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Outline:	April	23

• Disease	analysis	in	computational	biology
• Genome-Wide	Association	Studies	(GWAS)
• Impact	of	population	structure

Notes:
• Project	proposal	due	TONIGHT
• Office	hours	TODAY	3-5pm
• Midterm	2	in-lab	on	Thursday



Population	genetics

Human	Evolution Disease	Genetics

Applications	of	genetic	sequencing	and	method	development
(in	humans)	

Disease	Genetics

TODAY
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Human	vs	nonhuman	genetics
Human

Have	to	use	natural	variation

Large	sample	sizes	(n=1,000,000)

Large	and	small	effects

Medical	phenotypes	usually	
involve	complex	biology

Nonhuman

Can	do	experiments

Small	sample	sizes

Large	effects

Can	easily	chose	phenotypes

“Effect”	meaning	effect	on	the	
phenotype	(i.e.	the	physical	
manifestation	of	a	trait
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What	is	the	point?

Two	big	goals	of	human	genetics:	

Goal	1:	Identify	genetic	variants	(mutations,	alleles)	that	
are	associated	with	phenotype,	particularly	disease	

Goal	2:	Understand	the	biological	mechanisms	through	
which	those	variants	act.	

GWAS

Hard!	
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What	are	we	looking	for?
Mendelian	traits Complex	traits

Type	II	Diabetes

Schizophrenia

Heart	disease

Cancer	susceptibility

Thalassemia
Fragile	X
Tay-Sachs
Haemophilia

Pigmentation

Anxiety

BMI

Cholesterol
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McCarthy	et	al.	Nat Rev	Genetics. 2008;9:356-369

What	are	we	looking	for?

GWAS

Detect	through
family	sequencing
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Genome-wide Association	StudiesGenome-wide	Association	Studies

Does	not	carry
variant

Carries	variant

Low	risk	of	disease

High	risk	of	disease

Hypothesis
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Test	hypothesis:	Case-control	study

Controls
Cases

Has	variant

Doesn’t	have	variant

Cases Controls

Has	variant 9 3

No	variant 8 14
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P=1

Variant	is	equally	
common	in	cases
and	controls.	

Cases Controls

Cases Controls

P=0.05

Variant	is	much	
more	common	in	
one	group	(here	
cases).

P-value	measures	non-randomness

P=0.05	means	that	there	is	a	1	in	20	(5%)	chance	of	seeing	a	more	
extreme	result,	if	the	variant	is	not	actually	associated	with	the	trait.
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P-values:	is	this	result	significant?

• Expected	number	of	cases	with	variant	=	17*12/34	=	 6

• Expected	number	of	controls	with	variant	=	17*12/34	= 6

• Expected	number	of	cases	without	variant	=	17*22/34	=	 11

• Expected	number	of	controls	without	variant	=	17*22/34	= 11

Cases Controls TOTAL

Has	variant 9 3 12

No	variant 8 14 22

TOTAL 17 17 34

Compute	a	c2	 statistic	=	 ∑ (#$%&'(&)*&+,&-.&))0

&+,&-.&)
�
�

=	 2*3
0

3
+ 5*3 0

3
+ 6*77 0

77
+ 78*77 0

77

=	4.636

Is	this	significant?				P=0.0313						[R	code:	1-pchisq(4.636, df=1)]

Yes,	at	a	0.05	
significance	level



Continuous	(“quantitative”)	traits

Copies	of	variant

0 1 2

He
ig
ht

b
Obtain	P-value
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Doesn’t	have	variant



Association	Studies

Sometimes	called	“Candidate	gene	studies”

Two	problems:	

1) Need	to	know	which	genes/variants	to	look	at	a	priori

2) Confounded	by	population	structure

Solution:	Test	lots	of	variants	in	the	whole	genome	(“genome-wide”)

Solution:	If	you	test	the	whole	genome,	most	of	the	variants	will	not	be	
associated	with	the	trait.	So	use	those	to	measure	and	correct	structure
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• Lots	of	people.	Number	of	people	depends	on	the	
effect	size.	Most	GWAS	today	have	n=10,000-
1,000,000.

• Genome-wide	data.	Usually	SNP-array	data.	Typically	
100,000-1,000,000	SNPs	across	the	genome

• A	phenotype.	Anything!	GWAS	have	been	carried	out	
for	3,357	traits.

Genome-wide	Association	Studies

GWAS	catalog	https://www.ebi.ac.uk/gwas/Slide:	modified	from	Iain	Mathieson



Genome-wide	Association	Studies

Chromosome
SNPs

CasesControls
Cases Controls

Has	variant 9 3

No	variant 8 14

P=0.03

-Log10(P)

1

2

3

4

1 2 3 4 5 6 7 8

(P=0.1)

(P=0.01)

(P=0.001)

(P=0.0001)
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Genome-wide	Association	Studies

Chromosome
SNPs

CasesControls
Cases Controls

Has	variant 6 6

No	variant 8 12

-Log10(P)

1

2

3

4

1 2 3 4 5 6 7 8
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Manhattan	plot
By	King	of	Hearts	/	Wikimedia	Commons	/	CC-BY-SA-3.0

P	=	10-40

“Meta-analysis	of	74,046	individuals	identifies	11	new	susceptibility	loci	for	Alzheimer's	disease”	(2013)Slide:	modified	from	Iain	Mathieson



Nature	2014



23andme.com

Example	of	association	tests	in	industry
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Impact	of	population	structure
and	“genome-wide”	testing



N

S

Population	structure

High	disease	risk

Low	disease	risk

N

S

Cases

Controls

More	cases	from	N

More	controls	from	S
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Chromosome
SNPs

-Log10(P)

1

2

3

4

1 2 3 4 5 6 7 8

Population	structure
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P	<	0.05	means	that	there	is	less	than	a	5%	chance	that	the	result	happens	by	chance.

Cases Controls

Has	variant 9 3

No	variant 8 14

P=0.03

Multiple	testing

-Log10(P)

1
2
3
4

But	if	you	try	lots	of	tests,	then	the	chance	that	one	of	them	is	significant	is	high
So	we	need	to	only	look	at	things	that	are	extremely	significant
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Multiple	testing

Genome-wide	significance	level	P=0.5x10-7
i.e.	P=0.00000005
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Linkage

Chromosome
SNPs

-Log10(P)

1

2

3

4

1 2 3 4 5 6 7 8

SNPs	that	are	close	together	tend	to	behave	similarly,	not	broken	up	by	recombination!		
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Linkage	blocks	and	tag	SNPs

Shou et	al	2011	http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0046295

LD	Block	1 LD	Block	2

INTERESTINGBORING
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Fine-Mapping
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Function

Mouse	with	extra	
Copies	of	fto

Wild-type	
mouse

Actually,	this	particular	story
is	more	complicated….
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Fine-Mapping

Once	we	find	an	association	in	a	linkage	block,	how	do	we	identify	
which	specific	variant	is	affecting	the	trait.	“What	is	the	causal	
variant?”

- Sequence	the	whole	region	so	that	we	can	find	all	variants,	not	
just	the	tag	SNPs

- Use	functional	information	– e.g.	information	about	which	
variants	affect	gene	expression	or	protein	function

- Use	prior	information	about	what	genes	are	likely	to	be	
associated	with	a	trait	(but	now	we	are	back	to	step	1)	
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What	have	we	learned	from	GWAS?



What	is	the	point?

Two	big	goals	of	human	genetics:	

Goal	1:	Identify	genetic	variants	(mutations,	alleles)	that	
are	associated	with	phenotype,	particularly	disease	

Goal	2:	Understand	the	biological	mechanisms	through	
which	those	variants	act.	

GWAS

Hard!	
Before	we	start:	How	do	we	know	that	any genetic	
variants	that	are	associated	with	phenotype?
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buzzerg.com



Estimating	narrow-sense	
heritability	(h2)

Broad-sense	heritability:	H2 =	Var(Genotype	G)/Var(Phenotype	P)

Where:	P	=	Genotype	(G)	+	Environment	(E)

In	other	words,	what	fraction	of	variation	can	be	explained	by	genetics?



[Narrow-sense]	Heritability
What	proportion	of	the	variance	in	a	trait	is	

explained	by	additive	genetic	effects?	

= +

Trait	variance Variance	from	
environment

Variance	from	
genetic	effects

Does	not	include:	Recessive/dominance	effects	(included	in	
“broad	sense”	heritability),	gene-environment	interactions

V Ve Vg
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Heritability	(h2)



Galton	1886



Height	in	European	men	over	time	(by	Graham	Coop)

High	heritability	does	not	mean	low	environmental	effect
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Heritability

Visscher et	al	2008	“Heritability	in	the	genomics	era	— concepts	and	misconceptions”	

Heritability	estimates:
Height :	0.7-0.8
BMI :	0.4-0.8
IQ :	0.4-0.7	

Heritability	typically	estimated	by	
comparing	relatives.	Particularly	twin	
studies comparing	monozygotic	and	
dizygotic	twins.		
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Heritability	and	response	to	selection

Highly	heritable	traits	can	be	
selected	for.
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Artificial	Selection	works!	
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How	to	reconcile	with	
Mendelian	inheritance?

?

“Blending	inheritance” Mendelian	inheritance
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More	than	one	locus?

Many	Mendelian	factors	affecting	the	trait?
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The	infinitesimal	model	1918

Fisher
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McCarthy	et	al.	Nat Rev	Genetics. 2008;9:356-369

GWAS

Fast-forward	100	years:	GWAS
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Fast-forward	100	years:	GWAS	in	height

Nature Genetics: doi:10.1038/ng.3097 

 

 
 

Supplementary Figure 3 

Manhattan plots. 

Plots of (a) results obtained from meta-analysis after applying a single genomic control correction and (b) results obtained from
performing an approximate conditional and joint multiple-SNP analysis on the meta-analysis results. The red horizontal line in both 
plots represents the genome-wide significance threshold of P = 5 × 10–8. 

697	independent	SNPs	significantly	associated	with	height	– Wood	et	al.	2014
Together	explain	about	15%	of	the	phenotypic	variance

GDF5:	Growth	differentiation	factor	5

ZBTB38:	Zinc	Finger	And	BTB	Domain	Containing	38
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Height-associated	variants	enriched	in	relevant	genes

Wood	et	al.	2014Slide:	modified	from	Iain	Mathieson



BMI	GWAS

32	independent	SNPs	explain	1.45%	of	the	variance	in	BMI	– Speliotes et	al.	2010
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The	liability	threshold	model

Type	2	Diabetes	risk	(continuous)

Enough	risk	to	
get	the	disease
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Diabetes	GWAS	results

Type	2	Diabetes	GWAS

63	independent	loci	explain	5.7%	of	the	variance	– Morris	et	al.	2012	

TCF7L2:	Transcription	factor	7-like	2
Risk	allele	increases	T2D	risk	~40%	

McCarthy	et	al	2013
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Schizophrenia	GWAS

108	independent	loci	explain	3.4%	of	the	variance	– Ripke et	al.	2014	

Major	Histocompatibility	Complex	- a	
region	with	many	genes	that	produce	cell	
surface	proteins,	important	for	immunity

Other	associations:	
Glutaminergic	neurons
Calcium	channels
Synaptic	plasticity
Dopamine	receptor	DRD2
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Missing	Heritability?

Nature	2008



Simons	&	Sella	2018

The	bigger	the	sample	size,	the	more	variants	you	find
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Missing	Heritability?

“Missing	heritability”	is	not	really	missing

Mostly	just	hidden	in	very	small	effects	
that	GWAS	are	not	big	enough	to	detect

May	be	some	hidden	in	epistatic	effects	or		
gene-environment	interactions

Heritability	estimates	might	be	a	bit	too	high
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How	successful	have	GWAS	been?

Twelve	years.

Thousands	of	studies

Tens	of	thousands	of	researchers

Tens	of	millions	of	patient-participants

Billions	(?)	of	dollars
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How	successful	have	GWAS	been?
GWAS

Find	associations	with	
traits	and	diseases

Understand	function	of	those	
associations	i.e.	“find	genes”

Develop	drugs

Profit

Extremely	successful!	

Not	very	successful	at	all

Hasn’t	really	happened

Hasn’t	happened	at	all

Predict	genetic	risk

Understand	complex	
trait	evolution

New	Opportunities

Find	connections	
between	traits
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Almost	all	GWAS	are	carried	out	in	
European-Ancestry	populations

Popejoy &	Fullerton	2016
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European	GWAS	results	do	not	translate	
to	non-European	ancestry	populations

Ware	et	al	2018

African-Americans European-Americans
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Summary

Genome-wide	association	studies:

Map	common/low	frequency	variants	
associated	with	traits/disease

The	bigger	the	sample	size	(more	people)	
the	smaller	the	effects	you	can	detect

Do	not	tell	us	anything	about	function

Need	to	be	extremely	careful	about	
population	structure	and	multiple	testing
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