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First mention of polygenic risk prediction  
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Genetics, 1990

This paper also proposes genome-wide association studies.
Earlier considered “marker assisted selection”, first paper (to my knowledge) that proposes polygenic 
prediction by exploiting LD (between markers and QTLs) and using a whole genome approach.



Genomic Selection
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• Anticipates the arrival of dense SNP 
arrays

• Proposes multi-SNP advanced 
statistical models to estimate SNP 
effects

• To select the best plants/animals 
from marker data means first 
making a prediction on how good 
they are à polygenic prediction

Genetics,  2001

PNAS,  2016



Risk Prediction

Simulation
Genome Research, 2007
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Schizophrenia prediction

5PGC-SCZ 2014 Biological insights from 108 schizophrenia-associated genetic loci



Schizophrenia prediction
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AJHG 2015

single bivariate

Sample size
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A need for risk prediction for schizophrenia?

Time

JAMAP  2013

MoodSCZ

JAMAP  2014
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Any use of risk prediction for schizophrenia?
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Application to real youth mental health cohort

Polygenic risk score in SD units

Height BMI Schizophrenia

YMH
N=176

Benchmark
UK biobank
N=400K

1483 12-30yrs 
“broad” youth
mental health 
service, clinics 
& headspace

209  
participation 
in 
neurobiology 
phenotyping

182 with DNA 
genomewide
genotypes 
passing QC

176 European

Ian  Hickie
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Most cases of common disease are “sporadic”
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Yang, Visscher & Wray (2009) Sporadic cases are the norm for complex disease. Eur J Human Genetics 11



Schizophrenia PRS applications
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Inpatient ≥ 4 times SCZ
Inpatient ≥ 4 times any 
psych disorder

≥ 4 in/out patient main SCZ

≥ 4 in/out any pscyh
Remainder SCZ

DENMARK

Recognise schizophrenia GWAS 
sample may be over-ascertained for 
schizophrenia patients treated with 
clozapine and interpret PRS results 
accordingly



Criteria for assessing polygenic risk scores

Purcell, Wray  et al. Common polygenic variation 
contributes to risk of schizophrenia and bipolar 
disorder Nature 2009
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K = disease risk in 
population

Predictor explains 
7% of variance in 
liability
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Schizophrenia prediction

14PGC-SCZ 2014 Biological insights from 108 schizophrenia-associated genetic loci

Nagelkerke’s R2

Liability R2

AUC

Mean 7.3%

Mean 15%

Mean 0.61
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Risk score in population
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Same data
Population samples
1% cases

20

Risk score decile in case-control sample

Case-control samples
~50% cases

1       2      3     4    5    6    7    8      9      10
Odds of disease 
decile vs 1st decile

Response as decile odds ratio

PGC-SCZ 2014 Biological insights from 108 schizophrenia-associated genetic loci 15



Risk Prediction

Simulation
Genome Research, 2007
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Total variance 
explained by all 
SNPs from 
simulation: 0.3

= SNP-based 
heritability



What is the maximum variance explained?

True variance 
explained by the M 
SNPs

GWAS discovery 
sample size

Number of M SNPs

Daetwler et al (2008) Accuracy of Predicting the Genetic Risk of Disease Using a Genome-Wide Approach. PLoS One
Visscher, Yang, Goddard (2010) Commentary on Yang et al (2010)
Wray et al (2013) Pitfalls of predicting complex traits from SNPs. Nature Genetics
Dudbridge (2013) Power and Predictive Accuracy of Polygenic Risk Scores. Plos Genetics
Pasanuic & Price (2017) Dissecting the genetics of complex traits using summary association statistics. Nat Rev Gen

Variance explained by predictor

17

infinitesimal model assumptions 



Predicted vs observed for schizophrenia

0.23

M = effective number of SNPs
= total numbers of SNPs

Mean LD score

If we use all SNPs from a GWAS, 
M = 50,000

From WGS, M is MUCH larger

N

35K cases/112K controls  ~100K

Good  agreement with 
data
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How  can we increase prediction from our data

Maximising variance explained in out of sample 
prediction

Can we chose a smaller set of sets
The true h2 they explain may be smaller
But the balance of h2 to M may lead to higher R2

19

Can we chose a smaller set of SNPs? The true ℎ!" they explain may 
be smaller but the balance of ℎ!" to M may lead to a higher R2?

M   "#$ M "#$ M "#$

With WGS, ℎ!" may approach h2, but the increase in M may kill the 
ratio

M   "#$ M "#$

?

Wray et al (2019) Complex trait prediction from genome data. Genetics



Genetic architecture visualised
• The genetic architecture of the 

disease
Ø How many risk loci
Ø How big the effect sizes
Ø Relative contribution of genetic 

factors to risk compared to non-
genetic factors
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Small
effect
size
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The methodology that optimises risk 
prediction likely depends on genetic 
architecture, which is different for 
different diseases.



Summary
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Applications of risk prediction methods to schizophrenia have led the field

Risk prediction for psychiatric disorders less likely to be applied in population screening

There is a real need for diagnostic biomarkers in psychiatry 

PRS provide a solid foundation stone to build a biomarker risk scheme

Having blood samples collected routinely would pave the way for further 
developments in risk prediction.

Realism – management of expectations

A recurring theme is about  when are samples big enough for GWAS genetic 
discovery – larger samples are needed for more accurate estimation of individual 
effect sizes for risk prediction.

Larger samples with better phenotyping….. 



icqg6.org
Plan Ahead!
International Congress of 
Quantitative Genetics
Brisbane June 2020

Including pre- conference 
student/postdoc workshops
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Peter Visscher Jian Yang

Mike  Goddard Ian  Hickie


