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This	lecture	

•  Network	basics	

•  Proper2es	of	networks	

•  Gene	co-expression	networks	

•  Preserva2on	of	networks	
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What	is	a	network?	

YUCK	
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Examples	of	networks	

Types	of	networks	
•  Undirected	
	
•  Directed	

•  Weighted	

•  Unweighted	

•  Complete	(and	incomplete)	
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How	are	networks	useful	for	gene	expression?	

•  What	if	probes/genes	are	nodes?	
– Biological	interpreta@on?	
– Sta@s@cally	useful?	

•  What	if	probes/genes	are	edges?	
– Biological	interpreta@on?	
– Sta@s@cally	useful?	

What	does	a	network	look	like	in	
terms	of	data?	

Gene1	 Gene2	 Gene3	

Gene1	 1	 0.75	 0.95	

Gene2	 0.75	 1	 0.04	

Gene3	 0.95	 0.04	 1	

Undirected	&	weighted:	NxN	symmetric	matrix	of	rela2onships		

What	might	a	matrix	for	a	directed	network	look	like?	

What	might	a	matrix	for	a	unweighted	network	look	like?	
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A	few	proper2es	of	networks	

•  Connec2vity	distribu2on	
–  Scale-free	topology	

	
Actors	 www	 Powergrid	

Barabasi,	Science	1999	

P(k)	~	k-γ	

γ	=	2.3	 γ	=	2.1	 γ	=	4	

A	few	proper2es	of	networks	

•  Sub-networks	
–  Clusters	of	nodes	which	are	more	@ghtly	related	to	each	other	than	

the	rest	of	the	network	
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A	few	proper2es	of	networks	
•  Subnets	of	scale-free	networks	

–  Are	not	necessarily	accurate	representa2ons	of	the	overall	network	
–  True	for	both	random	and	especially	nonrandom	sampling	of	nodes	

	

Stumpf	et	al,	PNAS	2005	

Why	is	this	important	for	gene	expression?	
What	effects	might	a	scale-free	assump2on	have?	

Control	of	networks	

•  What	is	control?	
–  Predict	and	test…	

•  What	the	main	tools	to	control	gene	networks?	
–  Gene	KOs	and	KDs	

•  Are	these	tools	adequate	for	useful	control?	
–  Do	our	tools	effect	the	predic@ons	we	make?	Should	they?	

State_A	 State_B	
Pertuba(on	
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Gene	co-expression	networks	
•  Weighted,	undirected	

complete	gene	network	
–  Nodes:	genes/probes	
–  Edges:	|cor(node_i,	node_j)|γ	

•  Scale-free	assump@on	and	[0,1]	

•  Iden2fy	subnets	(modules/
clusters)	
–  Typically	subnets	represent	

known	biological	pathways	
–  Various	methods	and	tools	for	

clustering	

Strategies	for	tes2ng	associa2on	of	a	
subnet	with	a	phenotype	

•  Univariate	
–  For	each	subnet	gene,	perform	a	test	

•  Eigenvector	
–  Calculate	1st	principal	component	
–  With	vector	of	PC1	sample	loadings,	perform	a	test	

•  Mul2variate	
–  Simultaneously	test	for	associa@on	of	phenotype	with	all	genes	
–  Example:	Canonical	correla@on	analysis	(CCA)	

•  Considera2ons	
–  Mul@ple	tes@ng	burden	
–  Sensi@vity	and	specificity	
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Interpreta2on	of	subnets	
•  Pathway	analysis	and	gene	set	sta2s2cs	

•  If	subnet	is	small	enough,	manual	interpreta2on	is	
possible	(with	proper	literature	support)	

•  Correla2on	vs	Causa2on	
–  Confounding,	causality	and	reac@vity	

•  It	is	more	useful	(and	more	difficult)	to	know	the	underlying	structure	
of	rela@onships	b/n	genes	than	clusters	of	co-regula@on	

–  How	can	causality	be	tested?	
•  Perturba@on	techniques	
•  Mendelian	randomisa@on	

Preserva2on	of	subnets	

•  Given	a	subnet	(nodes,	edges),	is	to	preserved	in	a	
separate	dataset?	

•  Examples	
–  Replica@on	

•  Given	N	datasets	generated	under	iden@cal/similar	selngs,	does	a	
subnet	‘replicate’?	

–  Cross-@ssue	gene	network	preserva@on	
•  Is	a	subnet	derived	from	liver	data	preserved	in	adipose	data?		

– Microbial	communi@es	between	body	sites	
•  Is	an	opera@onal	taxonomic	unit	(OTU)	subnet	preserved	between	
skin	and	upper	airway	samples?	
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Approaches	to	subnet	preserva2on	

•  Tabula2on	
–  Make	a	table	of	features	in	a	given	subnet	and	those	not.	Test	
for	devia@on	from	null	(e.g.	Fisher	Exact	Test).	

•  Topological	proper2es	
–  Edge	paBerns	(for	simplicity,	assume	no	missing	nodes)	

a	 b	

c	 d	

IN	 OUT	

OUT	

IN	

Dataset	1	
subnet	A	

Da
ta
se
t	2

	
su
bn

et
	A
	

Dataset	1	(discovery)	 Dataset	2	(replica2on)	



6/07/16	

10	

Preserva2on	of	topology	
•  Langfelder	&	Horvath,	PLOS	Comp	Bio	2011	
•  Ritchie	et	al,	Cell	Systems	2016	

General	name	of	
test	sta2s2c	 WGCNA	 Calcula2on	

a 					adjacency	
cor							correla@on	
Sign					+	/	-	
Eig								1st	principal	component	
	

When	in	doubt,	permute	the	data	
•  In	network	analysis,	the	complex	rela2onships	amongst	nodes	can	make	it	

difficult	to	assume	a	given	test	sta2s2c	follows	a	par2cular	distribu2on	

•  It	is	common	(and	good	prac2ce)	to	create	an	empirical	(permuted)	
distribu2on	of	the	test	sta2s2c	to	assess	the	original	observa2on’s	
significance	

•  E.g.	for	a	given	module	of	with	M	nodes,	with	a	given	test	sta2s2c…	
–  Randomly	draw	M	nodes	from	the	overall	network	
–  Compute	the	test	sta@s@c	of	these	random	M	nodes	
–  Repeat	many	@mes	
–  Compare	the	observed	module	value	to	the	distribu@on	of	permuted	values	
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Ritchie	et	al,	Cell	Systems	2016	

Liver	Module	A	

Gene	1	…	n	
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Phenotypic	associa2on	(body	weight)	


