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Outline of this session

• When and why use meta-analysis in genetic studies
• Theoretical background of meta-analysis

• Introduction of the example dataset (Dorret Boomsma)
• Some background information on genotyping (Nick Martin)
• Practical 1: Run PLINK, compute needed parameters
• Practical 2: Compute meta-analysis results by hand
• Practical 3: Run meta-analysis using METAL

• Some example studies
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Genetic association studies

• Meta-analysis of candidate gene studies
→ Adhoc analysis of published results
→ Replication

• Meta-analysis of GWA studies
→ Replication of most significant hits from 
discovery sample
→ International consortia
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Why not combine samples for GWAS?

• Privacy
• Population stratification
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Goal of meta-analysis

• Quantitative synthesis of results from different 
samples/studies

• Larger N -> More power!

• Done by pooling:
– Genetic effect of a SNP on a phenotype
– P-value of the association test
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Types of meta-analysis

• Pooling effect estimates
- What is ‘true’ effect in population?

Inverse variance weighted method
Fixed vs. Random models

• Pooling p-values
- Is association significant?

Pooled z-score method
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Pooling effect estimates

Phenotype Analysis Effect estimate

Case-control Chi-square test OR=eβ

β=ln(OR)

Case-control Logistic 
regression

OR=eβ

β=ln(OR)

Quantitative 
trait

Linear 
regression

β
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Inverse variance weighted method

Fixed models
Assumptions:
• There is one underlying ‘true’ effect
• All deviations of sample effects from the ‘true’ 

effect are due to chance

Prerequisites:
• Same scale must be used across samples!
• Same reference allele on same strand!



M. de Moor, Boulder March 2009

Inverse variance weighted method

Computing pooled effect:

Sum (weights * effect estimates)
Pooled effect=

Sum (weights)
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Inverse variance weighted method

Computing pooled standard error:

1
Pooled standard error = Square root( )

Sum (weights)
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Inverse variance weighted method

Computing 95% confidence interval:

Pooled effect +/- 1.96 * pooled standard error
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Inverse variance weighted method

Computing test statistic:

Look up or compute the associated p-value
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Inverse variance weighted method

Computing test statistic:

P=0.05 → χ2=3.84
Z=1.96

P=0.001 → χ2=10.83
Z=3.29
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Do assumptions of fixed model hold?

Test of homogeneity
• Cochran’s Q statistic

∑
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k=Number of samples

α=0.10

With small sample size, low power!!
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Quantify heterogeneity

I2 statistic

100*)1(2

Q
kQI −−

=

Range 0-100%
I2 > 50%: Large heterogeneity
I2 > 75%: Very large heterogeneity
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Causes of heterogeneity

Possible causes related to bias in samples:
– Differential selection of cases and controls
– Poor genotyping
– Poor genotype data cleaning
– Different SNP platforms

(imputed vs. observed SNPs)
– Poor/differential phenotyping
– Population stratification
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Causes of heterogeneity

Possible causes related to genuine differences across samples:
– Different LD structure across populations

(truly associated SNP vs. tested SNP)
– Different correlations of phenotypes across populations

(truly associated phenotype vs. tested phenotype)
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Solution to heterogeneity

Random effects model

Assumptions:
• Assume that there is one underlying distribution

of effects
• Normal distribution of effects
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Random effects models

Used if:
• Large differences across samples

(expected or observed)

• Same scale is used across samples

But:
• Number of samples should be sufficiently large
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Random effects models

Estimate between study variance
(DerSimonian Laird estimator)
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Z-score pooling method

Good to use if:
• Large differences across samples
• Number of samples is small
• Same scale is NOT used across samples
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Z-score pooling method

Computing pooled z-score:

Sum (weights * z-scores)
Pooled z-score=

Sum (weights)

Individual z-scores computed by:
• Converting individual p-values into z-scores
• Taking the sign of the effects into account



M. de Moor, Boulder March 2009

Z-score pooling method

Computing pooled z-score:

Sum (weights * z-scores)
Pooled z-score=

Sum (weights)
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Z-score pooling method

When combining samples using different platforms
• Incorporate uncertainty information in weights

MACH: r-squared
IMPUTE: proper_info



M. de Moor, Boulder March 2009

Introduction of GWA study for MDD

• Data from 7 replication samples used for the 
practicals

• Dorret Boomsma: introduction of the study
• Nick Martin: background of genotyping



GWA of MDD

Dorret Boomsma
Nick Martin

Boulder, 2009



GWA-GAIN: MDD in discovery sample

Eleven of the top 200 signals localized to a 167 kb region overlapping the 
gene piccolo (PCLO, whose protein product localizes to the cytomatrix 
of the presynaptic active zone and plays an important role in 
monoaminergic neurotransmission in the brain)





• Case-control study of MDD 
• Dutch subjects from the Netherlands Twin Register 
(NTR).
• Participants in the Netherlands Study of Depression 
and Anxiety (NESDA). 
• 1,862 participants with a diagnosis of MDD 
• 1,857 controls at low liability for MDD
• Perlegen 4 chip platform of 600K SNPs that were 
selected as tags for individuals of European ancestry. 
• 75% SNPs pass QC. 

Discovery Sample: GAIN: Background



Result

• 11 of top 200 p-vals in piccolo, PCLO
• Couldn’t make it go away – not due to any 

bias we detected 
– Not population stratification
– Not due to very high LD
– Not due to genotyping artifact
– Not due to “funny” controls
– Not resolvable with haplotypes or 

imputation
– No known CNV



Ch Allele Gene SLEP ‡ Rank OR (CI) P-empirical

2 A/G 10 1.26 (1.14-1.39) 0.000014

2 A/G 7 1.26 (1.14-1.40) 0.000011

2 T/C ALK
CNV, mutated in colon 
CA 12 1.34 (1.17-1.54) 0.000020

2 A/G Near CNV 13 1.31 (1.16-1.49) 0.000027

6 C/T
SCZ linkage meta-
analsyis 6 0.79 (0.71-0.88) 0.000007

7 C/T MDD linkage 1 1.27 (1.16-1.40) 0.000002

7 G/C MDD linkage 14 1.22 (1.12-1.35) 0.000038

7 A/C PCLO BIP GWAS 2 0.79 (0.72-0.87) 0.000003

7 C/A PCLO BIP GWAS 3 1.26 (1.15-1.39) 0.000002

7 G/T PCLO BIP GWAS 4 1.25 (1.14-1.38) 0.000003

7 A/T PCLO 8 0.81 (0.74-0.89) 0.000007

8 T/C BIP GWAS 15 0.76 (0.66-0.86) 0.000036

10 A/G 5 0.80 (0.73-0.88) 0.000013

12 T/C
TMEM16
F MDD linkage 11 0.78 (0.69-0.87) 0.000023

15 C/T SHC4 9 0.72 (0.62-0.84) 0.000009



Expressed in brain, localizes to neuronal presynaptic active zone
Role in monoamine neurotransmission, a venerable hypothesis of MDD 
(Schildkraut 1965) ; rs2522833 (#3): nsSNP (ala-4814-ser, MAF 0.45), 
near PCLO C2A calcium binding domain, predicted major effect on PCLO



PCLO Replication

• Independent samples: N=11,972 (6,079 cases, 5,893 
controls)

• 6 samples, similar to NESDA cases & NTR controls 
– Cases: EUR adults, similar inclusion & exclusion criteria. 

Most clinical, one population. 
– Controls: EUR adults, MDD removed, pop-based

• Genotyping: 30 SNPs in 5 & 2 SNPs in 1 sample. 
Initial sample re-genotyped (agreement 0.9987). 
Genotyping done at QIMR for majority of the 
samples

• Power. 
– Assume: log-additive, MDD risk 0.15, MAF=0.45 (similar 

to rs2522833), GRR 1.14 (“shrunk” from observed GRR of 
1.26 for rs2522833), & two-tailed type 1 error rate of 
0.00167

– 97.2% for 2 SNPs in all samples (N=11,972)
– 90.4% for the remaining SNPs (N=9,278)



Feature NESDA-NTR Bonn-
Mannheim Münster MPIP DeCC STAR*D QIMR UEDIN 

Type Original Replicate Replicate Replicate Replicate Replicate Replicate Replicate 

Location NL Germany Germany Germany UK US Australia UK 

Design Cohort Cross-
sectional 

Cross-
sectional 

Cross-
sectional 

Cross-
sectional 

Clinical 
trial Cohort Cross-

sectional 
SNPs 30 30 30 30 3 30 30 30 

 
Comparisons         

N Case 1866 777 452 940 1403 1187 966 354 

N Controls 1792 1260 0 967 1291 864 1039 472 

 

Replication samples for PCLO

We will analyze the replication data from 3 out of 30 SNPs in 
the PCLO region in independent samples (6,079 MDD 
independent cases and 5,893 controls). Data have been 
permuted (maintaining case – control status)



Replication No SNP exceeded the replication significance 
threshold.

However, there was heterogeneity in the replication 
samples, and analysis of the original sample with 
the sample of greatest similarity (Australia; 
population based) yielded p=6.4x10-8 for non-
synonymous SNP rs2522833 that gives rise to 
a serine to alanine substitution near a C2 
calcium-binding-domain of the PCLO protein.



DNA Isolation

Target Amplification

MALDI-TOF Mass Spectrometry

NNNNNNNNNNNN

Automated Data Analysis and Allele Calling

Primer

Overview of Genotyping Process

SAP & Primer Extension Reaction

James Aug.2004



Allele 1

A

Primer (23-mer)

Allele 2

C

Primer (23-mer)     

Primer Extension SNP Assay
SBE-ASSAY

+DNA Polymerase
+A+T+G+C

terminators nucleotides

Extended Primer
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Separation of extension products by Mass



Multiplexing  SBE 
Assay•SNP 1 *             A G

•SNP 2 *             C A

•SNP 3 *                  C T

•SNP 4 *                   C T

*                   C A•SNP 5

Group 2 Group 3

James Aug.2004



QIMR’s Sequenom MassARRAY Installation
(CCRC-E floor )

James Aug.2004



SpectroCHIPTM

SEQUENOM, Inc. © 2001 All Rights Reserved 

384 spots of dried DNA + matrix



MALDI-TOF Mass Spectrometry

SpectroCHIP
High-Voltage
UltraLow Vacuum 
Flight Tube

Laser targeting one spot at a time
Detector

Small (lighter) molecules fly faster
than Large (heavier) molecules

James Aug.2004



MALDI-TOF Mass Spectrometry

SEQUENOM, Inc. © 2001 All Rights Reserved 
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Mass Spectrum of 30-plex SNPs

James Aug.2008



Spectra of rs2522840
T-allele homozygote

GT-heterozygote

G-allele homozygote

rs2522840: cluster plot
of data for 384 samples

James Aug.2008



Alleles Alleles
Cases Controls Sum % genotyped

rs7780196 1938 2076 4014 0.99950
rs17282875 1934 2076 4010 0.99851
rs10954689 1936 2078 4014 0.99950
rs12672552 1938 2078 4016 1.00000
rs6948464 1938 2078 4016 1.00000
rs13227462 1938 2076 4014 0.99950
rs17156675 1938 2078 4016 1.00000
rs6979066 1924 2048 3972 0.98904
rs6965452 1936 2072 4008 0.99801
rs11771757 1924 2068 3992 0.99402
rs12668093 1938 2078 4016 1.00000
rs6954078 1916 2070 3986 0.99253
rs2715148 1936 2076 4012 0.99900
rs2522833 1936 2074 4010 0.99851
rs2522840 1936 2078 4014 0.99950
rs13233504 1934 2078 4012 0.99900
rs2888018 1938 2078 4016 1.00000
rs2371364 1936 2078 4014 0.99950
rs2371367 1936 2078 4014 0.99950
rs2189972 1936 2078 4014 0.99950
rs17235252 1936 2078 4014 0.99950
rs17809157 1936 2076 4012 0.99900
rs2107828 1938 2078 4016 1.00000
rs10954694 1938 2078 4016 1.00000
rs10487645 1938 2078 4016 1.00000
rs9690648 1938 2078 4016 1.00000
rs17235831 1936 2076 4012 0.99900
rs6959723 1936 2076 4012 0.99900
rs7799260 1938 2078 4016 1.00000
rs12669254 1938 2078 4016 1.00000

No. >99%
Minimum 0.98904

Sum 120,326
Missing genotypes 77

Results of Genotyping Project:
(QIMR replication of GAIN pclo)

•30-SNP multiplex
•2008 case/control samples

James Aug.2008

•Av. 98.9% genotype success
•120,326 alleles called
•77 missing genotypes
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Practical 1

• Run PLINK on the Dutch dataset, SNP rs2715148
Files: Type of test: Options:

Dutch_sample.ped 1 df χ2-test --allow-no-sex
Mapfile.map --ci 0.95

--snp rs#

• Use the output to compute the β, se and 95% CI
• Compare your CI with that given in the output

• If you have time, repeat for another SNP or dataset 



Formulas needed

β=ln(OR)

95% CI (β) = β +/- 1.96 * se

95% CI (OR) = OR=eβ

M. de Moor, Boulder March 2009

2

2
2

se
βχ =
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Answer Practical 1

SNP rs2715148, Dutch dataset
Output: χ2=26.36 OR=0.786

β=ln(OR)=-0.2408

se=√[β2/χ2]= √[(-.2408)2/26.36]=0.0469

Lower 95% CI (β) = β-1.96*se=-0.2408-1.96*0.0469=-0.3327
Upper 95% CI (β) = β+1.96*se=-0.2408+1.96*0.0469=-0.1489

Lower 95% CI (OR) = e-0.3327 = 0.7169
Upper 95% CI (OR) = e-0.1489 = 0.8617

2

2
2

se
βχ =
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Practical 2

Needed information for meta-analysis:
Inverse variance weighted method:
• Beta
• Standard error

Z-score pooling method:
• P-value
• Direction of effect (Beta or +/- column)
• Effective sample size per SNP
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Practical 2

• Compute meta-analysis results by hand
Inverse variance weighted method
Files:
Americanresults.txt Dutchresults.txt
Australianresults.txt German1results.txt
British1results.txt German2results.txt
British2results.txt
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Strand / reference allele flips

Scheme that METAL uses:

Taken from: http://www.sph.umich.edu/csg/abecasis/Metal/index.html
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Practical 2

• Compute meta-analysis results by hand
Inverse variance weighted method
Files:
Americanresults.txt Dutchresults.txt
Australianresults.txt German1results.txt
British1results.txt German2results.txt
British2results.txt

Meta-analysis_Inverse_Variance_Weighted_Method.xls
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Practical 2

• Compute meta-analysis results by hand

• Use the information in the files to compute the 
pooled β, pooled se, chi-square test statistic, p-
value

• Start with SNP rs2715148
• If you have time, repeat for rs2522833 and 

rs2371367



Formulas needed
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Answer Practical 2

SNP rs2715148   
Study Reference allele Non-reference allele Beta Standard error Beta refall=A Weight Weight*Beta
Dutch A C -0.2408 0.0469 -0.2408 454.6089 -109.4691
American A C 0.1310 0.0634 0.1310 248.9457 32.6189
Australian C A 0.1124 0.0631 -0.1124 251.3897 -28.2651
British 1 C A -0.0183 0.0557 0.0183 322.5035 5.8908
British 2 C A -0.0155 0.0993 0.0155 101.3848 1.5735
German 1 C A 0.0431 0.0648 -0.0431 238.0645 -10.2509
German 2 C A -0.0383 0.0568 0.0383 310.1141 11.8852

Sum: 1927.0111 -96.0168

Pooled effect: -0.0498

Pooled se: 0.0228

Chi-square: 4.7842

Z-score: -2.1873

P-value: 0.0287
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METAL website

http://www.sph.umich.edu/csg/abecasis/Metal/index.html
Goncalo Abecasis

• Pdf with instructions
• More options found when running METAL
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Running METAL

• Copy metal.exe and all results files to your 
working directory

• Open Cygwin, go to your working directory
• Type ./metal (this loads the program)
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Running METAL

Z-score pooling method:
MARKER SNP
ALLELE A1 A2
PVALUE P
EFFECT BETA
WEIGHTLABEL NMISS
PROCESS Dutchresults.txt
PROCESS Americanresults.txt
PROCESS Australianresults.txt
PROCESS British1results.txt
PROCESS British2results.txt
PROCESS German1results.txt
PROCESS German2results.txt
OUTFILE metaanalysis_zscore .txt
ANALYZE

Inverse variance weighted method:
MARKER SNP
ALLELE A1 A2
PVALUE P
EFFECT BETA
WEIGHTLABEL NMISS
STDERRLABEL SE
SCHEME STDERR
PROCESS Dutchresults.txt
PROCESS Americanresults.txt
PROCESS Australianresults.txt
PROCESS British1results.txt
PROCESS British2results.txt
PROCESS German1results.txt
PROCESS German2results.txt
OUTFILE metaanalysis_inverse .txt
ANALYZE
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Practical 3

• Run meta-analysis using METAL
Files:
Americanresults.txt Dutchresults.txt
Australianresults.txt German1results.txt
British1results.txt German2results.txt
British2results.txt

• Compare the output to the results from the Excel 
file
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Answer Practical 3

MarkerName Allele1 Allele2 Effect StdErr P-value Direction
rs2715148 a c -0.0498 0.0228 0.02872 -+-++-+
rs2522833 a c -0.0594 0.0229 0.009397 -+-++--
rs2371367 a c -0.0496 0.0266 0.06199 ---?-+-
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Further reading

• http://www.cochrane-net.org/openlearning/

• Kavvoura & Ioannidis (2008). Methods for meta-analysis in 
genetic association: a review of their potential and pitfalls. 
Human Genetics. 123:1-14.

• De Bakker et al. (2008). Practical aspects of imputation-
driven meta-analysis of genome-wide association studies. 
Human Molecular Genetics. 17:R122-R128.
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Meta-analysis in candidate gene studies

Example study: Munafo et al. (2008) Biological Psychiatry
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Meta-analysis in candidate gene studies

Example study: Munafo et al. Forest plot

Winners curse
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Meta-analysis in GWA studies

Example study: Frayling et al. (2007) Science
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Meta-analysis in GWA studies

Example study: Frayling et al.
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