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Goals for this lecture 
 
•  Provide an overview of functional 

genomics 

•  Understand its importance/uses in the 
context of GWAS 

 



Outline 
 
•  Functional Genomics 101 

• Using functional genomics to 
prioritize risk variants 
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Most	GWAS	hits	are	non-coding	

Hindorff	et	al.	2009	

Non-coding	
(Intergenic/Intronic)	

88%	

12%	





Figure	from	Ecker	et	al.	(2012)	Nature,	489:	52-55	

	

 
	

ENCODE	Project	creates	a	
map	of	func%onal	regions	

Non-coding	
regions	are	
not	“junk”!	



 
	

Figure	from	Ecker	et	al.	(2012)	Nature,	489:	52-55	

	



 
	

Figure	from	Ecker	et	al.	(2012)	Nature,	489:	52-55	

	

à	Chroma%n	Conforma%on	



Marks	associated	with	closed	vs.	
open	chroma%n	

-  Developmental	%me-point	
-  Tissue	
-  Sex	



Histone Modifications 



Histone	marks	define	func%onal	
regions	

UCSC	Genome	Browser		Mark	of	an	ac%ve	enhancer	



Fig	2b	from	Cavalli	&	
Misteli	(2012)	Nature	
Structural	&	Molec	Bio		

Enhancer-Promoter	Looping	



Detec%ng	Histone	Modifica%ons	

1. Wet	lab	

2.  Impute	



ChiP-seq	
to	map	
out	
histone	
marks	

hdp://mmg-233-2013-gene%cs-
genomics.wikia.com/wiki/
Chroma%n_Immunoprecipita%o
n_(ChIP)	

Cross	link	cells.	Isolate	
genomic	DNA	and	
sonicate	to	shear.	

Add	an%body	specific	
to	mark	of	interest.	

Isolate	bounded	DNA.	
Purify	and	sequence.	

Newer:	
Chroma%n	
conforma%on	
capture	
techniques	(e.g.	
Hi-C)	



Ernst	&	Kellis	(2015)	Nat	Biotech	

Correla%ons	across	marks	per	sample	

E017=	fetal	lung	fibroblast	



Ernst	&	Kellis	(2015)	Nat	Biotech	

Correla%ons	across	samples	per	mark	

E017=	fetal	lung	fibroblast	



Ernst	&	Kellis	(2015)	Nat	Biotech	

Use	correla%ons	btwn	marks	&	btwn	samples	

Ensemble	of	regression	trees	



Access	to	Histone	Modifica%ons	

Roadmap	Epigenomics	Project	(lots	of	%ssues)	
	
ENCODE	(lots	of	cell	lines)	
	
PsychENCODE	(brain	from	control	and/or	
psychiatric	samples)	
	
UCSC	Genome	Browser	to	visualize	



eQTLs 



What	is	an	expression	quan%ta%ve	
trait	locus?	

Adapted	from:	Wolen	AR,	Miles	MF.	Iden%fying	gene	networks	underlying	the	
neurobiology	of	ethanol	and	alcoholism.	Alcohol	Res.	2012;34(3):306-17.		

Expression	quan.ta.ve	trait	loci	(eQTLs)	=	DNA	loci	
that	regulate	expression	levels	of	RNAs	



Lundberg	

RNA-seq	to	iden%fy	eQTLs	



Access	to	eQTLs	

GTEx	(44	%ssues	with	eQTLs)	
	hdp://www.gtexportal.org/	
	
UKBEC	(10	brain	%ssues	with	eQTLs)		
hdp://braineac.org/	
	
Individual	studies		



DNA methylation 



5-methyl-Cytosine	



Robertson	(2005)	Nature	Review	Gene5cs	

TSG=	tumor	suppressor	gene	





Fraga	et	al.	(2005)	PNAS	

DNA	Methyla%on	changes	over	%me	

3-year-old	twins	



Fraga	et	al.	(2005)	PNAS	

DNA	Methyla%on	changes	over	%me	

3-year-old	twins	 50-year-old	twins	





Arrays	to	assess	DNA	CH3	

Illumina	HumanMethyla%on450K	
	
Illumina	EPIC	(>850K	CH3	sites)	

•  >90%	content	on	450K	
•  New:	CH3	sites	in	ENCODE	

open	chroma%n	&	enhancers	



(Gold	Standard)	Bisulfite	Conversion	of	gDNA	

NEB.com	
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phenotype	
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Gene%c	varia%on					à					gene	regula%on	

phenotype	
Non-coding	
varia%on	



Key Points 
 
• Most variants identified through 

GWAS are noncoding 
• Non-coding DNA help regulate 

transcription (e.g. histone marks, 
eQTLs, DNA methylation) 

•  Functional annotations are 
dynamic 



Outline 
 
•  Functional Genomics 101 

• Using functional genomics to 
prioritize risk variants 



Figure	from	Maurano	et	al.	(2012)	Science,	337:	1190-1195	

(Franke	et	al.	2010)	
N	SNPs=	938,703	N	
inds=	6,333	cases	&	
15,056	controls	

GWAS	hits	overlap	with	func%onal	
regions		



Figures	from	Maurano	et	al.	(2012)	Science,	337:	1190-1195	

(Franke	et	al.	2010)		
N	SNPs=	938,703	
N	inds=	6,333	cases	&	15,056	controls	

(Sotoodehnia	et	al.	2010)		
N	SNPs	~2.5	M	
N	inds~	40K	

GWAS	hits	overlap	with	func%onal	
regions		



Variants	
(annotated	
+	class	label)	

Variable	importance	measure	for	
each	annota%on	

Predic%on	score	for	each	variant	

Algorithm	

Use	func%onal	info	to	iden%fy	hits	



Machine	Learning	Steps	

Algorithm	 Learn	
from	data	

Apply	on	
test	data	



Supervised	vs.	Unsupervised	



Class	assignment	
(data	are	labelled)	

Padern	discovery	
(data	aren’t	labelled)	

Supervised	vs.	Unsupervised	



Figure	1	from	Libbrecht	and	Noble	2015	

A	simple	ML	applica%on	



Quiz!	Supervised	or	unsupervised?	
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Quiz!	Supervised	or	unsupervised?	
Find	novel	TFBS	based	on	annotated	TFBS	in	the	
JASPAR	database	vs.	non-TFBS	sequences	
	
Iden%fy	clusters	of	similar	tumors	in	cancer	pa%ents	
	
Iden%fy	risk	variants	from	other	variants	trained	on	
genomic	characteris%cs	for	Human	Gene	Muta5on	
Database	SNPs	vs.	1KG	(GWAVA,	Ritchie	et	al.	2014)	
	
Segment	the	genome	into	X	chroma%n	states	using	
chroma%n	mark	paderns	(Segway,	Hoffman	et	al.	2012)	





Maximum-margin	separa%ng	
hyperplane	in	mul%-dimensional	
space	

	

Slide	from	Reena	Ravji	

Support	Vector	Machines	



Which	line	provides	the	best	
classifier?	

Figure	1	Noble	2016	Nat.Biotech	
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The	“Sov	Margin”	

Figure	1	Noble	2016	Nat.Biotech	



The	“Sov	Margin”	

Figure	1	Noble	2016	Nat.Biotech	



Linearly	nonseparable?	
Kernel	Trick	

1.	Kernel	
func%on	to	
project	the	data	
in	2-D	to	4-D	
space	

Figure	1	Noble	2016	Nat.Biotech	



1.	Kernel	
func%on	to	
project	the	data	
in	2-D	to	4-D	
space	
2.	Project	SVM	
hyperplane	in	
4-D	to	original	
2-D	space	

Linearly	nonseparable?	
Kernel	Trick	

Figure	1	Noble	2016	Nat.Biotech	



1.	Classifier	
2.	SVM	protocol	
3.	Some	results	



1. Classifier 



Simulated	vs.	Observed	variants	

Simulated	(14.7	million	variants):	
-  Empirical	model	of	sequence	evolu%on	
with	local	adjustment	of	muta%on	rates	



Simulated	vs.	Observed	variants	

Simulated	(14.7	million	variants):	
-  Empirical	model	of	sequence	evolu%on	
with	local	adjustment	of	muta%on	rates	

	
Observed	(14.7	million	variants):	
-  Human	derived	allele	>95%	(exposed	to	
many	genera%ons	of	natural	selec%on)	

	
1%	reserved	for	tes%ng	



John	Long	(Kellis	Lab)	“Evidence	of	Purifying	Selec%on	in	Humans”		
hdps://math.mit.edu/research/highschool/primes/materials/2013/conf/9-2-Long.pdf	



Peppered	Moth	Evolu%on	

No	pollu%on	

Ancestral	

Derived	

Photo	from:	hdp://www.truthinscience.org.uk/%s2/index.php/evidence-for-evolu%on-mainmenu-65/127-the-peppered-moth.html	



Peppered	Moth	Evolu%on	

Pollu%on	No	pollu%on	
Photo	from:	hdp://www.truthinscience.org.uk/%s2/index.php/evidence-for-evolu%on-mainmenu-65/127-the-peppered-moth.html	

Ancestral	

Derived	



2. SVM Protocol 



Kircher’s	use	of	SVM	

•  Linear	kernel	
•  Prior	feature	selec%on	(univariate	analysis)	
•  Imputed	missing	values	
•  Boolean	variables	for	categorical	variables	
•  Interac%on	terms	(include	the	few	that	
improve	the	two-feature	linear	regression	
models)	



3. Some results 



Performance	in	GWAS	

Figure	5	from	Kircher	et	al.	2014	Nat.Gene5cs	



1.	Classifier	
2.	SVM	protocol	
3.	Some	results	

deltaSVM	

•  Takes	into	account	%ssue-
specificity	



Cell-
type-
specific	
annots	
for	
training	
cell-
type-
specific	
models	

Figure	1	from	Lee	et	al.	2015	Nat.Gene5cs	

Compare	freq	of	k-mers	



1.	Classifier	
2.	SVM	protocol	
3.	Some	results	

deltaSVM	

•  Takes	into	account	%ssue-
specificity	



Hepatocytes	
(main	cell	in	liver)	

delta	SVM	
values	for	3	

experimentally	
validated	SNPs	

human	prostate	
adenocarcinoma	



Key Points 
 
• GWAS variants are enriched 

for functional information in a 
tissue-specific manner 

• Machine learning can be used 
to find patterns in functional 
data to identify novel variants 
associated with disease 




