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Consensus of sharing GWAS summary statistics 
(in human genetics research community)

Has Become a standard to share and make publicly available the 

summary-level data when publishing a GWAS study.

—Nat Genet editorial, July 2012 
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Critical information from GWAS summary data

• SNP ID

• Effect alleles and alternate alleles (A1 and A2)

• Effect allele frequencies

• Marginal SNP effects

• Standard errors

• P value

• (Per-SNP) sample sizes

COJO file (.ma)

COJO format

Yang et al., 2012
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Given the standard GWAS with genotypes being allelic counts (0/1/2),

the minimum data required include:

• SNP marginal effect estimates

• Standard errors

• GWAS sample size

• LD correlations among SNPs

What are the minimum data required?

Sumstats for PGS prediction

GWAS sumstats

LD matrix
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Which allele is the effect allele in GWAS?

e.g., A1 allele

Other information critical to quality control (QC)

A2A2               A1A2               A1A1

Need to match with the allele used to 

calculate the LD matrix in the reference 
sample

Other critical information



CRICOS code 00025B

Allele Frequency

7

AF in LD reference
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Per-SNP sample size 

Heterogeneity in per-SNP sample size (usually due to meta-analysis) may 

result in a convergence problem in MCMC.

We recommend to visualise the per-SNP sample size distribution and remove 

the outliers.

Other information critical to quality control (QC)

Other critical information
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Heterogeneity in per-SNP sample size
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Convert to correct format and filter/impute missing data.Some data field has NA and is non-numeric.Incorrect data field 

format.

Check publication/ReadMe file. Some methods require

total sample size, while some requires effective sample size. 

Missing data. Separate values in cases and 

controls.

Sample size (N)

SE = b/Z if b is provided,

or 𝑆𝐸 = 1/ 2𝑝 (1 − 𝑝)(𝑁 + 𝑍2) given unit variance.

Missing data.Standard error (SE)

b = Z/SE if SE is provided, 

or 𝑏 = 𝑍/ 2𝑝 (1 − 𝑝)(𝑁 + 𝑍2) given unit variance.

b = log(OR).

Provided data are Z-score or odds ratio (OR).Marginal effect (b)

Use data from LD reference. 

Impute by summary data 2𝑝𝑞 = 1/(𝑁 ∗ 𝑆𝐸 + 𝑁 ∗ 𝑏2).

Compute 𝑝 =
𝑁𝑐𝑎𝑠𝑒 𝑝𝑐𝑎𝑠𝑒 +𝑁𝑐𝑡𝑟𝑙 𝑝𝑐𝑡𝑟𝑙

𝑁𝑐𝑎𝑠𝑒 +𝑁𝑐𝑡𝑟𝑙

.

Missing data. Provided data are minor allele 

frequency (MAF). Separate values in cases and 

controls.

Effect allele frequency 

(p)

Check ReadMe file. Check if the predictor is 

negatively correlated with the phenotype. 

Lower/upper case.

Unknown effect allele (A1/A2, REF/ALT).

Alleles

Use chromosome and position information to find 

their rsID (from LD reference file).

rsID not provided.SNP ID

Lift up to the same genome build using liftoverInconsistent coordinates among GWAS summary 

data and LD reference.

Genome build

10

What should we check prior to the analysis?

Raw data file

How to fix?What could be wrong?Item
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For SBayes, we recommend using the total sample size. Total sample size (Ncase + Nctrl) or effective

sample size - which one to use?

Sample size for disease

Visualise the distribution. Remove long tail/minor mode/

outliers, e.g., > 3*SD. 

Impute N = 1/(2pq(SE+b2)) if necessary.

Dispersed/skewed/multimodal distribution. 

Only overall sample size provided in meta-

analysis. 

Variable per-SNP sample sizes 

Choose a better LD reference.

Remove SNPs with LD heterogeneity (DENTIST).

LD reference does not match LD in the 

GWAS sample.

LD differences

Remove SNPs with large difference, e.g., > 0.2.Large differences between GWAS and LD 

reference data.

Allele frequency differences

Flip the alleles in GWAS and take the opposite sign 

of the marginal effect size.

Discordant alleles between data sets, 

e.g., A/T in GWAS but T/A in LD reference.

Allele discordance

For applications requiring a perfect match, filter 

SNPs or impute their marginal effects (e.g., ImpG). 

SNPs in GWAS are missing in the LD 

reference, or in reverse.

Mismatched SNPs

Impute the missing data or remove SNPs.Some SNPs have missing data.Missing data

11

What should we check prior to the analysis? (cont’)

Quality control (QC)

How to fix?What could be wrong?Item
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Practical6_SumStat_QC.html

[Presentation Title] | [Date] 12

[Entity Name]
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An in-house PGS pipeline

Genetics & Genomics Winter School

Module 5
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Genotype data from arrays

[borrowed from Keth] 15

[Entity Name]
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➢ Quality

➢ Coverage

Why a raw data is not ready for PGS profiling?

16

[Entity Name]

Number of Nucleotide/Variants

Whole human genome haplotype 3 billion

TopMed 445 million

1000G 80 million

HRC 40 million

HapMap3 1 million

Illumina GSA chip 654 thousand

A high density 

SBayesRC Predictor 

– 7.3M SNPs
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Overview of PGS pipeline

17

.plink

Genotyped with chips

.vcf .plink

predictors
Imputation 

panel

.profile
QC& Align Imputation Scoring analysis
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[Entity Name]

➢ Per Individual QC

- 1) removal of individuals with excess missing genotypes

- 2) removal of individuals with outlying homozygosity values

- 3) remove of samples showing a discordant sex

- 4) removal of related or duplicate samples, and

- 5) removal of ancestry outliers

➢ Per SNP QC

- 1) removal of SNPs with excess missing genotypes

- 2) removal of SNPs that deviate from Hardy-Weinberg equilibrium

- 3) removal of SNPs with low minor allele frequency

- 4) comparing allele frequency to known values

Revisit Genotype data QC for a GWAS study
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➢ Large number of SNPs with MAF = 0

• Missing Alleles

➢ Replicates and relatives can exist

Extra consideration in practice

20

[Entity Name]
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[Entity Name]

➢ Per Individual QC

- 1) removal of individuals with excess missing genotypes

- 2) removal of individuals with outlying homozygosity values

- 3) remove of samples showing a discordant sex

- 4) removal of related or duplicate samples, and

- 5) removal of ancestry outliers

➢ Per SNP QC

- 1) removal of SNPs with excess missing genotypes

- 2) removal of SNPs that deviate from Hardy-Weinberg equilibrium

- 3) removal of SNPs with low minor allele frequency

- 4) comparing allele frequency to known values

Genotype data QC
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➢ Large number of SNPs with MAF = 0

• Missing Alleles

➢ Replicates and relatives can exist

➢ Different genome build between raw data and imputation panel

Extra consideration in practice

22
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[Entity Name]

Human Genome Assemblies
https://hgdownload.soe.ucsc.edu/downloads.html

hg38ToHg19.over.chain.gz 

hs1ToHg19.over.chain.gz 

hs1ToHg38.over.chain.gz 

hg19ToHg38.over.chain.gz 

Telomere-to-Telomere

A haploid human genome without gaps

GRCh = Genome Reference Consortium Human Build

Very similar / Same.

GRCh37 names them `chr1`, `chr2`, `chr3`, etc, 

while hg19 just has `1`, `2`, `3`.

Different Mitochondria contigs.

hg38ToHs1.over.chain.gz 

https://hgdownload.soe.ucsc.edu/downloads.html
https://hgdownload.soe.ucsc.edu/goldenPath/hg38/liftOver/hg38ToHg19.over.chain.gz
https://hgdownload.soe.ucsc.edu/goldenPath/hs1/liftOver/hs1ToHg19.over.chain.gz
https://hgdownload.soe.ucsc.edu/goldenPath/hs1/liftOver/hs1ToHg38.over.chain.gz
https://hgdownload.soe.ucsc.edu/goldenPath/hg19/liftOver/hg19ToHg38.over.chain.gz
https://hgdownload.soe.ucsc.edu/goldenPath/hs1/liftOver/hs1ToHg19.over.chain.gz
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[Entity Name]

Liftover

We recommend realigning against the manifest files if possible!

Option 1. https://www.strand.org.uk

• update_build.sh <bed-file-stem> <strand-file> <output-file-stem>

Option 2. https://genome.sph.umich.edu/wiki/LiftOver

• python liftMap.py -m data_recoded.map -p data_recoded.ped -o data_recoded_lifted

Option 3. LiftOverPlink

• https://github.com/sritchie73/liftOverPlink/blob/master/README.md 

Option 4. use reference file to update dbSNP locations in bim file or GWAS statistics

• Hg38 dbsnp_146.hg38.vcf.gz

• Hg19 dbsnp_138.hg19.vcf.gz

• Available: https://gatk.broadinstitute.org/hc/en-us/articles/360035890811-Resource-bundle
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Best liftover tool: BCFtools/liftover

bcftools +liftover --no-version 

-Ou ALL.wgs.phase3_shapeit2_mvncall_integrated_v5c.20130502.sites.vcf.gz -- \

 -s   GRCh37/human_g1k_v37.fasta \

 -f    GRCh38/GCA_000001405.15_GRCh38_no_alt_analysis_set.fna \

 -c   GRCh38/hg19ToHg38.over.chain.gz \

 --reject ALL.wgs.phase3_shapeit2_mvncall_integrated_v5c.20130502.sites.reject.bcf \

 --reject-type b \

 --write-src | \

 

bcftools sort -Ob | tee ALL.wgs.phase3_shapeit2_mvncall_integrated_v5c.20130502.sites.hg38.bcf | \

 bcftools index --force \

--output ALL.wgs.phase3_shapeit2_mvncall_integrated_v5c.20130502.sites.hg38.bcf.csi

-Ou: --output-type (u = uncompressed BCF)

-s: --src-fasta-ref <file> source reference sequence in fasta format

-f, --fasta-ref <file> destination reference sequence in fasta format

-c, --chain <file> UCSC liftOver chain file

--reject <file> output variants that cannot be lifted over

--write-src write the source contig/position/alleles for lifted variants

--reject-type (b = compressed BCF)
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➢ Large number of SNPs with MAF = 0

• Missing Alleles

➢ Replicates and relatives can exist

➢ Different genome build between raw data and imputation panel

➢ SNPs alleles from negative strand

Extra consideration in practice

26
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Chromosomes, strands and SNP alleles

[Presentation Title] | [Date] 27

[Entity Name]
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https://www.strand.org.uk

Strand resource

[Presentation Title] | [Date] 28

[Entity Name]



CRICOS code 00025BCRICOS code 00025B

Chromosomes, strands and SNP alleles

[Presentation Title] | [Date] 29

[Entity Name]

Positive strand
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Flip the strand
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Example script to fix ref allele

[Presentation Title] | [Date] 30

[Entity Name]

BCFtools

VCFtools
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Example VCF files

https://davetang.github.io/learning_vcf_file/ 31



CRICOS code 00025B

External information

Software

Data processing

Data

schematic of technical pipeline

In-house PGS pipeline

VCF
Formatting & 

Aligning
BCFtools

QC

PLINK

PLINK

Raw 

genotype data



CRICOS code 00025B

Raw 

genotype data
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phasing

[Presentation Title] | [Date] 34

[Entity Name]
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Imputation

[Presentation Title] | [Date] 35

[Entity Name]
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Panel options

Reference Panel Number of Individuals Number of Variants Population Focus

Haplotype Reference 

Consortium (HRC)
~32,000 ~40 million European

1000 Genomes Project 2,504 ~88 million Global, diverse

TOPMed ~62,000 >300 million
Diverse, 

underrepresented

UK10K ~3,800 ~30 million UK, European

GoT2D ~2,657 ~20 million
Type 2 Diabetes, 

Metabolic
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Imputation servers
37

[Entity Name]

Largest panel

Multiple features

Most user friendly
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## Example script

geneticmap=genetic_map_chr${chr}_combined_b37.txt 

reference=ALL.chr${chr}.phase3_shapeit2_mvncall_integrated_v5a.20130502.genotypes.vcf.gz 

eagle \

 --vcfRef=$reference \

 --vcfTarget=indexed_fixed_${data}_chr${chr}.vcf.gz \

 --geneticMapFile=$geneticmap \

 --vcfOutFormat=z \

 --outPrefix=phased_chr${chr} > phasing.log 

In house Phasing with Eagle2

[Presentation Title] | [Date] 38

[Entity Name]

Alternative: SHAPEIT4
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## Example script

impute5_1.1.5_static \

 --m $geneticmap \

 --h $reference \

 --g phased_chr${chr}.vcf.gz \

 --r ${chr}:${intstart}-${intend} \

 --ne 20000 \  ## effective sample size, default 10k~20k for human

 --threads 1 \

 --o imputed_chr${chr}_chunk.vcf.gz \

 --l imputed_chr${chr}_chunk.log

In house Imputation with Impute5

39

[Entity Name]

A chromosome can be imputed as chunks
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➢ Format

• Imputed data is output as a zipped VCF file. We usually change the format back to PLINK for following analysis.

After imputation

[Presentation Title] | [Date] 40

[Entity Name]

## Example script
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➢ Format

• Imputed data is output as a zipped VCF file. We usually change the format back to PLINK for following analysis.

➢ SNP ID

• Plink does not like duplicate and missing IDs. 

After imputation

[Presentation Title] | [Date] 41

[Entity Name]

➢ Fill in dbSNP ID if it’s not used, as in files from Michigan and TopMed server

➢ Replace missing SNP IDs with “chr_pos”

➢ Rename duplicate SNP IDs with “_dup”
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➢ Format

• Imputed data is output as a zipped VCF file. We usually change the format back to PLINK for following analysis.

➢ SNP ID

• Plink does not like duplicate and missing IDs

➢ Quality

• We suggest to keep all the SNPs regardless of the info score and allele frequency for PGS profiling

After imputation

[Presentation Title] | [Date] 42

[Entity Name]
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## Example script 

plink \

 --bfile  ${target}_chr${i} \

 --extract overlap_SNPs.txt \

 --score ${trait}_SBayesRC_predictor.txt 2 5 8 header sum \

 --out ${target}_${trait}_SBayesRC

PGS profiling

[Presentation Title] | [Date] 44

The parameters after your predictor file means

•2 5 8: Take only the first three columns in the predictor file. The order should be columns of SNP, A1, Effect. 

•header: The predictor file has a header row.

•sum: PLINK prefers to divide the score by the number of SNPs in predictor. Using “sum” will prevent the division step.

•It’s suggested to use overlap SNPs if you are going to compare two sets of data.
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➢ Case vs. Control?

➢ Benchmark with population-wise scores

Interpret PGS

[Presentation Title] | [Date] 45
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Match ancestry when benchmarking the PGS

[Presentation Title] | [Date] 46
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PC calculation using GCTA

[Presentation Title] | [Date] 47

[Entity Name]

➢ 1000G is the most widely used reference data
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PC plot of 1000Genome
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PC projection using GCTA
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PC projection 
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Questions and Wrap Up

[Presentation Title] | [Date] 52
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Polygenic scores

PGS = ෢𝛽1𝑥𝑖1 + ෢𝛽2𝑥𝑖2 + ෢𝛽3𝑥𝑖3 + ⋯  = σ
𝑗=1
𝑛𝑆𝑁𝑃 ෡𝛽𝑗𝑥𝑖𝑗

Polygenic score (PGS) is a weighted count of risk alleles

0, 1 or 2

Risk alleles
Which SNPs?

What weights?

• Don’t need to know causal variants for prediction!

• Prediction can be based on correlated variants.

53
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❖ PGS have a theoretical upper limit dependent on the heritability of 

the trait (how much of the variance of trait values between people is 

attributed to genetic factors).

❖ PGS have a technical upper limit associated with the proportion of 

variance tagged by the DNA variants measured. 

❖ PGS have a practical upper limit dependent on the sample size of 

the discovery sample used to estimate effect sizes of risk alleles, and 

the quality of the discovery sample.

❖ PGS can be pushed closer to the technical upper limit  by the 

statistical methodology used to generate the optimal weighting 

given to the risk alleles, and new methods integrate new biological 

data.

ℎ2

ℎ𝑆𝑁𝑃
2

𝑅2

Current:
11% Liability

AUC 0.74

Max:
25% Liability

AUC 0.84

Polygenic scores cannot 

be highly accurate 

predictors of phenotypes

Schizophrenia

Limitations in prediction accuracy



Clinical applications

55

Population screening
Aiding diagnosis 

in unclear cases
Informing treatment decisions
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Two solutions

Whole-genome regression 

approaches

Include all SNPs but adjust 

the effect sizes for LD 

Clumping and P-value 

thresholding (C+PT)

Include only the most strongly 

associated SNP from each LD 

block (Purcell et al., 2009)

෍

𝑗=1

𝑛𝑆𝑁𝑃

෡𝛽𝑗𝑥𝑖𝑗

Weights: Set equal to GWAS 

coefficients.

Loci: Selected by 

1. using a clumping algorithm that 

ensures the included SNPs are all 

approximately independent of 

each other

2. omitting SNPs whose P value for 

association with the phenotype is 

above a certain threshold

Weights: Set to GWAS coefficients 

adjusted for LD → from a random-effect 

model regressing the phenotype on all 

SNPs

Loci: Include all SNPs, no LD-based 

pruning

Examples: BLUP (Meuwissen et al. 2001), 

LDpred (Vilhjalmsson et al. 2015, Prive et 

al. 2020 ), PRS-CS (Ge et al. 2019), 

SBayesR (Lloyd-Jones et al. 2019)



Polygenic prediction

57

- Discovery/Training/Derivation

• Estimate the effect sizes ( ෠𝑏) of SNPs on a trait (y) – GWAS

- Tunning/Validation

• Further estimate some parameters (depends on methods; 

not all methods require it)

-  Target/Testing/Validation

• Build a polygenetic risk score (PRS) ( ො𝑦): 

• Evaluate the prediction performance/accuracy

Should be independent; no overlap; 

out-of-sample prediction



More advanced methods

PRS = ෢𝛽1𝑥𝑖1 + ෢𝛽2𝑥𝑖2 + ෢𝛽3𝑥𝑖3 + ⋯  = σ
𝑗=1
𝑛𝑆𝑁𝑃 ෡𝛽𝑗𝑥𝑖𝑗

A weighted sum of the count of risk alleles

How many SNPs?

Which SNPs?

What weights? 

New methods model 

genetic architecture

58

LDpred-Inf

SBLUP

LDPred2

SBayesC

SBayesRBSLMM
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Best linear unbiased prediction (BLUP)

𝐲 = 𝟏𝐧𝜇 + 𝐗𝜷 + 𝐞

Linear mixed model

BLUP solutions

I = identity matrix (dimensions m x m)

 = 𝜎𝑒
2 / 𝜎𝛽

2

Ƹ𝜇
෡𝜷

=
𝟏𝐧′𝟏𝐧 𝟏𝐧

′ 𝐗

𝐗′𝟏𝐧 𝐗′𝐗 + 𝐈𝜆

−1
𝟏𝐧

′ 𝐲

𝐗′𝐲

BLUP
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• Need to specify the shrinkage parameter 

• Assumes SNPs effects are (infinitesimal model): 

• all non-zero

• very small

• normally distributed

BLUP

How realistic they are?



Bayesian methods in human genetics

61

PRS-CS LDPred2 SBayesRBSLMM

Continuous shrinkage

𝛽𝑗  ~𝑁(0, 𝜙𝜓𝑗)

𝜓𝑗~𝐺𝑎 𝑎, 𝛿𝑗

𝛿𝑗~ 𝐺𝑎(𝑏, 1)

Parameters 𝑎 and 𝑏 determine 

how aggressively to shrink small 

estimates and how much you 

don’t shrink large ones

Spike-and-Slab

𝛽𝑗  ~ ቊ 𝑁 0, 𝜏2 ,  𝜋
0 1 − 𝜋

𝜋 can be estimated 
from data, sparsity 
allowed, 𝜏2 = ℎ2/𝑀𝜋

Flexible finite mixture of 

normal distributions, sparsity 

allowed 

𝛽𝑗~

0,  𝜋1

𝑁 0, 𝛾2𝜎𝑏
2 ,  𝜋2

…

𝑁 0, 𝛾𝐶𝜎𝑏
2 , 1 − ෍

𝑐=1

𝐶−1

𝜋𝑐

Normal mixture

𝛽𝑗  ~ ൝
𝑁 0, 𝜎𝑏

2 + 𝜎𝑢
2 ,  𝜋

𝑁 0, 𝜎𝑢
2 ,  1 − 𝜋

𝜎𝑏
2 captures “sparse 

effects” as in the spike-
and-slab model, and 
𝜎𝑢

2 captures small 
polygenic effects.
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Bayes theorem

Introduction to Bayesian methods

)()|()|( xPxyPyxP 

Probability of 

parameters x given 

the data y (posterior)

Is proportional to Probability of 

data y given the 

x (likelihood of 

data)

Prior 

probability 

of x
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Gibbs sampling

BayesC

• Set starting values for (𝜇, 𝜹, 𝜷, 𝜎𝛽
2, 𝜋, 𝜎𝑒

2)

• Then (for many iterations)

• For each SNP, sample 𝛿𝑗 , 𝛽𝑗 conditional on other parameters 

• Sample 𝜇, 𝜎𝛽
2, 𝜋, 𝜎𝑒

2 with updated 𝜹, 𝜷

Samples reconstruct posterior distributions of parameters
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Gibbs sampling

BayesC

Trace plot Posterior distribution

Posterior mean is used as the point estimate of the SNP effect
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Why use multi-normal mixture?

BayesR

Account for almost any distribution!

𝜋1𝛽𝑗  ~ + 𝜋2 + 𝜋3 + 𝜋4
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Many polygenic genetic architectures
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Type 1 Diabetes Rheumatoid Arthritis Crohn’s Diseasse

Coronary Artery 

Disease
Type 2 Diabetes

Bipolar Disorder Schizophrenia

Hypertension

small

middle
big

Many DNA variants contribute to 
genetic risk, and most have very 

small effects.
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SNP annotations

SBayesRC

𝛽𝑗  ~ 𝜋1  + 𝜋2             + 𝜋3             + 𝜋4 + 𝜋5

Incorporate functional annotations through a hierarchical prior:

𝑝𝑟𝑜𝑏𝑖𝑡 𝜋𝑗𝑘 = ×  annotation effects

Zero

effect

Tiny

effect

Medium

effect

Small

effect

Large

effect

SNP j
𝜋𝑗𝑘
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𝚲−
1
2𝐔′𝐛 =  𝚲

1
2 𝐔′ 𝜷 +  𝚲−

1
2𝐔′𝝐

Eigen-decomposition

𝐔 𝚲 𝐔′

𝐛 =  𝐑 𝜷 +  𝝐

ResidualsGWAS SNP marginal effects LD correlation matrix SNP joint effects

Var 𝝐 ∝

𝐰 = 𝐐 𝜷 𝜺+

Var 𝜺 ∝

Low-rank model (fits 7M SNPs or more)

It only requires the top 20% 

PCs to explain 99.5% of the 

variance in LD!

In each quasi-independent LD block:
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Improvement (%) in prediction accuracy 

with vs. without annotations:

𝑅annot
2  −  𝑅wo

2

𝑅wo
2

using 7M imputed SNPs (y-axis) or 

1M HapMap3 SNPs (x-axis).

69

Interaction between SNP density and annotation information

Annotations help more with 

increased SNP density
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Functional genetic architecture
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PGS evaluation in diseases (binary traits)

- Pseudo 𝑅2 from logistic regression

- AUC (area under the ROC curve)

- Variance explained on liability scale

- Decile odds ratio (OR)

- Risk stratification

Statistics to measure prediction accuracy
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Ancestry

Predicted into Japanese Predicted into European
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Ancestry

Issues

• Same causal variants

• Different allele frequencies

• LD differences

• Different effect sizes

• Different causal variants

• GxE

• Different phenotype

In general:

We expect common causal 

variants to be shared across 

ancestries

But correlation structure differs



How about whole genome sequencing?

74

With whole genome sequencing the variance captured by 

all measured SNPs will increase

But the number of SNPs that we have estimate effect sizes 

for increases much more

𝒉𝑴
𝟐

M

?
Wray et al (2019) Complex trait prediction from genome data. Genetics

𝑅2 ≈
ℎ𝑚

2

1 +
𝑚

𝑁ℎ𝑚
2

𝑅2

Maximum depends on 
maximising ℎ𝑚

2

We use GWAS data so the 
maximum ℎ𝑚

2  is the SNP-based 

heritability

Theoretical maximum depends 
on the heritability of the trait

Need MASSIVE discovery sample sizes for WGS associations

Also… rare variants are less likely to be shared across populations

74
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