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“GWAS have so far identified only a small fraction of the
heritability of common diseases, so the ability to make
meaningful predictions is still quite limited”

Francis Collins, Director of the NIH, Nature, April 2010

Trait Heritability Individuals studied Heritability explained
(Family base)

Coronary artery 40% 86995 10%
disease

Type 2 Diabetes 40% 47117 10%
BMI 50% 249796 3%
Blood pressure 50% 34433 1%
Circulating lipids 50% 100000 25%
Height 80% 183727 12.5%



Motivation

How can we use gene expression and epigenetics to help us understand complex
trait genetics?

Majority of trait-associated
variation is non-coding.

Common hypothesis is that
most of these function by
altering gene expression.



eQTL analysis Statistics

Regression: find the coefficients for the effect of expression on genotype when
conditioned on the covariates in a linear model and test if they are significant
diffetent than 0

gene expression = 3, + f,genotype + [,covaraites

Expression Genotype Covaraite



Mapping expression (e)QTL
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* RNA expression levels can
be treated like any other
quantitative trait in QTL

mapping.
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» eQTL studies are sometimes
called genetical genomics

Myers, AJ. The age of the “ome": Genome, transcriptome and proteome data set collection and analysis
Brain Research Bulletin Volume 88, Issue 4 2012 294 - 301
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Genetic variants affect gene expression
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Association between genotype and RNA expression levels
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trans- effect
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GTEX Project

GTEXx Consortium v8 data

« 838 genotyped donors

« 17832 gene expression samples
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hierarchy of study design

Strength of
Evidence

Tamar Nijsten & Robert S. Stern 2012




In observational epidemiology
study

We want to find
o What is the causal effect

> the perfect approach to assess causation

How to achieve this goal
° Randomize control trial

° it is often not ethical or possible to carry out RCTs




What is Mendelian
randomization

*Fundamental idea is that the genotypes are randomly assigned (Medel’s
Law)

*Mendelian randomization (MR) is a statistical technique that uses genetic
variants as instrumental variables to investigate the causal relationship
between an exposure and an outcome.

*simulate the randomized controlled trial in observational research.

*Approach to test for a casual effect from observational data in the
presence of certain confounding factors

*Katan MB proposed this idea in genetics study in 1986



Comparison of the design of a Mendelian randomization study and a randomized

controlled trial.

Mendelian randomization

)

Randomized controlled trial

Random segregation of alleles

!

' v

Randomization method

v v

Exposed: Control:
intervention no intervention

Exposed: Control:
one allelle other allelle
Confounders equal

between groups

\J Y

Outcomes compared between groups

Confounders equal
between groups

\J A\

Outcomes compared between groups

Nature Reviews | Rheumatology



Mendelian randomization
(MR)

Use SNPs (G;) as instrumental variables to obtain causal effect of
exposure (E) on the outcome (Y)

Figure 1. Causal DAG for standard MR analysis
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Estimating causal effect of the
exposure on the outcome ([3)

Step 1. Estimate association between G and E (y)

Step 2. Estimate association between G and Y (6)

Y = 50 + 5]G] + ng
Step 3. Estimate causal effect ot Eon Y (]3)

A

. 0;
ﬁj=—]

_—ﬂ—



Instrument/Instrumental
variable (V)

A variable used to control for confounding

e\Widely used in econometrics and social science research and now
increasingly used in epidemiological studies

°It is a variable associated with the treatment (or exposure). In other
words, it affects whether or not the treatment is received.

* |t affects the outcome only through the treatment and it is
independent of confounders.

*The randomization assignment in randomized controlled trials (RCT) is
an example of an ideal instrument.

*Using IV identifies the causal average effect of the treatment on the
outcome independent of the unobserved sources of variability.



Instrument strength

»F statistics A measure of instrument strength and can be used to judge
the extent of weak instrument bias

»F statistics > 10, strong instrument

(Lawlor et al. 2008) U




Assumptions required in MR

1.  The genetic marker is associated with the exposure Yj+0

2. The genetic marker is independent of all confounders of the
exposure-outcome relationship (U)

No effect from Gj toU

3. [exclusion restriction] The genetic marker is independent of the
outcome given the exposure (E) and all confounders of the
exposure-outcome association (U)

No effect from G, to Y outside of G; 2> E>D>Y

7\

G — E1—’Y

Y1J



Violation of exclusion
restriction assumption

Direct pleiotropic effect U
“’7 YY

Y1 B
G —E1—Y
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Mediated pleiotropic effect
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Violation of exclusion restriction
assumption in multivariable MR

An illustration of MR analysis where a subset of SNPs with pleiotropic
effects

Slope = biased effect estimate

e g Slope = true effect




Multiple genetic variants

*In most circumstances, a single genetic variant individually
typically explains only a very small proportion of the variation in a
risk factor; referred as “weak instruments”, particularly in small
sample sizes.

*To overcome this, investigators have developed methods that use
multiple genetic variants that collectively explain more of the
variation in a risk factor than a single variant and thus have more
statistical power.

Hemani et al., 2018



MR using multiple instruments

For a given exposure-outcome pair, MR can be done
with multiple (independent) SNPs and then aggregated
for a more precise estimate
° Individual level data
> Polygenic score as a single instrument
o Summary statistics

o Multivariable MR: meta-analysis results from multiple
instruments

Combining information on multiple instrumental variables in Mendelian randomization:
comparison of allele score and summarized data methods (Burgess et al. 2015)



Two sample MR

A
Confounders
5 ™ F ~
- |
Gana:; mss:u";mant > Exposure * Outcome
\____ Samplel J € Sample1 J
B
Confounders
Genetic instrument |
e.9. SNP » Exposure | » Qutcome
\ Sample 1 j.l Sample 2

Zeng., et al Frontiers of Epidemiology 2019



Two Sample MR:
Multiple Variants v U

J Y, _
...... X . -aj -
Causal estimate using IVW ZJ ’}/ UY2/8
from summarized data: J 173 J 3 — /8
D vi |
(Approximates TSLS) j=1 73 O-Yj

where f§; == is the ratio method estimate for variant j,
and oy; is the standard error in the regression of the out-

come on the jth genetic variant, assumed to be known.



Steps to perform two-sample
MR

1.ldentify genetic instrumental variables (V)

2.0btain SNP-exposure associations from data source 1
3.0btain SNP-outcome associations from data source 2
4.Harmonize SNP effects on exposure and outcome
5.Generate MR estimates

6.Perform sensitivity analyses



1. Identify genetic instrumental variables

e Genetic IV are characterized as MNPsthat reliably associate with the exposure.
Genetic IV selection

* Statistical significance

e Genetic IV should be obtained from well-conducted GWAS, typically involving their
detection in a discovery sample at a GWASthreshold of statistical significance (e.g.
p<5x102) followed by replication in an independent sample.




1. Identify genetic instrumental variables

Genetic IV selection (cont.)

* Independence

e Genetic IV should be independent, i.e., not in linkage disequilibrium (LD).

¢ [Disthe correlation between nearby variants such that the alleles at
neighboring polymorphisms (observed on the same chromosome) are
associated within a population more often than if they were unlinked.

e Set IDthreshold at, e.g., R2=0.001 or R?=0.1 (LD clumping)

* Biological link with the exposure



2. Obtain SNP-exposure associations from data source 1

¢ Data to be extracted for each SNP are..

» Reference allele (e.g. G)
o Effect allele (e.g. A)
e Effect sizes (B,) and standard errors (o,) of effect alleles on the exposure.

e Other data are..
e Sample size, reference allele and effect allele frequency.



3. Obtain SNP-outcome associations from data source 2

e Aswith the exposure data, the outcome data must contain at a minimum
the effect alleles, the reference alleles, the effect sizes (B,) and their
standard errors (o,) of the effect alleles on the outcome.

LD proxies

e |f aparticular S\NPis not present in the outcome dataset, it is possible to

use INPsthat are LD proxies instead, i.e., use S\NPs that are in strong linkage
disequilibrium with the missing SNP

e Eg. minimum R2is 0.6 or 0.8.



4. Harmonize S\Peffects on exposure and outcome

* Genetic associations with exposures and outcomes are typically reported per
additional copy of a particular allele. Hence, when combining summarized data on
genetic associations, it is important to ensure that genetic associations are
expressed per additional copy of the same allele.

e This is particularly important as not all publicly-available data resources are
consistent about reporting strand information correctly.

* Togenerate a summary set for each I\P we need its effect and standard error
on the exposure and the outcome corresponding to the same effect alleles.



5 estimate MR

Multiple instruments:
Inverse variance weighted (IVW) method

e Traditional MR method which uses a meta-analysis approach to combine the
Wald ratio estimates of the causal effect obtained from different SNPs.

e |\VW estimates are equivalent to a weighted linear regression of SNP-outcome
associations on SNP- exposure associations with the intercept constrained to
zero

e F,-: genotype-disease associations (SEs: oyj)
* 7;: genotype-phenotype associations (SEs: oy;)

e With L instruments
« and instrument specific ratio estimates: 5; = T;/3;




VW estimate similar to IVW meta-analysis
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Borges MC. Mendelian Randomization. [PowerPoint presentation]. MRC Integrative Epidemiology Unit University of Bristol.



Inverse variance weighted (IVW) method

c IVW
Balanced horizontal pleiotropy

SNP effect on outcome
00 0.2 04 06 08 1.0

00 02 04 06 08 10

SNP effect on exposure
Hemani et al., 2018



Inverse variance weighted (IVW)

method

* The IVW method is the most efficient estimate of the causal effect
when all genetic variants are valid instruments.

* VW estimates can be biased in cases where one or more variants
exhibit horizontal pleiotropy (invalid instruments).

Horizontal pleiotropy

» Agenetic variant affects the outcome through pathways that are not

mediated via the exposure

U

association of genetic

Genetic

variant with risk factor (By;) factor

variant Gj

R I Sk causal effect of risk
factor on outcome (6)
> Qutcome
pleiotropic / direct effect of Y

genetic variant on outcome (a;)
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Obtain instruments from
exposure GWAS

Extract SNP effects from
outcome GWAS

//LD Proxies \

If an exposure instrument
is not avallable in the
euteoma GWAS then lock
for LD proxies in 1000

(O—Target SNP
(O—Best LD proxy

. AN

Harmonise exposure and

Exposure GWAS Outcome GWAS
outcome effects Effect |Other |Effect aliele Effect  |Other |Effect allele
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MR estimates and o7 :
sensitivity analyses b o
i
:
(]
ol
o
Q.
< i
e of° :° =}

Hemani et al., 2018




Multiple instruments —notice

LD assessment
° More result in confounding

o We can use plink clumped independent SNPs

Pleiotropy assessment
o MR-Egger regression

o Egger regression is used to examine publication bias

° intercept distinct from the origin provides evidence for pleiotropic effects

Population stratification assessment
° Exposure and outcome should be from the same race



Pleiotropy

» One gene can affect many (even seemingly unrelated)
phenotypes

» Mendelian Randomisation makes the assumption of no
pleiotropy

» In this case, this means that we know the genotype is only
influencing the phenotype via the considered exposure

» |.e. ApoE2 only affects serum cholesterol levels, and cannot
affect cancer risk by other, unobserved means.

» This is a big assumption, prior knowledge is necessary.

» If possible, using multiple, independent SNPs (instruments)
helps to alleviate this issue (as if they are all consistent then it

is unlikely that they all have other pathways causing the same
change) - but note they must not be in Linkage
Disequilibrium!




Horizontal pleiotropy

J Tobacco |
I consumption l

ALDH2 Alcohol Bldod
- g . ° »
variants consumption pressure



Detecting and controlling for pleiotropic
bias in MR

* Detecting for pleiotropic bias
* Average pleiotropic bias
* MR-Egger regression

* SNPs with pleiotropic bias as outliers
* Heterogeneity test (modified Q and modified Q')

* MR-PRESSO

* Controlling for pleiotropic bias
* Average pleiotropic bias
* MR-Egger regression
* With known mediated pleiotropic bias
* Multivariable MR
* SNPs with pleiotropic bias as outliers

* MR-PRESSO
* Median-based MR estimator
* Mode-based MR estimator




Mendelian Randomization Pleiotropy
RESidual Sum and Outlier approach:
MR-PRESSO

* MR-PRESSO detects and corrects for pleiotropic
bias in 2-sample MR

* Correcting for pleiotropic bias in MR while
preserving the statistical power of IVW meta-
analysis

I rondolab / MR-PRESSO & Watch= 1 % Star 3 Fork &

< Code Issues 1 Pull requests 0 Projects 0 Wiki Insights

Perfarms the Mendelian Randomization Pleiotropy RESidual Sum and Qutlier (MR-PRESS0) method.

https://github.com/rondolab/MR-PRESSO
Verbanck*, Chen*, Neale®, Do®. 2018.



MR-PRESSQO: Overview of the method

Deleted residual sum of squares (RSS)

a). Detection of pleiotropic biasin *
for the weighted regression of r,;on

MR (global test L
(8 ) y,,; with intercept 0 (IVW meta-
1 e analysis)
RSS() | 7 = A 12
= 1 ofs=m RSScbs= Z Rssabs U} = Z {f}— ﬁ_ﬂj)
E ASS(2) P ol i i
& o | nssie)
% o * Calculate observed RSS
; ;5“53*53 * Simulate null distribution of RSS based
: 4 ASS,,, = TASS 1) on d
: S = ~random.. . ™
HEEE-S' " ;._f:} 6H35“} MB-PRESSD T_} Jl’si'r{Tf V (T}) ) l:E‘IpDSI_.IrE}
ﬁ: onaltest and '
RSSL, - RSSL, = ERSSL (... ERSST_ (/) ~random .. A -~
Variant effect sires F_:-lp::.:':': * ]'—‘;ﬁn o Jlnur(ﬁ_j.fj’ V(]'_-:f)) {DUtEDmE}

* Empirical p-value




MR-PRESSO: Overview of the method

b). Correction of MR IVW meta- * Simulation based
analysis by removal of SNPs with outlier test using RSS
pleiotropic bias (outlier test) for each SNP (with
Bonferroni correction)
ki 1 + . ,
g . Tﬁssm 2 i
PRI i o * Corrected IVW meta-
O Sy ﬁ o ..
PATA F analysis is performed
8 - E #;i WITHOUT outlier SNPs
: S RssL) = T RSS . @)
2 s ° MR-PRESSO o ® MFR-PRESSO
= 4 outliertest1 = - outlier test 2
RSSuyll).... RSSGN | RSS5pl2)..... ASS5,(2)
Varianl effect sizes: Exposure g Variant effect sizes: Exposure r




MR-PRESSO: Overview of the method

c). Test of significant differences in * Distortion (D) is defined as
the causal estimates before and the percentage of the
after correction (distortion test) causal estimate that is due
to significant horizontal
pleiotropic outlier variants

M

O orma

causal,o causal

D=100x

ol ol sizes:

* Simulation framework to
generate empirical p-value
for D




MR-egger concept

« |n Mendelian Randomization when multiple genetic
variants are being used as [Vs, Egger regression
can:

o ldentify the presence of ‘directional’ pleiotropy
(biasing the IV estimate)

o provide a less biased causal estimate
(in the presence of pleiotropy)

However, MR Egger lacks power



Detecting average pleiotropic bias:
MR-Egger regression

* MR-Egger regression under InSIDE condition”

I:hll,j = ﬁ[} + ﬁcausal?l,j + Ej

*InSIDE: Instrument Strength Independent of Direct Effect
{]“1,;' 1 ﬂj]

U
Dy Py
A 4&1153!
G —Ei—'Y

~_

Qi

Bowden et al. 2015. International
Journal of Epidemiology.




Egger regression: R
= Bor + BEY;-

E{- r‘lr Increasing

| I | ) 1 P> instrument

0 Y strength
Egger’s test assesses whether the intercept term is significantly
different from zero. The estimated values of the intercept can be
mterpreted as the average pleiotropic effect across all genetic variants.
An intercept term different from zero indicates directional pleiotropy



Median-based estimator

E Median-based estimator
Minority horizontal pleiotropy

1.0

» The median-based estimator
provides an unbiased causal
estimate when the majority of SNPs
are valid instruments.

* |t takes the median (or weighted
median) of all IV causal estimates.

* This estimator is consistent when at _
least 50% of the instrumental T T T T
variables are valid. 00 02 04 06 08 10

S\P effect on exposure

SNP effect on outcome
00 02 04 06 08

Hemani et al., 2018



Mode-based estimator

F Mode-based estimator
Majority horizontal pleiotropy

1.0

» The mode-based estimator clusters
the SNPsinto groups based on
similarity of causal effects, and
returns the causal effect estimate
based on the cluster that has the
largest number of SNPs

* It gives an unbiased causal effect if
the SN\Ps within the largest cluster
are valid instruments. 56 B DA BE 08 A0

SNP effect on outcome

00 02 04 06 08
|

SNP effect on exposure

Hemani et al., 2018



Comparison of MR method
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Two sample MR design

SNPs
n PCSK9 and ‘
HMGCR

Nejm 2016

PCSK9 & HMGCR




A PCSK9 Score

Difference in LDL Cholesterol vs. Odds Ratio for Myocardial Infarction
Score below Median or Reference or Death from CHD (95% Cl)
mg/dl
PCSK9 score above median -42 —i— I 0.92 (0.88-0.95)
Quartile of PCSK9 scares i
4 58 . 089 (0.84-0.04)
3 -39 —a— 0.93 (0.88-0.98)
2 13 — 0.7 (091-L03)
1 Reference [ | Reference

\ T T \ f T
-0.20 -0.15 -0.10 005 0 0.5

Natural Logarithm of Odds Ratio

Variation in PCSK9 and
HMGCR and Risk of
Cardiovascular Disease
and Diabetes

B HMGCR Score

Difference in LDL Cholesterol vs. Odds Ratio for Myocardial Infarction
Score below Median or Reference or Death from CHD (95% Cl)
mg/dl
HMGCR score above median -32 —i— : 0.93 (0.90-0.97)
Quartile of HMGCR scores :
4 46 —a— 090 (0.85-0.95)
3 31 —— 093 (0.88-098)
2 12 —_— 0.98 (0.92-1.04)
1 Reference ' Reference

Y I I BN B
-0.20 -0.15 -0.10 005 0 005
Natural Logarithm of Odds Ratio

C Effect of PCSK9 and HMGCR Scores on Risk of Myocardial Infarction or Death from CHD per Unit Change
in LDL Cholesterol

Standardized Difference ~ Odds Ratio for Myocardial Infarction or Death from
in LDL Cholesterol ~ CHD (95% Cl) per Decrease in LDL Cholesterol of 10 mg/dl

mg/dl
PCSK9 genetic score -10.0 e ] : 0.1 (0.74-0.89)
HMGCR genetic score -10.0 s e | 0.81 (0.72-0.90)
T | | | |
-040 -030 -020 -010 0 010

Natural Logarithm of Odds Ratio

Figure 1. Effect of PCSK9 and HMGCR Genetic Scores on the Risk of Myocardial Infarction or Death from Coronary

Heart Disease.

* PCSK9 and HCGMR
reduce serum LDL ¢
level

* PCSK9 are evaluated
clinical trail for treatment
CVD

* Global Lipids Genetics
consortium choose lvs
(P<5*103)

Nejm




A Myocardial Infarction or Death from CHD

Difference in LDL Cholesterol vs. Odds Ratio for Myocardial Infarction
Group Both Scores below Median or Death from CHD (95% Cl)
mg/dl
Both scores above median -11 . 0.88 (0.83-0.93)

PCSK9 score above median 4.4 —l—
HMGCR score above median -33 = =

i

|

|

|

|
1 T T | ! T

-020 015 -010 -0.05 0 005

Natural Logarithm of Odds Ratio

093 (090-098) |
0.95 (0.91-0.99)

B Diabetes
Difference in LDL Cholesterol vs. Odds Ratio for Diabetes
Group Both Scores below Median (95% Cl)
mg/dl
Both scores above median -11 : B 111 (1.04-1.19)
PCSK9 score above median 44 o — 1.07 (1.00-1.13)
HMGCR score above median -33 :+ 1.06 (1.01-1.11)

T i T I I T T
=005 ¢ 005 010 015 020 025

Natural Logarithm of Odds Ratio

Figure 2. 2x2 Factorial Analysis of the Separate and Combined Effects of PCSK9 and HMGCR Genetic Scores
on the Risk of Cardiovascular Events and Diabetes.

Boxes represent point estimates of effect. Lines represent 95% Cls.




Odds Ratio for Diabetes (95% CI) per Decrease

Glucose Level No. of Incident Cases in LDL Cholesterol of 10 mg/dl
Overall 6295 i
PCS5K9 genetic score i—-— 1.11 (1.00-1.26)
HMGCR genetic score E—.— 1.12 (1.00-1.25)
Impaired fasting glucose: =100 mg/d| 2319 !
(N=7383) !
PCSK9 genetic score | u 1.22 (1.03-1.45)
HMGCR genetic score | L 1.19 (1.00-1.41)
Normal fasting glucose: <100 mg/dl 1608 i
(N=23,694) !
PC5K9 genetic score L 0.99 (0.84-1.17)
HMGCR genetic score — ] 1.04 (0.89-1.22)

1 i T T | T
-0.10 00 010 020 030 040
Natural Logarithm of Odds Ratio

Figure 4. Effect of PCSK9 and HMGCR Scores on the Risk of Incident Diabetes.

A total of 6295 incident cases of diabetes occurred during follow-up in the prospective cohort studies. After the exclu-
sion of participants with prevalent diabetes, baseline fasting plasma glucose levels were available for 31,077 partici-
pants. The main analysis included all the participants after the exclusion of 4340 participants with prevalent diabetes;
the subgroup analysis that was stratified according to fasting plasma glucose level included the 31,077 participants
without prevalent diabetes for whom baseline fasting plasma glucose levels were available. Boxes represent point
estimates of effect. Lines represent 95% Cls.




Serum Urate and CKD

Cumulative incidence, %

Logrank P<.001

21 SNPs associated with serum

urate from GWAS catalog in EAS
population

Follow-up time, year

— Non-hyperuricemia --- Hyperuricemia

LD, confounding,

»
»

pleiotropy effect




Serum Urate and CKD

Method Estimate (95% CI) P value
VW 008 (—0.40, 0.56) S — 075
— MR-Egger -026 (—0.99,0.47) o 049

Simple median 0.34 (—0.47, 1.15) o 04l

Weighted median 032 (—=0.23,0.87) — 0.26

Simple mode 006 (—0.74,0.86) 0.88

Weighted mode 0,06 (—0.38,0.50) 079

MR-PRESSO 0.08 (—0.40, 0.56) 075

—Il —6.5 (IJ 0.5 II
Causal estimate (95% CI)

FIGURE 2. Mendelian randomization analyses of the effect of serum urate on risk of incident chronic
kidney disease. VW, inverse-variance weighted least squares regression; MR, Mendelian randomization;
MR-PRESSO, Mendelian Randomization Pleiotropy Residual Sum and Outlier.

Table 3Genetic Risk Scores of Serum Urate and Risk of Incident
g:hronic Kidney Disease

| HR (95% ClI) P
‘Weighted GRS 1.03 (0.72-1.46) .89
SLC2A9 (rs3733588) 1.09 (0.93-1.28) .28

Mayo Clin Proc. n April 2023;98(4):513-52
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Mendelian randomization
software

MendelianRandomization in R package
> Encodes several methods for performing Mendelian randomization analyses
with summarized data. Summarized data on genetic associations with the
exposure and with the outcome can be obtained from large consortia. These
data can be used for obtaining causal estimates using instrumental variable

methods

Two stage least square regression
o Using plink choose the instrument variants

> GRS
o SAS/R/STAT



MR applied to transcriptome-wide
association study (TWAS): SMR
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Zhu et al. 2016. Nature Genetics




Two step MR

A Step 1
SNP 1
betal .
Exposure [— —>| CpG >1 Phenotype
B Step 2 °
SNP 2
beta2
h 4
Exposure > CpG [— —>{ Phenotype

Figure 4 Two-step epigenetic Mendelian randomization:
applying the principle of Mendelian randomization to

DNA methylation as an intermediate phenotype. Genetic
variants can be used as instrumental variables in a two-step
framework to establish whether DNA methylation is on the
causal pathway between exposure and disease. An overview
of the two-step framework of this approach is shown.

(A) First, an SNP is used to proxy for the environmentally
modifiable exposure of interest and (B) secondly, a different
SNP is used to proxy for DNA methylation levels

Beta,beta 1, and beta 2 all significant

* betal * beta 2 (indirect /mediator)

* beta-(beta 1 *beta 2) (director)
Beta O no-sig + both beta 1 and beta 2
significant

* Mediator is contributed all effect

form exposure to outcome

Beta O significant + betal or beta2
significant

* mediator in not true




Example for two step MR

Mediators of the association between educational attainment and type 2
diabetes mellitus: a two-step multivariable Mendelian randomisation

>1200 SNPs

Years of schooling

T

study

84% mediation by
modifiable risk factors

__»  Type2diabetes melitus

.

(Multivariable)
Mendelian
randomisation

Zeng., et al

Diabetologia volume 65, pages1364—1374

2022



https://link.springer.com/journal/125
https://link.springer.com/journal/125

Summary

olVW MR the most powerful option, but assumes the absence of
horizontal genetic pleiotropy

oMR Egger, Weighted Median and Modal based estimators relax the
strict requirement of no horizontal pleiotropy, but at the cost of
decreased statistical power

oCrucial to perform sensitivity analyses and obtain metrics regarding
the likely reliability of the MR estimates



MR base website

www.mrbase.org

T— sl CANCER
Epidemioiagy b RESEARCH
Linig el UK

. . . % University of
mMRBéSE 2-sample Mendelian Randomisation BEBRISTOL  LGE

S0 M MR-Basewebapp  Rpackage#  PheWAS  Publications

MR-Base paper published

MR-base is a database and analytical platform for Mendelian The MR-Base paper has now been
randomization being developed by the MRC Integrative Epidemiology published in eLife. See the

publications page for detalils.
Unit at the University of Bristol.

You can either use the web application or our TwoSampleMR R
package.

Qur paper reporting Association
of Cancer and Non-Neoplastic
Diseases has been published in

Jama Oncology. See the publications
page to access supporting data.

Telomeres paper published

Naote - by clicking the "Launch MR-Base webapp” button you consent to the use of a cookie which enables us to ensure you
have consenfed fo the terms and conditions of data access. Information about how to control or delefe cookies can be found
af www aboufcookies.org

Gibran Hemani, Jie Zheng, Kaitlin H Wade, Charles Laurin, Benjamin Elsworth, Stephen
Burgess, Jack Bowden, Ryan Langdon, Vanessa Tan, James Yarmolinsky, Hashem A. $ The MR-
Base platform supports systematic causal inference across the human phenome. eLife 2018.

doi: https://doi.org/10.7554/eL ife.34408
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