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[ Array data ]

v
—— QcC

—P[ Imputation data ]
o

Sample QC Variant QC

batch, sex, CR, HR, rel., anc. INFO score or Rsq > 0.3
. MAF > 0.01

Variant QC PHWE

CR, MAF, HWE

Yy

[ GWAS result ]

CcoJo

COnditional & JOint analysis identifies
independent signals within a locus by
stepwise conditional analysis

FM

Fine-Mapping narrows a GWAS locus from
hundreds of correlated SNPs to a credible
set of likely causal variants by modeling LD
structure

FA

Functional Annotation integrates genomic
features to prioritize variants by biological
plausibility, boosting power and
interpretability

MR

Mendelian Randomization uses individual
variants as "instruments" to test if an
exposure causally influences an outcome

PRS

Polygenic Risk Score Sums genome-wide
effect sizes into a per-individual genetic
liability score

GBA

Gene-Based Association aggregates
variant-level signals into a single gene-
level test, boosting power for polygenic
genes

TWAS

Transcriptome-Wide Association Study
links genetic risk to gene expression by
testing whether predicted expression
associates with a trait

Coloc

Colocalization tests whether two traits
share the same causal variant in a locus

GSA

Gene-Set-based Association aggregates
variant-level signals into a single gene-set-
level test, revealing the biology underlying
polygenic signal

GSE

Gene Set Enrichment analysis tests
whether genes implicated by GWAS are
statistically over-represented in biological
pathways or gene sets
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Imputation server

Sig n in TWB Imputation Server @ NCHC Home Run~ Jobs Help Contact 2 jiawel

TWB Imputation Server @ NCHC Home [U) Jobs Help Contact

Taiwan Biobank Imputation Server Username: Taiwan Biobank

jiawei Free Next-Generation G

Taiwan Biobank Imputation Server

Free Next-Generation Genotype Imputation Service

TWB Imputation Server @ NCHC  Home Iiclp Sign up (IGLHT)
. Password:

Taiwan Biobank Imputation Server

Fre N Ge ctype Imputations
Sign up now ‘ Login ‘ a -
- Sign in

New user? Sign up for free

The easiest way t

The easiest way to impute genotypes Forgotten your password? Reset Y The L‘e“ way to |mPUte gen°types

.

o el downlond the resuls. Upload your genotypes to our server Choose a referer

located in Tawan care ofpre it s onetime located in Taiwan. care of pre-phal

Allinceactions withthe servr e secured. passucrd. Afer 7 days, al esuhs s
deleted from our server. All interactions with the server are secured.
Upload your genotypes to our server Choose a reference panel. We will take Download the results.
located in Taiwan. care of pre-phasing and imputation. All results are encrypted with a one-time
All interactions with the server are secured. password. After 7 days, all results are

Wide-range of reference panels supported deleted from our server.

HapMap Taiwan Biobank 1.5k 1000 Genomes

oves e Wide-range of refer

Wide-range of reference panels supported
HapMap Taiwan
Phase 2

HapMap Taiwan Biobank 1.5k 1000 Genomes
Phase 2 Phase 3



https://twbimpute.biobank.org.tw/index.html#!
https://imputationserver.sph.umich.edu/#!
https://imputation.biodatacatalyst.nhlbi.nih.gov/#!

TWB Imputation Server @ NCHC Home FRun~

Genotype Imputation (Minimac4) 1.6.7

This is the new Michigan Imputation Server Pipeline using Minimacd. Documentation can be found here.

If your input data is GRCh37/hg19 please ensure chromosomes are encoded without prefix (e.g. 20).

If your input data is GRCh38hg38 please ensure chromosomes are encoded with prefix “chr’ (e.g. chr20).

® Run

Name optional job name

Reference Panel (Details)

Input Files (VCF)

-- select an option --

-- select an option --

1000G Phase 3 v3

& https/fimputationserver readthedoc.io

TOPMed_WGS

HRC

Samoan

HapMap2

HapMap 2

&= Select Files

Multiple files can be selected by using the (EX)) / (E0 or EX00 keys.

Array Build GRCh37/hg19 v

Please mote that the final SMP coordinates
ahways match the refersnce build.

rsq Filter off v

Phasing Eagle v2.4 {phased output) v

Population -- select an option -- b

Maode Quality Control & Imputation W
AES 256 encryption

Imnpartation Server encrypts all Zip files by default. Please note that AES encryption does not work with standard
urzip programs. Use Tz instead.

Generate Meta-imputation file

| will not atternpt to re-identify or contact research participants.

| will report any inadvertent data release, security breach or other data management incident of which | become aware.

® Submit Job

‘ CAAPA

GAsP

1000G_phasel 14406 phase3

v



https://genome.sph.umich.edu/wiki/MaCH_FAQ
http://www.internationalgenome.org/
https://www.nature.com/articles/s41586-019-1793-z
http://www.caapa-project.org/
http://www.haplotype-reference-consortium.org/




Manhattan plot Single causal variant assumption

ey
N

= . ; : causal @
s l | ' Stepwise / COJO
ERE ¥ | 3 !
1 g i‘, : ! causal @ &
=} ]
=2 i
N : Bayesian

credible set @O @ © @

SuSiE (Sum of Single Effects Linear Regression)

credible sets @ @@ ® &

Z = (zl,zz, ...,zp) : summary statistics
R, xp : LD matrix

z=~YRa® +¢
observed signal explained by L latent single-effect signals

-logo(P-value)

a® = (af), ...,az(,l)) : probability vector for signal | over all SNPs

ZlL a® =1:each signal corresponds to one causal SNP

€
.1 r® =z-yla®
= &3 9 9 g o a
g g2 b4 ’ residual: isolate signal | by removing all other signals
S5~
gas
(2]
g O] Y , )
s a;” o similarity(r®, R ;)

PIP; =1 - HlL (1 — a]-(l)) probability variant j is causal in at least one signal

13
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Q Perform multi-signal fine-mapping

R vignette

# install.packages(c("susieR", "data.table"))
library(susieR)
library(data.table)

# Assuming a file with columns: SNP, BETA, SE (or Z)
sumstats <- fread("path/to/sumstats.txt")

# Should be a square matrix (p x p) matching the SNPs in sumstats
R_matrix <- as.matrix(fread("path/to/ld_matrix.ld"))

fit_rss <- susie_rss( z = sumstats, R = R_matrix,
n =n, # sample size

estimate_residual_variance = TRUE)

summary(fitted_rss1)Scs
# cs | cs_loglObf | cs_avg r2 | cs_min_r2 | variable

14


https://cran.r-project.org/web/packages/susieR/vignettes/finemapping_summary_statistics.html
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Population Frequency (AFs)

1000 Genomes Project reference
population allele frequencies from diverse
global populations

gnomAD large population AF resource;
very low AF supports rarity

\_EXAC exome-based population AF database )

Pathway

KEGG pathway-level database of many
species, often used for functional
interpretation and enrichment

Reactome reaction-level (detailed
molecular reaction steps) database mainly
\of Human

J
\

4 )
Missense-specific predictors

SIFT missense tolerance score:
0-0.05 Damaging (D); > 0.05 Tolerated (T)

PolyPhen missense impact predictor:
0 Benign (D) = 1 Probably Damaging (D)

- J

Supporting evidence databases

COSMIC somatic mutation
cancer database; supports
oncogenic relevance but not
definitive

GWAS-Catalog research-only
evidence of trait-associated
loci from association studies;
useful for linking
variants/genes to common

raitc
CTUUTVY

Clinical database

ClinVar clinical variant interpretations;
pathogenic or likely pathogenic
submissions are direct evidence for clinical
relevance

OMIM gene-disease catalog for Mendelian
disorders; strong support for known causal
genes

\_ J

~

Conservation

PhyloP base-level conservation score:

> 0 (conserved); < 0 (accelerated); = 0 (neutral)
pLl probability of Loss-of-function intolerance:
O (LoF-tolerant) = 1 (highly LoF-intolerant)

RVIS genes with more extreme values are less
tolerant to functional variation:

> 0 (LoF-tolerant) - < O (LoF-intolerant)
GDI gene-level disease burden index:
klOO (LoF-tolerant) - 0O (highly LoF-intolerant) )

4 N\
Ensemble Scores

CADD integrative deleteriousness score:
PHRED-scaled 1 - 99 Deleterious

DANN deep-learning pathogenicity predictor :
0 = 1 Likely Deleterious
\_




-
Annotation tool

ANNOVAR annotates variants using multiple
external databases

VEP predicts variant consequences on
genes/transcripts and adds annotations

-



https://annovar.openbioinformatics.org/en/latest/
https://www.ensembl.org/vep




[Ws{

- T\ Base Data Target Data

|
GWAS summary statistic Independent! Individual genotype data
(OR, beta, p-value) (array, imputation)

\/

LDpred2
PRS-CSx

PLINK
PRSice

lassosum PRS-CS

|
| |

SNP1 SNP2 SNP SNPS — PRS
GWAS summary statistic Ind 1 PRS,
Ind 2 PRS,
GWAS Catalog ¥  https://www.ebi.ac.uk/gwas/ : :
HuGeAMP O https://kp4cd.org/ "jdi 9y P:RS‘
Biobank GWAS summary statistic ind N PRSy
China O § https://pheweb.ckbiobank.org/
- : : PRS: = Y35_Cwing::
Finnish O https://pheweb.sph.umich.edu/FinMetSeq/ U =N ng]
Japan O https://pheweb.jp/ (hum0197.v18, hum0014.v32)
Korean O https://koges.leelabsg.org/
UK O https://github.com/Nealelab/UK_Biobank_GWAS
Taiwan https://taiwanview.twbiobank.org.tw/pheweb.php / \

SNP weights (PGS)
PGS Catalog O https://www.pgscatalog.org/
Cancer-PRSweb https://prsweb.sph.umich.edu:8443/

Set of SNPs Genome-wide SNPs
L X X/ % \ 4
*o X * Reference'Data )
&3 clumping / eta
Target Data wfjm oruning *.0 “:‘0 shrinkage
Target Data
Wj=,3j,j=1..S W]=,8]’,]=15

PRS, a composite measure derived from multiple genetic variants,
can be simply treated as a linear combination of genotypes.

In regression modeling (linear combination), incorporating more
predictors may enhance the R? (the proportion of variation explained
by the model). However, it may cause overfitting due to the of model
complexity, noise, or large betas (sensitive to minor changes).

Beta shrinkage (small beta) can help make beta toward zero that
decreases model complexity and sensitivity to minor changes.

29



https://www.ebi.ac.uk/gwas/
https://kp4cd.org/
https://pheweb.ckbiobank.org/
https://pheweb.sph.umich.edu/FinMetSeq/
https://pheweb.jp/
https://humandbs.dbcls.jp/en/hum0197-v18
https://humandbs.dbcls.jp/en/hum0014-v32
https://koges.leelabsg.org/
https://github.com/Nealelab/UK_Biobank_GWAS
https://taiwanview.twbiobank.org.tw/pheweb.php
https://www.pgscatalog.org/
https://prsweb.sph.umich.edu:8443/

Base data (summary statistic)

ID

CHR

BP

Al

A2
OR/BETA
SE

P

N

SNP ID, same representation as in target
data, usually rsnumber

chromosome, same genome build as in
target data

physical position, same genome build as
in target data

effect allele

other alleles

estimate

standard error of BETA
p-value

sample size

LD information

PLINK /
PLINK2 depend on target data
PRSice2 depend on target data
GRCh37 & 38
LDpred2 HapMap3 LD blocks and LD matrix
Lassosum GRCh37 & 38
1000 genomes project Phase | LD blocks
PRS-CS/ f(?oc;sznomes roject LD
PRS-CSx & project =2

UK Biobank LD

Target data (individual-level data)

Genotype .bed, .bim, .fam
covariate plink-formatted file
phenotype | plink-formatted file

]
— ([~ PRScs

I—PRScs.py

— (= PRScsx

I—PRScsx.py

— (LD _ref

— (= |dblk_1kg_eas

—( = |dblk_1kg_eur

— [ BaseDat

— % sumStat_eas.txt

— [3) sumStat_eur.txt

— [ TarDat

—— [3) dat_qc.bed

—— [3) dat_gc.fam

L [ dat_qgc.bim
— (5 Out

) out_META_pst_eff al_b0.5_phiauto_chr*.txt

[2) out_EAS_pst_eff al b0.5_phiauto_chr*.txt

Manually calculate SNP weights

PRS-CSx example by published tools

cd PRScsx
python3 PRScsx.py --ref_dir=../
--bim_prefix=../TarDat/dat_qc \

--sst_file=../BaseDat/sumStat_eas.txt,../BaseDat/sumStat_eur.txt \

--n_gwas= , --pop=EAS,EUR \

--seed=1 --meta=TRUE --out_dir=../Out/out_prscsx --out_name=out

\

sumStat_*.txt recommended

SNP Al A2 BETA/OR SE
sumStat_*.txt
SNP Al A2 BETA/OR P

out_* pst_eff al b0.5 phiauto_chr*.txt

CHR RSID BP Al A2 Weight

2 out_EUR_pst_eff al_b0.5_phiauto_chr*.txt

30


https://github.com/getian107/PRScs
https://github.com/getian107/PRScsx
https://github.com/getian107/PRScs?tab=readme-ov-file#getting-started
https://figshare.com/articles/dataset/LD_reference_for_HapMap3_/21305061
https://drive.google.com/uc?export=download&id=17dyKGA2PZjMsivlYb_AjDmuZjM1RIGvs
https://github.com/tshmak/lassosum/tree/master/inst/data
https://github.com/getian107/PRScs?tab=readme-ov-file#getting-started
https://github.com/getian107/PRScs?tab=readme-ov-file#getting-started

Using reported SNP weights (e.g., PGS catalog
External PRS example and Cancer-PRSweb) to calculate the PRS on
PGS Catalog the target data

PGS Catalog ‘ Home ‘ Browse v | Downloads ~ ‘ Documentation ~ ‘
ftp://ftp.ebi.ac.uk/pub/databases/spot/pgs 4

PGS Catalog / Downloads pgs_scores_list.txt (list of Polygenic Score IDs) ###PGS CATALOG SCORING FILE - see https://www.pgscatalog.org/downloads/#dl_ftp_scoring for additional information
— metadata/ (2 #format_version=2.0
Downloads | I pes_sll metsdata.xlsx ##POLYGENIC SCORE (PGS) INFORMATION
| b— pgs_all _[sheet_name].csv (7 files) #pgs_id=PGS000001
i Table of Contents | b— pgs_all me tar.gz (xlsw + csv files) #pgs_name=PRS77_BC
+ Available PGS Catalog downloads \ I— publicatiuns/ﬁ (metadata for large studies) #trait_reported:Breast cancer
FGS Catalog FTP stiucture \ — previous releases/ (2 #trait_mapped=breast carcinoma
* PeS Cataog Metacata — scores/ 2 #trait_efo=EFO_0000305

+ PGS Scoring Files
= Formatied Files
What is a PGS? = # Header — B Columns — (® Format chang|

— Pesespsel/ 2

— vter 2 #genome_build=NR
Metadata,

#variants_number=77

© Harmonized Files | Il: PGS :a.}:l;x . : , F_]#weight_type=NR
ta_[sheet name].csv (7 fi
B - ) ##SOURCE INFORMATION
'7 PG5 _metadsta.tar.gz (xlsx + csv files

#pgp_id=PGP000001

#citation=Mavaddat N et al. ) Natl Cancer Inst (2015). doi:10.1093/jnci/djv036
oee 1txt.g ##HARMONIZATION DETAILS

b— archived versions/ #HmPOS_build=GRCh38

fzed/ 2 #HmMPOS_date=2022-07-29

#HmMPOS_match_chr={"True": null, "False": null}
H#HHMPOS_match_pos={"True": null, "False": null}

L— archived_versions/

PGS Scoring Files & Metadata

Individual PGS variants scoring and metadata files

oeo ::

— Harm

|
|
I
I
|
| ScoringFiles/
|
I
|
PGS Catalog Metadata |
|

g "’“"“':E Available PGS global metadata files
— Pesespsez/ 2 rsiD chr_name effect_allele other_allele effect_weight locus_name OR hm_source hm_rsID hm_chr hm_pos hm_inferOtherAllele
PGS Catalog RESTAPI |7

Programmatic access to the PGS Catalog metadata L rs78540526 11 T C 0.16220388 CCND1 1.1761 ENSEMBL rs78540526 11 69516650
Python package pgscatalog_utils rs75915166 11 A C 0.023618866 CCND1 1.0239 ENSEMBL rs75915166 11 69564393
foolection oftons, such 2 scong s courlozd = "GS'_""’“W rs554219 11 G C 0.1167158 CCND1 1.1238 ENSEMBL rs554219 11 69516874

L o... rs7726159 5 A C 0.035270614 TERT 1.0359 ENSEMBL rs7726159 5 1282204

rs10069690 5 T C 0.02391182 TERT 1.0242 ENSEMBL rs10069690 5 1279675

3 5 9

Splink --bfile dat_qc \ dat_gc.profile
—score PGS000001 hmPOS GRCh38.txt FID IID PHENO CNT CNT2 SCORE FID 1ID PHENO CNT CNT2 SCORSUM
--out dat_qc

Splink --bfile dat_qc \

--score PGS000001_hmPOS_GRCh38.txt s Wjgij S
--out dat_qc PRS; = )j=1— PRS; = Zj:l Wj * Gij

N; = non-missing SNPs in sample i 31



https://www.pgscatalog.org/
https://www.pgscatalog.org/
https://www.pgscatalog.org/
https://prsweb.sph.umich.edu:8443/

Q&A
o

Q:
A:

The red dot is like an outlier (in statistic meaning), can | remove it directly?

A GRS AT o (AT 53 AT AE M o B P 76 2 A T B ER SRS 0 7 GWAS PRSI (i 77 2% F B4F QC B
f@# CR ~ MAF ~ HWE BCH EH R E VRS MR

Is imputation necessary?

Imputation F Bl IV T e e REFE S TR FE f AT A AT array _EAYATEL (RFTREHR R E IEAY causal variants) » FRAE 268 GWAS papers 1] gE@r 52
K imputation » JZ# ZEOREN A EMIES /(% » (555 post-GWAS %1 fine-mapping ~ beta-shrinkage PRS Sl — & B

How does DANN work? How is deep learning applied on it?

¢4 Claude {{<#% (Quan et al. 2015) Y] Method FRREBRIZEREAAlE - HESHAR "%,
{SiFHEH CADD FH[EIHYE R} » {H)E CADD #24 score HY 1574 (SVM) 4% neural network »
H8F 949 fi& scores 1E /% input 1521 output f—1{[f L& HY score

With different base data, we may have different weights for PRS calculation, how to choose?

PRS /& prediction T_H. » [NILPARGEEAGE R im0 > B weights 13 2H{E A score 1FTEHPERHIFRIALLEL LT (e.8., logistic regression
F AUC INFR3H) » 5540 > FE(H T PRS TEAIEERIE TS - 5 % ©7KF covariates (age ~ gender ~ PCs ) fE#E L

If only one dataset is available, can it be split into training, validation, and testing sets for PRS?

STLL » {H TR PRS SIHT G R JrEt (VBRI 5705 samples HETAE)  AIRAESLI NI EIFTHFFEHIAHT GWAS summary
statistics » P H FERFE R A training F1 testing WA Ef47 » training set 2K weights » testing set (L4585 + &8 » iHAEAE N BEAZE A E
"EIF | #Y independent dataset ZKHEE(E



Thanks for your attention!!
( )>
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