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This	lecture	
•  Intro	to	clustering	

•  Hierarchical	clustering	

•  K-means	clustering	

•  Comparing	clustering	algorithms	

•  Intro	to	pathway	analysis	

•  Gene	ontology	and	KEGG	pathways	

•  Gene	set	(GSEA)	analysis	
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What	is	clustering?	

•  Organiza3on	of	data	into	groups	

•  Groups	should	be	relevant	to	the	ques3on	at	hand	

•  Approaches	
–  Unsupervised	

•  No	knowledge	of	data	labels	
–  Semi-supervised	

•  Some	knowledge,	e.g.	a	subset	of	data	labels	are	known	
–  Supervised	

•  Technically	not	clustering	(won’t	go	over	here,	see	machine	
learning)	

	

Lange	et	al	IEEE	CVPR	2005	
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Structure	of	gene	expression	data	

Samples	

Genes	

Are	there	groups	of	samples	
that	are	more	similar	to	each	
other	than	others?	
	
Same	for	genes	
	
How	might	this	be	interpreted?	

Clustering	
•  Wide	ranging	and	fundamental	problem	in	data	analysis,	

explora3on,	machine	learning	and	other	applied	fields	

•  There	is	no	‘correct’	clustering	approach	and	there	is	a	degree	of	
subjec3vity	
–  Depends	on	what	the	data	is	and	what	is	interes@ng	

•  Detec3on	of	clusters	of	samples	from	expression	of	genes	

•  Detec3on	of	clusters	of	gene	expression	(pathways?)	from	the	
samples	

•  What	methods	can	be	used	to	do	this?	
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Clustering	methods	

•  There	are	dozens	if	not	hundreds	of	methods	

•  Here,	we	focus	on	2	of	the	most	commonly	
used	for	gene	expression		
– Hierarchical	
– K-means	

Hierarchical	clustering	

How	do	we	model	distances	between	individual	data	points?	And	groups	
of	data	points?	

(1)  Define	a	measure	of	dissimilarity	(distance)	between	data	points	
(2)  Define	a	‘linkage’	criteria	–	determines	distance	between	groups	

as	func3on	of	distances	between	individual	data	points	
(3)  BoWom	up	vs	top	down	
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Dendrogram	

Dissimilarity	between	data	points	

•  Euclidean	distance	

•  ManhaWan	distance	

•  Mahalanobis	distance	

•  Correla3on	
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Linkage	criteria	

•  Given	a	distance	measure…	
– Complete	linkage	
•  Distance	b/n	clusters	A	and	B	is	max(dist(a,b))		

– Single-linkage	
•  Distance	is	min(dist(a,b))	

– Mean-linkage	
•  Distance	is	mean	b/n	all	pairwise	rela@ons	in	A	and	B	

Hierarchical	cluster	algorithm:		
BoWom-up	

•  Let	X	=	{x1,	x2,	…,	xn}	be	your	data	(genes)	
–  Ini@alize	clustering	level	L(0)=0	&	counter=0	
–  Find	min(dist(clust_i,	clust_j))	over	all	pairs	i,j	of	clusters	at	
current	level	

–  Increment	counter	(counter=counter+1)	
–  Set	L(counter)=dist(clust_i,clust_j)	
–  Update	distance	matrix	with	new	cluster	in	place	of	old	
clusters	

–  Loop…	un@l	all	data	points	are	in	1	cluster	

•  Top	down	is	reverse	
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K-means	clustering	

•  Given	a	set	of	observa3ons	with	k	clusters,	determine	
cluster	centers	and	data	point	assignments	such	that	
the	squared	distances	between	cluster	centers	and	
data	points	are	minimized	(within-cluster	sum	of	
squares)	

•  Op3misa3on	is	NP-hard	
–  Lloyd’s	algorithm	(itera3ve	refinement)	

•  Assign,	calculate,	update…	converge	when	assignments	unchanged	

•  Performance	bias	towards	similarly	sized	clusters	

K-means	clustering	

Wikipedia	
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How	many	clusters	are	in	the	data?	

•  Short	answer:	It	depends…	transla3on:	we	don’t	know	but	
we	can	make	an	educated	guess	

Which	clustering	method	is	‘best’?	

•  Depends	of	what	aspect(s)	you	care	about	most	

•  Best	guide	is	to	read	method	comparisons	for	gene	
expression	data	
–  Thalamuthu	et	al	Bioinforma,cs	22(19):2405	2006	
–  DaBa	&	DaBa	Bioinforma,cs	19(4):	459	2003	
–  Yeung	et	al	Bioinforma,cs	17(4):309	2001	
–  Song	et	al	BMC	Bioinforma,cs	13:328	2012	
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Pathway	analysis	

•  Derive	a	set	or	list	of	interes3ng	genes	derived	from	
data,	make	inferences	about	biological	func3on	
–  Exercise	cau@on	due	to	arbitrary	thresholds	and	power	

•  Given	sets	of	genes	from	external	source,	assess	
expression	changes	of	sets	in	the	data	

What	tools	are	there?	

Nam	&	Kim,	Briefings	in	Bioinf	
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Overview	of	strategies	

Emmert-Streib	&	Glazko,	PLoS	Comp	Bio	2011	

GSEA:	Gene	set	enrichment	analysis	

•  Molecular	Signatures	Database	(MSigDB)	
–  Posi@onal,	curated,	cis-reg	mo@fs,	data	mining,	GO	sets,	
oncogenic,	immunological	

Subramanian	et	al	PNAS	2005	
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GSEA	enrichment	score	(ES)	
•  N	genes	and	k	samples	

•  Create	a	list	L	by	ranking	the	N	genes	by	correla3on	with	phenotype	

•  Walk	down	list	L	and	increase/decrease	a	running-sum	sta3s3c	if	a	gene	is/isn’t	
in	a	predefined	set	S	
–  Magnitude	of	increase/decrease	depends	on	correla@on	of	gene	with	phenotype	

•  ES	is	the	max	devia3on	from	zero	during	random	walk	
–  Sort	of	like	a	weighted	KS	sta@s@c	
–  ES_null	is	distribu@on	generated	from	permuta@ons	of	phenotypes	
–  FDR	

Gene	set	databases	and	meta-dbs	
•  MSigDB	
•  Gene	Ontology	
•  KEGG	
•  PLAGE	
•  PAGED	
•  GSA	
•  Gazer	
•  ErmineJ	
•  ASSESS	
•  GeneSetDB	
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Reac3on	Networks	
•  Reac3ons	form	networks	of	interac@ons	in	the	cell.	
•  They	are	presented	in	databases	as	biological	pathways.	

•  Reac@ons	and	their	par@cipants	(proteins,	complexes)	
can	appear	in	mul@ple	pathways;	this	causes	crosstalk.	

•  There	are	no	canonical	pathways	–	every	database,	
textbook	and	researcher	will	differ	(some@mes	subtly).	

•  Pathways	are	not	independent	due	to	crosstalk,	but	are	
open	treated	as	such	(e.g.	overrepresenta@on	analysis).	

•  Differ	from	ontologies/gene	sets	–	they	describe	both	
what	species	are	involved	and	how	they	interact.	

Biological	pathway:	“A	biological	pathway	is	a	series	of	ac@ons	among	molecules	
in	a	cell	that	leads	to	a	certain	product	or	change	in	a	cell.”	–	US	NHGRI	

Reac3on	Networks	
•  Covers	signal	transduc3on,	metabolism	and	other	
cellular	processes	(e.g.	DNA	repair,	transcrip@on...).	

•  9,238	proteins,	9,422	complexes	in	9,584	reac@ons	
across	2,007	human	pathways	(June	2016).	

•  Annotated	with	subcellular	loca3ons;	some	
informa@on	about	PTMs	and	disease.	
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Reac@on	Networks	-	KEGG	

KEGG	–	‘Metabolic	Pathways’	
hBp://www.genome.jp/kegg-bin/show_pathway?map01100		


