
Risk	prediction



1.	Can	we	identify	groups	in	the	population	that	exhibit	
high	risk?

Application:	Screening

2.	Can	we	estimate	the	risk	for	a	single	patient?
Application:	Prevention



Chatterjee,	Nat	Rev	Genetics	2016



Zheng	SL	et	al.	N	Engl J	Med	2008

“A	patent	application	has	been	filed	by	the	Wake	Forest	University	School	of	
Medicine,	Johns	Hopkins	University	School	of	Medicine,	and	Dr.	Henrik	Gron̈berg	at	
Karolinska	Institutet,	Stockholm,	to	preserve	patent	rights	for	the	technology	and	
results	described	in	this	study”



Risk	score	based	on	genome-wide	significant	SNPs

• Your	genetic	risk	score	(GRS)	is	a	continuous	variable.
• Two	main	approaches:	Unweighted	scores	and	weighted	score
• Unweighted	score	in	individual	i for	m SNPs:	add	up	number	of	alleles	for	each	individual
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• Weighted	score	in	individual	i for	m SNPs:	multiply	number	of	alleles	for	each	SNP	with	
published effect	sizes	for	each	individual
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Generating	a	genetic	risk	score

• If	you	are	using	a	weighted	score,	do	not	use	𝛽s	from	your	own	data			
->	model	overfitting

• Need	to	handle	missing	data
• Complete	case	analysis	(remove	all	samples	with	≥1	SNP	missing)
• Impute	

• LD	(do	not	always	have	this	information,	e.g.	only	GRS	SNPs	were	genotyped)
• Expected	value	based	on	allele	frequency	(PLINK)
• Sampling	from	your	data	conditioned	on	some	variables	(case-control	status,	age)



Distribution	of	genetic	risk	scores	(GRS)



Distribution	of	GRS	for	complex	diseases



Mavaddat et al. AJHG 2019

Association	between	a	genetic	risk	score	and	
breast	cancer	risk	in	women	of	European	origin

“The	average	10-year	absolute	risk	of	breast	cancer	for	a	47-year-old	woman	(the	
age	at	which	women	become	eligible	to	enter	the	UK	breast	cancer	screening	
program)	in	the	general	population	is	2.6%.	However,	the	19%	of	women	with	

highest	genetic	risk	will	attain	this	level	of	risk	by	age	40	years”



Going	beyond	genome-wide	significant	SNPs

Purcell,	Nature	2009



Genome-wide	polygenic	risk	scores

• Common	approach:	Prune	SNPs	based	on	LD:
1. Rank	SNPs	based	on	p-value
2. Going	down	the	list	of	SNPs,	Remove	any	SNPs	

that	are	in	LD	with	a	previous	SNP	and	has	
higher	p-value

• Will	result	in	loss	of	power

• Newer	methods	(e.g.	Vilhjalmsson,	AJHG	
2015)	incorporates	LD	in	the	score	leading	to	
improved	accuracy	



Polygenic	Prediction	of	Weight	and	Obesity	Trajectories	
from	Birth	to	Adulthood

Khera,	Cell	2019



Risk	for	coronary	artery	disease	according	to	genome-wide	polygenic	score.

Khera,	Nat	Genet	2018

(a)	Distribution	of	genome-wide	polygenic	score	for	CAD	(GPSCAD)	in	the	UK	biobank	testing	dataset	(N=288,978).	The	x-axis	represents	GPSCAD,	with	
values	scaled	to	a	mean	of	0	and	standard	deviation	of	1	to	facilitate	interpretation.	Shading	reflects	proportion	of	population with	3,	4,	and	5-fold	
increased	risk	versus	remainder	of	the	population.	Odds	ratio	assessed	in	a	logistic	regression	model	adjusted	for	age,	sex,	genotyping	array,	and	the	first	
four	PCs;	(b)	GPSCAD percentile	among	CAD	cases	versus	controls	in	the	UK	biobank	validation	cohort.	Within	each	boxplot,	the	horizontal	lines	reflect	the	
median,	the	top	and	bottom	of	the	box	reflects	the	interquartile	range,	and	the	whiskers	reflect	the	maximum	and	minimum	value	within	each	grouping;	
(c)	prevalence	of	CAD	according	to	100	groups	of	the	validation	cohort	binned	according	to	percentile	of	the	GPSCAD.





Measures	of	risk	prediction	performance	(i)

• Area	under	the	receiver	operator	
characteristic	(ROC)	curve

• The	ROC	curve	plots	the	true-positive	
fraction	(sensitivity)	against	the	false-
positive	fractions	(1-specificity)

• Ranges	from	0.5	(no	discrimination	
between	cases	and	controls)	to	1.0	
(perfect	discrimination)



Measures	of	risk	prediction	performance	(ii)

• Reclassification	based	on	genetic	risk	scores

A	cohort	of	4,232	people	was	classified	into	low	(<10%;	green),	medium	(>10–<20%;	yellow)	and	high	(>20%;	red)	
10-year	risk	of	cardiovascular	disease	before	and	after	applying	genotype	risk	score.	
a |	Before	incorporating	genotype	score	(standard	risk	factors)	
b |	Reclassification	based	on	genotypes	
c |	After	incorporating	genotype	score
Reclassification	statistics	and	outcome	data	show	improvement	in	classification Manolio,	Nat	Rev	Genetics	2013



Two	empirical	examples

Prostate	Cancer Pancreatic	Cancer

Common Rare

Few	known	environmental	risk	factors Many	known	environmental	risk	factors

Often	a	long	natural	history with	disease	that	
does	not	progress

Often	detected	too late	and	with	poor	prognosis.

Many	common	genetic	variants	identified Few	common	genetic	variants	identified

7,509	cases	and	7,652	controls	of	European	
Ancestry

3,349	cases	and	3,654	controls	of	European	
Ancestry

We	generated	risk	models	using	family	history	
and	25	SNPS

We	generated	risk	models	using Smoking,	Heavy	
alcohol	use,	Body	Mass	Index,	Diabetes,	Family	
history	and	4	genetic	variants



Prostate	cancer	- Risk	model	performance

Lindström et	al,	CEBP	2012



Does	performance	vary	with	age?
Age Model	1:

Family	History
Model	2:
Genetics

Model	3:
Genetics	+	Family	History

-60 0.55	(0.53-0.56) 0.66	(0.64-0.69) 0.68	(0.65-0.71)

61-65 0.53	(0.52-0.54) 0.65	(0.63-0.67) 0.65	(0.63-0.67)

66-70 0.53	(0.52-0.54) 0.63	(0.62-0.65) 0.65	(0.63-0.66)

71-75 0.52	(0.51-0.53) 0.63	(0.61-0.65) 0.64	(0.62-0.66)

75+ 0.51	(0.49-0.52) 0.60	(0.57-0.63) 0.60	(0.57-0.63)

Lindström	et	al,	CEBP	2012



Absolute	risks	of	prostate	cancer	as	a	function	
of	family	history	and	genetic	risk

Lindström	et	al,	CEBP	2012



Pancreatic	cancer	- Risk	model	performance
Model	1:	Non-genetic	

risk	factors
Model	2:	Genetic	risk	

factors
Model	3:	Non-genetic	and	genetic	

risk	factors

AUC=0.57	(0.55-0.59) AUC=0.58	(0.56-0.60) AUC=0.61	(0.58-0.63)

Klein	et	al,	PLoS One	2013



Reclassification	of	lifetime	risk	after	adding	genetic	factors	to	
the	risk	model	

Klein	et	al,	PLoS One	2013

Fewer	than	0.3%	individuals	had	more	than	a	5%	average	lifetime	risk.	
No	individual	had	an	estimated	lifetime	risk	above	7.5%.	



Generalizing	PRS	across	ethnicities

Martin	et	al,	Nat	Genet	2019



Martin	et	al,	Nat	Genet	2019



“The	single	most	important	step	toward	parity	in	PRS	
accuracy	is	vastly	increasing	the	diversity	of	participants	
included	and	analyzed	in	genetic	studies,	which	would	

improve	utility	for	all	groups,	most	rapidly	for	
underrepresented	groups.”

Martin	et	al,	Nat	Genet	2019



Can	genetic	information	change	
your	behavior	(and	long-term	

health)?



Changes	in	
behavior	after	

testing	for	genetic	
cancer	risk	n=762	
(23andMe	and	

Pathway	
Genomics)

Gray,	JCO	2017



Gray,	JCO	2017

Changes	in	
behavior	after	

testing	for	genetic	
cancer	risk	n=762	
(23andMe	and	

Pathway	
Genomics)



Alzheimer’s	Disease	and	APOE	

Roberts,	Clin Genet	2011
All	women	had	a	29%	life-time	
risk	of	developing	Alzheimer’s

(ε4-negative)

Perceived	risk	6	weeks	after	genetic	testing Changes	in	insurance



“We	start	by	getting	to	know	you	— the	whole	you	— at	the	deepest	
level	by	looking	at	your	genome,	your	blood,	gut	microbiome,	and	

lifestyle,”	the	company	declared	in	its	early	marketing	materials.	“Then	
we	connect	you	with	a	coach	who	will	help	explain	your	data	and	
provide	you	with	clear,	actionable,	lifestyle	recommendations.”

Much	of	what	Arivale was	selling	was	future	health,	
whereas	consumers	“on	the	whole	are	looking	for	

immediate	gratification,”	Lewis	said.

Fig 1. Longitudinal changes for select
clinical markers. Panels a,c,e, and g:
Adjusted changes for the average
participant in the entire study
population. Panels b,d,f,h: Adjusted
average differences from the ‘normal at
baseline’ strata at baseline for each
baseline strata over time in the program.

Seattle	Times,	April	26	2019

Zubair,	Sci Rep	2019



Thank	you!

afohner@uw.edu
saralind@uw.edu

• Course	Evaluations!
https://biostat.washington.edu/user


