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meta

Adjective

“Referring to itself or to the conventions of its genre”

“Self-referential”

e.g. “An analysis of the available analyses”
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Figure from ADHD PGC meta-analysis



https://www.nature.com/articles/s41588-018-0269-7

Single cohort GWAS

Combined meta-analysis

Single SNP Meta-analysis forest plot
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Benefits of meta-analysis

More POWER!
Leverage the portability of summary statistics

i

Explore / expose cohort-level heterogeneity
Replicate findings
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https://academic.oup.com/nar/article/53/D1/D998/7893318

Joint ("Mega”) analysis vs Meta analysis

Joint analysis Meta-analysis
. v 7 e —
P—value,| [P-value, P—value,
4 ~

ﬂ meta’ SE meta’ P Valuemeta

ﬁ joint ,SE joint P= Valuejoint

e Common SNPs have similar power in either approach
e Meta-analysis model can handle cohort-specific covariates better
e Joint analysis of small, ancestry+platform matched cohorts can be useful

within a larger meta-analysis



Session outline (Cookbook)

e Key parameters of a meta-analysis (/ngredients)
o Test statistics
o Weights

e Models used (Cooking method)

o Base assumptions
o  Multi-trait and multi-ancestry considerations

e Getting your summary stats ready (/nstructions)



Key parameters (/ngredients)

Approach #1: Inverse variance weighted (IVW) method

Intuition: Give more weight to effect estimates with tighter

variance when combining across all effects

Parameters used:

Beta for quantitative trait
Log Odds Ratio / Z-score for case-control trait
Standard Error (variance estimate)
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Approach #1: Inverse variance weighted (IVW) method

Intuition: Give more weight to effect estimates with tighter
variance when combining across all effects

Weighted Beta example:
0’2i = squared standard error for the ith cohort
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Approach #2: sample size weighted method

Intuition: Give more weight to p-values with larger sample
Size when combining across all effects

Parameters used:

e p-values + direction of effect (converted to Z-scores)
e Sample sizes (n)
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Approach #2: sample size weighted method
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Other meta-analytical methods (rarely used in GWAMA)

o Fisher’s method:

T=-2)1n(p)~ 3,
i=1

o Sum of x%’s

I= iziz ~ X;i
i=1

These do not account for direction of effect



Session outline (Cookbook)

e Models used (Cooking method)

o Base assumptions
o  Multi-trait and multi-ancestry considerations



Fixed effect vs Random
effects model

Fixed effect model

e Assumes the SNP has single “true” effect
on the trait across all cohorts

e Erroris assumed to only be “within”
studies

PRO: More powerful than random effects in
general

CON: Sensitive to errors in trait scaling,
phenotype heterogeneity

card
chop
cros
germ
imgl
img2
puwm
span
berg
china
wavel
wave2
wave3

waves
waveb
wave7
waves
waves
wavel0
wavell
wavel2
wavel3
waveld
wavel5
wavelb
wavel7
wavels
waveld
wave20
wave2l
Wave22
wave23
Yipn

Meta

_}_ -

0.

@

S -- — -. I ] Ll -
@

i

|

02 04
In(OR), 95% CI

06



Fixed effects vs
Random effects model

Random effects model

e Assumes the SNP effect on the
trait varies between cohorts

e Erroris assumed to be both
“‘within” and “between” studies

PRO: Robust in the presence of effect
size heterogeneity

CON: Underpowered relative to fixed
effects
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http://genetics.cs.ucla.edu/meta/

Metasoft: Why not look at both (and more)?

METASOFT provides the following methods:
Fixed Effects model (FE)
Fixed effects model based on inverse-variance-weighted effect size.
Random Effects model (RE)
Conventional random effects model based on inverse-variance-weighted effect size (very conservative).
Han and Eskin's Random Effects model (RE2)
New random effects model optimized to detect associations under heterogeneity. (Han and Eskin, AJHG 2011)
Binary Effects model (BE)
New random effects model optimized to detect associations when some studies have an effect and some studies do not. (Han and Eskin, PLoS Genetics 2012)

rs32075748 (RE P = 4.41x107%%, FE P = 6.67x107%) PM-Plot
Gene : Apoa2
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Bayesian models

Genetic Epidemiology 35:809-822 (2011)

Transethnic Meta-Analysis of Genomewide Association Studies

Andrew P. Morris*

Wellcome Trust Centre for Human Genetics, University of Oxford, Oxford, United Kingdom

; Computational Browse Publish
PLO\S\\ - g
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RESEARCH ARTICLE

SMetABF: A rapid algorithm for Bayesian GWAS meta-
analysis with a large number of studies included

Jianle Sun, Ruigi Lyu, Luojia Deng, Qianwen Li, Yang Zhao [E], Yue Zhang

[ Version 2 v| Published: March 14, 2022 « https://doi.org/10.1371/journal.pcbi.1009948

MANTRA: Uses a Bayesian partition model to
heterogeneity among clustered ancestry groups

SMetABE: Asymptotic Bayes Factor approach
with shotgun stochastic search (SSS) to improve
the Bayesian GWAS meta-analysis framework


https://onlinelibrary.wiley.com/doi/10.1002/gepi.20630
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1009948

Using meta-regression (MR-MEGA) to model multi-ancestry heterogeneity

“Modeling allelic effects as a function of axes of genetic variation, derived from a matrix of mean
pairwise allele frequency differences between GWAS”

ASSOCIATION STUDIES ARTICLE https://www.globalbiobankmeta.org/

Trans-ethnic meta-regression of genome-wide
association studies accounting for ancestry
increases power for discovery and improves
fine-mapping resolution

Global Biobank Meta-analysis Initiative

29 Biobanks & Initiatives with different origins & ancestries have joined GBMI

‘Genomic Health . deCODE Genetics
Initiative 398k/398k
Reedik Migi®, Momoko Horikoshi®?, Tamar Sofer*, Anubha Mahajan?, ) e e
. s Ve 7.3k/300k ass Gen 3 00k/500k
Hidetoshi Kitajima?, Nora Franceschini®, Mark I. McCarthy*®’, COGENT- h:;?,'ﬁ}‘; 3 °

Kidney Consortium, T2D-GENES Consortium and Andrew P. Morris™>%*

Michigan Genomics Initiative
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s L
Million Veteran 3
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Colorado Center LZ i en China Kadoorie
for Personalized Medicine o50k Sl ) o “ﬂ;;/;wk Biobank
33.9k/>185k Y ~ 100.7k/510k
. r? ! National Biobank of Korea
UCLA Precision Health Biobank ! i Biobank Japan 72.3K/211.7k
26.4k/26.4k ", BioME ST 178.7k/200k
BioVU 30.8”50!(1 : - |/ Taiwan Biobank
/

HUNT Study
69.7k/125k

“We additionally used the meta regression approach implemented in sisanke the Americs 2150 | sk 9264k
2 . e i s

MR-MEGA (Mégi et al., 2017) to conduct the all-biobank meta AR Nl —

analysis across all ancestries. In contrast with a fixed-effects, ) G il | "‘";.;!:E"Mg‘./’f;f—*

inverse variance-based meta-analysis, MR-MEGA accounts for the ) | “é‘:ﬁ-%w

effect size heterogeneity across data sets.” E ) &=



https://academic.oup.com/hmg/article/26/18/3639/3976569#115627882
https://www.globalbiobankmeta.org/

Multi-trait meta analysis methods

Article | Published: 01 January 2018

Multi-trait analysis of genome-wide association
summary statistics using MTAG

Patrick Turley &, Raymond K. Walters, Omeed Maghzian, Aysu Okbay, James J. Lee, Mark Alan

Research Team, Social Science Genetic Association Consortium, Patrik Magnusson, Sven

Oskarsson, Magnus Johannesson, Peter M. Visscher, David Laibson, David Cesarini &3, Benjamin

M. Neale & & Daniel J. Benjamin &

MTAG paper and Github repo

Key assumption: all SNPs share the same variance—covariance matrix of
effect sizes across traits

Uses bivariate linkage disequilibrium (LD) score regression to account for
(possibly unknown) sample overlap between the GWAS results.
Generates trait-specific effect estimates for each SNP

Computationally quick because every step has a closed-form solution
Principles applied to multi-ancestry meta analysis (MAMA preprint)

Article | Published: 08 April 2019

complex traits

K. Paige Harden, Michel G. Nivard & Elliot M. Tucker-Drob

Nature Human Behaviour 3, 513-525 (2019) | Cite this article

Genomic structural equation modelling provides
insights into the multivariate genetic architecture of

W. David Hill, Hill F. Ip, Riccardo E. Marioni, Andrew M. Mclintosh, lan J. Deary, Philipp D. Koellinger,

° Synthesizes genetic correlations and SNP heritabilities from
GWAS summary statistics of individual traits from samples
with varying and unknown degrees of overlap
Models multivariate genetic associations among phenotypes

° Identifies variants with effects on general dimensions of
cross-trait liability
Calculates more predictive polygenic scores

° Identify loci that cause divergence between traits

Genomic SEM paper and Github repo



https://www.biorxiv.org/content/10.1101/2021.04.23.441003v1.full.pdf
https://www.nature.com/articles/s41588-017-0009-4
https://github.com/JonJala/mtag
https://www.nature.com/articles/s41562-019-0566-x
https://github.com/GenomicSEM/GenomicSEM

Session outline (Cookbook)

e Getting your summary stats ready (/nstructions)



Running a GWAS meta-analysis

e SNP harmonization

o  SNP alignment / strand-flipping

o Imputation reference

o INFO score and MAF / MAC thresholds
e Sample harmonization

o  Consistency of measurement / diagnostic criteria

o  Accounting for cryptic relatedness / sample overlap
e Association model considerations

o  Model consistency across studies

o Lambda / QC evaluation

o Required covariates + study-specific covariates
e Interpreting meta-analysis outputs

o Heterogeneity tests

o Replication / leveraging external datasets
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SNP harmonization

GOAL: keep as many high quality and informative SNPs as
possible!

Ways to keep a lot of SNPs

Use the same imputation reference panel across all
studies
Use alignment tools to update / format summary stats

easily
o GWAS-VCEF-specification and Score GitHub repos
o MungeSumstats in R

Reasons to drop a SNP in a specific cohort

Strand ambiguous / palindromic SNP with high allele
frequency

Large MAF difference with ancestry-matched reference
panel

Not enough minor alleles to get informative test statistic
o Cohort minor allele count < 20 or minimum MAF cutoff

Low INFO / R? from imputation output

The Variant Call Format Summary Statistics Specification
v1.2

NOTE v1.2 is draft and not yet implemented. Existing tools are working to v1.0

Rationale

Specifying a format to store GWAS summary data is necessary to aid with data sharing and tool development.
Using the VCF format can fulfil the following requirements

« It uses a pre-existing, well known and well defined format

« Aligning against the reference genome and handling various difficulties such as indels, build differences and
multi-allelic variants has been solved by the htslib library.

« Many tools exist that can be used for manipulation

« The file format is relatively small

» Indexing makes looking up by chromosome and position extremely fast

« Indexing time is very fast

« We can treat each GWAS as a distinct unit rather than storing everything in a database which is less nimble

« We can store multiple GWAS datasets in a single file by using one sample column for each GWAS

« It is easy to export the data into other tabular formats

« Initial tests indicate it could translate directly to distributed databases that sit on top of vcf e.g

https://github.com/MRCIEU/gwas-vcf-specification



https://github.com/MRCIEU/gwas-vcf-specification
https://github.com/freeseek/score
https://academic.oup.com/bioinformatics/article/37/23/4593/6380562
https://github.com/MRCIEU/gwas-vcf-specification

Sample harmonization

GOAL: understanding the trait and samples we are
meta-analyzing

Trait measurement

e |Is every study using the same measurement?

e How do trait means / prevalence differ across
cohorts? How will this affect our meta-analysis
design?

Cross-cohort sample relatedness / overlap

e Shared controls?

Access to raw genotypes a plus

e Knowledge of sample sources often best
approximation

Asthma diagnosis across biobanks
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Figure 1 | 18 biobanks in GBMI contributing GWAS of asthma. Distribution of prevalence of asthma
on left and number of cases of asthma on right across biobanks in GBMI. Biobanks span different
sampling approaches and ancestries (AFR = African; AMR = Admixed American; EAS = East Asian; MID
= Middle Eastern; EUR = European; CSA = Central and South Asian).

https://www.medrxiv.org/content/10.1101/2021.11.30.21267108v1.full. pdf



https://www.medrxiv.org/content/10.1101/2021.11.30.21267108v1.full.pdf
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https://www.uni-regensburg.de/medizin/epidemiologie-praeventivmedizin/genetische-epidemiologie/software/

Interpreting meta-analysis outputs

GOAL: Confidence in the meta-analysis results
Heterogeneity tests

e |s there more variance in our effect sizes
than expected?

e Cochrans Q (and p-value) and I? tests

e Usually provided in your results

QC in the “post-GWAS” era

e Comparing effect sizes with “known loci”
(GWAS catalog, PheWAS scans)
e Leave-one-out analyses
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GBMI 2019 slide deck


https://docs.google.com/presentation/d/1arnbPJDzZUehEhfN1Uv93Jwe-Skw7cEV/edit?usp=sharing&ouid=100118601627882632311&rtpof=true&sd=true

It takes a community....

e Coordinating data sharing plans/guidelines
e Data use agreements
e When to freeze, when to unfreeze
e Sharing code vs sharing raw data
e Don'’t be the weakest link in the GWAMA chain
e PGC data inquiry form
o Getting data descriptions at intake, not at paper submission
" DRC Representative ) 9
i 4 Data Owner a. | D et | 5. Stage 1 Analyst R
*  Submitsinquiry form ) * Stage 1 Analystreceives
«  ~5min to obtain basic = !fnoconcerns, intake form Approved & email from Data Owner
info is approved Uploaded including path to data on
_— Snellius
*  Email is triggered to Data
Owner with link to Snellius « PGCQC
upload instructions checklist/imputation
. Enmai\l/lslts triggered to stage 1 “ ‘\- TransfertoStage 2 Analyst
i é \ 4 _
2. DRC Representative Stage 2 Analyst \
* Reviewsinquiry form ’ Data Owner . Won:kgroup specific analysis
* Ifnoconcerns, inquiry formis Approved *  Submitsintake form pising

approved * Stage 2 Analyst alerts Data Owner

that they have received the data

¢ ~30min to obtain
more detailed info

| * Email triggered asking for intake



https://pgcdataaccess.formstack.com/forms/pgc_data_inquiry

Meta analysis software

METAL
PLINK Meta-analysis practical
Metasoft Meta-analysis Qualtrics workbook
GWAMA / MR-MEGA Workshop Directory:
cd /home/practicals/2.3.Meta-analysis DanHowrigan/final

R packages (general meta-analysis)
Meta

Metafor


https://genome.sph.umich.edu/wiki/METAL_Documentation
https://zzz.bwh.harvard.edu/plink/metaanal.shtml
http://genetics.cs.ucla.edu/meta/
https://genomics.ut.ee/en/tools
https://cran.r-project.org/web/packages/meta/index.html
https://wviechtb.github.io/metafor/
https://qimr.az1.qualtrics.com/jfe/form/SV_4182VmO3B6QG5qC

