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1. What phenotype or phenotypes did they consider?

2. How much was previously know about these phenotypes?

3. What data did they use? One study or multiple studies?

4. What different analyses / methods did they apply to the data?

5. What were their novel findings?

6. What were the good points of the paper?

7. What are any concerns in the paper?

Paper 1



1. What methods do they provide guides for?

2. How do they justify their guides?

3. Is there anything the paper has missed?

Paper 2



1. What is the research question?

2. How did the authors address the question?

3. What is their answer?

3. Does the study add anything new (at the time)?

3. How would you improve the study?

3. What is the take-home message?
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1. What are the research aims?

2. How did the authors address these research aims?

3. Does the study add anything new?

4. How would you improve the study?

5. What is the take-home message?

Paper 4



1. What is the research question?

2. How did the authors address the question?

3. What is their answer?

4. Does the study add anything new (at the time)?

5. How would you improve the study?

6. What is the take-home message?

Paper 5



• Which type of paper? Methods or Application or Guidelines
➢ Application

Paper 1



1. What phenotype or phenotypes did they consider?
➢ (1) Intracranial  aneurysm (IA) is  a  balloon-shaped  dilatation,  usually located at a branch of an intracranial artery. 
➢ Rupture of an intracranial aneurysm causes  an  aneurysmal  (2) subarachnoid  hemorrhage  (aSAH),  a  severe  type of stroke.
➢ For the follow-up analysis, they consider also related traits  

▪ Other types of stroke: all stroke, cardioembolic stroke, any ischemic stroke (IS), large artery stroke, small vessel disease, deep, lobar and 
combined intracerebral hemorrhage (ICH)

▪ Vascular malformations and other aneurysms : intracranial arteriovenous malformation (AVM),cervical artery dissection and abdominal 
aortic aneurysm (AAA)

▪ Risk factors for IA :  Blood pressure (BP), smoking related traits

2. How much was previously known about IA/aSAH?
➢ Epidemiology:

▪ Prevalence: It is present in 3% of the population. 
▪ IA occur in relatively young people with a mean age of 50 years. 
▪ Sex biased? is twice as common in women aged >50 years compared with men of that age

➢ Genetics:
• aSAH heritability of 41%, as estimated in a twin study
• Family-based studies identified a few variants with Mendelian inheritance
• GWAS have identified multiple common variants, suggesting a polygenic model of inheritance
• Largest GWAS (before paper) 2780 cases / 12515 controls, identified 6 risk loci → SNP-based heritability of IA : 4.1–6.1%

Paper 1 : Bakker et al. 2020



4. What different analyses / methods did they apply to the data?
➢ Individual-level association analysis for each European strata : SAIGE logistic mixed model with saddle-point approximation 

for P values
➢ Meta-analysis : METAL (inverse-variance weighted meta-analysisusing summary statistics)
➢ Conditional analysis : To investigate independent signals, genome-wide complex trait analysis (GCTA)-COJO
➢ Genetic risk score (GRS): classical method Clumping + thresholding, then used as covariate in SAIGE analysis
➢ Gene mapping based on eQTLs : eCAVIAR: for colocalization + TWAS + GCTA-SMR was used to highlight genes for which 

expression has a causal influence on intracranial aneurysm risk
➢ SNP-based heritability : LDSR with LDSC /Sumher with LDAK, Functional heritability enrichment analysis: LDSC
➢ GARFIELD : to explore regulatory, functional and tissue-specific enrichment of the GWAS summary statistics
➢ Genetic correlation: LDSR with LDSC, Conditional genetic correlation : mtCOJO + LDSR with LDSC, Trans-ancestry genetic 

correlation : Popcorn v.0.9.9
➢ Mendelian randomization (MR) :GCTA-GSMR
➢ Gene-based and gene-set analysis : MAGMA

3. What data did they use? One study or multiple studies? (details in supplementary tables)
➢ Main analysis (IA/aSAH)

▪ Stage1: Multiple cohorts (n=23) 9 European strata (individual level data) + 1 summary statistics 
>> Meta-analysis : 7,495 cases, 71,934 controls and 4,471,083 SNPs.

▪ Stage2: stage1 + summary statistics of East Asian individuals (Biobank Japan and China Kadoorie Biobank) 
>> cross-ancestry meta-analysis : 10,754 cases, 306,882 controls and 3,527,309 SNPs

➢ Follow-up analyses:
• summary statistics : from UKBB (Neale lab), from LD-hub and Publicly available (Megastroke consortium)

Paper 1 : Bakker et al. 2020



5. What were their novel findings?
➢ 11 loci in stage 1, 17 (11 new 6 previously reported) in stage 2 - Did all 11 stage 1 replicate in stage2? Yes
➢ Genetic correlation between ruptured and unruptured IA
➢ SNP heritability: 21.6 ± 2.8% (s.e.) on the liability scale with LDSR and 29.9 ± 5.4% using SumHer
➢ Genetic predisposition for smoking and BP are the most important independent genetic risk factors for IA
➢ Genetic correlations of IA with IS and ICH are mainly driven by genetic predisposition for smoking and BP
➢ Genetic architecture between the European ancestry and East Asian ancestry GWAS of >90.8 ± 14.6%
➢ Pleiotropic characteristics of antiepileptic drugs and sex hormones with the genetic associations of intracranial aneurysms

6. What were the good points of the paper?
➢ Taking into account unbalance between cases/controls sample sizes in Individual-level association analysis 
➢ Exploring multi-ancestry hypothesis
➢ Placing IA/aSAH according to related traits using genetic correlation and MR (GSMR)

7. What are any concerns in the paper?
➢ Low density cover of SNPs after QC
➢ Heritability enrichment analysis model
➢ Sample size unbalance between traits summary statistics in some analyses (e.g, genetic correlation / GSMR of BP-IA)

Paper 1 : Bakker et al. 2020



• Which type of paper? Methods or Application or Guidelines
➢ Protocol (Guidelines)

Paper 2



1. What methods/guides do they provide protocol for?
➢ GWAS meta-analysis (GWAMA) using summary statistics of Individual-level association analysis

▪ Organizational aspects of GWAMA (Steps 1–6)
▪ File-level QC (Steps 7–18)
▪ Meta-level QC (Steps 19–26)
▪ Meta-analysis and QC of meta-analysis output (Steps 27–32)

2. How do they justify their protocol?
➢ Providing illustrated examples
➢ Comparing with other approaches
➢ Providing analysis plan sample
➢ Providing/suggesting softwares (R, EasyQC R package and METAL) and detailed procedure for each step with suggested scripts

3. Is there anything the paper has missed?
➢ The paper described a pipeline used for quantitative traits, but it can be extended/ adapted for binary or other type of traits
➢ The paper assumes standardized and centralized analysis plan and did not cover using publicly available summary statistics 

with eventually different used methods for analyzing association (e.g, mixing summary statistics from SAIGE with Plink)
➢ The paper assumes inverse-variance weighted meta-analysis using the fixed-effects model implemented in METAL, how about 

random-effects model when heterogeneity is present.

Paper 2 : Winkler et al.2014



1. What is the research question?
• How well can polygenic risk scores identify people at high risk for heritable diseases?

2. How did the authors address the question?
• Show disease risk varies as a function of PRS --> PRS is indicative of disease risk.
• 5 common diseases from phase 2 of UKBB (N=288K): CAD, Atrial fibrillation, Type 2 Diabetes, Inflammatory bowel disease & 

breast cancer 
• construct polygenic risk score 

• conventional way: thresholding + clumping 
• new way: LDPred for genome-wide PRS.
• tune hyperparamters via cross-validation: choose values that give the best discriminant power, i.e., highest AUC of ROC

• Measure disease risk: odds ratio (people with top PRS vs. the rest) & disease prevalence.

3. What is their answer?
• PRS does indicate disease risk, and for diseases such as CAD, it does so to a greater extent than existing monogenetic markers.
• Disease risk increases as a function of increasing PRS, as shown by

• disease prevalence increases across percentiles of PRS
• Cases on average have a higher PRS than controls
• E.g., people with a CAD PRS that falls in the top 8% of the distribution are three times more likely to get CAD than the 

rest. I.e., PRS could identify 8% of the population who have a CAD risk three times higher than the rest.
This is 20 times more than could by familial hypercholesterolemia mutations (i.e., existing risk marker).

Paper 3 : Khera et al. 2018



4. Does the study add anything new (at the time)?

• Method level: genome-wide PRS is more predictive than previous PRS based on GWAS sig. variants.

• For CAD, genome-wide common variants together confer more risk than do rare variants

• The disease risk indicated by PRS seem to be relatively independent from conventional risk markers, but the authors 

did not quantify the incremental value of PRS.

5. How would you improve the study?

⚫ To show the incremental values of PRS: e.g., in a logistic regression: control for conventional risk markers (as 

covariates).

⚫ Comparisons of PRS methods could have been more extensive: consider other existing methods & heritability 

models: e.g., MegaPRS

6. What is the take-home message?

• Genome-wide PRS better identifies people at high disease risk than monogenic mutation.
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1. What are the research aims?
⚫ To create a comprehensive repository of polygenic index (PGI) that has the best predictive power and that can be easily 

accessed by researchers.
⚫ Assuming a PGI has been constructed, we want to estimate its beta coefficient or effect on a phenotype of interest. When 

using (standardized) PGI as an explanatory variable in a regression analysis, the ordinary least square (OLS) estimate of beta 
suffers from errors-in-variables bias. Specifically, this bias attenuates the main effect of PGI and its interaction effects with 
other covariates.  Hence, there is a need to derive an estimator that corrects the bias.

2. How did the authors address the research aims? 
➢ creating repository PGIs:

⚫ data for effect size estimation: GWAS from UKBB, 23&Me & other published GWASs -> PGIs based on meta-analyzed GWAS 
are least as predictive as PGIs based on single largest GWAS.

⚫ Uniform quality control procedures for all GWAS stats.
⚫ PGIs were constructed using LDpred based on meta-analyzed GWAS statistics.
⚫ Single-trait PGI created for 36 phenotypes & multi-trait PGI created for 35 phenotypes.

➢ Correcting the errors-in-variables bias:
⚫ They showed the relationship between the naive OLS estimate of PGI effects and the true population effects. By exploiting 

this relationship, the native OLS estimates can be corrected.
⚫ They showed the correction can make a big difference (e.g., 0.62 before correction vs. 1.10 after correction). This justifies

the use of the proposed estimator.

Paper 4 : Becker et al. 2021



3. Does the study add anything new?  
⚫ The process of making PRS becomes easier: no need to do the estimation yourself (PGIs have the best predictive power for 

the traits considered). 
⚫ The unbiased estimator can be quite useful for the applications of PRS.

4. How would you improve the study?
⚫ Perhaps verify that the estimator is unbiased using simulations.
⚫ Not to rely on one method to create PGI. Apply multiple methods and choose the best (e.g., Pain et al.; MegaPRS). 

5. What is the take-home message?
⚫ The repository PGIs have the best predictive power.
⚫ When estimating the effect of a PGI on a phenotype, the beta estimate can be underestimated; but the underestimation can 

be corrected.

Paper 4 : Becker et al. 2021



1. What is the research question?
⚫ There are many summary-statistics based (polygenetic risk score) PRS methods. Which one is the best?

2. How did the authors address the question? 
⚫ Compare 8 leading PRS methods using a reference-standardized approach.
⚫ PRS methods: p-value thresholding + clumping, LDpred1, LDpred2, lassosum, PRScs, SbayesR, DBSLMM & SBLUP. 

⚫ Cross validation (CV) required: pT+clump, LDpred1, LDpred2, lassosum & PRScs.
⚫ No CV required: LDpred2, lassosum & PRScs, SbayesR and DBSLMM, SBLUP, LDpred1.
⚫ For methods that require cross-validation, they combined multiple PRSs using an elastic net model. 

⚫ They also combined all PRSs from all methods using an elastic net model. 

⚫ Comparison metric: correlation between observed & predicted phenotypes averaged across traits. 
⚫ Data:

⚫ effect size estimation: GWAS summary statistics for ~ 11 phenotypes: depression, T2D, CAD, inflammatory bowel disease, 
rheumatoid arthritis, multiple sclerosis, breast cancer, prostate cancer. Intelligence, height, BMI.

⚫ test set for main results: UKBB (white Europeans) phenotype data that are independent from the GWASs.
⚫ reference genotype set (for LD estimates) for main results: 503 white Europeans from 1k genome project

⚫ Standardized reference
⚫ same set of hapmap3 SNPs for all methods
⚫ ancestry matched with the GWAS stats
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3. What is their answer?
⚫ Among PRS methods that require a CV set, LDpred2, lassosum, and PRScs methods perform best on average.  
⚫ Among those that do not require a CV set: PRScs performs best, and DBSLMM and SBayesR methods also perform well.
⚫ For CV-based methods, combining multiple PRSs is better than choosing the best performing PRSs based on CV; giving a 2%-

12% improvement in prediction accuracy. 
⚫ Combing all PRSs gave a ~2% improvement in prediction accuracy, relative to the best single-PRS method (lassosum).

4. Does the study add anything new?  
⚫ It tells which PRS methods on average perform better.
⚫ Combining multiple PRSs seems to be a better strategy than choosing the best performing PRS based on CV.

5. How would you improve the study?
⚫ The best PRS method may vary across traits. So it makes sense do method comparisons for a given trait then decide which 

method to use. Can these methods be implemented within a single software package which makes method comparisons easy? 
(e.g., MegaPRS of LDAK)

6. What is the take-home message?
⚫ When you do not a CV set, use PRScs or DBSLMM.
⚫ When you do, use lassosum, LDpred2 or PRScs, and for any of these methods, combine multiple PRSs using an elastic net 

model.
⚫ If you can, combine all PRSs using an elastic net model.

Paper 5 : Pain et al. 2021


