in women (P for comparison=5×10−4); 
a 1 SD greater height in men caused a £1580 (£1130 to 
£2260) increase in household income (supplementary 
figure A-IV). This association was consistent when we 

analysed the data as five ordered income classes (sup-
plementary table D).

Townsend deprivation index
Using 119 519 participants, we found that taller stature 
was strongly correlated with lower levels of social depri-
vation, as measured by the Townsend deprivation index. 
This association was stronger in men than women. A 1 SD 
(6.3 cm) greater height was associated with a 0.08 (0.07 to 
0.09) SD lower deprivation, which is equivalent to a 0.21 
(0.18 to 0.24) unit reduction in Townsend deprivation 
index (table 2 ). Genetic analyses provided evidence that 
this association was partly causal in men but not when 
all participants or women were considered. In all partic-
ipants, genetically determined height was not associated 
with deprivation (table 2, supplementary figure A-V). In 
men, a genetically determined 1 SD (6.3 cm) greater 
height was associated with a 0.02 (0.00 to 0.05) SD reduc-
tion in deprivation (supplementary figure AV). This dif-
ference is equivalent to a 0.05 (0.00 to 0.13) unit lower 
Townsend index.

Relation of genetically determined higher BMI to 
reduced income and deprivation measures of 
socioeconomic status in UK Biobank
Education: duration in full time education
Using 82 543 participants, we found that higher BMI 
was strongly correlated with participants finishing full 
time education at a younger age. The association was 
similar in men and women (P for  comparison>0.05) 

Table 2 | Associations between taller stature and five measures of socioeconomic, using linear or logistic regression and instrumental variable analysis

Socioeconomic status measures 
and subcategories No

Observational* Genetic† Genetic: Egger‡
Change in socioeconomic 
status (95%CI) per SD 
taller stature P value

Change in socioeconomic 
status (95%CI) per SD 
taller stature P value

Change in socioeconomic 
status (95%CI) per SD 
taller stature P value

Age completed full time education:
 All 82 543 0.11 (0.10 to 0.12) <1×10−15 0.03 (0.01 to 0.05) 0.01 0.07 (0.03 to 0.11) 0.0004
 Men only 38 342 0.11 (0.10 to 0.12) <1×10−15 0.04 (0.01 to 0.07) 0.009 0.08 (0.02 to 0.14) 0.004
 Women only 44 201 0.11 (0.10 to 0.12) <1×10−15 0.01 (−0.02 to 0.04) 0.40 –
Degree level education:
 All 118 565 OR: 1.25 (1.24 to 1.27) <1×10−15 1.02 (0.99 to 1.05) 0.22 –
 Men only 56 111 OR: 1.25 (1.23 to 1.27) <1×10−15 1.04 (1.00 to 1.09) 0.08 –
 Women only 62 454 OR: 1.26 (1.24 to 1.28) <1×10−15 1.00 (0.95 to 1.05) 0.97 –
Job class (skilled/unskilled):
 All 76 404 OR: 1.29 (1.27 to 1.32) <1×10−15 1.12 (1.07 to 1.18) 6E−7 1.18 (1.08 to 1.29) 0.0002
 Men only 37 608 OR: 1.31 (1.28 to 1.34) <1×10−15 1.13 (1.07 to 1.21) 2E−5 1.23 (1.10 to 1.37) 0.0004
 Women only 38 796 OR: 1.27 (1.24 to 1.31) <1×10−15 1.14 (1.05 to 1.24) 0.003 1.21 (1.08 to 1.36) 0.002
Annual household income:
 All 103 327 0.13 (0.12 to 0.14) <1×10−15 0.05 (0.03 to 0.07) 4E−8 0.05 (0.02 to 0.08) 0.0009
 Men only 50 862 0.15 (0.14 to 0.16) <1×10−15 0.07 (0.05 to 0.10) 1E−9 0.08 (0.04 to 0.12) 0.0002
 Women only 52 465 0.11 (0.10 to 0.12) <1×10−15 0.02 (0.00 to 0.05) 0.09 –
Townsend deprivation index:
 All 119 519 −0.08 (−0.09 to −0.07) <1×10−15 0.00 (−0.02 to 0.01) 0.71 –
 Men only 56 582 −0.10 (−0.10 to −0.09) <1×10−15 −0.02 (−0.05 to 0.00) 0.05 −0.08 (−0.12 to −0.04) 0.0004
 Women only 62 937 −0.07 (−0.07 to −0.06) <1×10−15 0.02 (−0.01 to 0.04) 0.19 –
OR=odds ratio.
For age completed full time education, annual household income, and Townsend deprivation index, changes reported are standard deviation. For degree and job class, odds ratios are shown, 
representing odds of higher socioeconomic status per SD greater height.
*Age, assessment centre, and sex adjusted associations.
†Uses instrumental variable analysis via ivreg2 command in Stata for continuous variables and two step procedure for binary outcomes using height genetic risk score. F statistic when 
considering all participants is ≥10 898 for each socioeconomic status measure; in men only, F statistic is ≥5308 for each socioeconomic status measure; in women only, F statistic is ≥5615 for 
each socioeconomic status measure.
‡Alternative genetic approach detailed in Bowden et al 2015,24 used as sensitivity analysis when instrumental variable was P<0.05.
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(table 3). A 1 SD (4.6 kg/m2) higher BMI was associated 
with a 0.08 (0.07 to 0.08) SD younger age (approxi-
mately 0.15 years) at which full time education was 
completed. We found no genetic evidence that this 
association was causal when considering all partici-
pants, men only, or women only (supplementary 
 figure B-I).

Education: degree level (or equivalent or not)
Using 118 565 participants, we found that higher BMI 
was associated with lower odds of having obtained a 
degree. A 1 SD higher BMI was associated with lower 
odds of obtaining degree level education (odds ratio 
0.83, 0.82 to 0.84). We found no consistent genetic evi-
dence that this association was causal when consider-
ing all participants, men only, or women only 
(supplementary figure B-II).

Job class
Using 76 404 participants, we found that higher BMI 
was associated with employment in less skilled profes-
sions. A 1 SD (4.6 kg/m2) higher BMI was associated with 
lower odds of working in skilled job roles (0.91, 0.89 to 
0.92), and the association was stronger in women. We 
found no consistent genetic evidence that this associa-
tion was causal when considering all participants, men 
only, or women only (supplementary figure B-III). How-
ever, we found some evidence of causality when we 
analysed the data as 11 ordered job classes (supplemen-
tary table D).

Annual household income
Using 103 327 participants, we found that higher BMI 
was associated with a lower annual household income, 
but this effect was very strongly driven by the associa-
tion in women. A 1 SD higher BMI was associated with a 
0.09 (0.08 to 0.10) SD lower household income for 
women. This effect equates to £1890 (£1680 to £2100) 
less income per annum for women. In men, a 1 SD 
higher BMI approximated to a £210 (£84 to £420) lower 
annual household income. Genetic analyses were con-
sistent with these observations being causal in women 
but not in men (P for comparison with men=9×10−5)—a 
genetically determined 1 SD higher BMI was associated 
with an annual household income of 0.14 (0.08 to 0.20) 
SD less in women. This effect is equivalent to £2940 
(£1680 to £4200) less for women (table 3, supplemen-
tary figure B-IV). This association was consistent when 
we analysed the data as five ordered income classes 
(supplementary table D). The association between 
higher BMI and lower income was consistent in women 
who worked, with or without a husband/partner at 
home, and women who did not work with a husband/
partner at home (supplementary table E). It was also 
consistent when we considered only women without 
health conditions (supplementary table E).

Townsend deprivation index
Higher BMI was associated with higher levels of depriva-
tion as assessed by the Townsend deprivation index. 
A 1 SD higher BMI was associated with a 0.08 (0.07 to 

Table 3 | Associations between higher BMI and five measures of socioeconomic, using linear or logistic regression and instrumental variable analysis

Socioeconomic status measures 
and subcategories No

Observational* Genetic† Genetic: Egger‡
Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Age completed full time education:
 All 82 543 −0.08 (−0.08 to −0.07) <1×10−15 −0.01 (−0.07 to 0.04) 0.63 –
 Men only 38 342 −0.07 (−0.08 to −0.06) <1×10−15 0.00 (−0.09 to 0.09) 0.98 –
 Women only 44 201 −0.08 (−0.09 to −0.07) <1×10−15 −0.02 (−0.09 to 0.05) 0.56 –
Degree level education:
 All 118 565 OR: 0.83 (0.82 to 0.84) <1×10−15 0.94 (0.85 to 1.03) 0.18 –
 Men only 56 111 OR: 0.82 (0.81 to 0.84) <1×10−15 0.94 (0.81 to 1.09) 0.43 –
 Women only 62 454 OR: 0.83 (0.82 to 0.84) <1×10−15 0.93 (0.82 to 1.06) 0.28 –
Job class (skilled/unskilled):
 All 76 404 OR: 0.91 (0.89 to 0.92) <1×10−15 0.90 (0.79 to 1.02) 0.10 –
 Men only 37 608 OR: 0.93 (0.91 to 0.95) 8×10−9 0.88 (0.73 to 1.08) 0.22 –
 Women only 38 796 OR: 0.89 (0.87 to 0.91) <1×10−15 0.91 (0.76 to 1.08) 0.29 –
Annual household income:
 All 103 327 −0.06 (−0.06 to −0.05) <1×10−15 −0.05 (−0.10 to −0.00) 0.041 −0.03 (−0.11 to 0.05) 0.58
 Men only 50 862 −0.01 (−0.02 to −0.00) <1×10−15 0.06 (−0.02 to 0.14) 0.15 –
 Women only 52 465 −0.09 (−0.10 to −0.08) <1×10−15 −0.14 (−0.20 to −0.08) 1×10−5 −0.17 (−0.25 to −0.05) 0.004
Townsend deprivation index:
 All 119 519 0.08 (0.07 to 0.08) <1×10−15 0.05 (0.01 to 0.10) 0.024 −0.00 (−0.08 to 0.08) 0.96
 Men only 56 582 0.05 (0.04 to 0.05) <1×10−15 −0.01 (−0.08 to 0.06) 0.78 –
 Women only 62 937 0.10 (0.09 to 0.11) <1×10−15 0.10 (0.04 to 0.16) 0.001 0.10 (−0.01 to 0.21) 0.08
BMI=body mass index; OR=odds ratio.
For age completed full time education, annual household income, and Townsend deprivation index, changes reported are standard deviation. For degree and job class, odds ratios are shown, 
representing odds of higher socioeconomic status per SD higher BMI.
*Age, assessment centre, and sex adjusted associations.
†Uses instrumental variable analysis, via ivreg2 command in Stata for continuous variables and two step approach for binary outcomes, using BMI genetic risk score. F statistic for all 
participants is ≥1257 for each socioeconomic status measure; in men only, F statistic is ≥591 for each socioeconomic status measure; in women only, F statistic is ≥666 for each socioeconomic 
status measure.
‡Alternative genetic approach detailed in Bowden et al 2015,24 used as sensitivity analysis when instrumental variable was P<0.05.
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(table 3). A 1 SD (4.6 kg/m2) higher BMI was associated 
with a 0.08 (0.07 to 0.08) SD younger age (approxi-
mately 0.15 years) at which full time education was 
completed. We found no genetic evidence that this 
association was causal when considering all partici-
pants, men only, or women only (supplementary 
 figure B-I).

Education: degree level (or equivalent or not)
Using 118 565 participants, we found that higher BMI 
was associated with lower odds of having obtained a 
degree. A 1 SD higher BMI was associated with lower 
odds of obtaining degree level education (odds ratio 
0.83, 0.82 to 0.84). We found no consistent genetic evi-
dence that this association was causal when consider-
ing all participants, men only, or women only 
(supplementary figure B-II).

Job class
Using 76 404 participants, we found that higher BMI 
was associated with employment in less skilled profes-
sions. A 1 SD (4.6 kg/m2) higher BMI was associated with 
lower odds of working in skilled job roles (0.91, 0.89 to 
0.92), and the association was stronger in women. We 
found no consistent genetic evidence that this associa-
tion was causal when considering all participants, men 
only, or women only (supplementary figure B-III). How-
ever, we found some evidence of causality when we 
analysed the data as 11 ordered job classes (supplemen-
tary table D).

Annual household income
Using 103 327 participants, we found that higher BMI 
was associated with a lower annual household income, 
but this effect was very strongly driven by the associa-
tion in women. A 1 SD higher BMI was associated with a 
0.09 (0.08 to 0.10) SD lower household income for 
women. This effect equates to £1890 (£1680 to £2100) 
less income per annum for women. In men, a 1 SD 
higher BMI approximated to a £210 (£84 to £420) lower 
annual household income. Genetic analyses were con-
sistent with these observations being causal in women 
but not in men (P for comparison with men=9×10−5)—a 
genetically determined 1 SD higher BMI was associated 
with an annual household income of 0.14 (0.08 to 0.20) 
SD less in women. This effect is equivalent to £2940 
(£1680 to £4200) less for women (table 3, supplemen-
tary figure B-IV). This association was consistent when 
we analysed the data as five ordered income classes 
(supplementary table D). The association between 
higher BMI and lower income was consistent in women 
who worked, with or without a husband/partner at 
home, and women who did not work with a husband/
partner at home (supplementary table E). It was also 
consistent when we considered only women without 
health conditions (supplementary table E).

Townsend deprivation index
Higher BMI was associated with higher levels of depriva-
tion as assessed by the Townsend deprivation index. 
A 1 SD higher BMI was associated with a 0.08 (0.07 to 

Table 3 | Associations between higher BMI and five measures of socioeconomic, using linear or logistic regression and instrumental variable analysis

Socioeconomic status measures 
and subcategories No

Observational* Genetic† Genetic: Egger‡
Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Change in socioeconomic 
status (95%CI) per SD 
higher BMI P value

Age completed full time education:
 All 82 543 −0.08 (−0.08 to −0.07) <1×10−15 −0.01 (−0.07 to 0.04) 0.63 –
 Men only 38 342 −0.07 (−0.08 to −0.06) <1×10−15 0.00 (−0.09 to 0.09) 0.98 –
 Women only 44 201 −0.08 (−0.09 to −0.07) <1×10−15 −0.02 (−0.09 to 0.05) 0.56 –
Degree level education:
 All 118 565 OR: 0.83 (0.82 to 0.84) <1×10−15 0.94 (0.85 to 1.03) 0.18 –
 Men only 56 111 OR: 0.82 (0.81 to 0.84) <1×10−15 0.94 (0.81 to 1.09) 0.43 –
 Women only 62 454 OR: 0.83 (0.82 to 0.84) <1×10−15 0.93 (0.82 to 1.06) 0.28 –
Job class (skilled/unskilled):
 All 76 404 OR: 0.91 (0.89 to 0.92) <1×10−15 0.90 (0.79 to 1.02) 0.10 –
 Men only 37 608 OR: 0.93 (0.91 to 0.95) 8×10−9 0.88 (0.73 to 1.08) 0.22 –
 Women only 38 796 OR: 0.89 (0.87 to 0.91) <1×10−15 0.91 (0.76 to 1.08) 0.29 –
Annual household income:
 All 103 327 −0.06 (−0.06 to −0.05) <1×10−15 −0.05 (−0.10 to −0.00) 0.041 −0.03 (−0.11 to 0.05) 0.58
 Men only 50 862 −0.01 (−0.02 to −0.00) <1×10−15 0.06 (−0.02 to 0.14) 0.15 –
 Women only 52 465 −0.09 (−0.10 to −0.08) <1×10−15 −0.14 (−0.20 to −0.08) 1×10−5 −0.17 (−0.25 to −0.05) 0.004
Townsend deprivation index:
 All 119 519 0.08 (0.07 to 0.08) <1×10−15 0.05 (0.01 to 0.10) 0.024 −0.00 (−0.08 to 0.08) 0.96
 Men only 56 582 0.05 (0.04 to 0.05) <1×10−15 −0.01 (−0.08 to 0.06) 0.78 –
 Women only 62 937 0.10 (0.09 to 0.11) <1×10−15 0.10 (0.04 to 0.16) 0.001 0.10 (−0.01 to 0.21) 0.08
BMI=body mass index; OR=odds ratio.
For age completed full time education, annual household income, and Townsend deprivation index, changes reported are standard deviation. For degree and job class, odds ratios are shown, 
representing odds of higher socioeconomic status per SD higher BMI.
*Age, assessment centre, and sex adjusted associations.
†Uses instrumental variable analysis, via ivreg2 command in Stata for continuous variables and two step approach for binary outcomes, using BMI genetic risk score. F statistic for all 
participants is ≥1257 for each socioeconomic status measure; in men only, F statistic is ≥591 for each socioeconomic status measure; in women only, F statistic is ≥666 for each socioeconomic 
status measure.
‡Alternative genetic approach detailed in Bowden et al 2015,24 used as sensitivity analysis when instrumental variable was P<0.05.



• Examine the effect of poor health on academic outcomes, using 
the Add Health dataset
Ø Poor health: depression, overweight, ADHD

• Within-family design 
Ø Ensures that population stratification does not drive the results

• Use genetic markers to instrument poor health
Ø 6 candidate genes: dopamine transporter (DAT), dopamine D4 receptor 

(DRD4), serotonin transporter (5HTT), monoamine oxidase A (MAOA), 
dopamine D2 receptor (DRD2) and cytochrome P4502A6 (CYP2A6) 

• Though these markers may well impact poor health, they may 
also directly impact academic performance 
Ø For instance, dopamine plays an important role in learning
Ø (Fletcher and Lehrer recognize this)

Example 2: “Genetic lotteries within families”
(Fletcher and Lehrer, J. Health Econ. 2011)



Example 3: “Does High Tobacco Consumption 
Cause Psychological Distress”
(Skov-Ettrup et al., Nicotine & Tobacco Res. 2017)
• Analyze ~90k individuals in the Copenhagen Population Study
• Exposure variables (e): self-reported cigarettes/day and pack years
• Instruments / genetic variants (x): SNP rs1051730, which tags the 

CHRNA3 gene
Ø a.k.a. ”Mr. Big” because of its (relatively) large association with amount 

of smoking and nicotine dependence in current smoker 
Ø Causes an amino acid change in the nicotinic receptors, which alters 

the responsiveness of the nicotinic receptors to nicotine 

• Outcome variables (y): psychological distress (stress, fatigue, 
hopelessness) 

• Fail to find an association between psychological distress and 
rs1051730 (and thus a significant association between tobacco 
consumption and psychological distress)



Example 4: “Conventional and genetic evidence on 
alcohol and vascular disease aetiology ... in China“:

(Millwood et al., The Lancet 2019)

• Analyze ~500k individuals in the China Kadoorie Biobank
• Exposure variables (e): alcohol intake
• Instruments / genetic variants (x): ALDH2-rs671 and ADH1B-

rs1229984
Ø ALDH2-rs671 variant is common only in east Asia; “it greatly slows 

acetaldehyde breakdown … which can cause severe discomfort that 
strongly reduces alcohol intake. 

Ø ADH1B-rs1229984 “accelerates alcohol conversion to acetaldehyde 
and reduces alcohol intake.”

• Outcome variables (y): vascular-disease-related phenotypes

• Background: studies have found moderate alcohol consumption 
to be associated with reduced cardiovascular risk (vs. abstinence 
or heavy drinking);



Example 4: “Conventional and genetic evidence on 
alcohol and vascular disease aetiology ... in China“:

(Millwood et al., 
The Lancet 
2019)
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• Several methods that are robust to some forms of pleiotropy have 
recently been proposed: 

Ø MR-Egger regression (Bowden et al., Int. J. Epi. 2015) 

Ø Median-based estimator (Bowden et al., Gen. Epi. 2016)

Ø Mode-based estimator (Hartwig et al., Int. J. Epi. 2017)

• These methods rely on assumptions that are weaker than the 
exogeneity condition

Dealing with pleiotropy (failure of the 
exogeneity condition)



• Bowden et al. (Int. J. Epi. 2015) developed MR-Egger regression

Ø An alternative method to estimate the causal effect of the exposure 
(i.e., of β) for Mendelian randomization studies

Ø Similar to Egger regression (often used in meta-analyses)

MR-Egger regression 
(Bowden et al., Int. J. Epi. 2015) 



• For a single genetic variant !", consider the model

$ = &' + ),
& = !"*" + +",
$ = !"*" + +" ' + ) = !" *"' + '+" + )

Also, align the !"’s so that *" > 0 for all j

• If one regresses $ on !", the estimated coefficient on !" will be 

,Γ" =
./01(34,5)
.789(34)

:→< *"' +
/01(34,=)
789(34)

= *"' + >"

Ø αj captures the direct effect of !" on y (independently of e)
Ø It can be thought of as measure of pleiotropy for !" (although LD, 

parental effects, or population stratification could also be involved) 

MR-Egger regression: framework
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• Recall: we have   

$ = &' + )
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,Γ" = estimated coefficient on !" from regression of $ on !"
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MR-Egger regression: framework
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• Recall: we have   

$ = &' + )
& = !"*" + +"
,Γ" = estimated coefficient on !" from regression of $ on !"
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MR-Egger regression: framework

/0 = *"' +
Cov(!", ))
Var(!")

= :0; + <0

Recall: under the 
exogeneity condition, 
x⊥ )
Þ >" = 0

/0



• The InSIDE assumption: Cov(%&, (&) = 0
Ø The effects of the ,&’s on - (%&)     are uncorrelated with  

the direct effects of the ,&‘s on . ((&)
Ø InSIDE stands for “Instrument Strength Independent of Direct Effect”

MR-Egger regression: the InSIDE assumption 



• The InSIDE assumption: Cov(%&, (&) = 0
Ø The effects of the ,-‘s on e (.-)   are uncorrelated with  

the direct effects of the ,-‘s on / (0-)
Ø InSIDE stands for “Instrument Strength Independent of Direct Effect”

Ø InSIDE is a weaker condition than the exogeneity condition (1 ⊥ 3)
(the exogeneity condition ⇒ (&= 0⇒ InSIDE)

MR-Egger regression: the InSIDE assumption 

1& e

y

%&

5

6

7&

8- = .-9 + 0-
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• Recall the InSIDE assumption: Cov(%&, (&) = 0

• Data ,%&, -Γ& &/0,1,…,3

• The MR-Egger regression:

4Γ& = 567 + 57 9%& + :&

⟹ <57 =
=>?@(9AB,4CB)
=DEF(9AB)

3→H >?@(9AB,4CB)

>?@ (9AB)

I→H >?@(AB, ABJKLB)

DEF(AB)

= 5 +
>?@(AB, LB)

DEF(AB)
= 5 (If InSIDE holds, even if the exogeneity

condition fails)

⟹ <57 is an alternative to the IV estimator;

it is consistent under weaker assumptions

MR-Egger regression: the estimator 



• Recall the MR-Egger regression: !Γ# = %&' + %' )*# + +#

• MR-Egger’s test: test if the intercept βOE is different from 0

• Observe that Γ# = *#% + /# = / + *#% + 0/#
(where / = 1# /# , 0/# = /# − /)

⟹ %&'
5→7 /

• So [ 9%&' ≠ 0] ⇒ [/#= (Cov @#, A ≠ 0 for some j ] ⟺ [the exogeneity cond. fails]
Ø This suggests there is directional pleiotropy (or LD, parental effects, 

population stratification)
Ø Note that Egger’s test may fail to detect failure of the exogeneity condition 

if InSIDE does not hold

[NOT COVERED IN THE LECTURE]
MR-Egger regression: MR-Egger’s test



Advantages of MR-Egger regression:

• If the InSIDE assumption holds, yields consistent estimates of β
• By contrast, the 2SLS estimates are biased when the exogeneity 

condition fails, even if the InSIDE assumption holds
• If InSIDE holds, MR-Egger’s test can detect failure of the 

exogeneity condition, (if well-powered)

Limitations of MR-Egger regression:

• Relies on the InSIDE assumption
• Reduced statistical power relative to IV
• How to determine standard errors?
• Can it work if the genetic markers are not independent?

MR-Egger regression: assessment



• Do et al. studied 185 SNPs with P < 5×10−8 for triglyceride, LDL-C or 
HDL-C levels in a meta-analysis of 188,577 individuals 

Example 5: “Common variants associated with plasma 
triglycerides and risk for coronary artery disease”
(Do et al., Nature Genetics 2013)
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As an alternative to this approach using residuals, we also tested a 
single model with the outcome variable of BCAD and predictor variables 
of Btriglycerides, BLDL-C and BHDL-C considered jointly (Supplementary 
Table 5 ). Results were similar, with Btriglycerides and BLDL-C showing 
association with BCAD (P = 2 × 10−10 and 1 × 10−22, respectively), but 
with BHDL-C failing to show association (P = 0.32).

In summary, we have demonstrated that (i) SNPs with the same 
direction and a similar magnitude of association for both triglycer-
ides and LDL-C tend to associate with CAD risk; (ii) loci that have 
an exclusive effect on triglycerides are also associated with CAD; and 
(iii) the strength of a SNP’s effect on triglyceride levels is correlated 
with the magnitude of its effect on CAD risk, even after accounting 
for the same SNP’s effect on LDL-C and/or HDL-C levels.

Using an analytical approach that accounts for the potential pleio-
tropic effects of a SNP on triglyceride, LDL-C and/or HDL-C lev-
els, we provide evidence that plasma triglyceride levels likely reflect 
processes that are causal in CAD. This finding, based on data at 185 
common SNPs, is in line with recent reports of specific genes pre-
dominantly related to triglyceride levels also affecting risk for CAD.  
A SNP in the promoter of the APOA5 gene22, a common SNP upstream 
of the TRIB1 gene23 and a nonsense polymorphism in the APOC3 
gene24 all predominantly associate with plasma triglyceride levels, 
and each SNP has been convincingly related to clinical CAD18,25 or 
subclinical atherosclerosis24.

Our results raise several questions. First, if plasma triglyceride lev-
els reflect causal processes, what are the specific mechanistic direct 
links to atherosclerosis? Triglycerides are carried in plasma, mostly 
in VLDL, chylomicrons and remnants of their metabolism, and, as 
such, triglycerides capture several physiological processes that may 
promote atherosclerosis. One potential link is postprandial choles-
terol metabolism. Plasma triglyceride levels are highly correlated with 
the amount of cholesterol in remnant lipoproteins (i.e., VLDL and 
chylomicron particles after interaction with lipoprotein lipase), and 
a variety of evidence, ranging from the human mendelian disorder of 
type III hyperlipoproteinemia to experimental evidence in cell culture 
and animal models, suggests that cholesterol-rich remnant particles 
have proatherogenic properties similar to LDL (reviewed in ref. 26). 
Another process reflected by plasma triglyceride levels is the activ-
ity of lipoprotein lipase, a key enzyme that hydrolyzes triglycerides 

within triglyceride-rich lipoproteins. Higher enzymatic activity of 
lipoprotein lipase in the circulation leads to lower plasma triglyceride 
levels; a gain-of-function nonsense polymorphism in the LPL gene 
has been shown to not only reduce plasma triglyceride levels but also 
to lower risk for CAD27.

Second, why are plasma triglyceride levels not significantly associ-
ated with CAD in observational epidemiological studies when mul-
tiple risk factors are considered jointly to predict risk for future CAD 
(ref. 2)? Multivariate models have known limitations in assessing 
the etiological relevance of a given exposure. For example, an expo-
sure may be rendered non-significant after multivariate adjustment 
because of less precise measurement or greater biological variability 
compared with other factors. Plasma triglyceride measurements are 
more variable than those of other plasma lipids such as HDL-C26. 
Alternatively, downstream effects of an exposure may more com-
pletely capture the risk conferred. For example, body mass index 
does not predict CAD risk in the Framingham model after account-
ing for blood pressure and type 2 diabetes, despite the accepted 
causal influence of weight on blood pressure and type 2 diabetes28. 
Our approach using SNPs as proxies overcomes these limitations of 
observational epidemiology.

Finally, what are the implications of these data for the develop-
ment of drugs aimed at lowering plasma triglyceride levels with the 
hope of reducing CAD risk? Several recent randomized controlled 
trials have tested whether the lowering of plasma triglyceride levels 
with fish oils29 or with fibrates30–32 will decrease risk for CAD, and, 
in many cases, treatment did not reduce risk29,31,32. Possible expla-
nations for failed trials are the use of an incorrect study population, 
an incorrect mechanism of lowering triglyceride levels, an insuf-
ficient degree by which triglyceride levels are lowered and limited 
statistical power.

Our study has several limitations. SNPs associated with triglycer-
ide levels are also related to other lipid traits and, thus, are not ideal 
instruments for mendelian randomization analysis. Given that the 
plasma triglyceride levels measured in blood represent the end prod-
uct of several metabolic processes, it is not surprising that triglyceride- 
related SNPs affect at least one other lipid trait. We have attempted to 
address this complexity through our statistical approach.

We are unable to distinguish whether only specific mechanisms 
of altering triglyceride levels affect risk for CAD. Of note, there is 
strong evidence that at least three mechanisms that robustly influence 
triglycerides—loss of APOA5 function, loss of TRIB1 function and 
gain of APOC3 function—increase risk for CAD.

In summary, we use common polymorphisms and employ a statisti-
cal framework to dissect causal influences among a set of correlated 
biomarkers. By applying this framework to a correlated set of plasma 
lipid measures and CAD risk, we suggest a causal role of triglyceride-
rich lipoproteins in the development of CAD.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Accession codes. Transcript sequences are available in GenBank for 
ANGPTL3 (NM_014495), APOB (NM_000384), GCKR (NM_001486), 
TIMD4 (NM_138379), HLA-B (NM_005514), TRIB1 (NM_025195), 
ABCA1 (NM_005502), APOA1 (NM_000039), CETP (NM_000078), 
CILP2 (NM_153221), MIR148A (NR_029597), GPAM (NM_020918),  
FADS1, FADS2 and FADS3 (NM_013402, NM_004265 and  
NM_021727, respectively), APOE (NM_000041), APOA5  
(NM_052968) and APOC3 (NM_000040).

Table 3 Association of the strength of a SNP’s effect on plasma 
lipid levels with its strength of effect on CAD risk
Outcome Predictor Covariate B s.e.m. P

– 0.41 0.039 4 × 10−20

BCAD BLDL-C BHDL-C 0.38 0.039 9 × 10−19

Btriglycerides 0.40 0.034 1 × 10−23

BHDL-C, Btriglycerides 0.38 0.034 2 × 10−22

– −0.18 0.052 0.0006
BCAD BHDL-C BLDL-C −0.12 0.041 0.005

Btriglycerides −0.09 0.048 0.057
BLDL-C, Btriglycerides −0.04 0.037 0.35

– 0.44 0.074 2 × 10−8

BCAD Btriglycerides BLDL-C 0.42 0.057 5 × 10−12

BHDL-C 0.36 0.074 3 × 10−6

BLDL-C, BHDL-C 0.36 0.057 1 × 10−9

Residuals for BCAD were calculated after adjustment of a SNP’s effect on the denoted 
lipid trait. A total of 185 SNPs identified from GWAS for LDL-C, HDL-C and triglycer-
ides were included in regression analysis. BLDL-C, BHDL-C and Btriglycerides represent the 
effect sizes for a SNP on LDL-C, HDL-C and triglycerides, respectively, in the GWAS 
meta-analysis for lipids. Regression was performed with the predictor variable of the 
effect size on lipid traits (B estimate from predictor column) and the outcome variable 
of residual CAD effect size after adjusting for covariates.



Median-based estimator 
(Bowden et al., Gen. Epi. 2016)

• Recall our model for a single genetic variant !":
# = %& + (,
% = !"*" + +"
,Γ" =

./01(34,5)
789:(34)

;→= *"& +
/01(34,>)
89:(34)

= *"& + ?"
Also, align the !"’s so that *" > 0 for all j

• Define the ‘ratio estimate’ @&" for SNP j: 

@&" = A,Γ" B*"
;→= ⁄( *"& + ?") *" = & + ⁄?" *"

• The median-based estimator is the median (across the variants j 
that are used as instruments) ratio estimate ,Γ"

• It is a consistent estimate of the causal effect & as long as less than 
50% of genetic variants are invalid instruments 

Ø i.e., it is consistent if ?" = 0 for less than 50% of the variants



• The mode-based estimator is similar to the median-based 
estimator, but is based on the modal value of Γ" (i.e., the most 
frequent value, across the variants j) instead of the median

• In practice, Hartwig et al.’s proposed estimator is the mode of the 
smoothed empirical density function of the #Γ"’s
Ø The density function can be estimated with a kernel-based estimator

• The estimator is consistent under the ‘ZEro Modal Pleiotropy 
Assumption’ (ZEMPA): across the variants j, the mode of $" is zero
Ø In other words, the mode of %" (= ⁄Γ" )" = % + ⁄$" )") is %

Mode-based estimator 
(Hartwig et al., Int. J. Epi. 2017)



• Other methods related to Mendelian Randomization have been 
proposed to help deal with some forms of pleiotropy—e.g.: 

Ø MR-PRESSO (Verbanck et al., Nat. Gen. 2018)

Ø Latent causal variable model based on mixed fourth moments of the 
marginal effect sizes of a pair of traits (O’Connor Price, Nat. Gen. 2018)

Other methods related to Mendelian 
Randomization



CONCLUDING 

REMARKS



• Mendelian randomization could in principle help researchers 
identify the causal effects of exposure variables that are typically 
associated with confounders

• However, Mendelian randomization relies on strong assumptions; 
most importantly, conditional on the exposure, the instruments 
must be independent of the outcome (the exogeneity condition)
Ø There are many situations in which this may fail, including population 

stratification, pleiotropy, LD, and parental influence

• Methods have been proposed to deal with some forms of 
pleiotropy (failure of the exogeneity condition)—e.g., MR-Egger 
regression, mode- and median-based estimators—but these also 
rely on some assumptions

Concluding remarks



Thank you



MR-Egger regression: figures

increase in magnitude and uncertainty compared with the

IVW and TSLS estimates. There was also no apparent het-

erogeneity in the IV estimates from each genetic variant in-

dividually, as evidenced by Cochran’s Q test (P¼ 0.99). In

the Web Appendix (available as Supplementary data at IJE

online) we show how the IVW and MR-Egger regression

methods were implemented on these data with just a single

line of computer code (using R and Stata). In summary,

there is no evidence that directional pleiotropy is an im-

portant factor for these data.

Causal effect of blood pressure on coronary
artery disease risk

Ehret et al.32 considered the causal effects of systolic blood

pressure (SBP) and diastolic blood pressure (DBP; both

measured in mmHg) on coronary artery disease (CAD) risk

using 29 uncorrelated genetic variants. We consider

data reported by Ehret et al. on genetic associations

with blood pressure in over 200 000 individuals based on

combined discovery and follow-up analysis, and data

used by Ehret et al. from the CARDIoGRAM consortium

Figure 3. Genetic associations with height and lung function from 180 variants measured in the ALSPAC dataset. Left: scatter plot of genetic associ-

ations with forced vital capacity (Ĉj) against associations with height (ĉj), with causal estimate of height on lung function estimated by inverse-vari-

ance weighted method. Right: funnel plot of minor allele frequency corrected genetic associations with height (ĉC
j ) against causal estimates based on

each genetic variant individually (b̂j).

Figure 4. Genetic associations with blood pressure and coronary artery disease risk from 29 variants—funnel plots of minor allele frequency corrected

genetic associations with blood pressure (ĉC
j ) against causal estimates of blood pressure on CAD based on each genetic variant individually (b̂j). Left:

funnel plot for systolic blood pressure. Right: funnel plot for diastolic blood pressure. The inverse-variance weighted (IVW) and MR-Egger causal ef-

fect estimates are also shown.
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