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GWAS have yielded a wealth of germline 
variants associated with different traits
and diseases

However, the translational impact of 
GWAS results has been limited 

o Predict disease occurrence?

! Polygenic risk scores (PRS)

o New insights into etiology?

! PRS, Mendelian randomization

Motivation

Introduction

Tam et al. Nature Reviews Genetics (2019) 20: 467 – 484



I. Polygenic risk score (PRS) basics: 

o Understand the goals of a PRS analysis
o Learn how to construct and apply a PRS

II. Critically evaluating PRS studies:

o Discuss Lambert et al. (2019) article 

III. From association to causation: Mendelian Randomization (MR)

o Understand the goals of an MR analysis  
o Understand similarities and differences between MR and PRS

Lecture Overview

Outline
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Part I:

Polygenic risk score (PRS) basics



Introduction

PRS1.

What is a polygenic risk score (PRS) / genetic risk score (GRS)?

1 × 0.028  +  2 × 0.048

o Quantitative measure of an individual’s cumulative genetic 
risk (disease) or predisposition (traits) 

o Quantitative summary of one’s genetic vulnerability (disease) 
or propensity (trait) 

! Sum of risk alleles weighted by their effect sizes (beta 
coefficients from linear or logistic regression models or 
other effect measures)

! Typically comprised of independent variants    
reaching a given p-value threshold
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What can a PRS be used for?

Introduction

PRS

o Genetic prediction: prioritize individuals with a genetic predisposition 
to adverse health outcomes for appropriate interventions 

! High PRS for breast cancer à earlier or more frequent screening

! Low PRS for vitamin D à increased dietary supplementation

o Insight into biological pathways: shared genetic basis between traits

! High PRS for BMI à Increased risk of cardiovascular disease

! High PRS for cigarettes/day à Decreased forced vital capacity (lung function)
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Overview

PRS

1. Select associated variants
2. Obtain risk alleles and effect sizes

Input data: GWAS summary stats Target data: independent population

1. Calculate PRS: weighted allele sum
2. Evaluate associations with outcome(s)



2.

Workflow

PRS

Choi et al. Nature Protocols (2020) 15: 2759 – 2772

High-level analytic decisions:

o How to assign weights to variants in the PRS?
! Are the variants independent or do the weights (betas)  

need to be shrunk to account for LD?

o Before you PRS conduct GWAS QC in the target sample

o Data processing is crucial for calculating the PRS 
! Determine the effect allele and align betas appropriately
! Obtain LD proxies for missing variants

o How to select variants for inclusion in the PRS?
! Consider association thresholds (p-values), LD 

structure, variant frequency, functional features
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Data Processing

PRS

Step 1: obtain or generate GWAS summary statistics for your trait
o Conduct literature search to identify all relevant studies and collate results
o Identify a single data source: largest/most recent GWAS meta-analysis rs123: A/G [T/C] 

effect = A 
MAF (A)= 0.25

rs456: A/T [T/A] 
effect = A ? 
MAF (A)= 0.25
MAF (A)= 0.49

ü For continuous traits weights are β from linear regression
o Watch out for units: scales across studies (cm/in), transformations (log) 

ü For dichotomous traits weights are derived from odds ratios: β=log(OR)

ü Both alleles are reported (A1/A2) and effect allele (EA) is not ambiguous
o Exclude A/T, T/A, G/C, C/G variants or resolve strand ambiguity 

Step 2: perform basic data checks on the input summary statistics

ü SNP identifiers (rs ID, chr:pos), chromosome, and position are present
o Watch out for differences in genome build between datasets

ü Only use associations from well-imputed SNPs (in both datasets)

+

- +

-
+

- +

-
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PRS Calculation

PRS

https://privefl.github.io/bigsnpr/articles/pruning-vs-clumping.html
Privé et al. AJHG (2019) 6(5): 1213 – 1221

Clumping and Thresholding (C+T)

o Select the variant with the lowest p-value per LD region

! Clumping ≠ pruning: selects one SNP from correlated pair, typically with higher MAF, 
agnostically  (without considering p-values)

o P-value thresholds: traditional PRS use P<5×10-8, but adding more variants results in a more 
powerful PRS and improves predictive performance

! P-value tuning: calculate PRS over a range of p-values and select one that maximizes prediction
! However, this incurs a high multiple testing burden, requires separate train, test, and validation 

datasets, and access to full GWAS summary statistics

o LD thresholds: traditional PRS use independent variants (e.g.: LD<0.1) 

! Inclusion of variants in LD with original effect sizes leads to overfitting
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PRS Calculation

PRS

Kachuri et al. Nature Communications (2020) 11: 6084

Standard PRS calculation for C+T:

𝑃𝑅𝑆 =%
!"#

$

𝑥%! '𝛽!

Genotype or dosage for SNP j in individual i

Effect size of SNP j (marginal effect rom additive model)

𝑃𝑅𝑆&' =%
!"#

$

𝑥%!
'𝛽!

𝑆𝐸( '𝛽!) Standard error of  SNP j effect size

Alternative PRS calculation for C+T that accounts for uncertainty in SNP effect size
o Crude shrinkage that is helpful when PRS inputs are sourced from multiple studies
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PRS Calculation

PRS

Kachuri et al. Nature Communications (2020) 11: 6084
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Risk allele weights
PRSunw : none
PRSβ :  log(OR)=β
PRSIV : β SE(β)

481 612 1541 970 445 643 282 890 2725 1805 493 4760 4740 340 191 52
(14) (19) (109) (19) (36) (9) (10) (15) (103) (24) (22) (162) (161) (75) (12) (52)

Cases
(SNPs)

PRS for 16 cancers using C+T

! Derived from systematic 
search of all published GWAS

! P<5×10-8 and r2<0.30

Applied to UK Biobank 
(external population)

PRSIV shows stronger or 
equivalent associations to 
standard PRS for most cancers 
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PRS Calculation

PRS

More advanced methods using penalization to account for LD structure

o Best Linear Unbiased Predictor (BLUP)

! Jointly estimated effect sizes for variants using linear mixed models
! Assumes an infinitesimal (Gaussian) genetic architecture where all variants       

are causal, but some effect sizes are shrunk close to 0 

! Requires individual-level data to calculate genetic variance-covariance matrix, 
which is computationally intensive for large datasets

o More recent extensions: sBLUP

! Removes the requirement for individual-level data
! Uses external LD reference to obtain BLUP (joint-fit) effect sizes
! Conceptually similar to LDPred

Yang et al. Am J Hum Genet (2011) 88(1): 76 – 82
Robinson et al. Nat Hum Behavior (2017) 1: 0016
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PRS Calculation

PRS

More advanced methods using penalization to account for LD structure

o LDPred: Bayesian version of BLUP using external LD reference
! Posterior mean effect size of each SNP is estimated by using a prior:

! Where ℎ!" is the heritability, 𝑀 is the number of variants, 𝑝 is the 
proportion of causal variants, which is unknown

! Requires training and testing to tune 𝑝, computationally intensive 

o LDPred-2: new and improved LDPred
! Claims to better handle long-range LD (HLA region)
! Includes a sparse model where some weights are shrunk to 0
! Parallelized computation by chromosome Vilhjálmsson et al. Am J Hum Genet (2015) 97(4): 576 – 592

Privé et al. Bioinformatics (2020) btaa1029

LETTERS
https://doi.org/10.1038/s41588-018-0183-z

1Center for Genomic Medicine, Massachusetts General Hospital, Boston, MA, USA. 2Cardiology Division of the Department of Medicine, Massachusetts 
General Hospital, Boston, MA, USA. 3Harvard Medical School, Boston, MA, USA. 4Cardiovascular Disease Initiative of the Broad Institute of Harvard and 
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A key public health need is to identify individuals at high risk 
for a given disease to enable enhanced screening or preven-
tive therapies. Because most common diseases have a genetic 
component, one important approach is to stratify individuals 
based on inherited DNA variation1. Proposed clinical applica-
tions have largely focused on finding carriers of rare monogenic  
mutations at several-fold increased risk. Although most dis-
ease risk is polygenic in nature2–5, it has not yet been possible 
to use polygenic predictors to identify individuals at risk com-
parable to monogenic mutations. Here, we develop and vali-
date genome-wide polygenic scores for five common diseases. 
The approach identifies 8.0, 6.1, 3.5, 3.2, and 1.5% of the pop-
ulation at greater than threefold increased risk for coronary 
artery disease, atrial fibrillation, type 2 diabetes, inflamma-
tory bowel disease, and breast cancer, respectively. For coro-
nary artery disease, this prevalence is 20-fold higher than 
the carrier frequency of rare monogenic mutations conferring 
comparable risk6. We propose that it is time to contemplate 
the inclusion of polygenic risk prediction in clinical care, and 
discuss relevant issues.

For various common diseases, genes have been identified in 
which rare mutations confer several-fold increased risk in het-
erozygous carriers. An important example is the presence of a 
familial hypercholesterolemia mutation in 0.4% of the popula-
tion, which confers an up to threefold increased risk for coronary 
artery disease (CAD)6. Aggressive treatment to lower circulating 
cholesterol levels among such carriers can significantly reduce 
risk7. Another example is the p.Glu508Lys missense mutation in 
HNF1A, with a carrier frequency of 0.1% of the general popula-
tion and 0.7% of Latinos8, which confers up to fivefold increased 
risk for type 2 diabetes9. Although the ascertainment of mono-
genic mutations can be highly relevant for carriers and their 
families, the vast majority of disease occurs in those without  
such mutations.

For most common diseases, polygenic inheritance, involving 
many common genetic variants of small effect, plays a greater role 
than rare monogenic mutations2–5. However, it has been unclear 
whether it is possible to create a genome-wide polygenic score 
(GPS) to identify individuals at clinically significantly increased 
risk—for example, comparable to levels conferred by rare mono-
genic mutations10,11.

Previous studies to create GPSs had only limited success, pro-
viding insufficient risk stratification for clinical utility (for example, 
identifying 20% of a population at 1.4-fold increased risk relative to 
the rest of the population)12. These initial efforts were hampered by 
three challenges: (1) the small size of initial genome-wide associa-
tion studies (GWASs), which affected the precision of the estimated 
impact of individual variants on disease risk; (2) limited computa-
tional methods for creating GPSs; and (3) a lack of large datasets 
needed to validate and test GPS.

Using much larger studies and improved algorithms, we set out 
to revisit the question of whether a GPS can identify subgroups of 
the population with risk approaching or exceeding that of a mono-
genic mutation. We studied five common diseases with major public 
health impact: CAD, atrial fibrillation, type 2 diabetes, inflamma-
tory bowel disease, and breast cancer.

For each of the diseases, we created several candidate GPSs based 
on summary statistics and imputation from recent large GWASs in 
participants of primarily European ancestry (Table 1). Specifically, 
we derived 24 predictors based on a pruning and thresholding 
method, and 7 additional predictors using the recently described 
LDPred algorithm13 (Methods, Fig. 1 and Supplementary Tables 1–6).  
These scores were validated and tested within the UK Biobank, 
which has aggregated genotype data and extensive phenotypic 
information on 409,258 participants of British ancestry (average 
age: 57 years; 55% female)14,15.

We used an initial validation dataset of the 120,280 participants 
in the UK Biobank phase 1 genotype data release to select the GPSs 
with the best performance, defined as the maximum area under the 
receiver-operator curve (AUC). We then assessed the performance 
in an independent testing dataset comprised of the 288,978 partici-
pants in the UK Biobank phase 2 genotype data release. For each 
disease, the discriminative capacity within the testing dataset was 
nearly identical to that observed in the validation dataset.

Taking CAD as an example, our polygenic predictors were derived 
from a GWAS involving 184,305 participants16 and evaluated based 
on their ability to detect the participants in the UK Biobank validation  
dataset diagnosed with CAD (Table 1). The predictors had AUCs 
ranging from 0.79–0.81 in the validation set, with the best predic-
tor (GPSCAD) involving 6,630,150 variants (Supplementary Table 1). 
This predictor performed equivalently well in the testing dataset, 
with an AUC of 0.81.

Genome-wide polygenic scores for common 
diseases identify individuals with risk equivalent 
to monogenic mutations
Amit V. Khera1,2,3,4,5, Mark Chaffin! !4,5, Krishna G. Aragam1,2,3,4, Mary E. Haas4, Carolina Roselli! !4, 
Seung Hoan Choi4, Pradeep Natarajan! !2,3,4, Eric S. Lander4, Steven A. Lubitz! !2,3,4,  
Patrick T. Ellinor! !2,3,4 and Sekar Kathiresan! !1,2,3,4*
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We then investigated whether our polygenic predictor, GPSCAD, 
could identify individuals at similar risk to the threefold increased 
risk conferred by a familial hypercholesterolemia mutation6. Across 
the population, GPSCAD is normally distributed with the empirical  

risk of CAD rising sharply in the right tail of the distribution, from 
0.8% in the lowest percentile to 11.1% in the highest percentile  
(Fig. 2). The median GPSCAD percentile score was 69 for individuals 
with CAD versus 49 for individuals without CAD. By analogy to the 

Table 1 | GPS derivation and testing for five common, complex diseases

Disease Discovery 
GWAS (n)

Prevalence in validation 
dataset

Prevalence in testing 
dataset

Polymorphisms 
in GPS

Tuning 
parameter

AUC (95% 
CI) in 
validation 
dataset

AUC 
(95% CI) 
in testing 
dataset

CAD 60,801 
cases; 
123,504 
controls16

3,963/120,280 (3.4%) 8,676/288,978 (3.0%) 6,630,150 LDPred 
(ρ!= !0.001)

0.81 (0.80–
0.81)

0.81 
(0.81–
0.81)

Atrial fibrillation 17,931 cases; 
115,142 
controls30

2,024/120,280 (1.7%) 4,576/288,978 (1.6%) 6,730,541 LDPred 
(ρ!= !0.003)

0.77 (0.76–
0.78)

0.77 
(0.76–
0.77)

Type 2 diabetes 26,676 
cases; 
132,532 
controls31

2,785/120,280 (2.4%) 5,853/288,978 (2.0%) 6,917,436 LDPred 
(ρ!= !0.01)

0.72 (0.72–
0.73)

0.73 
(0.72–
0.73)

Inflammatory 
bowel disease

12,882 
cases; 
21,770 
controls32

1,360/120,280 (1.1%) 3,102/288,978 (1.1%) 6,907,112 LDPred 
(ρ!= !0.1)

0.63 (0.62–
0.65)

0.63 
(0.62–
0.64)

Breast cancer 122,977 
cases; 
105,974 
controls33

2,576/63,347 (4.1%) 6,586/157,895 (4.2%) 5,218 Pruning and 
thresholding 
(r/2!< !0.2; 
P!<!5!× !10−4)

0.68 (0.67–
0.69)

0.69 
(0.68–
0.69)

AUC was determined using a logistic regression model adjusted for age, sex, genotyping array, and the first four principal components of ancestry. The breast cancer analysis was restricted to female 
participants. For the LDPred algorithm, the tuning parameter ρ reflects the proportion of polymorphisms assumed to be causal for the disease. For the pruning and thresholding strategy, r2 reflects the 
degree of independence from other variants in the linkage disequilibrium reference panel, and P reflects the P value noted for a given variant in the discovery GWAS. CI, confidence interval.

Association statistics from previously
published genome-wide association study

Choose best polygenic score based on 
maximal AUC in UK Biobank 

phase 1 validation dataset (n = 120,280)

Assess association of best polygenic score 
with disease in UK Biobank phase 2 testing 

dataset (n = 288,978) 

Derive 31 candidate polygenic scores for each disease:
(1) Pruning and thresholding (24 scores)
(2) LDPred algorithm (7 scores)
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Linkage disequilibrium reference panel from
1000 Genomes Europeans (n = 503)

Fig. 1 | Study design and workflow. A GPS for each disease was derived by combining summary association statistics from a recent large GWAS and 
a linkage disequilibrium reference panel of 503 Europeans34. Then, 31 candidate GPSs were derived using two strategies: (1) ‘pruning and thresholding’ 
(that is, the aggregation of independent polymorphisms that exceeded a specified level of significance in the discovery GWAS); and (2) the LDPred 
computational algorithm13, a Bayesian approach to calculate a posterior mean effect for all variants based on a prior (effect size in the previous GWAS) 
and subsequent shrinkage based on linkage disequilibrium. The seven candidate LDPred scores vary with respect to the tuning parameter ρ (that is, the 
proportion of variants assumed to be causal), as previously recommended13. The optimal GPS for each disease was chosen based on the AUC in the 
UK Biobank phase 1 validation dataset (n!= !120,280 Europeans) and subsequently calculated in an independent UK Biobank phase 2 testing dataset 
(n!= !288,978 Europeans).
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PRS Calculation

PRS

More advanced methods using penalization to account for LD structure

o Using individual-level data

! Re-estimate joint SNP effects using LASSO, Elastic Net, Ridge,     
or any other shrinkage method

! Consider pre-selecting variants (p<0.01 and LD r2<0.8) to reduce 
computational burden (but not going as far as C+T)

! Requires adequate training, testing, and validation sample size

o Using summary statistics: lassosum

! Weights obtained by applying elastic net penalization
! Tuning parameters derived using an external LD reference panel

Mak et al. Genetic Epidemiology (2017) 41(6): 469 – 480
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Association Testing

PRS

o Raw PRS is usually mean centered and scaled to have SD=1
o Models should include appropriate covariates (age, PC’s)

o For continuous traits fit linear regression models:

! Estimate β per unit increase in PRS
! Examine the variance explained (R2) by the PRS
! Partial R2: correlation between the trait and PRS after having 

residualized both of them using a set of covariates

o For dichotomous (disease) traits use logistic regression:

! Estimate OR per unit increase in PRS
! When comparing OR’s across PRS deciles or other cut-points use 

the average-risk group as the reference 
! Assess predictive performance: AUC, pseudo R2, Brier score, NRI 

LETTERSNATURE GENETICS

traditional analytic strategy for monogenic mutations, we defined 
‘carriers’ as individuals with GPSCAD above a given threshold and 
‘non-carriers’ as all others.

We found that 8% of the population had inherited a genetic  
predisposition that conferred ≥  threefold increased risk for CAD 
(Table 2). Strikingly, the polygenic score identified 20-fold more 
people at comparable or greater risk than were found by familial 
hypercholesterolemia mutations in previous studies6,7. Moreover, 
2.3% of the population (‘carriers’) had inherited ≥  fourfold 
increased risk for CAD and 0.5% (‘carriers’) had inherited ≥  five-
fold increased risk. GPSCAD performed substantially better than 
two previously published polygenic scores for CAD that included 
50 and 49,310 variants, respectively (Supplementary Table 7 and 
Supplementary Fig. 1)17,18.

GPSCAD has the advantage that it can be assessed from the time 
of birth, well before the discriminative capacity emerges for the risk 
factors (for example, hypertension or type 2 diabetes) used in clini-
cal practice to predict CAD. Moreover, even for our middle-aged 
study population, practising clinicians could not identify the 8% of 
individuals at ≥  threefold risk based on GPSCAD using conventional 
risk factors in the absence of genotype information (Supplementary 
Table 8). For example, conventional risk factors such as hypercholes-
terolemia were present in 20% of those with ≥  threefold risk based 
on GPSCAD versus 13% of those in the remainder of the distribution. 
Hypertension was present in 32 versus 28%, and a family history 
of heart disease was present in 44 versus 35%, respectively. Making 
high GPSCAD individuals aware of their inherited susceptibility may 
facilitate intensive prevention efforts. For example, we previously 
showed that a high polygenic risk for CAD may be offset by one of 
two interventions: adherence to a healthy lifestyle or cholesterol-
lowering therapy with statin medications19–21.

Our results for CAD generalized to the four other diseases: 
risk increased sharply in the right tail of the GPS distribution 
(Fig. 3). For each disease, the shape of the observed risk gradi-
ent was consistent with predicted risk based only on the GPS 
(Supplementary Figs. 2 and 3).

Atrial fibrillation is an underdiagnosed and often asymptomatic 
disorder in which an irregular heart rhythm predisposes to blood 
clots and is a leading cause of ischemic stroke22. The polygenic  
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Fig. 2 | Risk for CAD according to GPS. a, Distribution of GPSCAD in the UK Biobank testing dataset (n!= !288,978). The x!axis represents GPSCAD, with values 
scaled to a mean of 0 and a standard deviation of 1 to facilitate interpretation. Shading reflects the proportion of the population with three-, four-, and 
fivefold increased risk versus the remainder of the population. The odds ratio was assessed in a logistic regression model adjusted for age, sex, genotyping 
array, and the first four principal components of ancestry. b, GPSCAD percentile among CAD cases versus controls in the UK Biobank testing dataset.  
Within each boxplot, the horizontal lines reflect the median, the top and bottom of each box reflect the interquartile range, and the whiskers reflect 
the maximum and minimum values within each grouping. c, Prevalence of CAD according to 100 groups of the testing dataset binned according to the 
percentile of the GPSCAD.

Table 2 | Proportion of the population at three-, four- and 
fivefold increased risk for each of the five common diseases

High GPS definition Individuals in testing 
dataset (n)

% of individuals

Odds ratio ≥3.0
 CAD 23,119/288,978 8.0

 Atrial fibrillation 17,627/288,978 6.1
 Type 2 diabetes 10,099 288,978 3.5

 Inflammatory bowel 
disease

9,209 288,978 3.2

 Breast cancer 2,369/157,895 1.5
 Any of the five diseases 57,115/288,978 19.8
Odds ratio ≥4.0

 CAD 6,631/288,978 2.3
 Atrial fibrillation 4,335/288,978 1.5
 Type 2 diabetes 578/288,978 0.2
 Inflammatory bowel 
disease

2,297/288,978 0.8

 Breast cancer 474/157,895 0.3
 Any of the five diseases 14,029/288,978 4.9
Odds ratio ≥5.0

 CAD 1,443/288,978 0.5
 Atrial fibrillation 2,020 288,978 0.7
 Type 2 diabetes 144/288,978 0.05
 Inflammatory bowel 
disease

571/288,978 0.2

 Breast cancer 158/157,895 0.1

 Any of the five diseases 4,305/288,978 1.5

For each disease, progressively more extreme tails of the GPS distribution were compared with the 
remainder of the population in a logistic regression model with disease status as the outcome, and 
age, sex, the first four principal components of ancestry, and genotyping array as predictors. The 
breast cancer analysis was restricted to female participants.

NATURE GENETICS | VOL 50 | SEPTEMBER 2018 | 1219–1224 | www.nature.com/naturegenetics 1221

Khera et al. Nature Genetics (2018) 50: 1219-1224
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Association Testing

PRS

Applied example: 
breast cancer

Are all these PRS 
methods really 
that different?

Mavaddat et al. Am J Hum Genet (2019) 104(1): 21 – 340

percentiles of the risk score were compared with those
predicted under a simple polygenic model with the PRS
considered as a continuous covariate. The effect sizes
did not differ from those predicted, and in particular
the estimates for the highest and lowest centile were
consistent with the predicted estimates (Table S9).
Further tests for goodness of fit and tail-based tests (see
Material and Methods) were not statistically significant
at p < 0.05.
There was no evidence of heterogeneity in the effect

sizes among studies (Figure 2). All studies showed a signif-
icant association with similar effect sizes for overall and
ER-positive breast cancer, and all but one study (FHRISK,
based on only six case subjects) showed a significant effect
for ER-negative breast cancer.
In the UK Biobank, the estimated hazard ratio (HR) for

overall breast cancer per unit PRS (including 306 of the
313 SNPs) was HR ¼ 1.59 (95%CI: 1.54–1.64) (Figure 2).
By way of comparison, we also evaluated a PRS based on

177 previously published susceptibility loci.1,2 The effect
size for this PRS (OR ¼ 1.61, 95%CI: 1.57–1.65) in the
ten prospective studies was similar to the PRS313. However,
this estimated effect size is biased because the validation
and test datasets used here contributed to the GWAS
discovery datasets; in the UK Biobank this PRS (based on
174 of 177 available SNPs) performed worse (HR ¼ 1.53,
95%CI: 1.48–1.58).

PRS Effects by Age
Aweak decline in the ORwith age was observed for ER-pos-
itive disease (p ¼ 0.001, for the combined validation and

test set). There was some evidence that the decline in PRS
OR was not linear, driven by a lower estimate below age
40 years (Table S11, Figure S2). There was no evidence
of a decline in the OR by age for ER-negative disease
(p ¼ 0.39).

Combined Effects of PRS and Breast Cancer Family
History
The association between PRS and disease risk was observed
for women with and without a family history (Table 3).
However, there was some evidence that for ER-positive dis-
ease, the PRS OR was smaller in women with a family his-
tory (interaction OR ¼ 0.91, p ¼ 0.004). The log OR for
family history was attenuated by 21% (1.59 to 1.44) and
12% (1.66 to 1.56) for ER-positive and ER-negative disease,
respectively, after adjusting for the PRS (Tables 3 and S12).

Absolute Risk of Developing Breast Cancer According to
the PRS
Estimated lifetime and 10-year absolute risks for UK
women in percentiles of the PRS are shown in Figure 3.
For ER-positive disease, the estimated lifetime absolute
risk by age 80 years ranged from 2% for women in the
lowest centile to 31% in the highest centile, while for
ER-negative disease, the absolute risks ranged from 0.55%
to 4%. The average 10-year absolute risk of breast cancer
for a 47-year-old woman (i.e., the age at which women
become eligible to enter the UK breast cancer screening
program) in the general population is 2.6%. However,
the 19% of women with the highest PRSs will attain this
level of risk by age 40 years.

Table 2. Association between PRS and Breast Cancer Risk in the Validation Set and Prospective Test Datasets

Validation Set Prospective Test Set

ORa 95% CI AUC ORa 95% CI AUC

77 SNP PRS (PRS77)

Overall BC 1.49 1.44–1.56 0.612 1.46 1.42–1.49 0.603

ER-positive 1.56 1.49–1.63 0.623 1.52 1.48–1.56 0.615

ER-negative 1.40 1.30–1.50 0.596 1.35 1.27–1.43 0.584

313 SNP PRS (PRS313)

Overall BC 1.65 1.59–1.72 0.639 1.61 1.57–1.65 0.630

ER-positive 1.74 1.66–1.82 0.651 1.68 1.63–1.73 0.641

ER-negative 1.47 1.37–1.58 0.611 1.45 1.37–1.53 0.601

3,820 SNP PRS (PRS3820)

Overall BC 1.71 1.64–1.79 0.646 1.66 1.61–1.70 0.636

ER-positive 1.81 1.73–1.89 0.659 1.73 1.68–1.78 0.647

ER-negative 1.48 1.37–1.59 0.611 1.44 1.36–1.53 0.600

Parameter selection and effect size estimation for derivation of the PRS was carried out in the training set as described in the Material and Methods. The optimal
subtype-specific PRS was obtained by carrying out case-only logistic regression and estimating effect sizes in the relevant subtype for SNPs passing a p value of
0.025 in case-only ordinary logistic regression (ER-positive versus ER-negative disease). OR for association with breast cancer in the validation set derived using
logistic regression adjusting for country and ten PCs. AUCs were adjusted for by country. In the prospective test set, logistic regression models were adjusted
for study and 15 PCs. AUCs were adjusted for by study.
aOR per 1 SD for the PRS.
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Comparison of Performance across Methods
First, we explored the benefit of p value thresholding for
the pre-filtered risk variants of the GWAS Catalog.
Compared to the GWAS hits only approach, i.e., only
perform LD-clumping of risk variants with p % 5 3 10!8,
the p value thresholding step of the P&T PRS construction
overall was very similar but we observed for several UKB
PRSs improved performance, as previously reported.74

This implied that p value thresholding might be beneficial
for some of the relatively sparse sets of GWAS hits reported
in the GWAS Catalog (Figure S4).
The P&T approach will, by definition, also cover fixed p

value thresholds in its tuning parameter optimization;
therefore, we limited our next comparison of PRS methods
for full summary statistics to P&T and lassosum PRSs. We
assessed both methods for different GWAS sources in
MGI (37 PRSs) and UKB (10 PRSs). We found that both
methods ranked comparably, i.e., a GWAS source that pro-
duced a lassosum PRS with high pseudo-R2 also produced a
P&T PRS with high pseudo-R2 and vice versa (Spearman’s
rank correlation: rho > 0.907; Figure S5).
Comparison of Performance across Cancers
Next, we were interested in comparisons between PRSs
across traits to assess overall performance and general dif-
ferences between cancer traits. Table 5 shows the top-
ranked PRSs for the 20 most common cancer traits in
MGI and highlights the different properties of the gener-
ated PRSs. The PRSs vary in their numbers of included
SNPs and their abilities to distinguish case from control

subjects or to enrich cases in the top percentiles. The
AUC of the presented PRSs was highest for the chronic
lymphoid leukemia PRS (AUC ¼ 0.696 [0.621,0.764]) and
lowest for the lung cancer PRS (0.529 [95%
CI:0.503,0.558]). Significant enrichment of cases in the
top 1% ranged fromOR of 12.9 (95%CI: 4.45,37.6; chronic
lymphoid leukemia) to 2.48 (95%CI: 1.63,3.77; breast can-
cer [female]). Table 6 shows that similar trends were
observed for traits in UKB. Due to limited sample sizes in
the top percentiles, we could not detect significant enrich-
ment for most of the rarer cancers.
Our observed variations between these cancer PRSs likely

recapitulates the different genetic architectures of cancers
in combination with their prevalences in the discovery
and evaluation cohorts. First, the prevalence impacted
the ability to identify true associations in the discovery
GWASs and also affected our capacity to observe significant
effects in the PRS performance evaluation.
Comparison of Performance across Cohorts
The two evaluation cohorts, MGI and UKB, varied in,
among other things, their sample sizes, their use of diag-
nosis code systems, and their recruitment mechanisms,
with UKB representing a population-based cohort and
MGI an EHR-based, cancer-enriched cohort. We limited a
comparison of the cancer PRSs to the top-ranked PRSs for
13 cancers that were present for both cohorts. We selected
the top PRS for each cancer within each cohort, i.e., their
GWAS source and method might be different between
MGI and UKB (Table S6).

Table 3. Comparison of PRS Methods on Breast Cancer PRS Performance in MGI and UKB

Method Tuning Parameter # SNPs Pseudo-R2 Brier Score AAUC (95% CI)

Odds Ratio
Continuous PRS
(95% CI)

Odds Ratio Top
1% (95% CI)

MGI Cohort

Lassosum: s ¼ 0.5, l ¼ 0.0043 118,388 0.0592 0.134 0.641 (0.625,0.656) 1.70 (1.59,1.81) 2.48 (1.63,3.77)

P&T: p % 4 3 10!4 3,038 0.0532 0.135 0.635 (0.618,0.651) 1.64 (1.54,1.75) 2.84 (1.88,4.28)

Fixed threshold: p % 5 3 10!5 1,307 0.0521 0.135 0.634 (0.618,0.65) 1.63 (1.53,1.74) 2.75 (1.81,4.17)

Fixed threshold: p % 5 3 10!6 712 0.0484 0.135 0.629 (0.612,0.645) 1.60 (1.50,1.70) 3.06 (2.04,4.59)

Fixed threshold: p % 5 3 10!7 464 0.0476 0.135 0.627 (0.611,0.644) 1.60 (1.50,1.70) 3.38 (2.28,5.02)

Fixed threshold: p % 5 3 10!8 334 0.0462 0.136 0.625 (0.609,0.641) 1.58 (1.49,1.69) 3.32 (2.24,4.93)

Fixed threshold: p % 5 3 10!9 264 0.0455 0.136 0.624 (0.608,0.64) 1.58 (1.48,1.68) 2.56 (1.68,3.90)

UKB Cohort

Lassosum: s ¼ 0.9, l ¼ 0.0043 286,144 0.0487 0.0807 0.643 (0.637,0.65) 1.70 (1.65,1.75) 4.02 (3.46,4.67)

P&T: p % 1 3 10!4 1,682 0.0401 0.0811 0.63 (0.623,0.637) 1.61 (1.57,1.66) 3.69 (3.16,4.31)

Fixed threshold: p % 5 3 10!6 712 0.0402 0.0811 0.628 (0.62,0.635) 1.61 (1.57,1.65) 3.32 (2.83,3.90)

Fixed threshold: p % 5 3 10!5 1,307 0.0392 0.0812 0.627 (0.62,0.634) 1.60 (1.56,1.64) 3.49 (2.98,4.08)

Fixed threshold: p % 5 3 10!7 464 0.0384 0.0812 0.626 (0.618,0.633) 1.59 (1.55,1.63) 3.81 (3.27,4.44)

Fixed threshold: p % 5 3 10!8 334 0.0361 0.0813 0.622 (0.615,0.63) 1.57 (1.53,1.61) 3.69 (3.16,4.31)

Fixed threshold: p % 5 3 10!9 264 0.0347 0.0813 0.62 (0.612,0.627) 1.55 (1.51,1.59) 3.28 (2.79,3.86)

PRSs are based on the BCAC Consortium GWAS on overall breast cancer.11 Italic values indicate best performing PRSs according to the corresponding metrics for
MGI or UKB.
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Applied example: 
breast cancer

Are all these PRS 
methods really 
that different?
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Ultra-high

High

Average

Low

Critically thinking about PRS utility

o Risk prediction: how well does the 
model distinguish between disease-free 
and affected individuals?

! Classification problem
! Equivalent AUC for Model A vs. B

o Risk stratification: how well does the  
model distinguish between gradients   
in disease risk?

! Clinical decisions rely on specific 
absolute risk thresholds

! Improved risk stratification in Model B
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Critically thinking about PRS utility
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Critically thinking about PRS utility
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Critically thinking about PRS utility

o What does meaningful improvement look like?
! Net reclassification improvement (NRI) at 

clinically-actionable thresholds

! What if no intervention exists?

o Cost effectiveness: does the improvement in 
performance justify additional costs?

! Individual and system-level costs
! Is the PRS intended to complement or 

replace existing tools?

group that screening programs wish to identify, the majority
of reclassifications (79%-80%) were incorrect. Neither the pro-
portions of individuals categorized as high risk or low risk nor
the observed event rates in each group were substantially al-
tered by the polygenic risk score, suggesting that implemen-
tation may have limited effect at the population level.

These analyses used the polygenic risk score developed
by Khera and colleagues,7 based on 6 million SNPs from an
international GWAS and cross-sectionally validated in the
UK Biobank, a middle-aged population of largely European
ancestry. Similar results were seen with regard to the robust
association of the polygenic risk score with prevalent CHD
disease risk, with relative risk estimates in a similar range. These
data support the overall applicability of their genetic model to
these US-based white populations and suggest that its lim-
ited predictive utility was not a result of poor model selection.28

This study also found that polygenic risk scores comprising
smaller numbers of SNPs strongly associated with CHD risk
did not perform better than the 6-million SNP predictor.

These findings underscore the frequent discordance be-
tween statistical association and predictive performance, a phe-
nomenon that has been observed with other cardiovascular
biomarkers.4 Odds ratios greater than 10 are typically re-
quired for new risk markers to substantially improve model
discrimination.29,30 The odds ratio associated with being in the
top 5% of polygenic risk score (≈ 4) is comparable with that ob-
served with other biomarkers such as C-reactive protein and
homocysteine that have been shown to have similarly mod-
est predictive utility.31,32

Initial studies characterizing highly polygenic CHD pre-
dictors using UK Biobank data reported C statistics of
approximately 0.80.7,8 However, these estimates were from
models that included age and sex, which are the major deter-
minants of CHD risk.33 These analyses highlight the modest
performance of the polygenic risk score when considered
alone, consistent with the findings of Inouye et al.8 Another
distinction between these analyses and the aforementioned
studies is the primary focus on incident events rather than
prevalent CHD. A few studies have examined prospective
outcomes, and they have observed results similar to those
reported herein. For instance, the C statistics for an analysis
of incident CHD in French-Canadians were 0.56 to 0.60,
despite findings of high risk estimates associated with being

in the tails of the polygenic risk score distribution.10 Simi-
larly, a study involving approximately 52 000 white people in
a Northern California health care system found a C statistic
improvement of 0.008 when a polygenic risk score was
added to the Framingham risk score.9

A proposed strength of the polygenic risk score is its abil-
ity to identify a subgroup of individuals with a relative risk of
CHD comparable with individuals with monogenic traits,
such as familial hypercholesterolemia. In the UK Biobank,
the polygenic risk score identified 8% of the sample with a
relative risk of CHD of 3, similar to the risk associated with
some familial hypercholesterolemia mutations.34 Enrich-
ment of high-risk individuals in the tails of the distribution is
a feature of many biomarkers of modest prognostic utility.35

Furthermore, an important distinction between risk stratifi-
cation using a mendelian variant or a rare genetic variant vs a
polygenic risk score is that the former identifies individuals
with a specific mechanism of disease that can be targeted. In
contrast, the polygenic risk score does not focus on an under-
lying mechanism, biology, or behavior that can be intervened
upon. Interventions promoting general cardiovascular risk
modification in individuals with high genetic risk have
yielded mixed results to date.36,37 Thus, the clinical value of
the polygenic risk score relies principally on its ability to risk
stratify individuals, which, in this case, appears limited.

Another potential advantage of the polygenic risk score,
compared with conventional risk markers, is that it can be as-
sessed at an early age. Given the poor discriminative perfor-
mance of a polygenic risk score observed in these analyses, the
clinical implications of finding a high polygenic risk score in a
young person with very low absolute risk are unclear, in the
absence of an identifiable risk factor such as hyperlipidemia.
Screening with a polygenic risk score could provide motiva-
tion for lifestyle modification (eg, better diet or increased physi-
cal activity), but there may be simpler ways to promote such
interventions at the individual or population level.

Limitations
This study has several limitations. First, the SNP weights
for the polygenic risk score were derived from the
CARDIOGRAMplusC4D GWAS. Although 77% of partici-
pants in this GWAS were of European ancestry, inclusion
of other ancestries could affect SNP weights and attenuate

Table 5. Reclassification Based on the Net Reclassification Improvement

Model 1 a Model 2 a

Net Reclassification Improvement (95% CI)b

ARIC MESA
Age + sex + Pooled cohort risk group3 0.020 (−0.015 to 0.091) 0.112 (0.001 to 0.167)

Age + sex + Polygenic risk score − 0.022 (− 0.036 to 0.021) 0.042 (− 0.046 to 0.102)

Age + sex + pooled cohort
risk groupc

+ Polygenic risk score 0.018 (− 0.012 to 0.036) 0.001 (− 0.038 to 0.076)

Abbreviations: ARIC, Atherosclerosis Risk in Communities; MESA, Multi-Ethnic
Study of Atherosclerosis.
a All models are additionally adjusted for 5 principal components.
b The NRI compares participant reassignment to high- vs low-risk categories for

a base statistical model (model 1) compared with a model that includes
an additional covariate (model 2). The NRI reported herein is based on a 7.5%
10-year coronary heart disease risk threshold, with risk being estimated using

a Cox proportional hazards model. The maximum value of the categorical NRI
is 2, because it is the sum of the net proportions of correct reclassifications for
events and nonevents. Most cardiovascular risk factors have NRI values in
excess of 0.10.

c The pooled cohort group is a binary classifier for low vs high risk based on the
pooled equations classifier.
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or the MESA cohorts (NRI, 0.001; 95% CI, −0.038 to 0.076;
Table 5). The overall proportions of individuals reclassified
to a new category were 4.4% in the ARIC study and 6.9% the
MESA study. Among those who subsequently developed a
CHD event, these reclassifications were often incorrect
(80.0% of reclassifications in the ARIC cohort, and 78.6% of
reclassifications in the MESA cohort, Figure 2). There was
no significant improvement associated with the polygenic
risk score in analyses stratified by sex (eTable 7 in the
Supplement).

Discussion

A CHD polygenic risk score offered little to no improvement
in CHD risk stratification in middle-aged white populations
from 2 well-characterized retrospective studies involving adults
of white, European ancestry. The score minimally changed risk
discrimination and reclassified fewer than 10% of individu-
als to a higher or lower CHD risk category. Furthermore, among
individuals who subsequently developed CHD, the specific

Figure 2. Reclassification of 10-Year Predicted Coronary Heart Disease Risk
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Columns and rows refer to categories of 10-year predicted risk. The numbers
represent the counts of individuals assigned to the indicated risk category. The
number of events differs from those in the main analyses because the table is
restricted to events occurring over the first 10 years of follow-up. The standard
coronary heart disease (CHD) model includes sex, age, 5 principal components,
and the binary classifier for low or high risk are based on the pooled risk
equations. Thus, among the 496 individuals in the Atherosclerosis Risk in
Communities (ARIC) cohort with events, 2 were correctly up classified and 8

individuals were incorrectly down classified. The net proportion of correct
reclassifications for events is –6/496 = –0.012. Among ARIC nonevents, 146
were correctly down classified and 27 were incorrectly up classified. The net
proportion of correct reclassifications for nonevents is 119/3672 = 0.032.
The overall net reclassification improvement is defined as the sum of the net
reclassifications for events and nonevents (eg, –0.012 + 0.032 = 0.02).
MESA indicates Multi-Ethnic Study of Atherosclerosis.

Table 4. C Statistics Evaluating the Performance of the Polygenic Risk Score in ARIC and MESA

Model

C Statistic (95% CI)a

ARIC MESA
5 principal components + PRSb 0.549 (0.521-0.571) 0.587 (0.532-0.623)

Age + sex + 5 principal components 0.663 (0.638-0.684) 0.646 (0.600-0.681)

Age + sex + 5 principal components + PRS 0.669 (0.644-0.691) 0.672 (0.627-0.705)

Base modelc 0.701 (0.679-0.722) 0.660 (0.613-0.694)

Base model + PRS 0.700 (0.677-0.721) 0.681 (0.637-0.715)

Base model + PRS: Top 10%d 0.700 (0.676-0.721) 0.675 (0.63-0.711)

Base model + PRS: Top 20%d 0.700 (0.675-0.721) 0.670 (0.625-0.703)

Base model + family history 0.705 (0.681-0.725) NA

Abbreviations: ARIC, Atherosclerosis Risk in Communities; MESA, Multi-Ethnic
Study of Atherosclerosis; NA, not available; PRS, polygenic risk score.
a C statistics are based on 10-year incident events from a Cox regression model.
b The PRS is modeled as a continuous variable.
c The base model includes the pooled cohort risk percentile (a continuous

variable) based on the pooled equations, sex, age, and 5 principal
components.

d The PRS is modeled as a binary phenotype representing individuals in the top
10% of the score distribution vs the bottom 90% or the top 20% vs the
bottom 80%, respectively.
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or the MESA cohorts (NRI, 0.001; 95% CI, −0.038 to 0.076;
Table 5). The overall proportions of individuals reclassified
to a new category were 4.4% in the ARIC study and 6.9% the
MESA study. Among those who subsequently developed a
CHD event, these reclassifications were often incorrect
(80.0% of reclassifications in the ARIC cohort, and 78.6% of
reclassifications in the MESA cohort, Figure 2). There was
no significant improvement associated with the polygenic
risk score in analyses stratified by sex (eTable 7 in the
Supplement).

Discussion

A CHD polygenic risk score offered little to no improvement
in CHD risk stratification in middle-aged white populations
from 2 well-characterized retrospective studies involving adults
of white, European ancestry. The score minimally changed risk
discrimination and reclassified fewer than 10% of individu-
als to a higher or lower CHD risk category. Furthermore, among
individuals who subsequently developed CHD, the specific

Figure 2. Reclassification of 10-Year Predicted Coronary Heart Disease Risk
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Correctly reclassified Incorrectly reclassified

Columns and rows refer to categories of 10-year predicted risk. The numbers
represent the counts of individuals assigned to the indicated risk category. The
number of events differs from those in the main analyses because the table is
restricted to events occurring over the first 10 years of follow-up. The standard
coronary heart disease (CHD) model includes sex, age, 5 principal components,
and the binary classifier for low or high risk are based on the pooled risk
equations. Thus, among the 496 individuals in the Atherosclerosis Risk in
Communities (ARIC) cohort with events, 2 were correctly up classified and 8

individuals were incorrectly down classified. The net proportion of correct
reclassifications for events is –6/496 = –0.012. Among ARIC nonevents, 146
were correctly down classified and 27 were incorrectly up classified. The net
proportion of correct reclassifications for nonevents is 119/3672 = 0.032.
The overall net reclassification improvement is defined as the sum of the net
reclassifications for events and nonevents (eg, –0.012 + 0.032 = 0.02).
MESA indicates Multi-Ethnic Study of Atherosclerosis.

Table 4. C Statistics Evaluating the Performance of the Polygenic Risk Score in ARIC and MESA

Model

C Statistic (95% CI)a

ARIC MESA
5 principal components + PRSb 0.549 (0.521-0.571) 0.587 (0.532-0.623)

Age + sex + 5 principal components 0.663 (0.638-0.684) 0.646 (0.600-0.681)

Age + sex + 5 principal components + PRS 0.669 (0.644-0.691) 0.672 (0.627-0.705)

Base modelc 0.701 (0.679-0.722) 0.660 (0.613-0.694)

Base model + PRS 0.700 (0.677-0.721) 0.681 (0.637-0.715)

Base model + PRS: Top 10%d 0.700 (0.676-0.721) 0.675 (0.63-0.711)

Base model + PRS: Top 20%d 0.700 (0.675-0.721) 0.670 (0.625-0.703)

Base model + family history 0.705 (0.681-0.725) NA

Abbreviations: ARIC, Atherosclerosis Risk in Communities; MESA, Multi-Ethnic
Study of Atherosclerosis; NA, not available; PRS, polygenic risk score.
a C statistics are based on 10-year incident events from a Cox regression model.
b The PRS is modeled as a continuous variable.
c The base model includes the pooled cohort risk percentile (a continuous

variable) based on the pooled equations, sex, age, and 5 principal
components.

d The PRS is modeled as a binary phenotype representing individuals in the top
10% of the score distribution vs the bottom 90% or the top 20% vs the
bottom 80%, respectively.
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NRI in CHD events:
(-8+2)/496 = -0.012

NRI in CHD non-events:
(-27+146)/3672 = 0.032

Overall NRI:
-0.012 + 0.032 = 0.020
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Part III

From association to causation: 

Mendelian Randomization



Motivation

Introduction1.

Exposure-increasing
effect allele Non-effect allele

Compare outcomes between groups

Balanced confounders 
between genetically 
randomized groups

Random segregation of exposure-influencing alleles

Mendelian Randomization (MR)

o Approach for inferring causal 
relationships between phenotypes using 
genetic variants as instruments

o Overcomes certain limitations of 
observational studies:

- Reverse causation, confounding

o But also presents new challenges:

- Genetic confounding, 
interpretation



Assumptions

Introduction1.

Exposure/Trait Outcome

SNP1

SNP2

SNP3

✕

C

✕

1.

.

Fundamental MR assumptions:

1. Instruments must be strongly associated 
with the exposure of interest
o Is the exposure heritable?

2. Instruments should not affect the 
outcome via other pathways:
o Violated by horizontal pleiotropy

3. Instruments must not be association with 
confounders

4. Consistency: instruments must have the 
same effect in all individuals 

3.

2.



Two-Sample MR

Approach2.

Two-sample analysis using summary statistics:

o Genetic associations with exposure 
(instruments) are obtained from one GWAS   
and applied to a separate outcome GWAS

o Individual-level data are not necessary

o Allows you to investigate associations with 
risk factors that are not available in your 
target study

o Analytic considerations similar to PRS

Hemani et al (2018) eLife7:e34408



Two-Sample MR

Approach2.

Step 1: identify genetic instruments

o Select genetic variants with strong and consistent 
associations from the largest available GWAS (most 
commonly: P < 5×10-8, instrument strength: F>10)

o Most methods use independent variants, but some 
incorporate the SNP LD matrix

Step 2: apply genetic instruments to target dataset

o No overlap between exposure and outcome GWAS

o Partial overlap, especially for controls, is less 
problematic and can be corrected analytically

-lo
g 1

0(P
)

-lo
g 1

0(P
)

From: https://mrcieu.github.io/TwoSampleMR/articles/introduction.html



Two-Sample MR

Approach2.

Step 3: harmonize the data appropriately

o Ensure that regression coefficients for each 
genetic variant in the exposure and outcome 
datasets correspond to the same allele

o Successful data harmonization requires well-
annotated summary statistics

o Check for mismatched alleles, non-inferable 
strand ambiguous SNPs, imputation quality 
information (INFO scores)

From: https://mrcieu.github.io/TwoSampleMR/articles/introduction.html



Two-Sample MR

Approach2.

Step 4: Perform MR analysis

o Estimate genetically predicted exposure 
effects on the outcome

o Conduct extensive sensitivity analyses and 
examine multiple MR diagnostics to ensure 
that the results are robust and unbiased

Slope: effect 
estimate of 
exposure on 
outcome

Adapted from: https://mrcieu.github.io/TwoSampleMR/articles/introduction.html



Threats to Validity

Approach2.

A closer look at MR assumptions:

o Distinction between vertical and horizontal pleiotropy

! MR relies on vertical pleiotropy : SNPs associated 
with multiple phenotypes in the same pathway

! MR results are confounded by horizontal 
pleiotropy: SNPs associated with multiple 
phenotypes in distinct biological pathways

o Underlying biological pathways are difficult to establish,  
so need to rely on statistical methods 

o MR assumptions cannot be conclusively verified, so causal 
inference is not “guaranteed”

Trait 1

Trait 2

Trait 3

Trait 4

SNP

Trait 1

Trait 2

Trait 3

Outcome

SNP 1

SNP 2

SNP 3

SNP 4

Example: Sickle cell anemia

?

?



Threats to Validity

Approach2.

MR Egger: test and correct for directional horizontal pleiotropy

o Parameters estimated:
! Intercept (𝛽#): average pleiotropic effect across all variants

! If 𝛽# ≠ 0 at p<0.05, report the corrected MR Egger effect estimate (𝛽$%)

o Magnitude of pleiotropic effects is independent of instrument strength
! InSIDE (Instrument Strength Independent of Direct Effect) assumption

o Negligible uncertainty in SNP-exposure estimates
! NOME (No Measurement Error) assumption

! Violations will inflate intercept test and bias causal effect towards 0

Bowden et al. Stat Medicine. (2017) 36: 1783 – 1802



Threats to Validity

Approach2.

Heterogeneity (Q statistic): indicative of balanced 
horizontal pleiotropy

o Modified version of standard meta-analysis Cochran’s Q

o Quantifies heterogeneity across SNP-specific IVW 
effect estimates

o Consider filtering out instruments with significant           
Q p-values (at an appropriate threshold)

Bowden et al. Stat Medicine. (2017) 36: 1783 – 1802

No pleiotropy

J. BOWDEN ET AL.

"̂IVW =
∑L

j=1 wj"̂j
∑L

j=1 wj

, wj = 1∕var("̂j) = #2
j ∕$

2
Yj. (11)

In the MR context, this is referred to as the IVW estimate [6, 12]. Formula (11) can alternatively be
derived by calculating a weighted average of the set of ratio estimates of causal effect, "̂j = Γ̂j∕#j, obtained
using each SNP in turn, where the weight given to "̂j is the inverse of its variance, $2

Yj∕#
2
j , as in a fixed

effect meta-analysis.
It is precisely assumptions IV2 and IV3 that dictate the intercept in (10) should be constrained to zero.

The NOME assumption dictates the simple form for var("̂j) because this means that the denominator of
"̂j can be treated as a constant (even though in truth it is the random variable #̂j).

3.1. Testing and accounting for balanced pleiotropy

The variance of the IVW estimate under case (a) (the fixed effect model), is given by:

Var("̂IVW) = 1∑L
j=1 wj

. (12)

The value of 1 the numerator in (12) is a direct consequence of the fact that the variance of the residual
error in model (10) is equal to 1. As suggested by Del Greco et al [16], the data can be scrutinised to
assess this assumption by calculating Cochran’s Q statistic with respect to the L IV estimates as follows:

Q =
L∑

j=1

(
Γ̂j

$Yj
−
"̂IVW#j

$Yj

)2

=
L∑

j=1

wj("̂j − "̂IVW)2. (13)

If true, Q follows a %2 distribution on L-1 degrees of freedom. If the L estimates exhibit over-dispersion
or heterogeneity (as will often happen) then, under model (9), this must be due to pleiotropy and an
extension to the basic model is required. The most natural first extension, we argue, would be to allow
for ‘balanced’ pleiotropy. That is, we relax IV3 to allow non-zero &js but assume they have zero mean
(e.g. '& = 0, $2

& > 0). We call this case (b) and re-write model (10) as:

Γ̂j√
$2

Yj + $2
&

=
"#j√
$2

Yj + $2
&

+ (j, var((j) = 1. (14)

Model (14) is justified for any L under Perfect InSIDE, because this allows pleiotropy to be treated
as independent residual error with respect to the explanatory variable #j. It is only strictly valid under
General InSIDE as L → ∞. Fitting model (14) is equivalent to performing a standard additive random
effects meta-analysis [19, 20]. That is, we can obtain a new IVW point estimate and variance for the
causal effect under model (14) by applying formulae (11) and (12) and replacing wj = #2

j /$2
Yj with w∗

j =
#2

j /($2
Yj + $

2
&) using a plug-in estimate for $2

& (for example the DerSimonian and Laird estimate [19]). We
will refer to the IVW estimate obtained by fitting model (14) as "̂ARE

IVW . The two IVW estimates "̂IVW and
"̂ARE

IVW do differ, because under the latter the variance component $2
& is used to re-weight the contribution

of the jth IV estimate. The variance of "̂ARE
IVW is additionally inflated via w∗

j to account for heterogeneity
due to pleiotropy. When a large value of $2

& is estimated from the data, this will have the effect of evening
out the weight given to each ratio estimate in the analysis by making them a less direct function of each
estimate’s precision.

3.1.1. Multiplicative random effects models. The following multiplicative random effects model [21,22]
could instead be applied to the summary data estimates in the presence of observed heterogeneity:

Γ̂j

$Yj
=
"#j

$Yj
+ )1∕2

$Yj
(j, var((j) = 1. (15)

If adopted, model (15) returns the same point estimate for " as under the fixed effect IVW model, "̂IVW .
That is, the variance component $2

& is not allowed to influence its point estimate. However, the addition of
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Under case (a) (no pleiotropy), assumptions IV2 and IV3 hold which means that Perfect InSIDE is
satisfied because cov(0, !j) ≡ 0. The IVW method therefore only requires IV1 to hold and MR-Egger
only requires VIS to hold in order to be unbiased.

Under case (b) (balanced pleiotropy), both methods are consistent (asymptotically unbiased as L → ∞)
under the General InSIDE assumption because heterogeneous pleiotropy contributes to the residual error.
Under cases (c) and (d) (directional pleiotropy), the IVW estimate cannot consistently estimate " in
general because it does not adjust for a non-zero mean pleiotropic effect. Under case (c), Perfect InSIDE
is satisfied because cov(#$ , !j) = 0. The only additional assumption required by MR-Egger for unbiased
estimation is VIS. Under case (d), MR-Egger requires both VIS and General InSIDE to be consistent.

4. Can we navigate between models using Rücker’s framework?

Moving from the underlying model in case (a) to those in (b), (c) and finally (d) represents a natural way
to progressively relax assumption IV3 using heterogeneity statistics when performing MR. Following
the approach of Rücker et al in the general meta-analysis context, we would start by assuming all genetic
variants are valid - case (a) - but move to case (b) if Cochran’s Q is sufficiently extreme with respect to
a %2

L−1 distribution, in order to allow for balanced pleiotropy. We would then assess whether directional
pleiotropy is present by fitting model (c) and calculate the heterogeneity about this model via Rücker’s
Q

′
. If the difference Q − Q

′
is sufficiently extreme with respect to a %2

1 distribution, we would infer that
directional pleiotropy is an important factor, and adopt model (c). Finally, we would assess whether Q

′

is sufficiently extreme with respect to a %2
L−2 distribution. If so, we would opt for model (d) to account

for the fact that pleiotropy is inducing heterogeneity and bias.
Unfortunately, this framework does not seamlessly translate to the MR setting, because IVW model

(10) is not strictly nested within MR-Egger model (16). This means that Q − Q′ is only approximately
%2

1 distributed. Q′ may in fact be larger than Q, making Q−Q′ negative. The equivalent IVW and Egger
regression models assumed by Rücker et al, are nested so that the equivalent Q − Q′ difference has the
required distribution.

Therefore, we can only informally use a Q − Q′ to decide whether MR-Egger regression represents
a better fit than IVW. We therefore suggest the user considers moving from IVW model’s (a) and (b) to
MR-Egger model’s (c) and (d) when Q−Q′ is large and positive, and the MR-Egger intercept parameter
estimate is sufficiently far from zero and precise.

4.1. An illustrative example

Figure 3 (left) shows an illustrative scatter plot of SNP-outcome and SNP-exposure associations consis-
tent with case (a) (solid black dots, no pleiotropy) and case (b) (hollow black dots, balanced pleiotropy).
Under both cases (a) and (b) the points yield a regression line perfectly through the origin. This means
that the IVW and MR-Egger causal estimates would be identical ("̂IVW = "̂1E). Under case (a), '̂IVW and
'̂E would be approximately equal to each other and to 1, and under case (b) '̂IVW and '̂E would be
approximately equal to each other with a value greater than 1 (2 in this instance). For the solid black data,
Cochran’s Q would provide no evidence to support a move from the basic model (a) and the IVW esti-
mate. For the hollow black data, Cochran’s Q would suggest sticking with the IVW estimate, but to allow

Figure 3. Scatter plot of SNP-outcome versus SNP-exposure estimates for four fictional MR analyses. Left: under
cases (a) (solid black dots) and (b) (hollow black dots). Right: under cases (c) (solid black dots) and (d) (hollow

black dots).
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Under case (a) (no pleiotropy), assumptions IV2 and IV3 hold which means that Perfect InSIDE is
satisfied because cov(0, !j) ≡ 0. The IVW method therefore only requires IV1 to hold and MR-Egger
only requires VIS to hold in order to be unbiased.

Under case (b) (balanced pleiotropy), both methods are consistent (asymptotically unbiased as L → ∞)
under the General InSIDE assumption because heterogeneous pleiotropy contributes to the residual error.
Under cases (c) and (d) (directional pleiotropy), the IVW estimate cannot consistently estimate " in
general because it does not adjust for a non-zero mean pleiotropic effect. Under case (c), Perfect InSIDE
is satisfied because cov(#$ , !j) = 0. The only additional assumption required by MR-Egger for unbiased
estimation is VIS. Under case (d), MR-Egger requires both VIS and General InSIDE to be consistent.

4. Can we navigate between models using Rücker’s framework?

Moving from the underlying model in case (a) to those in (b), (c) and finally (d) represents a natural way
to progressively relax assumption IV3 using heterogeneity statistics when performing MR. Following
the approach of Rücker et al in the general meta-analysis context, we would start by assuming all genetic
variants are valid - case (a) - but move to case (b) if Cochran’s Q is sufficiently extreme with respect to
a %2

L−1 distribution, in order to allow for balanced pleiotropy. We would then assess whether directional
pleiotropy is present by fitting model (c) and calculate the heterogeneity about this model via Rücker’s
Q

′
. If the difference Q − Q

′
is sufficiently extreme with respect to a %2

1 distribution, we would infer that
directional pleiotropy is an important factor, and adopt model (c). Finally, we would assess whether Q

′

is sufficiently extreme with respect to a %2
L−2 distribution. If so, we would opt for model (d) to account

for the fact that pleiotropy is inducing heterogeneity and bias.
Unfortunately, this framework does not seamlessly translate to the MR setting, because IVW model

(10) is not strictly nested within MR-Egger model (16). This means that Q − Q′ is only approximately
%2

1 distributed. Q′ may in fact be larger than Q, making Q−Q′ negative. The equivalent IVW and Egger
regression models assumed by Rücker et al, are nested so that the equivalent Q − Q′ difference has the
required distribution.

Therefore, we can only informally use a Q − Q′ to decide whether MR-Egger regression represents
a better fit than IVW. We therefore suggest the user considers moving from IVW model’s (a) and (b) to
MR-Egger model’s (c) and (d) when Q−Q′ is large and positive, and the MR-Egger intercept parameter
estimate is sufficiently far from zero and precise.

4.1. An illustrative example

Figure 3 (left) shows an illustrative scatter plot of SNP-outcome and SNP-exposure associations consis-
tent with case (a) (solid black dots, no pleiotropy) and case (b) (hollow black dots, balanced pleiotropy).
Under both cases (a) and (b) the points yield a regression line perfectly through the origin. This means
that the IVW and MR-Egger causal estimates would be identical ("̂IVW = "̂1E). Under case (a), '̂IVW and
'̂E would be approximately equal to each other and to 1, and under case (b) '̂IVW and '̂E would be
approximately equal to each other with a value greater than 1 (2 in this instance). For the solid black data,
Cochran’s Q would provide no evidence to support a move from the basic model (a) and the IVW esti-
mate. For the hollow black data, Cochran’s Q would suggest sticking with the IVW estimate, but to allow

Figure 3. Scatter plot of SNP-outcome versus SNP-exposure estimates for four fictional MR analyses. Left: under
cases (a) (solid black dots) and (b) (hollow black dots). Right: under cases (c) (solid black dots) and (d) (hollow

black dots).
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Threats to Validity

Approach2.

Other threats to valid inference:

o Weak instrument bias /regression dilution bias
! Low proportion of variation explained, may be due to noise, measurement error

! Assumption that confounders are balanced between genetically “randomized” 
groups can break down 

o Selection bias in the exposure or outcome GWAS
o Non-random or assortative mating

o Winner’s curse in the exposure GWAS will bias MR estimates towards the null
o Inappropriate covariate adjustment

! MR of BMI where SNP effects on BMI are adjusted for waist to hip ratio



Workflow Overview

− Exclude palindromic SNPs (A/T or G/C) with 
intermediate allele frequencies

− Exclude SNPs with MAF<0.01
− Exclude SNPs with EAF discrepancy>0.10

− Identify potentially invalid instruments 
(outliers) contributing to heterogeneity:   
Cochran’s Q (p<0.05)

Estimate causal effects using the initial set of instruments
o Check main MR diagnostics

! Directional pleiotropy: Egger β0 ≠ 0
! Balanced pleiotropy (heterogeneity): Cochran’s Q p<0.05
! Weak instrument bias: IGx

2 <1

Sensitivity analyses:
o Consistency across multiple MR estimators
o Consistent effects in leave-one-out (LOO) analyses

Initial set of instruments: PDISC<5×10-8 and PREP<0.05

Example

Analysis2.



MR Estimators

Analysis3.

Pierce & Burgess Am J Epidemiol. 2013 178(7): 1177–1184
Burgess et al. Genet Epidemiol. 2013 37(7): 658–665

Using multiple estimation approaches helps assess the robustness of the observed results

1. Mean-based methods: average causal effect across all instruments
o Assume that all instruments are valid: 0% breakdown level
o Inverse variance weighted (IVW) and maximum-likelihood (ML)
o Multiplicative random effects IVW: accounts for heterogeneity across causal effects 

! Assumes that pleiotropy is balanced, without affecting the slope

2. Consensus methods: causal effect is the value taken by the largest number of instruments

o “Plurality valid” assumption

3. Outlier robust methods: identify potentially invalid instruments and correct for their 
influence on the causal effect estimate



2. Consensus methods:

o Weighted median estimator (WME)
! Median of the weighted empirical distribution 

function of SNP-specific causal effect estimates
! Unbiased when up to 50% of the weights come 

from invalid instruments

o Mode-based estimator (MBE)

! Causal effect is based on the mode of the 
smoothed empirical density of individual SNP-
specific causal effect estimates

MR Estimators

Analysis3.

Bowden et al. Genet Epidemiol. 2016 May; 40(4): 304–314
Burgess et al. Int J Epidemiol, 2018; 47(4): 1242–1254

IVW

MBE



3. Outlier robust methods

o Outlier detection based on heterogeneity

o MR pleiotropy residual sum and outlier (MR PRESSO)

- Estimates the distortion caused by outliers and 
corrects for it analytically

o MR Robust Adjusted Profile Score (MR RAPS)
- Influence of outliers is controlled by loss functions 
- Empirical Bayes shrinkage adaptively down-weights 

weak instruments 

MR Estimators

Analysis3.

ARTICLES NATURE GENETICS

summary-level MR. In brief, MR-PRESSO has the following three 
components (Methods and Fig. 1): (a) detection of horizontal plei-
otropy (the MR-PRESSO global test); (b) correction for horizontal 
pleiotropy via outlier removal (the MR-PRESSO outlier test); and 
(c) testing of significant differences in the causal estimates before 
and after correction for outliers (the MR-PRESSO distortion test). 
The MR-PRESSO test relies on a regression framework in which the 
variants’ effects on the outcome are regressed on the same variants’ 
effects on exposure, with the slope of the regression line provid-
ing an estimate of the causal effect of the exposure on the outcome. 
The MR-PRESSO global test evaluates overall horizontal pleiot-
ropy among all IVs in a single MR test by comparing the observed 
distance of all the variants to the regression line (residual sum of 
squares) with the expected distance under the null hypothesis of 
no horizontal pleiotropy. The MR-PRESSO outlier test evaluates 
the presence of specific horizontal pleiotropic outlier variants by 
using the observed and expected distributions of the tested variant. 
Finally, the MR-PRESSO distortion test evaluates the significance 
of the distortion between the causal estimate before removal of the 
horizontal pleiotropic outlier variants and the causal estimate after 
such removal (detected from the outlier test of MR-PRESSO).

Comparison of statistical properties of MR methods. We assessed 
the statistical performances of several methods designed either to 
detect horizontal pleiotropy (the MR-PRESSO global test, Q test17,18, 
Q (modified) test19, Q′  test17,18 and Q′  (modified) test19) or to correct 
for horizontal pleiotropy (correction of the global average horizon-
tal pleiotropic effect using MR-Egger regression20,21 or multi-vari-
able MR (MMR)22,23; outlier detection and removal approaches 
using the MR-PRESSO outlier test, Cook’s distance24,25, Studentized 
residuals24, the Q (modified) outlier test or Q′  (modified) outlier 
test) in multi-instrument summary-level MR. For these compari-
sons, we performed 10,000 simulations under different scenarios 
using the model described in Supplementary Fig. 1b. We varied sev-
eral parameters in the simulations, including the main causal effect 
(β causal =  0, 0.1, 0.2, 0.5 with β pleiotropic =  0.1), the percentage of hori-
zontal pleiotropic outlier variants (0%, 2%, 4%, 10%, 50% or 90%), 
the type of horizontal pleiotropy (positive or balanced) and whether 
or not we assumed the ‘instrument strength independent of direct 
effect’ (InSIDE) condition20 (Methods and Supplementary Note 1).

False-positive rate and/or power to detect horizontal pleiotropy. 
Using simulations, we first assessed the false-positive rate (type 1 
error) and power (1 – type 2 error) of the MR methods noted above 
that detect horizontal pleiotropy, including the MR-PRESSO global 
test, Q test17,18, Q (modified) test19, Q′  test17,18 and Q′  (modified) 
test19 (Methods and Supplementary Note 1).

Under the null hypothesis of no horizontal pleiotropy 
(Supplementary Table  1), the MR-PRESSO global test, Q (modi-
fied) test and Q′  (modified) test had controlled false-positive rates 
(~5%), whereas the rates of the original Q and Q′  tests were inflated 
(between 5% and 25%). Since the Q and Q′  tests were found to be 
inflated, we proceeded with the MR-PRESSO global test, Q (modi-
fied) test and Q′  (modified) test in power analyses (Table  1). We 
observed acceptable power (>  70%)  to detect horizontal pleiot-
ropy across all three tests in simulations in which the percentage 
of horizontal pleiotropic variants was ≥  10% (which corresponds 
to 5 horizontal pleiotropic variants out of 50). Similar results 
were observed across all magnitudes of causal estimates, includ-
ing instances in which there was no causal relationship (β causal =  0) 
(Table  1). In addition, we conducted several sensitivity analyses 
(violation of the InSIDE condition, frequency of horizontal pleio-
tropic variants ≥   50% and perfectly overlapping samples to estimate 
the effect sizes on the outcome and exposure) to further evaluate 
the robustness of these methods. All three tests had high power in 
the detection of horizontal pleiotropy under a wide range of these 
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Fig. 1 | Description of the MR-PRESSO method. MR-PRESSO comprises 
three components. a, The MR-PRESSO global test. For each variant j,  
a slope, representing the causal estimate, was computed without the 
variant using standard IVW meta-analysis (seven colored dotted lines; 
each color of the regression line corresponding to the line obtained by 
exclusion of the variant of the same color). The observed residual sum 
of squares RSSobs (j) was computed as the squared difference between 
the observed effect size of variant j on the outcome and the effect size 
predicted using the slope computed without j. In addition, K pairs of 
random effect sizes for the exposure (x-axis) and the outcome (y-axis) 
(represented as crosses) were drawn from two Gaussian distributions 
(horizontal and vertical bell curves respectively for the exposure and 
outcome) from the predicted effect sizes and standard errors using the 
slope computed without j. A distribution of K expected RSSexp

k(j) was then 
calculated. By summing up the J RSSobs (j), we calculated a global statistic 
that was compared to the K expected sum of RSSexp

k(j). b, The MR-PRESSO 
outlier test. A test was performed for each variant j by comparing the 
observed RSSobs (j) to the K expected RSSexp

k(j). Here, only two variants 
(1 and 2) were shown, for simplicity. c, The MR-PRESSO distortion test. 
This shows how removing significant outliers detected by the MR-PRESSO 
outlier test (variants 1 and 2) led to an unbiased slope (causal estimate).

NATURE GENETICS | VOL 50 | MAY 2018 | 693–698 | www.nature.com/naturegenetics694
© 2018 Nature America Inc., part of Springer Nature. All rights reserved.
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o Two-stage GWAS
− Discovery: n = 258,772 
− Replication: n = 110,902 

o LD Score regression: rg and hg

o SNPs: PDisc<5×10-8 and PRep<0.05

o 29,266 cases 56,450 controls
− Adenocarcinoma: n=11,273 
− Squamous: n=7426 

o LD Score regression: rg
o MR: independent SNPs (r2<0.05)

Develop genetic instruments
in the UK Biobank cohort

1

Test causal hypothesis 
in OncoArray dataset

2

II.

Overall Study Design

Methods

Relationship between impaired pulmonary 
function and lung cancer risk is well 
established, but is it causal?

o Both disease phenotypes are caused by 
cigarette smoking
! Other etiologic pathways also plausible 

(immune- and inflammation-mediated) 

o Shared genetic susceptibility loci between lung 
cancer and COPD

o COPD is a risk factor in never smokers

Lung Cancer

MR Example4.
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All instruments: 193 SNPs (3.13% of variation explained)
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All instruments: 144 SNPs (2.27% of variation explained)
FVC
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All instruments: 264 SNPs (5.83% of variation explained)
FEV1/FVC
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method
Inverse variance weighted (multiplicative random effects)
Maximum likelihood
Robust adjusted profile score (RAPS)
Weighted median

inst
all
filtered

outcome
Lung Cancer
Adenocarcinoma
Squamous Carcinoma

All instruments: 264 SNPs (5.83% of variation explained)
FEV1/FVC

Inverse variance weighted
Maximum likelihood
Robust adjusted profile score
Weighted median

All instruments
Outliers filtered

p=3.4×10-4

p=0.13

p=0.04
p=0.13

p=1.2×10-10

p=6.7×10-4

p=6.3×10-5

p=2.2×10-4

p=1.7×10-3

p=3.7×10-4

p=0.01
p=0.04

p=0.08
p=0.14

p=0.23
p=0.12

p=1.8×10-4

p=0.10

p=0.01

p=0.09

p=0.04
p=0.14

p=1.6×10-3

p=0.10

p=0.04
p=0.08

p=0.14
p=0.14

p=0.14
p=0.04

p=0.25
p=0.03

p=0.21
p=0.03

p=0.23
p=0.05

p=2.4×10-3

p=0.17

p=0.02
p=0.16

b ca

Reduced FEV1
increases risk of 
squamous lung 
carcinoma

Evidence for FVC is 
inconsistent

Reduced FEV1/FVC 
increases risk of lung 
adenocarcinoma

Lung Cancer

MR Example4.



MR and PRS

Summary

Similarities Differences

o Inference: identify cross-trait associations
o Two-sample approach to avoid overfitting 

and ensure valid inference
o Thresholds for selecting variants/instruments
o Processing of summary statistics
o General data QC considerations
o Challenges with analyses in ancestrally 

diverse populations (more on that next week!)

o Inference: causation (MR) vs. association (PRS)
o MR is less powerful than PRS and have stricter 

assumptions to support causal inference
o MR can inform intervention targets
o PRS can be used for risk prediction and risk 

stratification
! Provides individual-level risk profiles
! MR does not use individual-level data



Resources

Summary

Resources for PRS

o R package for C+T and LD-Pred2: https://github.com/privefl/bigsnpr

o GCTA for BLUP: https://cnsgenomics.com/software/gcta/#BLUP

o PRS tutorial with examples for multiple methods: https://choishingwan.github.io/PRS-Tutorial/

Resources for MR

o R packages with examples: https://mrcieu.github.io/TwoSampleMR and https://cran.r-
project.org/web/packages/MendelianRandomization

o Web-based app: http://www.mrbase.org

Other useful links:

o Processed GWAS data: https://gwas.mrcieu.ac.uk
o Look at LD and find proxies: https://ldlink.nci.nih.gov also available as R package (LDlinkR)
o PRS power and sample size estimation: https://github.com/DudbridgeLab/avengeme/

https://github.com/privefl/bigsnpr
https://cnsgenomics.com/software/gcta/
https://choishingwan.github.io/PRS-Tutorial/
https://mrcieu.github.io/TwoSampleMR
https://cran.r-project.org/web/packages/MendelianRandomization/vignettes/Vignette_MR.pdf
http://www.mrbase.org/
https://gwas.mrcieu.ac.uk/
https://ldlink.nci.nih.gov/
https://github.com/DudbridgeLab/avengeme/


Questions?
Linda.Kachuri@ucsf.edu @Linda_Kachuri

wittelab.ucsf.edu

Thank you



𝐼!"# : Quantifies collective strength across L 
instruments and estimates the degree of 
regression dilution bias due to exposure 
measurement error

! When 𝐼&'" ~ 1 attenuation due to NOME 
violation is negligible

! When 𝐼&'" ~ 0.90 the bias in "𝛽$% due to 
measurement error is ~10% 

! Can be used to correct MR Egger estimates 
by the degree of NOME violation

Bowden et al. Int J Epidemiol. 2016 45(6):1961-1974

true values
(not known)

observed

IVW method (as originally proposed) assumes that all vari-

ants are valid IVs so that none of the genetic variants ex-

hibit pleiotropy and hence aj ¼ 0 for all j. It is common

practice to use inverse variance weights derived via

NOME5 ,7 so that it has the form:

bbIVW ¼

XL

j¼1

wj
bbj

XL

j¼1

wj

; wj ¼ bc2
j =r

2
Yj: (2)

The IVW estimate can be equivalently obtained as the

slope from a linear regression of the SNP-outcome associ-

ation estimates on the SNP-exposure association estimates

with the intercept term constrained to zero.

If the above assumptions are satisfied, bbIVW is an un-

biased estimate for b. However, NOME will never be per-

fectly satisfied in practice. In the presence of substantial

measurement error, the IVW estimate is known to suffer

from weak instrument bias,18 where instrument strength is

typically represented by the F-statistic. In the two-sample

summary data context and with uncorrelated genetic vari-

ants, the F-statistic for variant j can be approximated as Fj

¼ bc2
j =r

2
Xj. We use this approximation for the remainder of

the paper. In the two-sample context considered here, the

effect of weak instrument bias is to attenuate the causal ef-

fect towards the null.4

MR-Egger regression

In contrast to the IVW method, MR-Egger regression10

does not assume that all of the SNP-outcome associations

are unaffected by pleiotropy, so the ajs are all allowed to

be non-zero. Put simply, it assumes that the magnitude of

the pleiotropic effects are independent of their strengths as

instruments. That is, the size of cj for variant j provides no

information as to the size of its corresponding aj. This is

referred to as the InSIDE (Instrument Strength Independent

of Direct Effect) assumption;10 see also the Appendix for a

more detailed discussion (available as Supplementary

data at IJE online). In common with the IVW method,

MR-Egger makes the NOME assumption. It performs a

regression of the SNP-outcome associations on the SNP-

exposure association of the form bCj ¼ b0E þ b1Ebcj.

Weighting the regression by the precision of bCj improves

efficiency and is recommended, but for simplicity of ex-

planation, we ignore this extra complication for now.

The intercept estimate bb0E can be interpreted as the

average pleiotropic effect across all variants and the slope

estimate bb1E provides an estimate for the true causal par-

ameter b. MR-Egger can only detect pleiotropy when it is

!directional’ (i.e. it has a non-zero average value), since only

then will b0E be non-zero. It could be, for example, that all

variants exhibit pleiotropy, but on average it cancels out.

This is referred to as!balanced’ pleiotropy.10 When InSIDE

and NOME are perfectly satisfied, MR-Egger returns an

unbiased estimate for the causal effect b. However, when

InSIDE holds but NOME is violated, it will not be un-

biased; its expected value will equal the true value b multi-

plied by a scale factor between 0 and 1, as below:

Expected value of MR-Egger slope:

bb1E # b
VarðcÞ
VarðbcÞ

¼b
r2

c

r2
cþs2

: (3)

Here, r2
c is the variance of the set of true SNP-exposure

associations c1; . . . ; cL and s2 represents the additional

!average’ variability among bc1; . . . ;bcL due to estimation (or

measurement) error. Only when s2 is zero will NOME be

satisfied. When the SNP-exposure estimates are more vari-

able than the underlying parameter values, so that s2 is

non-zero, the resulting NOME violation leads to the MR-

Egger estimate being attenuated towards zero, as per for-

mula (3). This attenuation can be understood as an arche-

typal case of regression dilution bias. A more detailed

explanation of formula (3) is given in the Appendix (avail-

able as Supplementary data at IJE online).

Assessing regression dilution with I2
GX

The ratio varðcÞ=varðbcÞ in equation (3), and hence the mag-

nitude of the regression dilution, can be approximated

using the I2 statistic,14 a well-known tool for assessing be-

tween study heterogeneity in meta-analysis. First, define

Cochran’s Q statistic for the SNP-exposure associations to

be:

QGX ¼

XL

j¼1

ðbcj & "bcÞ2

r2
Xj

where "bc is the mean of the SNP-exposure associations

(weighted by 1/r2
Xj). Our corresponding I2 statistic is then

defined to be I2
GX ¼ ðQGX & ðL& 1ÞÞ=QGX. Our approxi-

mation implies that, on average, bb1E is roughly equal to

bI2
GX, as suggested by formula (3); see the Appendix for

further details and the slightly adapted formula for I2
GX

under a weighted analysis, available as Supplementary

data at IJE online.

In order to clarify the definition of I2
GX in the MR con-

text, we refer to Figure 1. The solid black dots show a scat-

ter plot of the SNP-outcome association estimates (the bCs)
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IVW method (as originally proposed) assumes that all vari-

ants are valid IVs so that none of the genetic variants ex-

hibit pleiotropy and hence aj ¼ 0 for all j. It is common

practice to use inverse variance weights derived via

NOME5 ,7 so that it has the form:

bbIVW ¼

XL

j¼1

wj
bbj

XL

j¼1

wj

; wj ¼ bc2
j =r

2
Yj: (2)

The IVW estimate can be equivalently obtained as the

slope from a linear regression of the SNP-outcome associ-

ation estimates on the SNP-exposure association estimates

with the intercept term constrained to zero.

If the above assumptions are satisfied, bbIVW is an un-

biased estimate for b. However, NOME will never be per-

fectly satisfied in practice. In the presence of substantial

measurement error, the IVW estimate is known to suffer

from weak instrument bias,18 where instrument strength is

typically represented by the F-statistic. In the two-sample

summary data context and with uncorrelated genetic vari-

ants, the F-statistic for variant j can be approximated as Fj

¼ bc2
j =r

2
Xj. We use this approximation for the remainder of

the paper. In the two-sample context considered here, the

effect of weak instrument bias is to attenuate the causal ef-

fect towards the null.4

MR-Egger regression

In contrast to the IVW method, MR-Egger regression10

does not assume that all of the SNP-outcome associations

are unaffected by pleiotropy, so the ajs are all allowed to

be non-zero. Put simply, it assumes that the magnitude of

the pleiotropic effects are independent of their strengths as

instruments. That is, the size of cj for variant j provides no

information as to the size of its corresponding aj. This is

referred to as the InSIDE (Instrument Strength Independent

of Direct Effect) assumption;10 see also the Appendix for a

more detailed discussion (available as Supplementary

data at IJE online). In common with the IVW method,

MR-Egger makes the NOME assumption. It performs a

regression of the SNP-outcome associations on the SNP-

exposure association of the form bCj ¼ b0E þ b1Ebcj.

Weighting the regression by the precision of bCj improves

efficiency and is recommended, but for simplicity of ex-

planation, we ignore this extra complication for now.

The intercept estimate bb0E can be interpreted as the

average pleiotropic effect across all variants and the slope

estimate bb1E provides an estimate for the true causal par-

ameter b. MR-Egger can only detect pleiotropy when it is

!directional’ (i.e. it has a non-zero average value), since only

then will b0E be non-zero. It could be, for example, that all

variants exhibit pleiotropy, but on average it cancels out.

This is referred to as!balanced’ pleiotropy.10 When InSIDE

and NOME are perfectly satisfied, MR-Egger returns an

unbiased estimate for the causal effect b. However, when

InSIDE holds but NOME is violated, it will not be un-

biased; its expected value will equal the true value b multi-

plied by a scale factor between 0 and 1, as below:

Expected value of MR-Egger slope:

bb1E # b
VarðcÞ
VarðbcÞ

¼b
r2

c

r2
cþs2

: (3)

Here, r2
c is the variance of the set of true SNP-exposure

associations c1; . . . ; cL and s2 represents the additional

!average’ variability among bc1; . . . ;bcL due to estimation (or

measurement) error. Only when s2 is zero will NOME be

satisfied. When the SNP-exposure estimates are more vari-

able than the underlying parameter values, so that s2 is

non-zero, the resulting NOME violation leads to the MR-

Egger estimate being attenuated towards zero, as per for-

mula (3). This attenuation can be understood as an arche-

typal case of regression dilution bias. A more detailed

explanation of formula (3) is given in the Appendix (avail-

able as Supplementary data at IJE online).

Assessing regression dilution with I2
GX

The ratio varðcÞ=varðbcÞ in equation (3), and hence the mag-

nitude of the regression dilution, can be approximated

using the I2 statistic,14 a well-known tool for assessing be-

tween study heterogeneity in meta-analysis. First, define

Cochran’s Q statistic for the SNP-exposure associations to

be:

QGX ¼

XL

j¼1

ðbcj & "bcÞ2

r2
Xj

where "bc is the mean of the SNP-exposure associations

(weighted by 1/r2
Xj). Our corresponding I2 statistic is then

defined to be I2
GX ¼ ðQGX & ðL& 1ÞÞ=QGX. Our approxi-

mation implies that, on average, bb1E is roughly equal to

bI2
GX, as suggested by formula (3); see the Appendix for

further details and the slightly adapted formula for I2
GX

under a weighted analysis, available as Supplementary

data at IJE online.

In order to clarify the definition of I2
GX in the MR con-

text, we refer to Figure 1. The solid black dots show a scat-

ter plot of the SNP-outcome association estimates (the bCs)

1964 International Journal of Epidemiology, 2016, Vol. 45, No. 6

D
ow

nloaded from
 https://academ

ic.oup.com
/ije/article/45/6/1961/2622855 by C

alifornia D
igital Library user on 13 August 2020

Mean SNP-exposure 
association

Variance of  SNP-
exposure estimates

SNP-exposure
association


