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I o] g3l ALtd el Aol thE A AEEY
PRS; = Eﬁsz‘j (B : eftect size, G: genotype, i’ individual, j: trait-associated SNP)
=

- AT Aol mEE 49 5%l fdA LIPS Ll vl 3u)
ol el AF WA shsel EoE Ho| Hiy

Table 3 | Prevalence and clinical impact of a high GPS

High GPS definition Reference group Odds ratio 95% Cl P value
CAD

Top 20% of distribution Remaining 80% 2.55 243-2.67 <1x 1020
Top 10% of distribution Remaining 90% 2.89 2.74-3.05 <1x10-%
Top 5% of distribution Remaining 95% 3.34 312-3.58 6.5 x 10
Top 1% of distribution Remaining 99% 4.83 4.25-546 1.0x10™
Top 0.5% of distribution Remaining 99.5% 517 4.34-612 T9x10™=
Atrial fibrillation

Top 20% of distribution Rernaining B0% 243 2.29-259 21107
Top 10% of distribution Remaining 90% 2.74 2.55-2.94 7.0x107
Top 5% of distribution Remaining 95% 3.22 2.95-3.51 1110
Top 1% of distribution Remaining 99% 4.63 3.96-5.39 29x10*
Top 0.5% of distribution Remaining 99.5% 523 4.24-6.39 35x 10

<" 1. PRSE &M Z1l (Khera AV et al. Nat Genet. 2018, Table 3 = CAD, AF)>
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<=l 2. PRS X0 2 AlFdARS 9gHE HoE (Khera AV et al. Nat Genet. 2018)>



[] PRS A4+ HH /e
O PRSE 7% R mel thordh 2T ES oS B3] Aol 7hsd

<HE 1. Polygenic risk score 2 &>

No. Method # of marker Software Note
1 GRS ~ hundreds plink using validated marker
P ~ millions  PRSice, Plink using independent marker
(clumping + p-value) (no optimized)
3 LDpred ~ millions  LDpred, LDpred2 adjust LD
4 PRScs ~ millions PRScs adjust LD & Shrinkage factor z

m
=

PRSpr; = z :BfGif, PT: threshold pvalue
Jj=1

PRS, = ZE(BAEP DHG, 5~ {N(O,% ,  with probability =

0, with probability 1 — 7

PRS, = ZE(BJIB,.DJ)GU bn(0%ew),  w~s

<= 3. PRS 7|80 IIE 2 (Ge T et al. Nat Commun. 2019)>
- A% PRS A4tS A o9 4 AHS o E
1. =89 AT HAdolA 3" GWAS A 2 =z d(reference
panel)®] linkage disequilibrium(LD)E &&3F 2§ +=
* GWAS: genome-wide association study
2. 75 2P S EHi(target) AR AHJste AT 4,
variance explained ¥4 5 33t HAslE 2y 44 2 &&
HE GWAS 2347} gAY dF Hde Eold S 1HT Bart e
£ 10-fold LOGO(leave on group out) W E}ZEA &8 3}

=
=
73
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[1 PRS E4& {3 7|& AKX FH]

O B FAAAR: PRSE A4t 47 i IR
- FAAA R+ GWAS standard guidelined] @&t A=A E 333
« =913 3 o) A (https://koreanchip.org)oll A w1 &oll "EAIARY ->"SsHd’
>2019 FAGARNAE VEAR T AR L FRAR >WA F1
- AAE FAAAHEE imputationS %3] imputed genotype &k
« A WY A7 FElolAelA =l JhsdtH, #4 ¥ imputation quality
[©)

score 0.8 o]9] 1EFA FAAAET ALE3= A

O PRS 24< A% S48 GWAS &4 23 &4

- 3/ YAOlE 58 53 summary statistics AAE5E R SFaL o} 2
g AH 2 AFE AT

chromosome, position, allele ARX (effect, other allele), effect
(beta), standard error, sample size, p-value

- Position AR 52 PRS AZEYAE A A&+ reference
panel#} Bl A8 B7F 25 5Y3 genome buildE ARgSOFSH (¢l hgl9)

- Strandel] wet allele ARV vl = Qovg oly YAEE FHa1
st Strand FEE Flstal BAo] Had
x ZFa1: https://www.well.ox.ac.uk/~wrayner/strand/

<H 2. &8 summary statistics 271 ¥AIO|E>

# of summary

No. Database Website Population stafistics

https://www.ebi.ac.uk/gwas/ ) )
GWAS catalog L Multi-ethnic 6,475
downloads/summary-statistics

[

Global Biobank

2 Engine https://biobankengine.stanford.edu Multi-ethnic > 2,000
3 Biobank Japan  https://pheweb.jp/downloads East Asian 224
4 T2D AMP portal https://t2d.hugeamp.org Multi-ethnic 292
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[] GRS #A{o]&?

O GRS(Genetic Risk Score) #4& o8 AFE F3 ASE vtA
(validated marker)9tg Al-&3h+= "

A BAE ASTOEA FAHol dou Be ATV FAPA ge EBFe
He o viAR Qls) Aol Be B

*
b

o
4o |\

(] GRS ¥4 ¥

O GRS £4& 9@ 2
- plink 2= 2 AdX (https://www.cog-genomics.org/plink/)
- GRS Al4HE A% 259 w7 AKX &4

CEEOlA R B

2

TR AAH o7 FH)E npA AR
- DA H: Marker ID, effective allele(coded allele), effect (beta)
*+ Marker ID+ BHAl FAAGE} T ofolr7 H 8. Allele A o7 &1 I g
7 A9e WiabloR TEIAA HAZ AH
* o) validated_marker_list.txt: Marker IDYF A%, validated_info.txt: =& AR
- GRS A4t A% B FRAAE FH
- imputation® ©°]E(plink binary formatC. 2 W3 FQ)o|A o}
WEols Fuste A=2F ulA ARUF 223
* plink binary format ¥3% % 34 &< plink &3o]# 31

plink --bfile MYDATA --extract validated_marker_list.txt —make-bed --out MYDATA_PRS_target

O PlinkE ©]&3to GRS A4t
plink --bfile MYDATA_PRS_target --score validate_info.txt 1 2 3 header sum

include-cnt double-dosage --out MYDATA_PRS_out

* —-gcore Y <ufAololt] AH WHIE> <effective allele 23 M3 > <effect 29

H 5> header (header’} 9= 74-9%)



n Clumping 41 4

[ ] Clumping 4 o]&?

O Summary statisticsE ©]&3l p-value$t LD AHEE o] &3}

PRS £4¢ 9 vhrlg Hushs

[] Clumping ¥4 4y

O Clumping #41& $3 =H]

plink tt&2& 9 A3

- ZFa1: https://www.cog-genomics.org/plink/

reference panel &H]

- ol fIAFo]E A 1,000 genomes phase 3 HI¢|HE T2 E Wil
plink binary g2/ 2 A& g <QlFo grFo] HolH A&

x Hlo]E] & Q1= AR Fal https://www.cog-genomics.org/plink/2.0/resources#1kg_phase3
PRS AlttE 9T Bl FAAAR &3]

- imputation® H|°]E & plink binary formato. = H3} I Q

* plink binary format ¥3% % 34 &< plink &3o]# 31

Summary statistics H|

- Summary statistics EE U2t Wy A4 HYRE FE5

- " AR SNP (v} o}olY), Effective allele(coded allele), effect
(beta), P (P-value), SNP3} P2] A® header W32 SNP, P2 AA

* SNP o}o]t]+ reference paneld} T3l olojr] HQ

O Clumping ¥4
- Plinkg °]&3}lo clumping &4

- olgo] HEolE Hadte] thkdl thresholdE A £3t clumping &4



plink --bfile 1KGP3_EAS --clump sum_stat.txt --clump-pl 0.0001 --clump-p2 0.01
--clump-r2 0.1 --clump-kb 500 --out CLUMP_OUT

* —-clump <summary stat 34
--clump-pl <index SNP¢] p-value threshold>

--clump-2 <secondary SNP¢] p-value threshold>

--clump-r2 <LD threshold>

-—clump-kb <clumpingdl= 73}, index SNPoAHE +-Z kb ©¢ AZ|>

clumping® 2 AE3H SNP(x.clumped® SNP ZY 32l)o] sIFsl=

A BT summary stat¥} plink formate & #H] (--extract 4 AFE)
- PlinkE ©]&38to PRS A4

plink --bfile MYDATA_clump --score sum_stat_clump.txt 1
include-cnt double-dosage --out MYDATA_clump_PRS

2 3 header sum

* MYDATA_clump: clumping®.2 A ¥ SNPTF X33k plink binary format 3+

sum_stat_clump.txt: clumping®.Z A1'H ¥ SNP% Z3t¥ summary statistics

--gscore WY <mlFolo|t] HAY WHIE> <effective allele Z2H WHWI> <effect 2Y
H 5> header (header’} & 73-%)



ﬂ LDpred (v1) E4 WM

[ 1 LDpred vl £2o]&?

olr

O LD %< HASIH effect sizeE RHABSE WHOE, summary

statistics®] B fdWo] KR effectE 24T

- F3 =& Vilhjalmsson et al. Modeling linkage disequilibrium increases

accuracy of polygenic risk scores, American Journal of Human Genetics 2015

[] LDpred ¥4 =Y
O LDpred #4-& 93 &4l

- LDpred A X"H: 23l htips://github.com/bvilhjal/Idpred

- pip install --user ldpred

- dependency”’} S+ package= hbpy, scipy, libplinkio (package ©]&2
plinkio) pip& X

Cpip AAE AEY AZo]

i

{3

- reference panel ¥H]

- olgl] iAol Eof A 1,000 genomes phase 3 HO|HE 2= w1,
plink binary g2/ 2 A& g QlFo grFo] Ho|H A&
« dloJe] & 1% AR Fa https://www.cog-genomics.org/plink/2.0/resources#1kg_phase3

- ZH| 3+ Ho]El+= chromosome ¥& EF{3to] %

- Summary statistics FH]

- obele] Fajol WHA HolE Fu

chr pos ref alt reffrq info rs pval effalt

chrl 4600233 A C 0.3494 1 1:4600233_A/C 0.5965 0.0017

chrl 183728249 T C 0.0251 1 1:183728249_T/C 0.9188 -0.0011

* rs Z# 2] o}o|t]E= reference panel, summary statistics @ M4l FAA AR

B o178 oF



alt (alternative allele)”} effective alleleo|™, reffrq® 7%
reference panel® plink binary format A&Z o}#jo] HH S 211
5l frequency AXE FZ3}3L summary statisticsoll EZ3H3H
plink --bfile 1KGP3_EAS —freq --out 1KGP3_EAS_FRQ

- Z8]3 Hlo]E = chromosome ¥ 2 E7F3to] A%

- PRS Al4te 93 B fAAAR ZH|

- imputation® d o] & plink binary formato. = H3 Qo

+ plink binary format ¥% ¥ J4 52 plink F# o] Fa1

O LDpred ¥4

- Step 1: Coordinate data: reference H|©]E]2} summary statistics AR I3

ldpred coord \

--rs rs \

--Al alt \

--A2 ref \

--pos pos \

--chr chr \

--pval pval \

--eff effalt \

--gsf-format CUSTOM \

--N 100000 \

--ssf sumstat.chrl \
--out=MYDATA_COORD_CHRI \
--eff_type LINREG \

--gf 1KGP3_EAS_CHRI1 \

> MYDATA_COORD_CHRI1.log

S

* B2 chromosome ©9 =2 &4 Qg

*

=

AZ &4 eff_type: LINREG, OR, LOGOR, BLUP % X ®i gf: reference

panel®] plink binary format file®] ©]&



- Step 2: LDpred SNP weight A4

ldpred fast \

--cf MYDATA_COORD_CHR1 \

--1dr 270 \

--1df MYDATA_CHR1.1d \

--out MYDATA_CHR1.weight \

--N 100000 \

> MYDATA_CHR1_WEIGHT .log

*

*

ldpred fast(BLUP®®)/gibbs (gibbs sampling W) oA A€
B8 chromosome ©9 = 4 Q&
A v o wel weight7} ThFstAl A E. Step 3& T3l HA g &<

ldr #2 ladius® chromosome® =719} viAFE 18l (B8 UHA) A

U

- Step 3: /U PRS A4k

ldpred score \

--gf MYDATA_CHR1 \

--rf MYDATA_CHR1.weight \

--out MYDATA_PRS_CHR1.score \

--pf MYPHENO.txt \

--pf-format STANDARD \

> /ADATA/JHM/PRS/LDpred/OUT/FPG_PRS_CHR22_score_log.log

(o]

* —--pf Phenotype®}¥: phenotype 3 standard Y 7% ID, phenotypedt

*

phenotype F¥¢-& UHSIA HZH9 weightE ZolH, log I Ul A

optimal polygenic score® #<lo] 7153t



ﬂ LDpred (v2) E4 WM

[ 1 LDpred v2 &2 o]&?

O LDpred vli< 7t o AE=rl #i1 genome-wideE #40] 75
Ste=x /ieE 249
- Zal =+ Prive et al. LDpred2: better, faster, stronger, Biocinformatics 2020

=

[ 1 LDpred v2 £4 Wy

O LDpred v2 48 93k &1

- LDpred v2 AX"WH: 3L https://choishingwan.github.io/PRS-Tutorial/ldpred/

* Z3 https://privefl.github.io/bigsnpr/articles/LDpred2.html

- reference panel ¥H]

- olgl] iAol Eof A 1,000 genomes phase 3 Ho|HE 2= w1,
plink binary 24|02 A& g <QlFof 9r3o] Ho|H A&

+ o] 2 Q1= AR FAl https://www.cog-genomics.org/plink/2.0/resources# lkg_phase3

- LDpred v2¢] accessory file ¥ HapMap phase 3 HRE F<2lsly
reference panelol A HapMap phase 39| g5 E AHT =&
* plink —-bfile 1KGP3_EAS --extract hapmap3_list.txt ——-make-bed —-out 1KGP3_EAS_HM3
- ZH|3k HlolE = LDpred v2 AX& &3] H71d o=z AX¥ bigsnpr
|71 A& o] &3} plink HYS rds FI=Z WHE
R ## R statistics softwareol A £+ Zg

library(bigsnpr)
snp_readBed(“1KGP3_EAS_HM3.bed”)

a()
* 1KGP3_FAS_HM3.rds A4 o5 3l HQ

- Summary statistics 4]

- olgf o] Ao wHA Ho]E #H] (HapMap phase39 SNPYF *3}H)

_‘]0_



chr rsid pos a0 al beta beta_se p n_eff
* rside= reference paneld ¥ X|sokg, alo] effective allele¥!
* beta = effect (beta), beta_se = standard error

* n_eff+= quantitative trait®] 7%+ sample size®|™, case-control®] A $+=

4 / (1/cases + 1/controls)

- PRS Al4ke 93k Al f-3A1- R 24 (HapMap phase32] SNPWF 23§
- imputation® H ] & plink binary formate. = H3 Qo

+ plink binary format ¥% ¥ #4 52 plink F# o] Fa1

- 8|3 Hlo]H & LDpred v2 AXE T3l H71H o2 HAXH bigsnpr

7] A & o] &3kl plink FYE rds L= |

R ## R statistics softwareol| A &4 g

library(bigsnpr)

snp_readBed(“MYDATA_HM3.bed”)

q()
* MYDATA_HM3.rds A4 o3 &l Q.

- BEE 242 RolA bigsnpr libraryE &3 #4S T3
- Step 1: Summary statistics, reference panel 29 2 LD A4+
## Summary stat file name

ss.name <- "MY.SUM.STAT.txt"

NCORES <- 60 ## parallel computinge] A}-&3 core <

## library loading

library(bigsnpr)

library(data.table)

library(magrittr)
options(bigstatsr.check.parallel.blas = FALSE)

options(default.nproc.blas = NULL)

_‘]‘]_



## Reference panel &% 27]

obj.bigSNP <- snp_attach("1KGP3_EAS_HM3..rds")
tmp <- tempfile(tmpdir = "./tmp-data")
on.exit(file.remove(pasteO(tmp, ".sbk")), add = TRUE)
corr <- NULL

ld <- NULL

## Summary stat 22 27)

sumstats <- bigreadr::fread2(ss.name)

names(sumstats) <- c('chr"’, "rsid", "pos", "a0", "al", "beta", "beta_se", "p", "n_eff")
## Summary stat¥} reference panel®] SNP uj3

fam.order <- NULL

map <- obj.bigSNP$map[-3]

names(map) <- c("chr”, "rsid", "pos", "al", "a0")

info_snp <- snp_match(sumstats, map)

#Reference panels o]-&3le] LD A4k

genotype <- obj.bigSNP$genotypes

CHR <- map$chr

POS <- map$pos

POS2 <- snp_asGeneticPos(CHR, POS, dir = "LDpredV2/ACC", ncores = NCORES)
##LDpred V29| accessory fileE2] ¢4

# calculate LD &
for (chr in 1:22) {
# Extract SNPs that are included in the chromosome
ind.chr <- which(info_snp$chr == chr)
ind.chr2 <- info_snp$ _NUM_ID_[ind.chr]
# Calculate the LD

corrQ <- snp_cor(

_‘]2_



genotype,

ind.col = ind.chr?,

ncores = NCORES,
infos.pos = POS2[ind.chr?],
size = 3 / 1000

if (chr == 1) {
ld <- Matrix::colSums(corr0+2)
corr <- as_SFBM(corr0Q, tmp)
} else {
ld <- c(ld, Matrix::colSums(corr0+2))

corr$add_columns(corrO, nrow(corr))

## LD score regression
df_beta <- info_snp|,c("beta", "beta_se", "n_eff", "_NUM_ID_")]
ldsc <- snp_ldsc( 1d,
length(ld),
chi2 = (df_beta$beta / df_beta$beta_se)"2,
sample_size = df_beta$n_eff,
blocks = NULL)

h2_est <- ldsc[['h2"]] ## LDSC 7]¥} estimated genetic heritability

- Step 2: (option #1) Infinitesimal model

genofile <- "MYDATA_HM3.rds"
phenofile <- “MYDATA_pheno.txt”

#inf model

beta_inf <- snp_ldpred?2_inf(corr, df_beta, h2 = h2_est)

_‘]3_



## Loading MYDATA genotype
obj.bigSNP <- snp_attach(genofile)
genotype <- obj.bigSNP$genotypes
fam <- obj.bigSNP$fam

ind.test <- l:nrow(genotype)

##HHH# PRS A4
pred_inf <- big_prodVec( genotype,
beta_inf,
ind.row = ind.test,
ind.col = info_snp$ _NUM_ID_")
#### pred_infoll AAFE PRS kol dom, MYDATA® plink format fam 3¥ <A 2 AHglg

Step 2: (option #2) Grid model
genofile <- "MYDATA_HM3.rds"
phenofile <- “MYDATA_pheno.txt”

#grid model

p_seq <- signif(seq_log(le-4, 1, length.out = 17), 2)
h2_seq <- round(h2_est * ¢(0.7, 1, 1.4), 4)
grid.param <-

expand.grid(p = p_seq,
h?2 = hZ_seq,
sparse = c¢(FALSE, TRUE))

# Get adjusted beta from grid model

beta_grid <- snp_ldpred2_grid(corr, df_beta, grid.param, ncores = NCORES)

## Loading MYDATA genotype
obj.bigSNP <- snp_attach(genofile)
genotype <- obj.bigSNP$genotypes
fam <- obj.bigSNP$fam

_‘]4_



ind.test <- l:nrow(genotype)

# Grid model PRS AAF

pred_grid <- big_prodMat( genotype,

beta_grid,
ind.col = info_snp$ _NUM_ID_")

#### pred_gridoll AAFE PRS Fke]l o™, MYDATAQ] plink format fam Y <A 2 AHz¥

Step 2: (option #3) Auto model

genofile <- "MYDATA_HM3.rds"
phenofile <- “MYDATA_pheno.txt”

# Get adjusted beta from the auto model
multi_auto <- snp_ldpred2_auto(
corr,
df __beta,
h2_init = h2_est,
vec_p_init = seq_log(le-4, 0.9, length.out = NCORES),
ncores = NCORES
)

beta_auto <- sapply(multi_auto, function(auto) auto$beta_est)

## Loading MYDATA genotype
obj.bigSNP <- snp_attach(genofile)
genotype <- obj.bigSNP$genotypes
fam <- obj.bigSNP$fam

ind.test <- l:nrow(genotype)

# Auto weighted PRS A4t

pred_auto <- big_prodMat(genotype,

beta_auto,
ind.row = ind.test,
ind.col = info_snp$ _NUM_ID_")

_‘]5_



# scale the PRS generated from AUTO
pred_scaled <- apply(pred_auto, 2, sd)

final_beta_auto <-

rowMeans(beta_autol[,
abs(pred_scaled -median(pred_scaled)) <
3 * mad(pred_scaled)])
pred_auto <-
big_prodVec(genotype,
final_beta_auto,
ind.row = ind.test,

ind.col = info_snp$ _NUM_ID_")
#### pred_auto®l] Al4kE PRS zto]l 21om, MYDATA®] plink format fam oY A2 g9

_‘]6_



PRSCS 24

[] PRScs #4o]&?

O LD % 9 shrinkage factor® o] 83} effect sizeE RAS= v
S =2, summary statistics®] BEE FHWo] FHY effectE ZAHT
- X

3l =1 Ge et al. Polygenic prediction via Bayesian regression and

continuous shrinkage priors, Nature Communications 2019

[] PRScs 4] 9

- PRScs AXHWHH: 31 https://github.com/getian107/PRScs

reference panel &H]

- ol JAFOlEoA EAEaIAF Sl= 1F9] LD reference panelS Th+
Zt ®5 (1,000 Genomes project phase 3 Hl°o]E|Z HapMap
phase39] SNPWF A}-8-3})

* https://github.com/getian107/PRScs

Summary statistics H|

- ol o] Ao wHA dolE FH] (HapMap phase32] SNPYH X3}
SNP Al A2 BETA P

* SNP2] ID+= rs ide]™ reference panel?] o}o]t]e} U xsjoFdt

* BETA = effect (beta), P = P-value

PRS A4S 918 Bl fAAA R £1] (HapMap phase3¢] SNPRF X3}

- imputation® H o] & plink binary formate. & H3 Qo

* plink binary format ¥% % 34 &< plink &3o]# 31

_‘]7_



O PRScs #4
- Step 1: PRScs AUTO 249 &4

export MKL_NUM_THREADS=5 && \

export NUMEXPR_NUM_THREADS=5 && \

export OMP_NUM_THREADS=5 && \

PRScs.py \

--ref_dir=reference ¢JX] \

--bim_prefix=E}1 G A & otd o] F (&4 AY) \

--gst_file= summary statistics ™ \

--n_gwas=AZAlo] = \

--out_dir=outmdo]E > outmtd Z 7ot

* export MKL_NUM_THREADS 5: core A8 7H4E A|stsh. o714 57
* ref_dir: reference panel AX ¢JX| (1KG EAS AH )

* bim_prefix: targeto] &&= mdo] ot FH F& (07| 24K=2 1 F)
* gst_file: summary statistics o+

* n_gwas: & Afo]=

* PRScs9] Th2 M-S FA| ¢toW PRScs+ auto ZE2 FAe

- Step 2: PRScs AUTO ¥4 A& o] &3} PRS A4t

plink —bfile MYDATA_HM3 --score PRScsZu3t 2 4 6 header sum include-cnt
double-dosage --out MYDATA_PRScs_PRS

_‘]8_



[] 10-fold LOGO(leave on group out)

O 5989 A7 JdolA 3% GWAS A7) gAY, AT Hee] SolA
e At =l ATl Aol Xﬂf?}ﬂ—‘& 73F
LOGO(leave on group out) HEFEA
- oAy JHo g WbRA Ao 24 THEe

ggete BE 44T 5 Ue

mlo
Ay
08{:4“
ook

2 1~9H HeolA 242 Afd 24 9
HEHEA A¥ summary statisticsE ©]-&3] PR
& o]&afl 10 o] PRS A4k

s}

l
%
b

m\l

®
=

Subgroup GWASs

HNEEEEEEEN

Meta-analysis and PRS derivation
I —
(T TTTTTTTT ]~

1
1
1
1
1
1
1
1
1
1
1
1
1
. 1
- = 1
(TITTIIIT] i~M:
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

PRS
Survival analysis and meta-analysis

Lifespan ~ PRS + covariates
Meta-analysis

<1¥™ 4. LOGO MEfEM-Z o83t PRS A4t Of (Sakaue et al. Nat Med. 2020)>

_‘]9_

10-fold
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O (@) vEk 2
O Metal software A %]
- ot el FaE Farsto] AAS

* https://en.wikipedia.org/wiki/Metal

* https://genome.sph.umich.edu/wiki/METAL_Quick_Start

O Input data +H|

- olg o] FRE £33l input data A

- Marker ID : variant®] IDE g} B4 AlLEH= 2

DE AL Qejokd

- Effective Allele : effect (beta)S AT wj ALLEH=

- Other Allele : 71 2] allele AR

- Effect : 9343 B4 A9 effect (beta) X

- Stderr : effect® standard error %kt
- P-value : A#A B4 ZA39] p-value
- N AFAA B ALEH AE Alo] =

O Metal script 9 A]

- Metal= A3t offo] 2aHEE Farste] wE

o=

-

Helg7t &

=) 3}

.

coded allele A

B4

T3

SCHEME STDERR ## weight +4: STDERR & SAMPLESIZE

MARKER SNP  ## MarkerlD 28 o]&

ALLELE ALT REF ## Effective allele, Other allele 23 o]&

EFFECT BETA  ## Effect 28 o]&
STDERR SE ## Stderr A9 o] &
PVALUE PVALUE ## P-value Z& o] &

PROCESS DATAl.input ## Input file 1¥ ©
PROCESS DATA2.input ## Input file 29 ©
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PN
T

ofd
=
(i

OUTFILE meta_out .txt ## output ©]=. txt(Z&A}) o

~

ANALYZE HETEROGENEITY ## Meta %4 (heterogeneity &4 &4
QUIT ## €%

- input "tttk 23 WAl & A%< ofeiet 2ol process ool Z

se] AY HAL XA process 3

MARKER SNP  ## 1 349 MarkerlD ZHH

ALLELE ALT REF ## 19 5td9] Effective, Other allele ZA¥
EFFECT BETA ## 19¥ 99| Effect 29

STDERR SE #t 1 9] Stderr ZH

PVALUE PVALUE ## 1¥H 39| P-value 29

PROCESS DATAl.input ## Input file 1¥H o] &

MARKER SNPID  ## 11 39| MarkerlD Zd

ALLELE EA OA ## 19 9} 9] Effective, Other allele ZH
EFFECT Effect ## 1% 399 Effect 23

STDERR SE ## 1 9L Stderr ZH

PVALUE Pvalue ## 1% 3}¥9] P-value ZH

PROCESS DATAZ2.input ## Input file 21 o] &

_2‘]_



