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Genetic architecture

Polygenic
Fisher, R. A. (1918)

Oligogenic
Haldane, J. B. S. 

(1941)

Monogenic
Mendel, G. (1860s)

Common Disease Common Variant

An early hypothesis in GWAS that multiple 
common variants collectively contribute to 
disease susceptibility. However, CDCV cannot fully 
explain the missing heritability - the unaccounted 
genetic contribution to disease risk.

Infinitesimal Model 

A purely statistical framework that 
complex traits are controlled by an 
infinite number of loci, each with very 
small, additive effects.

Broad Sense Heritability Model

A concept that neither common nor 
rare variants alone explain the missing 
heritability. It considers about GxG, 
GxE, and epigenetic effects

Omnigenic Model

Extends the polygenic concept by 
incorporating biological networks to 
explain the contribution of both core
and peripheral genes to complex traits.

Rare Mendelian Disorders

Mutations in a single gene, 
following Mendelian inheritance 
patterns (dominant, recessive, or 
sex-linked), leading to the disorder.

Rare Alleles of Major Effect 

An alternative concept to CDCV that 
a small number of rare variants 
(with MAF < 0.01) can significantly 
influence disease development.
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Association and prediction

Association
Group (population)-based concept focuses on 
statistical relationships between variables at the 
group level, which informs us about broader 
patterns and relationships within populations. 
Even weakly predictive SNPs can have strong 
association if the sample size is large.

Prediction
Individual-based concept focus on personalized 
outcomes for specific individuals, and considers 
unique characteristics, medical history, and 
relevant factors

Associated ✔ ❔ ❔ ❌(mean-based test)

Predictive ✔ ❔ ❔ ❌

－ Case

－ Control
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Base Data
GWAS summary statistic

(OR, beta, p-value)

Target Data
Individual genotype data

(array, imputation)

PLINK

𝑃𝑃𝑃𝑃𝑆𝑆𝑖𝑖 = ∑𝑗𝑗=1𝑆𝑆 𝑤𝑤𝑗𝑗 � 𝑔𝑔𝑖𝑖𝑖𝑖

𝑤𝑤1 𝑤𝑤2 … 𝒘𝒘𝒋𝒋 … 𝑤𝑤𝑆𝑆

SNP 1 SNP 2 … SNP j … SNP S  PRS
Ind 1 𝑃𝑃𝑃𝑃𝑆𝑆1
Ind 2 𝑃𝑃𝑃𝑃𝑆𝑆2… …

ind i 𝒈𝒈𝒊𝒊𝒊𝒊 𝑷𝑷𝑷𝑷𝑺𝑺𝒊𝒊… …

ind N 𝑃𝑃𝑃𝑃𝑆𝑆𝑁𝑁

GWAS summary statistic

GWAS Catalog  https://www.ebi.ac.uk/gwas/

HuGeAMP https://kp4cd.org/

Biobank GWAS summary statistic
China  https://pheweb.ckbiobank.org/
Finnish  https://pheweb.sph.umich.edu/FinMetSeq/
Japan  https://pheweb.jp/ (hum0197.v18, hum0014.v32)
Korean  https://koges.leelabsg.org/
UK  https://github.com/Nealelab/UK_Biobank_GWAS
Taiwan https://taiwanview.twbiobank.org.tw/pheweb.php

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

Reference Data

Set of SNPs Genome-wide SNPs

clumping /
pruning Target Data

Target Data beta 
shrinkage

PRSice

LDpred2

lassosum PRS-CS

PRS-CSx

𝑤𝑤𝑗𝑗 = 𝛽𝛽𝑗𝑗 , 𝑗𝑗 = 1. . 𝑠𝑠 𝑤𝑤𝑗𝑗 = 𝛽𝛽𝑗𝑗′, 𝑗𝑗 = 1. . 𝑆𝑆

Independent!

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 R2 (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.

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/
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PGS Catalog

Method – External PRS

�

�

�

�

�

�

https://www.pgscatalog.org/
https://www.pgscatalog.org/
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PGS Catalog

###PGS CATALOG SCORING FILE - see https://www.pgscatalog.org/downloads/#dl_ftp_scoring for additional information
#format_version=2.0
##POLYGENIC SCORE (PGS) INFORMATION
#pgs_id=PGS000001
#pgs_name=PRS77_BC
#trait_reported=Breast cancer
#trait_mapped=breast carcinoma
#trait_efo=EFO_0000305
#genome_build=NR
#variants_number=77
#weight_type=NR
##SOURCE INFORMATION
#pgp_id=PGP000001
#citation=Mavaddat N et al. J Natl Cancer Inst (2015). doi:10.1093/jnci/djv036
##HARMONIZATION DETAILS
#HmPOS_build=GRCh38
#HmPOS_date=2022-07-29
#HmPOS_match_chr={"True": null, "False": null}
#HmPOS_match_pos={"True": null, "False": null}
rsID chr_name effect_allele other_allele effect_weight locus_name OR hm_source hm_rsID hm_chr hm_pos hm_inferOtherAllele

rs78540526 11 T C 0.16220388 CCND1 1.1761 ENSEMBL rs78540526 11 69516650

rs75915166 11 A C 0.023618866 CCND1 1.0239 ENSEMBL rs75915166 11 69564393

rs554219 11 G C 0.1167158 CCND1 1.1238 ENSEMBL rs554219 11 69516874

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

rs2736108 5 T C -0.064111945 TERT 0.9379 ENSEMBL rs2736108 5 1297373

rs2588809 14 T C 0.064569771 RAD51L1 1.0667 ENSEMBL rs2588809 14 68193711

rs999737 14 T C -0.079151438 RAD51L1 0.9239 ENSEMBL rs999737 14 68567965

Method – External PRS

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

https://www.pgscatalog.org/
https://www.pgscatalog.org/
https://www.pgscatalog.org/
https://prsweb.sph.umich.edu:8443/
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$ plink --bfile dat_auto_qc \

--score PGS000001_hmPOS_GRCh38.txt 9 3 5 \

--out dat_auto_qc

$ plink --bfile dat_auto_qc \

--score PGS000001_hmPOS_GRCh38.txt 9 3 5 sum \

--out dat_auto_qc

Method – External PRS
PGS000001_hmPOS_GRCh38.txt
###PGS CATALOG SCORING FILE - see https://www.pgscatalog.org/downloads/#dl_ftp_scoring for additional information
#format_version=2.0
##POLYGENIC SCORE (PGS) INFORMATION
#pgs_id=PGS000001
#pgs_name=PRS77_BC
#trait_reported=Breast cancer
#trait_mapped=breast carcinoma
#trait_efo=EFO_0000305
#genome_build=NR
#variants_number=77
#weight_type=NR
##SOURCE INFORMATION
#pgp_id=PGP000001
#citation=Mavaddat N et al. J Natl Cancer Inst (2015). doi:10.1093/jnci/djv036
##HARMONIZATION DETAILS
#HmPOS_build=GRCh38
#HmPOS_date=2022-07-29
#HmPOS_match_chr={"True": null, "False": null}
#HmPOS_match_pos={"True": null, "False": null}
rsID chr_name effect_allele other_allele effect_weight locus_name OR hm_source hm_rsID hm_chr hm_pos hm_inferOtherAllele
rs78540526 11 T C 0.16220388 CCND1 1.1761 ENSEMBL rs78540526 11 69516650
rs75915166 11 A C 0.023618866 CCND1 1.0239 ENSEMBL rs75915166 11 69564393
rs554219 11 G C 0.1167158 CCND1 1.1238 ENSEMBL rs554219 11 69516874
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
rs2736108 5 T C -0.064111945 TERT 0.9379 ENSEMBL rs2736108 5 1297373
rs2588809 14 T C 0.064569771 RAD51L1 1.0667 ENSEMBL rs2588809 14 68193711
rs999737 14 T C -0.079151438 RAD51L1 0.9239 ENSEMBL rs999737 14 68567965

3 5 9

dat_auto_qc.profile
FID IID PHENO CNT CNT2 SCORE FID IID PHENO CNT CNT2 SCORSUM

𝑃𝑃𝑃𝑃𝑆𝑆𝑖𝑖 = ∑𝑗𝑗=1𝑆𝑆 𝑤𝑤𝑗𝑗�𝑔𝑔𝑖𝑖𝑖𝑖
2�𝑁𝑁𝑖𝑖

𝑁𝑁𝑖𝑖 = non-missing SNPs in sample 𝑖𝑖

𝑃𝑃𝑃𝑃𝑆𝑆𝑖𝑖 = ∑𝑗𝑗=1𝑆𝑆 𝑤𝑤𝑗𝑗 � 𝑔𝑔𝑖𝑖𝑖𝑖



Preparation

Base data (summary statistic)

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

CHR chromosome, same genome 
build as in target data

BP physical position, same genome 
build as in target data

A1 effect allele

A2 other alleles

OR/BETA estimate

SE standard error of BETA

P p-value

N sample size

LD information
PLINK /
PLINK2

depend on target data

PRSice2 depend on target data

LDpred2 GRCh37 & 38
HapMap3 LD blocks and LD matrix

Lassosum GRCh37 & 38
1000 genomes project Phase I LD blocks

PRS-CS /
PRS-CSx

GRCh37
1000 genomes project LD
UK Biobank LD

Target data

Genotype .bed, .bim, .fam

covariate plink-formatted file

phenotype plink-formatted file
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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


Method – C+T (Clumping + Thresholding)

$ plink --bfile dat_auto_qc \

--clump sumStat.txt \

--clump-snp-field ID \

--clump-field P \

--clump-p1 1 --clump-p2 1 --clump-r2 0.2 --clump-kb 500 \

--out dat_auto_qc

$ awk '{print $3}' dat_auto_qc.clumped > snp_list.txt
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dat_auto_qc.clumped snp_list.txt
CHR F SNP BP P TOTAL NSIG S05 S01 S001 S0001 SP2 SNP



Each row is a clump of markers
indexed by the 'SNP' column (smallest p-value)



Method – C+T (Clumping + Thresholding)

$ plink --bfile dat_auto_qc \

--extract snp_list.txt \

--score sumStat.txt #id #a1 #b \

--q-score-range score_range.txt sumStat.txt #id #p \

--out dat_auto_qc
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dat_auto_qc.1.profile
FID IID PHENO CNT CNT2 SCORE

score_range.txt
name from to
1 0 1

0_5 0 0.5

0_1 0 0.1

0_01 0 0.01

0_001 0 0.001

0_0001 0 0.0001

0_00001 0 0.00001…

dat_auto_qc.0_5.profile
FID IID PHENO CNT CNT2 SCORE

dat_auto_qc.0_00001.profile
FID IID PHENO CNT CNT2 SCORE



Method – PRSice2

• https://choishingwan.github.io/PRSice/ • Linux

$ wget https://github.com/choishingwan/PRSice/releases/download/2.3.5/PRSice_linux.zip

$ unzip PRSice_linux.zip -d PRSice

$ cd PRSice

$ Rscript PRSice.R --prsice PRSice_linux

• Windows

> cd PRSice_win64

> Rscript PRSice.R --prsice PRSice_win64.exe

10

PRSice_win64.zip

Decomposition

PRSice_win64

Command Prompt



Method – PRSice2

$ Rscript PRSice.R \
--prsice PRSice_linux \
--target dat_auto_qc \
--base sumStat.txt \
--binary-targe T \
--snp ID \
--A1 A1 \
--stat BETA \
--pvalue P \
--beta \
--pheno pheCov.txt \
--pheno-col bt_1 \
--cov pheCov.txt \
--cov-col age,sex,@pc[1-10] \
--out dat_auto_qc
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dat_auto_qc.best
FID IID In_Regression PRS

dat_auto_qc.summary
Phenotype Set Threshold PRS.R2 Full.R2 Null.R2 Prevalence Coefficient Standard.Error P Num_SNP

The best PRS is the one exhibits the highest R² with the phenotype



Method – lassosum

> install.packages(c("devtools","RcppArmadillo", "data.table", "Matrix"), dependencies=TRUE)

> devtools::install_github("tshmak/lassosum")

> library(lassosum); library(data.table)

> phecov <- fread("pheCov.txt")

> ss <- fread("sumStat.txt")

> cor <- p2cor(p = ss$P, n = N, sign = log(ss$OR)) # sign = ss$BETA

> out <- lassosum.pipeline(cor = cor, chr = ss$CHR, pos = ss$BP, A1 = ss$A1, A2 = ss$A2, ref.bfile = "dat_auto_qc", test.bfile = 
"dat_auto_qc", LDblocks = "ASN.hg19")

12



Method – lassosum

> result <- validate(out, pheno = phecov$qt_1, covar = phecov[, c("age","sex",paste0("pc",1:10))])

> ss_ <- data.table(ss[out$sumstats$order][,sbeta:= result$best.beta]

> result$results.table
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FID IID pheno best.prs

ID CHR BP A1 A2 OR SE P N sbeta

shrinkage beta



Method – PRS-CS / PRS-CSx

$ git clone https://github.com/getian107/PRScs.git

$ git clone https://github.com/getian107/PRScsx.git

$ mkdir LD_ref

$ wget -O LD_ref/ldblk_1kg_amr.tar.gz https://www.dropbox.com/s/uv5ydr4uv528lca/ldblk_1kg_amr.tar.gz?dl=0

$ wget -O LD_ref/ldblk_1kg_eas.tar.gz https://www.dropbox.com/s/7ek4lwwf2b7f749/ldblk_1kg_eas.tar.gz?dl=0

$ wget -O LD_ref/ldblk_1kg_eur.tar.gz https://www.dropbox.com/s/mt6var0z96vb6fv/ldblk_1kg_eur.tar.gz?dl=0

$ tar -zxvf LD_ref/ldblk_1kg_amr.tar.gz -C LD_ref

$ tar -zxvf LD_ref/ldblk_1kg_eas.tar.gz -C LD_ref

$ tar -zxvf LD_ref/ldblk_1kg_eur.tar.gz -C LD_ref

14



Method – PRS-CS / PRS-CSx
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sumStat_*.txt recommended
SNP A1 A2 BETA/OR SE

sumStat_*.txt
SNP A1 A2 BETA/OR P

SNP column is rsID, because the 
representation for SNP in 
provided LD information is rsID



Method – PRS-CS / PRS-CSx

$ cd PRScs

$ python3 PRScs.py  --ref_dir=../LD_ref/ldblk_1kg_eas \

--bim_prefix=../project/dat_auto_qc \

--sst_file=../project/sumStat_eas.txt \

--n_gwas=N --seed=1 --out_dir=../project/out_prscs/out

$ mkdir dis_prscsx

$ cd PRScsx

$ python3 PRScsx.py --ref_dir=../LD_ref \

--bim_prefix=../project/dat_auto_qc \

--sst_file=../project/sumStat_amr.txt,../project/sumStat_eas.txt,../project/sumStat_eur.txt \

--n_gwas=N_amr,N_eas,N_eur --pop=AMR,EAS,EUR \

--seed=1 --meta=TRUE --out_dir=../project/out_prscsx --out_name=out
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dat_auto_qc_pst_eff_a[1]_b[0.5]_phiauto_chr*.txt

CHR RSID BP A1 A2 Weight



Density plot
Use it to understand patterns, trends, and the underlying 
structure of numeric data among groups.

ROC curve
Use it to evaluate binary classifiers and understand their 
discrimination ability.

OR decile plot
It categorizes large data sets into 10 equally sized 
subsections (deciles) based on a given metric (e.g.,OR),
and then fit a logistic regression model with a binary trait 
and a categorized PRS as the predictor

PRS – Figures
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━ ROC (~ covariates + PRS)
━ ROC (~ covariates)
━ ROC (~ PRS)

95% CIdelta of OR = [ OR ± 1.96 × OR × se(BETA) ]
95% CIMLE of OR = [ exp(BETA ± 1.96 × se(BRTA)) ]

log(OR) = BETA



Note

• QC for base data
• Duplicated SNPs: it occurs an error when using plink --score to calculate PRS

• Ambiguous SNPs: if there is no information about strands of base and target data, exclude them!

• Mismatch SNPs: when using plink --score to calculate PRS, it treats flipped alleles of a SNP as distinct

• QC for target data
• Array data: GWAS QC

• Imputation data: Sample QC (based on array sample QC) + Variant QC (infoscore, CR, MAF)

• Software usage
• Consistence of genome builds: base data, target data, and reference data

• Practice https://choishingwan.github.io/PRS-Tutorial/

• Practice https://privefl.github.io/bigsnpr/articles/
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Software LD resource LD genome build
PLINK target data
PRSice2 target data
LDpred2 HapMap3 hg18, GRCh37 (hg19), GRCh38 (hg38)
lassosum 1000 genomes project Phase I GRCh37 (hg19), GRCh38 (hg38)

PRS-CS/PRS-CSx 1000 genomes project Phase 3
UK Biobank GRCh37 (hg19)

https://choishingwan.github.io/PRS-Tutorial/
https://privefl.github.io/bigsnpr/articles/


• Enhancing disease risk prediction beyond PRS
• As we know, DNA is relatively stable throughout an individual’s life. Therefore, relying solely on a PRS prediction 

model is insufficient. To more accurately assess disease risk, we must consider additional factors or covariates: 
demographic variables (age and gender), environmental variables (abc-covariates), etc.

• metaGRS (Meta-Genomic Risk Score)

• Healthcare application
• Hingorani, Aroon D., et al. (2023) Performance of polygenic risk scores in screening, prediction, and risk stratification: 

secondary analysis of data in the Polygenic Score Catalog. BMJ medicine 2.1 – Disapproval of PRS
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Note
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Taiwan Biobank Imputation Server Michigan Imputation Server 2 TOPMed Imputation Server
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Imputation server

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


21

Imputation server
Taiwan Biobank Imputation Server

https://twbimpute.biobank.org.tw/index.html#!
https://twbimpute.biobank.org.tw/index.html#!
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TWB
MIS

TOPMed

TWB_seq_1.5K1000G_phase3

HapMap2EUR

EAS

1000G_phase1

SASAMR

AFR

ASN

GAsP

CAAPA

HRC

AA

Samoan

TOPMed_WGS

http://www.internationalgenome.org/
https://www.nature.com/articles/s41586-019-1793-z
http://www.caapa-project.org/
http://www.haplotype-reference-consortium.org/
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chromosome representation in GRCh37 and GRCh38 are different

variants are ordered by genomic positions

save as .vcf.gz by chromosomes
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0.3 is recommended, refer to https://genome.sph.umich.edu/wiki/MaCH_FAQ

https://genome.sph.umich.edu/wiki/MaCH_FAQ
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The process compares AFs between target data and the reference panel, 
filtering out variants with large discrepancies

Even if certain variants are excluded at this stage, imputed results for 
them remain based on the reference panel

'Other/Mixed' indicates the check is not performed; choose it when the 
population of target data is not listed
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The process compares AFs between target data and the reference panel, 
filtering out variants with large discrepancies

Even if certain variants are excluded at this stage, imputed results for 
them remain based on the reference panel

'Other/Mixed' indicates the check is not performed; choose it when the 
population of target data is not listed
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The process compares AFs between target data and the reference panel, 
filtering out variants with large discrepancies

Even if certain variants are excluded at this stage, imputed results for 
them remain based on the reference panel

'Other/Mixed' indicates the check is not performed; choose it when the 
population of target data is not listed
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Thanks for your attention!!
<(_ _)>



Q & A
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Q: rsID vs. hm_id in harmonized file of PGS Catalog

A: PGS Catalog 使用 Ensembl 以 chr/pos 做 genome build 的轉換，因此 hm_rsID 是在轉換後該位點的 rsnumber (有可能 merge 到新的 ID)

Q: Using imputation data to calculate PRS by C+T

A: SOP 限制了我的想像，習慣將 imputation data 用 shrinkage beta 來計算 PRS；但用 C+T 也是可以，建議先用 infoscore 過濾位點後再使
用 C+T，應該能期待得到比 array data 做 C+T 還不錯的結果

Q: PRSice2 shows the message "There are 1 region(s) with p-value less than 1e-5. Please note that these results are inflated due to the 
overfitting inherent in finding the best-fit PRS (but it's still best to find the best-fit PRS!). You can use the --perm option (see manual) to 
calculate an empirical P-value." 

A: 在尋找 best p-value threshold 時，是以不同 threshold 所得到的 score 與 phenotype 做 association 後得到 p-value 來決定 (取最小者)；但
擔心 overfitting 的問題 (套用到同樣 phenotype 但不同 dataset 時結果並不好)，建議用 permuted p-value 來決定 best p-value threshold

Q: PRS-CSx --meta

A: PRS-CSx 的 --meta 主要採 inverse-variance-weighted meta-analysis 於各族群估出的 weights (posterior effect sizes)，若有位點只存在於某
一族群，其估計出的 weight 將與該族群相同；一般而言，--meta 得到的 variants 會是分析族群位點的聯集，附檔「生物資訊與分析
_PRS_20250415.html」中，PRS-CSx 的分析結果可看到 EAS、EUR、META 各有 957101、1000352、 1035617 個位點，且預測結果較
PRS-CS 為佳 (雖然 pattern 與理想情況仍有差距)

rsID chr_name chr_position hm_rsID hm_chr hm_pos

rs3795818 1 228685999 1 228498298 Note: rs3795818 is unobserved

rs28468602 13 80259570 rs3064655 13 79685435 Note: rs28468602 was merged into rs3064655

rs10744926      13 86912082 NA NA Note: rs10744926 is located on 13:2401 in GRCh38

https://www.ncbi.nlm.nih.gov/snp/rs3795818/
https://www.ncbi.nlm.nih.gov/snp/rs28468602/
https://www.ncbi.nlm.nih.gov/snp/rs10744926/
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