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Motivation

• Best prediction methods take genetic values as random effect 

(e.g., BLUP and BayesR).

• These methods require individual genotypes and phenotypes.

• These data are often not publicly accessible. 

• Computationally demanding with large # individuals/SNPs.

• Could be addressed by using GWAS summary statistics (sumstats).

• Methodology in human genetics has moved forward to use GWAS 
sumstats only.
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Given the standard GWAS with genotypes being allelic counts (0/1/2),

the minimum data required for PGS prediction include:

• SNP marginal effect estimates

• Standard errors

• GWAS sample size

• LD correlations among SNPs

What are the minimum data required?

Sumstats for PGS prediction

GWAS sumstats

LD matrix
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SNP marginal effect estimates

GWAS estimates effect of each SNP one at a time from single SNP regression, so the 

estimate is marginal to (unconditional on) other SNPs.

𝑏𝑗 = 𝐗𝑗
′𝐗𝑗

−1
𝐗𝑗

′𝐲

𝑏𝑗  =
1

𝑛
𝐗𝑗

′𝐲

Assuming 𝐗 has been standardised with column 
mean zero and variance one, then

𝐗𝑗
′𝐗𝑗 = 𝑛𝑉𝑎𝑟 𝐗𝑗 = 𝑛

And

Note that it has the inner product of the SNP genotypes and the phenotypes.

Sumstats for PGS prediction
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SNP marginal effect estimates

For diseases, GWAS is done using logistic regression

𝑏𝑗 = log(𝑂𝑅)

The SNP effect is log odds ratio (OR), i.e., 
difference in log odds for cases vs. controls

log
𝑝𝑖

1 − 𝑝𝑖
= 𝜇 + 𝑋𝒊𝑗𝑏𝑗

0        1        2
GenotypeApproximately equal to the 𝑏𝑗 from the linear 

model when true effect size is small.

Sumstats for PGS prediction
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Linkage disequilibrium (LD) correlations

Usually obtained from a reference population

LD correlation matrix

𝐑 =
1

𝑛
𝐗′𝐗 

assuming 𝐗 is standardised 
with mean zero and 

variance one

LD matrix for PGS prediction
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Use of summary data only - how does it work?

GWAS results and LD correlations are sufficient statistics for the 

estimation of SNP joint effects!

Principle of sumstats-based methods
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A statistic is sufficient if no other statistics provides any additional 

information as to the value of the parameter.

e.g., 𝑥1, 𝑥2, … , 𝑥𝑛 ~ 𝑁(𝜇, 𝜎2) and we want to estimate 𝜇 and 𝜎2 

• σ𝑖=1
𝑛 𝑥𝑖 and 𝑛 are sufficient statistics for 𝜇

• σ𝑖=1
𝑛 𝑥𝑖

2 , σ𝑖=1
𝑛 𝑥𝑖  and 𝑛 are sufficient 

statistics for 𝜎2 

Ƹ𝜇 =
σ𝑖=1

𝑛 𝑥𝑖

𝑛

ො𝜎2 =
σ𝑖=1

𝑛 𝑥𝑖
2

𝑛
−

σ𝑖=1
𝑛 𝑥𝑖

𝑛

2

We don’t need to know the value of each x!

Sufficient statistics
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BLUP

BLUP solutions:

෡𝜷 = 𝐗′𝐗 + 𝐈𝜆 −1𝐗′𝒚

where 𝜆 =
𝜎𝑒

2

𝜎𝛽
2

R (LD matrix), b (marginal effects) and 𝑛 (sample size) 
are sufficient statistics for the estimation of 𝜷.

𝐲 = 𝐗𝜷 + 𝐞

𝑛 𝐑 𝑛 𝐛

Principle of sumstats-based methods

Recall

𝐑 =
1

𝑛
𝐗′𝐗

𝑏𝑗  =
1

𝑛
𝐗𝑗

′𝐲
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BLUP

• Model: 

𝐲 = 𝐗𝜷 + 𝐞

• Estimator:

෡𝜷 = 𝐗′𝐗 + 𝐈𝜆 −𝟏𝐗′𝒚

SBLUP (sumstats-based BLUP)

• Model:

b = 𝐑𝜷 + 𝝐

• Estimator:

෡𝜷 = 𝑛𝐑 + 𝐈𝜆 −𝟏𝑛𝐛

Genotype 

matrix
Phenotypes LD 

correlation 

matrix

GWAS effectsGWAS 

sample 

size

Compare BLUP and SBLUP
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Gibbs sampling

Full conditional distribution for 𝛽𝑗, if in a nonzero dist’n, 

𝑓 𝛽𝑗  𝐛, 𝑒𝑙𝑠𝑒) = 𝑁
𝑟𝑗

𝐶𝑗
,
𝜎𝑒

2

𝐶𝑗

where

Individual-level data

𝑟𝑗 = 𝐗𝑗
′ 𝐲 − ෍

𝑘≠𝑗
𝐗𝑘𝛽𝑘

𝐶𝑗 = 𝐗𝑗
′𝐗𝑗 +

𝜎𝑒
2

𝛾𝑗𝜎𝛽
2

Summary-level data

𝑟𝑗 = 𝑛𝑏𝑗 − ෍
𝑘≠𝑗

𝑅𝑗𝑘𝛽𝑘  

𝐶𝑗 = 𝑛 +
𝜎𝑒

2

𝛾𝑗𝜎𝛽
2

Compare BayesR and SBayesR algorithms
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All X’y and X’X can be replaced by nb and nR

Lloyd-Jones et al. 2019 Nat Comm, Supplementary Note

Compare BayesR and SBayesR algorithms
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Individual-level data 
analysis

𝐲 = 𝐗𝜷 + 𝐞 𝐛 = 𝐑𝜷 + 𝛜A primary tool - genome-wide association studies (GWAS)

Simple linear regression model

Yi = —0 + —1Xi + Ái ,

i = 1, . . . , n, where n is the number of individuals and Xi contains

the reference allele count for individual i . Estimate —0 and —1 via

least squares. Perform this p t imes for all the genotyped SNPs in

the population

Summary-level data 
analysis

Can we use summary statistics and why?

11. Ripke, S. et al. Genom e-wide association analysis identifies 13 new risk loci for
schizophrenia. Nature Genet. 45, 1150–1159 (2013).

12. Ikeda, M. et al. Genom e-wide associat ion study of schizophrenia in a Japanese
population. Biol. Psychiatry 69, 472–47 8 (2011).

13. Ham shere, M. L. et al. Genom e-wide significant associations in schizophrenia to
ITIH3 / 4, CACNA1C and SDCCAG8, and extensive replicat ion of associations
reported by the Schizophrenia PGC. Mol. Psychiatry 18, 708–712 (2013).

14. O’Donovan, M. C. et al. Identificat ion of novel schizophrenia loci by genom e-wide

associat ion and follow-up. Nature Genet. 40 , 1053–1055 (2008).
15. Rietschel, M. et al. Associat ion between genetic variat ion in a region on

chrom osom e 11 and schizophrenia in large sam ples from Europe. Mol. Psychiatry
17, 906–917 (2012).

16. Schizophrenia Psychiat ric Genom e-Wide Association Stud y Consort ium .

Genom e-wide associat ion study identifies five new schizophrenia loci. Nature
Genet. 43, 969–976 (2011).

17. Irish Schizophrenia Genom ics Consortium & Wellcom e Trust Case Control
Consort ium . Genom e-wide associat ion study im plicates HLA-C*01:02 as a risk
factor at the m ajor histocom patibility com plex locus in schizophrenia. Biol.
Psychiatry 72, 620–628 (2012).

18. Shi, J. et al. Com m on variants on chrom osom e 6p22.1 are associated with
schizophrenia. Nature 460, 753–757 (2009).

19. Shi, Y. et al. Com m on variants on 8p12 and 1q24.2 confer risk of schizophrenia.
Nature Genet. 43 , 1224–1227 (2011).

20. Stefansson, H. et al. Com m on variants conferring risk of schizophrenia. Nature
460, 744–747 (2009).

21. Steinberg, S. et al. Com m on variants at VRK2 and TCF4 conferring risk of
schizophrenia. Hum. Mol. Genet. 20, 4076–4081 (201 1).

22. Yue, W. H. et al. Genom e-wide associat ion study identifies a suscept ibility locus for
schizophrenia in Han Chinese at 11p11.2. Nature Genet. 43, 1228–1231 (2011).

23. Lencz, T.et al. Genom e-wide association study im plicates NDST3 in schizophrenia

and bipolar disorder. Nature Commun. 4, 2739 (2013).
24. Psychiatric GWAS Consortium . A fram ework for interpreting genom ewide

associat ion studies of psychiatric disorders. Mol. Psychiatry 14, 10–17 (2009).
25. The 1000 Genom es Project Consortium . A m ap of hum an genom e variat ion from

population-scale sequencing. Nature 467, 1061–1073 (2010).
26. Begum , F., Ghosh, D., Tseng, G. C. & Feingold, E. Com prehensive lit erature review

and statistical considerations for GWAS m eta-analysis. Nucleic Acids Res. 40 ,

3777–3784 (2012).
27. Lango Allen, H. et al. Hundreds of variants clustered in genom ic loci and biological

pathways affect hum an height. Nature 467, 832–83 8 (2010).
28. Jostins, L. et al. Host–m icrobe interact ions have shaped the genetic architecture of

inflam m atory bowel disease. Nature 491, 119–124 (2012).
29. Yang, J. et al. Genom ic inflat ion factors under polygenic inheritance. Eur. J. Hum.

Genet. 19, 807–812 (2011).
30. Bulik-Sullivan, B. K. et al. LD score regression distinguishes confounding from

polygenicity in genom e-wide association studies. Preprint at http:/ / dx.doi.org/
10.1101/ 002931 (2014).

31. Ferreira, M. A. et al. Collaborative genom e-wide associat ion supports a role for
ANK3 and CACNA1C in bipolar disorder. Nature Genet. 40 , 1056–1058 (2008).

32. Cross-Disorder Group of the Psychiatric Genom ics Consort ium . Identificat ion of
risk loci with shared effects on five m ajor psychiatric disorders: a genom e-wide
analysis. Lancet 381, 1371–1379 (2013).

33. Purcell, S. M. et al. A polygenic burden of rare disruptive m utations in
schizophrenia. Nature 506, 185–190 (2014).

34. From er, M. et al. De novo m utations in schizophrenia im plicate synap tic networks.
Nature 506, 179–184 (2014).

35. Kirov, G. et al. De novo CNV analysis im plicates specific abnorm alities of
postsynap tic signalling com plexes in the pathogenesis of schizophrenia. Mol.
Psychiatry 17, 142–153 (2012).

36. Wellcom e Trust Case Control Consortium Bayesian refinem ent of associat ion
signals for 14 loci in 3 com m on diseases. Nature Genet. 44 , 1294–1301 (2012).

37. Nicolae, D.L. et al.Trait-associated SNPs are m ore likely to be eQTLs: annotation to
enhance discovery from GWAS. PLoS Genet. 6, e1000888 (2010).

38. Maurano, M. T. et al. System atic localizat ion of com m on disease-associated
variat ion in regulatory DNA. Science 337, 1190 –1195 (201 2).

39. Richards,A.L. et al.Schizophrenia susceptib ility alleles are enriched for alleles that
affect gene expression in adult hum an brain. Mol. Psychiatry 17 , 193–201 (2012).

40. Wright, F.A.et al.Heritabilit y and genom ics of gene expression in peripheral blood.
Nature Genet. 46 , 430–437 (2014).

41. Doyle, J. P. et al. Applicat ion of a translational profil ing approach for the
com parative analysis of CNS cell types. Cell 135, 749–762 (2008).

42. Tkachev, D. et al. Oligodendrocyte dysfunction in schizophrenia and bipolar
disorder. Lancet 362, 798–805 (2003).

43. Benros,M. E., Mortensen,P. B.& Eaton,W. W.Autoim m une diseases and infections
as risk factors for schizophrenia. Ann. NY Acad. Sci. 1262, 56–66 (2012).

44. Holm ans, P. et al. Gene ontology analysis of GWA study data sets provides insights
into the biology of bipolar disorder . Am. J. Hum. Genet. 85 , 13–24 (2009).

45. Lee, P. H., O’Dushlaine, C., Thom as, B. & Purcell, S. InRich: interval-based
enrichm ent analysis for genom e-wide association studies. Bioinformatics 28 ,
1797–1799 (2012).

46. Lee, S. H., Goddard, M. E., Wray, N. R. & Visscher , P. M. A better coefficient of
determ ination for genetic profile analysis. Genet. Epidemiol. 36 , 214–224 (2012).

47. Gottesm an, I. I. & Gould, T. D. The endophenotype concept in psychiatry:
etym ology and strategic intentions. Am. J. Psychiatry 160, 636–645 (2003).

48. Insel, T. et al. Research dom ain criteria (RDoC): toward a new classificat ion
fram ework for research on m ental disorders. Am. J. Psychiatry 167, 748–751
(2010).

Supplementary Infor matio n is available in the online version of the paper.

Acknowledgem ents Core funding for thePsychiatric Genom ics Consort ium is from the

US National Institute of Mental Health (U01 MH094421). We thank T. Lehner (NIMH).

The work of the contributing groups was supported by num erous grants from
governm ental and char itable bodies as well as philanthropic donation. Details are

provided in the Supplem entary Notes.Mem bership of the Wellcom e Trust Case Control
Consort ium and of the Psychosis Endophenotype International Consortium are
provided in the Supplem entary Notes.

Author Contribu tions The individual studies or consortia contributing to the GWAS
m eta-analysis were led by R.A.,O.A.A.,D.H.R.B.,A.D.B.,E.Bram on,J.D.B.,A.C.,D.A.C.,S.C.,
A.D., E. Dom enici, H.E., T.E., P.V.G., M.G., H.G., C.M.H., N.I., A.V.J., E.G.J., K.S.K., G.K., J.
Knight, T. Lencz, D.F.L., Q.S.L., J. Liu , A.K.M., S.A.M., A. McQuillin, J.L.M., P.B.M., B.J.M.,

M.M.N., M.C.O’D., R.A.O., M.J.O., A. Palotie, C.N.P., T.L.P., M.R., B.P.R., D.R., P.C.S, P. Sklar .
D.St.C.,P.F.S., D.R.W., J.R.W.,J.T.R.W. and T.W. Together with the core statistical analysis
group led by M.J.D. com prising S.R., B.M.N. and P.A.H., th is group com prised the

m anagem ent group led by M.C.O’D. who were responsible for the m anagem ent of the
study and the overall content of the m anuscript. Additional analyses and
interpretations were contributed by E.A., B.B.-S., D.K., K.-H.F., M. From er, H.H., P.L.,
P.B.M., S.M.P., T.H.P., N.R.W. and P.M.V. The phenotype supervisory group com prised
A.C., A.H.F., P.V.G., K.K.K. and B.J.M. D.A.C. led the candidate selected genes subgroup
com prised of M.J.D., E. Dom inici, J.A.K., A.M.H., M.C.O’D,B.P.R.,D.R., E.M.S. and P. Sklar .

Rep lication results were provided by S.S., H.S. and K.S. The rem aining authors
contributed to the recruitm ent, genotyping, or data processing for the contributing

com ponents of the m eta-analysis. A.C., M.J.D., B.M.N., S.R., P.F.S. and M.C.O’D. took

responsibility for the prim ary drafting of the m anuscript which was shaped by the
m anagem ent group. All other authors saw, had the opportunity to com m ent on, and
approved the final draft.

Author Information Results can be downloaded from the Psychiatric Genom ics
Consort ium website (http:/ / pgc.unc.edu) and visualized using Ricopili (http:/ /
www.broad institute.org/ m pg/ ricopili).Genotype data for the sam ples where the ethics
perm it deposition are available upon applicat ion from the NIMH Genetics Repository

(https:/ / www.nim hgenetics.org). Reprints and perm issions inform at ion is available at
www.nature.com / reprints. The authors declare com peting financial interests: details
are availab le in the online version of the paper. Readers are welcom e to com m ent on
the online version of the paper. Correspondence and requests for m aterials should be
addressed to to M.C.O’D. (odonovanm c@cardiff.ac.uk).

Schizophrenia Worki ng Group of the Psychiat ric Genomics Consort ium

Stephan Ripke1,2 , Ben jam in M. Neale1,2,3,4 , Aiden Corvin5 , Jam es T. R. Walt ers6 ,
Kai-How Farh

1
, Peter A. Holm ans

6,7
, Phi l Lee

1,2,4
, Brendan Bulik-Sullivan

1,2
, David A.

Col lier 8,9 , Hail iang Huang1,3 , Tune H. Pers3,10,11 , Ingr id Agartz12,1 3,14 , Esben
Agerb o15,1 6,17 , Margot Albus18 , Madeline Alexander 19 , Farooq Am in20,2 1 , Silviu A.
Bacanu22 , Mart in Begem ann 23 , Richard A. Bell iveau Jr2 , Judit Bene24,25 , Sarah E.
Bergen2,26 , Elizabeth Bevilacqua2 , Tim B. Bigd eli22 , Donald W. Black27 , Richard
Bruggem an 28 , Nancy G. Buccola29 , Randy L. Buckner30,31 ,32 , William Byerley33 ,

Wiepke Cahn 34 ,Guiq ing Cai35,36 ,Dom iniq ue Cam p ion 37 ,Rita M. Canto r38 , Vaughan J.
Car r

39,4 0
, Noa Carrera

6
, Stanley V. Cat ts

39,4 1
, Kim berly D. Cham bert

2
, Raym ond C. K.

Chan 42 , Ronald Y. L. Chen 43 , Eric Y. H. Chen 43,4 4 , Wei Chen g45 , Eric F. C. Cheung46 ,
Siow Ann Chong

47
, C. Robert Cloninger

48
, David Cohen

49
, Nadine Cohen

50
, Paul

Corm ican5, Nick Craddock6,7 , Jam es J. Crowley51 , David Curt is52,53 , Michael
Davidson54 , Kenneth L. Davis36 , Franziska Degen hard t55,56 , Jurgen Del Faver o57 ,Ditte
Dem ontis17,5 8,59 , Dim i tris Dikeos60 , Tim othy Dinan61 , Srdjan Djurovic14,62 , Gary
Donohoe5,63 , Elodie Drapeau 36 , Jubao Duan 64,6 5, Fran k Dudbrid ge66 , Naser
Durm ishi

67
, Peter Eichham m er

68
, Johan Eriksson

69,70 ,71
, Valentina Escott-Price

6
,

Lau rent Essioux72 , Ayman H. Fanous73,7 4,75 ,76 , Mart ilias S. Farrell51 , Josef Frank77 ,
Lude Franke78 , Robert Freedm an 79 , Nelson B. Freim er80 , Marion Friedl81 , Joseph I.
Friedm an 36 , Menachem From er1,2,4,82 , Giul io Genovese2 , Lyudm ila Georgieva6 , Ina
Giegling81,83 , Paola Giusti-Rodrı́guez51 , Stephan ie Godard 84 , Jacqueli ne I.
Gold stein1,3 , Vera Golim bet85 , Srihari Gopal 86 , Jacob Gratten 87 , Lieuwe de Haan 88 ,
Christian Ham m er23 , Marian L. Ham shere6, Mark Hansen89 , Thom as Hansen17,9 0,
Vahr am Haroutuni an

36,91 ,92
, Annette M. Hart m ann

81
, Frans A. Henskens

39,9 3,94
,

Stefan Herm s55,56 ,95 , Joel N. Hirschhorn3,11 ,96 , Per Hoffm ann55,56 ,95 , Andrea

Hofm an
55,5 6

, Mads V. Hollegaard
97

, David M. Hougaard
97

, Masashi Iked a
98

, Inge
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Biological insights from 108
schizophrenia- associated genetic loci
Schizophrenia Work ing Group of the Psychiatr ic Genom ics Consor tium*

Schizophrenia is a highly heritable disorder. Genetic r isk is conferred by a lar ge number of alleles, including common
alleles of small effect that might be detected by genome- w ide association studies. Here w e report a multi- stage schizo-
phrenia genome- w ide association study of up to 36,989 cases and 113,075 contr ols. We identify 128 independent asso-
ciations spanning 108 conservat ively defined loci that meet genome- w ide significance, 83 of w hich have not been
previously reporte d. Associations w ere enriched among genes expressed in br ain, pr oviding biological plausibility for
the findings. Many findings have the potential to pr ovide entirely new insights into aetiology, but associations at DRD2

and sever al genes involved in glutamater gic neur otransmissio n highlight molecules of know n and potential ther apeutic
rel evance to schizophrenia, and ar econsistent w ith leadingpathophysiological hypotheses. Independent of genesexpressed
in brain , associations w ere enrich ed among genes expr essed in tissues that have important roles in imm uni ty, providin g
suppor t for the specul ated lin k bet w een the imm une system and schizophrenia.

Schizophrenia has alifetime risk of around 1%, and isassociated with
substantial morbidity and mortality aswell aspersonal and societal costs1–3.

Although pharmacological treatments areavailable for schizophrenia ,
their efficacy ispoor for manypatients4.All availableantipsychoticdrugs
arethought to exert their main therapeutic effects through blockade of
thetype2dopaminergicreceptor5,6 but,sincethediscovery of thismech-
anism over 60 yearsago, no new antipsychot icdrug of proven efficacy

hasbeen developed basedon other target molecules. Therapeuticstasis
is in large part a consequence of the fact that the pathophysiology of

schizophrenia is unknown. Identifying the causes of schizophrenia is
therefore a cri tical step towards improving treatments and outcomes
for those with thedisorder.

High her itabil ity pointsto amajor rolefor inheri ted geneti cvariants
in theaetiology of schizophrenia7,8.Although risk variantsrangein fre-
quency from common toextremely rare9,est imates10,11 suggest half toa

third of thegenetic risk of schizophreniaisindexed by common alleles

genotyped by current genome-wideassociation study (GWAS) arrays.
Thus, GWASis potentially an important tool for understanding the
biological underpinnings of schizophrenia.

To date,around 30schizophrenia-associated loci10–23 havebeen iden-
tified through GWAS. Postulating that sample size isone of the most

impor tant limitingfactorsinapplying GWAStoschizophrenia, wecreated
theSchizophreniaWorking Group of thePsychiatric Genomics Con-

sortium (PGC). Our primary aim wasto combine all avai lable schizo-
phreniasampleswith publ ished or unpubli shed GWASgenotypesinto
asingle, systematicanalysis24.Herewereport theresultsof that analysis,
including at least 108 independent genomic loci that exceed genome-
widesignificance. Someof the findings support leadingpathophysio-
logical hypothesesof schizophreniaor targetsof therapeutic relevance,
but most of the findings providenew insights.

108 independent associated loci

Weobtainedgenome-widegenotypedatafrom whichweconstructed49
ancestry matched, non-overlapp ingcase-control samples(46 of European
and threeof east Asian ancestry, 34,241 casesand 45,604 controls) and
3 fami ly-based samples of European ancest ry (1,235 parent affected-
offspringtrios) (Supplementary Table1and Supplementary Methods).

These comprise the primary PGC GWASdata set. Weprocessed the
genotypesfrom all studiesusing unifiedquality control proceduresfol -

lowed by imputation of SNPs and insertion-deletions using the 1000
GenomesProject reference panel25. In each sample, association testing

wasconducted using imputed marker dosages andprincipal components
(PCs) to control for populat ion stratification.Theresults werecombined
using an inverse-varia nce weighted fixed effects model 26.After quality
control (imputation INFO score $ 0.6, MAF $ 0.01, and successfully
imputed in $ 20 samples), we considered around 9.5 million variants.

Theresultsaresummarized inFig.1.Toenableacquisition of largesam-
ples, somegroupsascertained casesviaclinician diagnosisrather than a
research-based assessment and provided evidenceof thevalidity of this
approach (Supplementary Information)11,13.Post hocanalysesrevealed
thepattern of effect sizesfor associated loci wassimilar acrossdifferent
assessment methods and modesof ascer tainment (Extended DataFig. 1),
supporting our a priori decision to includesamplesof this nature.

For thesubset of linkage-disequilibrium- independent singlenucleotide
polymorphisms(SNPs) withP, 13 10

2 6
in themeta- anal ysis,wenext

obtained resul tsfromdeCODEgeneti cs(1,513casesand 66,236 controls
of European ancestry).Wedefi nelinkage-disequilibrium-independent
SNPsasthosewith low linkagedisequilibrium (r2 , 0.1) to amoresig-
nificantly associated SNPwithin a500-kb window. Given high linkage
disequilibrium in theextended major histocompatibil ity complex (MHC)

regionspans, 8Mb,weconservatively includeonly asingleMHC SNP

torepresent thislocus. ThedeCODEdatawerethen combined with those
from theprimary GWASto giveadataset of 36,989 casesand 113,075
controls. In thisfinal analysis,128linkage-disequilibrium-independent
SNPsexceeded genome-widesignificance(P# 53 10

2 8
) (Supplemen-

tary Table2).

Asin meta-analyses of other complex traitswhich identified largenum-

bersof common risk variants27,28, thetest statisticdistribution from our
GWASdeviatesfrom thenul l (Extended DataFig.2).This isconsistent
withthepreviouslydocumented polygeniccontribution toschizophrenia 10,11.
Thedeviation in thetest statistics from thenull (l GC 5 1.47,l 1000 5 1.01)
isonly slightly lessthan expected (l GC 5 1.56) under apolygenicmodel
given fully informativegenotypes, thecurrent samplesize,and thelife-
timerisk and heritabili ty of schizophrenia29.

* A l ist of au thors and aff il iations appears at the en d o f the p aper .
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I Results generated from a meta-analysis of 52 individual GWAS datasets

I Individual level analysis difficult due to consent and privacy issues and data

ownership. Technical burden of data t ransfer, storage, management and

harmonisat ion

I Consort ia often share and make publicly available { ‚—j , ‚‡2
j
, qj , nj } , where qj and

nj is the allele frequency and individual count (missing genotypes) for each

variant respect ively

BLUP

Bayes

SBLUP

SBayes
→

Covariates, such as age and sex, are accounted for when running GWAS.

From individual- to summary-level model



15

From individual- to summary-level model

Consider an individual-data model with a standardised genotype 

matrix X:

𝐲 = 𝐗𝜷 + 𝐞

Multiply both sides by 
1

𝑛
𝐗′ gives

1

𝑛
𝐗′𝐲 =

1

𝑛
𝐗′𝐗𝜷 +

1

𝑛
𝐗′𝐞

𝐛 = 𝐑 𝜷 𝝐+

LD correlation matrix

𝑉𝑎𝑟 𝝐 =
1

𝑛
𝐑𝜎𝑒

2

GWAS marginal SNP effects
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SBayes

Prior distribution for each SNP effect

𝐛 = 𝐑 𝜷 𝝐+
𝑉𝑎𝑟 𝝐 =

1

𝑛
𝐑𝜎𝑒

2
SNP marginal effects

from GWAS
LD correlation matrix SNP joint effects

LDpred-Inf

SBLUP

LDpred2

SBayesC

SBayesRBSLMM

Sumstats-based Bayesian methods
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We have assumed standardised genotypes/phenotypes. However,

• Typically, GWAS are performed using allele counts (0/1/2) as genotypes 

(𝑋𝑗
𝑐𝑛𝑡)

• often with unstandardised phenotypes (Var(y) ≠ 1).

The solutions is to ‘scale’ the GWAS marginal effects before the analysis and 

‘unscale’ the estimated joint effects after the analysis.

Scaling GWAS effects



Let 𝜎𝑗 be the SD of genotypes for SNP j and 𝜎𝑦 be the SD of phenotypes. 

The genotypic value

All we need to do is to get 

where 𝑠𝑗 can be estimated by

𝑏𝑗 = 𝑠𝑗𝑏𝑗
𝑐𝑛𝑡 

𝑔𝑗

𝜎𝑦
= 𝑋𝑗

𝜎𝑗

𝜎𝑦
 𝑏𝑗

𝑐𝑛𝑡 = 𝑋𝑗 𝑠𝑗𝑏𝑗
𝑐𝑛𝑡 = 𝑋𝑗 𝑏𝑗

18

Scaling GWAS effects

𝑔𝑗 = 𝑋𝑗
𝑐𝑛𝑡𝑏𝑗

𝑐𝑛𝑡 =
𝑋𝑗

𝑐𝑛𝑡

𝜎𝑗
 × 𝜎𝑗𝑏𝑗

𝑐𝑛𝑡 = 𝑋𝑗 × 𝜎𝑗𝑏𝑗
𝑐𝑛𝑡

This is in the SD units

Output from GWAS

𝑠𝑗=
1

𝑛𝑆𝐸𝑗
2 + 𝑏𝑗

2
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LD reference population matches with GWAS population in genetics

• No systematic differences in LD → same ancestry

• Minimum sampling variance in LD → LD ref sample size cannot be too small

LD decays to zero between distant SNPs

• Can use sparse or block-wide LD matrices 

Assumptions regarding LD reference
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Lloyd-Jones et al (2019) used chromosome-wide shrunk LD matrices.

Zheng et al (2024) used eigen-decomposed matrices from LD blocks.

• More robust to LD heterogeneity → better prediction performance

• Faster → allows us to fit multi-million SNPs simultaneously

Regulation of LD matrix
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𝚲−
1
2𝐔′𝐛 =  𝚲

1
2 𝐔′ 𝜷 +  𝚲−

1
2𝐔′𝝐

Eigen-decomposition

𝐔 𝚲 𝐔′

𝐛 =  𝐑 𝜷 +  𝝐

ResidualsGWAS SNP marginal effects LD correlation matrix SNP joint effects

Var 𝝐 ∝

𝐰 = 𝐐 𝜷 𝜺+

Var 𝜺 ∝

Low-rank model (fits 7M SNPs or more)

It only requires the top 20% 

PCs to explain 99.5% of the 

variance in LD!

In each quasi-independent LD block:
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Improved robustness

Low-rank model

GWAS: FinnGen

LDref: UK Biobank

Very small LD ref

sample size

Different ancestry Missing SNPs in 

sub cohorts
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Marginal effect size vs. SBayesRC calculated effect size

Presence of large effectsMost common

Always good to check SNP effect estimates

Bad convergence! 

J
o
in

t 
e

ff
e
c
t 
e

s
ti
m

a
te

s

GWAS marginal effects GWAS marginal effects

J
o
in

t 
e

ff
e
c
t 
e

s
ti
m

a
te

s

J
o
in

t 
e

ff
e
c
t 
e

s
ti
m

a
te

s

GWAS marginal effects
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• Minimum data required for sumstat-based methods are 

➢ GWAS effects, standard errors, GWAS sample size, LD matrix

• In principle, SBayes and Bayes are equivalent methods when same data 

are used.

• SBayes is an approx. to Bayes when LD is estimated from a reference 

sample, but unleashes the power of large GWAS sample size.

• Matrix regulation/factorisation can better model LD.

Summary



Questions?
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Take a break
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SBayesRC: Incorporating functional annotations



CRICOS code 00025B

Functional genomic annotations provide orthogonal information useful for polygenic 
prediction.

• Chromatin states

• Biological functions

• Molecular quantitative trait loci (xQTL)

• ……

Functional genomic annotations

28
Image from ENCODE
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Functional genomic annotations provide orthogonal information useful for polygenic 
prediction.

• Chromatin states

• Biological functions

• Molecular quantitative trait loci (xQTL)

• ……

Functional genomic annotations
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Functional annotations are informative on both the presence of causal variants and the 
distribution of causal effect sizes.

30
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Opportunities/challenges

When causal variants are not observed, SNP markers can tag the causal variant 
by LD but may not tag by annotation.

It’s best to model all SNPs simultaneously with their annotations!
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LDpred-funct

AnnoPred

P+T-funct-LASSO

BayesRC

Literature

PolyPred
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Gaps

Need new method that can 

• simultaneously fit all SNPs and annotation data in a 

unified model

• account for variations in both causal variant proportion 

and causal effect distribution

Leveraging functional annotations 
for cross-ancestry prediction
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SNP annotations

SBayesRC

𝛽𝑗  ~ 𝜋1  + 𝜋2             + 𝜋3             + 𝜋4 + 𝜋5

Incorporate functional annotations through a hierarchical prior:

𝑝𝑟𝑜𝑏𝑖𝑡 𝜋𝑗𝑘 = ×  annotation effects

Zero

effect

Tiny

effect

Medium

effect

Small

effect

Large

effect

SNP j
𝜋𝑗𝑘
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SNP annotations

SBayesRC

𝛽𝑗  ~ 𝜋1  + 𝜋2             + 𝜋3             + 𝜋4 + 𝜋5

Incorporate functional annotations through a hierarchical prior:

Assumption

• Annotation effects are additive at 
the GLM scale.

Pros

• Estimation of conditional effects.

• Allow annotation overlap.

• Interpretation.

Cons

• # annotation effect parameters x 5.

• 𝜋𝑗1 + 𝜋𝑗2+ 𝜋𝑗3+ 𝜋𝑗4 + 𝜋𝑗5 = 1.

𝑝𝑟𝑜𝑏𝑖𝑡 𝜋𝑗𝑘 = ×  annotation effects



• A set of 2-component independent models:

• For all SNPs

• For SNPs with nonzero effects (conditional on non-null SNPs)

• For SNPs with at least medium effects (conditional on non-small-effect SNPs)

Suppose 4 components for simplicity

[Presentation Title] | [Date] 36

[Entity Name]

(1 − 𝑝2) + 𝑝2𝛽𝑗 ~

(1 − 𝑝3) + 𝑝3𝛽𝑗 ~

(1 − 𝑝4) + 𝑝4𝛽𝑗 ~

Reparameterisation of annotation effects

𝑝2, 𝑝3, 𝑝4 are 

independent!



• Probit link function:

Φ−1 𝑝 = ෍ SNP annotation ×  annotation effect

     where Φ is the CDF of the standard normal distribution. 

• It is straightforward to compute  𝑝 = Φ ∙

     and  𝜋1 = 1 − 𝑝2;  𝜋2 = 1 − 𝑝3 𝑝2;  𝜋3 = 1 − 𝑝4 𝑝3𝑝2;  𝜋4 = 𝑝2𝑝3𝑝4

• Assume a normal prior distribution for each annotation effect. 

• Gibbs sampling for all parameters.

[Presentation Title] | [Date] 37

[Entity Name]

Reparameterisation of annotation effects



Toy example
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[Entity Name]

Genome Region 1 Region 2 Region 3

SNP 1 1 1 0 0

SNP 2 1 0 1 0

SNP 3 1 1 1 0

SNP 4 1 0 0 1

SNP 5 1 1 0 0

𝜋1 𝜋2 𝜋3 𝜋4

SNP 1 0.2 0.1 0.6 0.1

SNP 2 0.8 0.02 0.02 0.16

SNP 3 0.2 0.0 0.2 0.6

SNP 4 0.9 0.08 0.01 0.01

SNP 5 0.2 0.1 0.6 0.1

☓
Anno Effect

Matrix

𝒑

prior mixing probabilities

SBayesRC

Input data Estimate from 
the data

Prior conditional 

probabilities



Toy example

[Entity Name]

[Presentation Title] | [Date] 39

SNP 1 SNP 2 SNP 3 SNP 4 SNP 5

Prior distribution of SNP effect is annotation dependent.

SBayesRC

𝜋1 𝜋2 𝜋3 𝜋4

SNP 1 0.2 0.1 0.6 0.1

SNP 2 0.8 0.02 0.02 0.16

SNP 3 0.2 0.0 0.2 0.6

SNP 4 0.9 0.08 0.01 0.01

SNP 5 0.2 0.1 0.6 0.1
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Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS

40

Trans-ancestry prediction

17%

PRS-CSx

How important is functional 

annotation data compare to 

another GWAS dataset from 

the target ancestry?



CRICOS code 00025B

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS

41

Trans-ancestry prediction

17%

16%
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Trans-ancestry prediction

17%

16%

33%

Use GWAS data from UKB EUR and BBJ EAS to predict UKB EAS
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Use GWAS data from UKB EUR and PAGE (mixed) AFR to predict UKB 

AFR

43

Trans-ancestry prediction

1.1%

39%

29%



CRICOS code 00025B

Improvement (%) in prediction 

accuracy with vs. without 

annotations:

𝑅annot
2  −  𝑅wo

2

𝑅wo
2

using 7M imputed SNPs (y-axis) or 

1M HapMap3 SNPs (x-axis).

44

Interaction between SNP density and annotation information

Annotations help more with 

increased SNP density
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Regions conserved across 29 mammals covers 3% genome but contributed 41% prediction accuracy!
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Contributions of functional categories to prediction accuracy
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Functional genetic architecture
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Incorporate annotations to improve fine-mapping

Genome-wide fine-mapping 
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Methodology

• Develop a low-rank method that fits all SNPs to better model LD (more robust & efficient).

• Incorporate functional annotations to better capture causal effects (improved accuracy).

Summary

Science

• For trans-ancestry prediction, functional annotations with genome coverage provide 

comparable and additive information to the use of additional GWAS dataset of target ancestry.

• Significant interaction between SNP density and annotation information, suggesting whole-

genome sequence variants with annotations may further improve prediction.

• Functional partitioning highlights a major contribution of evolutionary constrained regions to 

prediction accuracy and the largest per-SNP contribution from non-synonymous SNPs.



Questions?
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Practical 5: Polygenic prediction using SBayesR(C)

https://cnsgenomics.com/data/teaching/GNGWS25/module5/Practical5_SBayes.html

https://cnsgenomics.com/data/teaching/GNGWS24/module5/Practical5_SBayes.html
https://cnsgenomics.com/data/teaching/GNGWS24/module5/Practical5_SBayes.html
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