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The	early	steps	of	a	microarray	study	

•  Scien6fic	Ques6on	(biological)	
•  Study	design	(biological/sta6s6cal)	
•  Conduc6ng	Experiment	(biological)	
•  Preprocessing/Normalizing	Data	(sta6s6cal)	
•  Finding	differen6ally	expressed	genes	
(sta6s6cal)	



A	data	example	

•  Lee	et	al	(2005)	compared	adipose	6ssue	
(abdominal	subcutaenous	adipocytes)	between	
obese	and	lean	Pima	Indians	

•  Samples	were	hybridised	on	HGu95e-Affymetrix	
arrays	(12639	genes/probe	sets)	

•  Available	as	GDS1498	on	the	GEO	database	
• We	selected	the	male	samples	only	

–  10	obese	vs	9	lean	





The	“Result”	
Probe Set ID log.ratio pvalue adj.p
73554_at 1.4971 0.0000 0.0004
91279_at 0.8667 0.0000 0.0017
74099_at 1.0787 0.0000 0.0104
83118_at -1.2142 0.0000 0.0139
81647_at 1.0362 0.0000 0.0139
84412_at 1.3124 0.0000 0.0222
90585_at 1.9859 0.0000 0.0258
84618_at -1.6713 0.0000 0.0258
91790_at 1.7293 0.0000 0.0350
80755_at 1.5238 0.0000 0.0351
85539_at 0.9303 0.0000 0.0351
90749_at 1.7093 0.0000 0.0351
74038_at -1.6451 0.0000 0.0351
79299_at 1.7156 0.0000 0.0351
72962_at 2.1059 0.0000 0.0351
88719_at -3.1829 0.0000 0.0351
72943_at -2.0520 0.0000 0.0351
91797_at 1.4676 0.0000 0.0351
78356_at 2.1140 0.0001 0.0359
90268_at 1.6552 0.0001 0.0421

What	happened	to	the	Biology???	



Slightly	more	informa6ve	results	
Probe Set ID Gene SymbolGene Title go biological process termgo molecular function term log.ratio pvalue adj.p
73554_at CCDC80 coiled-coil domain containing 80--- --- 1.4971 0.0000 0.0004
91279_at C1QTNF5 /// MFRPC1q and tumor necrosis factor related protein 5 /// membrane frizzled-related proteinvisual perception /// embryonic development /// response to stimulus--- 0.8667 0.0000 0.0017
74099_at --- --- --- --- 1.0787 0.0000 0.0104
83118_at RNF125 ring finger protein 125 immune response /// modification-dependent protein catabolic processprotein binding /// zinc ion binding /// ligase activity /// metal ion binding-1.2142 0.0000 0.0139
81647_at --- --- --- --- 1.0362 0.0000 0.0139
84412_at SYNPO2 synaptopodin 2 --- actin binding /// protein binding1.3124 0.0000 0.0222
90585_at C15orf59 chromosome 15 open reading frame 59--- --- 1.9859 0.0000 0.0258
84618_at C12orf39 chromosome 12 open reading frame 39--- --- -1.6713 0.0000 0.0258
91790_at MYEOV myeloma overexpressed (in a subset of t(11;14) positive multiple myelomas)--- --- 1.7293 0.0000 0.0350
80755_at MYOF myoferlin muscle contraction /// blood circulationprotein binding 1.5238 0.0000 0.0351
85539_at PLEKHH1 pleckstrin homology domain containing, family H (with MyTH4 domain) member 1--- binding 0.9303 0.0000 0.0351
90749_at SERPINB9 serpin peptidase inhibitor, clade B (ovalbumin), member 9anti-apoptosis /// signal transductionendopeptidase inhibitor activity /// serine-type endopeptidase inhibitor activity /// serine-type endopeptidase inhibitor activity /// protein binding1.7093 0.0000 0.0351
74038_at --- --- --- --- -1.6451 0.0000 0.0351
79299_at --- --- --- --- 1.7156 0.0000 0.0351
72962_at BCAT1 branched chain aminotransferase 1, cytosolicG1/S transition of mitotic cell cycle /// metabolic process /// cell proliferation /// amino acid biosynthetic process /// branched chain family amino acid metabolic process /// branched chain family amino acid biosynthetic process /// branched chain family amino acid biosynthetic processcatalytic activity /// branched-chain-amino-acid transaminase activity /// branched-chain-amino-acid transaminase activity /// transaminase activity /// transferase activity /// identical protein binding2.1059 0.0000 0.0351
88719_at C12orf39 chromosome 12 open reading frame 39--- --- -3.1829 0.0000 0.0351
72943_at --- --- --- --- -2.0520 0.0000 0.0351
91797_at LRRC16A leucine rich repeat containing 16A--- --- 1.4676 0.0000 0.0351
78356_at TRDN triadin muscle contraction receptor binding 2.1140 0.0001 0.0359
90268_at C5orf23 chromosome 5 open reading frame 23--- --- 1.6552 0.0001 0.0421

If	we	are	lucky,	some	of	the	top	genes	mean	something	to	us	

But	what	if	they	don’t?	

And	how	what	are	the	results	for	other	genes	with	similar	biological	
func6ons	



How	to	incorporate	biological	knowledge	

•  The	type	of	knowledge	we	deal	with	is	rather	simple:	
		
		We	know	groups/sets	of	genes	that	for	example	
–  Belong	to	the	same	pathway	
–  Have	a	similar	func6on	
–  Are	located	on	the	same	chromosome,	etc…	

•  We	will	assume	these	groupings	to	be	given,	i.e.	we	
will	not	yet	discuss	methods	used	to	detect	
pathways,	networks,	gene	clusters	
•  We	will	later!	
	



What	is	a	pathway?	

•  No	clear	defini6on	
–  Wikipedia:	“In	biochemistry,	metabolic	pathways	are	

series	of	chemical	reac6ons	occurring	within	a	cell.	In	
each	pathway,	a	principal	chemical	is	modified	by	
chemical	reac6ons.”	

–  These	pathways	describe	enzymes	and	metabolites	

•  But	ogen	the	word	“pathway”	is	also	used	to	
describe	gene	regulatory	networks	or	protein	
interac6on	networks	

•  In	all	cases	a	pathway	describes	a	biological	
func6on	very	specifically	



What	is	a	Gene	Set?	
•  Just	what	it	says:	a	set	of	genes!	

–  All	genes	involved	in	a	pathway	are	an	example	of	a	Gene	
Set	

–  All	genes	corresponding	to	a	Gene	Ontology	term	are	a	
Gene	Set	

–  All	genes	men6oned	in	a	paper	of	Smith	et	al	might	form	a	
Gene	Set	

•  A	Gene	Set	is	a	much	more	general	and	less	specific	
concept	than	a	pathway	

•  S6ll:	we	will	some6mes	use	two	words	
interchangeably,	as	the	analysis	methods	are	mainly	
the	same		



Where	Do	Gene	Sets/Lists	Come	From?	

•  Molecular	profiling	e.g.	mRNA,	protein	
–  Iden6fica6on	à	Gene	list	
–  Quan6fica6on	à	Gene	list	+	values	
–  Ranking,	Clustering	(biosta6s6cs)	

•  Interac6ons:	Protein	interac6ons,	Transcrip6on	
factor	binding	sites	(ChIP)	

•  Gene6c	screen	e.g.	of	knock	out	library	
•  Associa6on	studies	(Genome-wide)	

–  Single	nucleo6de	polymorphisms	(SNPs)	
–  Copy	number	variants	(CNVs)	

– ……..	



What	is	Gene	Set/Pathway	analysis?	

•  The	aim	is	to	give	one	number	(score,	p-value)	
to	a	Gene	Set/Pathway	
– Are	many	genes	in	the	pathway	differen6ally	
expressed	(up-regulated/downregulated)	

–  Can	we	give	a	number	(p-value)	to	the	probability	
of	observing	these	changes	just	by	chance?	

	



Goals	
•  Pathway	and	gene	set	data	resources	

•  Gene	amributes	
•  Database	resources	

•  GO,	KeGG,	Wikipathways,	MsigDB	
•  Gene	iden6fiers	and	issues	with	mapping	

•  Differences	between	pathway	analysis	tools	
•  Self	contained	vs.	compe66ve	tests	
•  Cut-off	methods	vs.	global	methods	
•  Issues	with	mul6ple	tes6ng		
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Gene	Amributes	
•  Func6onal	annota6on	

–  Biological	process,	molecular	func6on,	cell	loca6on	

•  Chromosome	posi6on	
•  Disease	associa6on	
•  DNA	proper6es	

–  TF	binding	sites,	gene	structure	(intron/exon),	SNPs	
•  Transcript	proper6es	

–  Splicing,	3’	UTR,	microRNA	binding	sites	

•  Protein	proper6es	
–  Domains,	secondary	and	ter6ary	structure,	PTM	sites	

•  Interac6ons	with	other	genes	
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Database	Resources	
•  Use	func6onal	annota6on	to	aggregate	genes	
into	pathways/gene	sets	

•  A	number	of	databases	are	available	
– Different	analysis	tools	link	to	different	databases	
–  Too	many	databases	to	go	into	detail	on	every	one	
–  Commonly	used	resources:	

•  GO	
•  KeGG	
•  MsigDB	
•  WikiPathways	



Pathway	and	Gene	Set	data	resources	

•  The	Gene	Ontology	(GO)	database	
–  hmp://www.geneontology.org/	
–  GO	offers	a	rela6onal/hierarchical	database	
–  Parent	nodes:	more	general	terms	
–  Child	nodes:	more	specific	terms	
–  At	the	end	of	the	hierarchy	there	are	genes/proteins	
–  At	the	top	there	are	3	parent	nodes:	biological	process,	
molecular	func6on	and	cellular	component	

•  Example:	we	search	the	database	for	the	term	
“inflamma6on”	



The	genes	on	our	array	that	code	for	one	of	the	44	gene	products	would	form	the	
corresponding	“inflamma6on”	gene	set	



What	is	the	Gene	Ontology	(GO)?	

•  Set	of	biological	phrases	(terms)	which	are	
applied	to	genes:	
– protein	kinase	
– apoptosis	
– membrane	

•  Ontology:	A	formal	system	for	describing	
knowledge	



GO	Structure	
•  Terms	are	related	
within	a	hierarchy	
–  is-a	
–  part-of	

•  Describes	mul6ple	
levels	of	detail	of	gene	
func6on	

•  Terms	can	have	more	
than	one	parent	or	
child	



GO	Structure	
              cell

membrane          chloroplast

mitochondrial        chloroplast
membrane             membrane

is-a
part-of

Species	independent.	Some	lower-level	terms	are	specific	to	a	group,	but	higher	level	
terms	are	not	



What	GO	Covers?	

•  GO	terms	divided	into	three	aspects:	
– cellular	component	
– molecular	func6on	
– biological	process	

glucose-6-phosphate	isomerase	ac6vity	

Cell	division	



Terms	
•  Where	do	GO	terms	come	from?	

– GO	terms	are	added	by	editors	at	EBI	and	gene	
annota6on	database	groups	

– Terms	added	by	request	
– Experts	help	with	major	development	
– 27734	terms,	98.9%	with	defini6ons.	

•  16731	biological_process	
•  2385	cellular_component	
•  8618	molecular_func6on	



•  Genes	are	linked,	or	associated,	with	GO	
terms	by	trained	curators	at	genome	
databases	
– Known	as	‘gene	associa6ons’	or	GO	annota6ons	
– Mul6ple	annota6ons	per	gene		

•  Some	GO	annota6ons	created	automa6cally	

Annota6ons	



Annota6on	Sources	
•  Manual	annota6on	

– Created	by	scien6fic	curators	
•  High	quality	
•  Small	number	(6me-consuming	to	create)	

•  Electronic	annota6on	
– Annota6on	derived	without	human	valida6on	

•  Computa6onal	predic6ons	(accuracy	varies)	
•  Lower	‘quality’	than	manual	codes	

•  Key	point:	be	aware	of	annota6on	origin		



Evidence	Types	
•  ISS:  Inferred from Sequence/Structural Similarity 
•  IDA: Inferred from Direct Assay 
•  IPI:  Inferred from Physical Interaction 
•  IMP:  Inferred from Mutant Phenotype 
•  IGI:   Inferred from Genetic Interaction 
•  IEP:  Inferred from Expression Pattern 
•  TAS: Traceable Author Statement 
•  NAS: Non-traceable Author Statement 
•  IC:    Inferred by Curator 
•  ND:   No Data available 

•  IEA: Inferred from electronic annotation 



Species	Coverage	

•  All	major	eukaryo6c	model	organism	species	

•  Human	via	GOA	group	at	UniProt	

•  Several	bacterial	and	parasite	species	through	
TIGR	and	GeneDB	at	Sanger	

•  New	species	annota6ons	in	development	



Variable	Coverage	

Lomax	J.	Get	ready	to	GO!	A	biologist's	guide	to	the	Gene	Ontology.	Brief	Bioinform.	2005	Sep;6(3):298-304.	



Contribu6ng	Databases	
–  Berkeley	Drosophila	Genome	Project	(BDGP)	
–  dictyBase	(Dictyostelium	discoideum)		
–  FlyBase	(Drosophila	melanogaster)		
–  GeneDB	(Schizosaccharomyces	pombe,	Plasmodium	falciparum,	Leishmania	

major	and	Trypanosoma	brucei)		
–  UniProt	Knowledgebase	(Swiss-Prot/TrEMBL/PIR-PSD)	and	InterPro	databases		
–  Gramene	(grains,	including	rice,	Oryza)		
–  Mouse	Genome	Database	(MGD)	and	Gene	Expression	Database	(GXD)	(Mus	

musculus)		
–  Rat	Genome	Database	(RGD)	(RaAus	norvegicus)	
–  Reactome	
–  Saccharomyces	Genome	Database	(SGD)	(Saccharomyces	cerevisiae)		
–  The	Arabidopsis	Informa6on	Resource	(TAIR)	(Arabidopsis	thaliana)		
–  The	Ins6tute	for	Genomic	Research	(TIGR):	databases	on	several	bacterial	

species		
–  WormBase	(CaenorhabdiEs	elegans)		
–  Zebrafish	Informa6on	Network	(ZFIN):	(Danio	rerio)		



GO	Slim	Sets	

•  GO	has	too	many	
terms	for	some	uses	
– Summaries	(e.g.	Pie	
charts)	

•  GO	Slim	is	an	official	
reduced	set	of	GO	
terms	
– Generic,	plant,	yeast	



GO	Sogware	Tools	

•  GO	resources	are	freely	available	to	anyone	
without	restric6on	
–  Includes	the	ontologies,	gene	associa6ons	and	
tools	developed	by	GO	

•  Other	groups	have	used	GO	to	create	tools	for	
many	purposes	
– hmp://www.geneontology.org/GO.tools	



Accessing	GO:	QuickGO	

hmp://www.ebi.ac.uk/ego/	



Other	Ontologies	

hmp://www.ebi.ac.uk/ontology-lookup	



KEGG	pathway	database	

•  KEGG	=	Kyoto	Encyclopedia	of	Genes	and	
Genomes	
– hmp://www.genome.jp/kegg/pathway.html	
– The	pathway	database	gives	far	more	detailed	
informa6on	than	GO	

•  Rela6onships	between	genes	and	gene	products	
– But:	this	detailed	informa6on	is	only	available	for	
selected	organisms	and	processes	

– Example:	Adipocytokine	signaling	pathway		





KEGG	pathway	database	

•  Clicking	on	the	nodes	in	the	pathway	leads	to	
more	informa6on	on	genes/proteins	
– Other	pathways	the	node	is	involved	with	
– Entries	in	Gene/Protein	databases	
– References	
– Sequence	informa6on	

•  Ul6mately	this	allows	to	find	corresponding	
genes	on	the	microarray	and	define	a	Gene	
Set	for	the	pathway	



Wikipathways	

•  hmp://www.wikipathways.org	

•  A	wikipedia	for	pathways	
– One	can	see	and	download	pathways	
– But	also	edit	and	contribute	pathways	

•  The	project	is	linked	to	the	GenMAPP	and	
Pathvisio	analysis/visualisa6on	tools	





MSigDB	
•  MSigDB	=	Molecular	Signature	Database	
hmp://www.broadins6tute.org/gsea/msigdb	

•  Related	to	the	the	analysis	program	GSEA	
•  MSigDB	offers	gene	sets	based	on	various	
groupings	
– Pathways	
– GO	terms	
– Chromosomal	posi6on,…	





Some	Warnings	
•  In	many	cases	the	defini6on	of	a	pathway/gene	set	in	a	

database	might	differ	from	that	of	a	scien6st	

•  The	nodes	in	pathways	are	ogen	proteins	or	metabolites;	the	
ac6vity	of	the	corresponding	gene	set	is	not	necessarily	a	
good	measurement	of	the	ac6vity	of	the	pathway	

	

•  There	are	many	more	resources	out	there	(BioCarta,	BioPax)	

•  Commercial	packages	ogen	use	their	own	pathway/gene	set	
defini6ons	(Ingenuity,	Metacore,	Genoma6x,…)	

•  Genes	in	a	gene	set	are	usually	not	given	by	a	Probe	Set	ID,	
but	refer	to	some	gene	data	base	(Entrez	IDs,	Unigene	IDs)	

•  Conversion	can	lead	to	errors!	
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Gene	Amributes	
•  Func6onal	annota6on	

–  Biological	process,	molecular	func6on,	cell	loca6on	
•  Chromosome	posi6on	
•  Disease	associa6on	
•  DNA	proper6es	

–  TF	binding	sites,	gene	structure	(intron/exon),	SNPs	
•  Transcript	proper6es	

–  Splicing,	3’	UTR,	microRNA	binding	sites	
•  Protein	proper6es	

–  Domains,	secondary	and	ter6ary	structure,	PTM	sites	
•  Interac6ons	with	other	genes	



Sources	of	Gene	Amributes	

•  Ensembl	BioMart	(eukaryotes)	
– hmp://www.ensembl.org	

•  Entrez	Gene	(general)	
– hmp://www.ncbi.nlm.nih.gov/sites/entrez?
db=gene	

•  Model	organism	databases	
– E.g.	SGD:	hmp://www.yeastgenome.org/	

•  Many	others…..	



Ensembl	BioMart	
•  Convenient	access	to	gene	list	annota6on	

Select	genome	

Select	filters	

Select	amributes	
to	download	



Gene	and	Protein	Iden6fiers	
•  Iden6fiers	(IDs)	are	ideally	unique,	stable	names	or	
numbers	that	help	track	database	records	
–  E.g.	Social	Insurance	Number,	Entrez	Gene	ID	41232	

•  Gene	and	protein	informa6on	stored	in	many	databases	
–  à	Genes	have	many	IDs	

•  Records	for:	Gene,	DNA,	RNA,	Protein	
–  Important	to	recognize	the	correct	record	type	
–  E.g.	Entrez	Gene	records	don’t	store	sequence.	They	link	
to	DNA	regions,	RNA	transcripts	and	proteins.	



NCBI	
Database	
Links	

hmp://www.ncbi.nlm.nih.gov/Database/datamodel/data_nodes.swf	

NCBI:	
U.S.	Na6onal	Center	
for	Biotechnology	
Informa6on	
	
Part	of	Na6onal	
Library	of	Medicine	
(NLM)	



Common	Iden6fiers	
Species-specific	
HUGO	HGNC	BRCA2	
MGI	MGI:109337	
RGD	2219		
ZFIN	ZDB-GENE-060510-3		
FlyBase	CG9097		
WormBase	WBGene00002299	or	ZK1067.1		
SGD	S000002187	or	YDL029W	
Annota5ons	
InterPro	IPR015252	
OMIM	600185	
Pfam		PF09104	
Gene	Ontology	GO:0000724	
SNPs	rs28897757	
Experimental	Pla:orm	
Affymetrix	208368_3p_s_at	
Agilent	A_23_P99452	
CodeLink	GE60169	
Illumina	GI_4502450-S	

Gene	
Ensembl	ENSG00000139618	
Entrez	Gene	675	
Unigene	Hs.34012	
	
RNA	transcript	
GenBank	BC026160.1	
RefSeq	NM_000059	
Ensembl	ENST00000380152	
	
Protein	
Ensembl	ENSP00000369497	
RefSeq	NP_000050.2	
UniProt	BRCA2_HUMAN	or	
A1YBP1_HUMAN	
IPI	IPI00412408.1	
EMBL	AF309413		
PDB	1MIU	

Red	=	Recommended	



Iden6fier	Mapping	

•  So	many	IDs!	
– Mapping	(conversion)	is	a	headache	

•  Four	main	uses	
–  Searching	for	a	favorite	gene	name	
–  Link	to	related	resources	
–  Iden6fier	transla6on	

•  E.g.	Genes	to	proteins,	Entrez	Gene	to	Affy	
– Unifica6on	during	dataset	merging	

•  Equivalent	records	



ID	Mapping	Services	

•  Synergizer	
–  hmp://llama.med.harvard.edu/

synergizer/translate/	

•  Ensembl	BioMart	
–  hmp://www.ensembl.org	

•  UniProt	
–  hmp://www.uniprot.org/	



ID	Mapping	Challenges	
•  Avoid	errors:	map	IDs	correctly	
•  Gene	name	ambiguity	–	not	a	good	ID	

–  e.g.	FLJ92943,	LFS1,	TRP53,	p53	
–  Bemer	to	use	the	standard	gene	symbol:	TP53	

•  Excel	error-introduc6on	
– OCT4	is	changed	to	October-4	

•  Problems	reaching	100%	coverage	
–  E.g.	due	to	version	issues	
– Use	mul6ple	sources	to	increase	coverage	

Zeeberg	BR	et	al.	Mistaken	iden6fiers:	gene	name	errors	can	be	introduced	inadvertently	when	using	
Excel	in	bioinforma6cs	BMC	Bioinforma6cs.	2004	Jun	23;5:80	



Goals	
•  Pathway	and	gene	set	data	resources	

•  Gene	amributes	
•  Database	resources	

•  GO,	KeGG,	Wikipathways,	MsigDB	
•  Gene	iden6fiers	and	issues	with	mapping	

•  Differences	between	pathway	analysis	tools	
•  Self	contained	vs.	compe66ve	tests	
•  Cut-off	methods	vs.	global	methods	
•  Issues	with	mul6ple	tes6ng		
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Aims	of	Analysis	

•  Reminder:	The	aim	is	to	give	one	number	
(score,	p-value)	to	a	Gene	Set/Pathway	
– Are	many	genes	in	the	pathway	differen6ally	
expressed	(up-regulated/downregulated)?	

– Can	we	give	a	number	(p-value)	to	the	probability	
of	observing	these	changes	just	by	chance?	

– Similar	to	single	gene	analysis	sta6s6cal	
hypothesis	tes6ng	plays	an	important	role	



General	differences	between	analysis	tools	

•  Self	contained	vs	compe66ve	test	
–  The	dis6nc6on	between	“self-contained”	and	
“compe66ve”	methods	goes	back	to	Goeman	and	
Buehlman	(2007)	

–  A	self-contained	method	only	uses	the	values	for	the	
genes	of	a	gene	set	

•  The	null	hypothesis	here	is:	H	=	{“No	genes	in	the	Gene	Set	are	
differen6ally	expressed”}	

–  A	compe66ve	method	compares	the	genes	within	the	
gene	set	with	the	other	genes	on	the	arrays	

•  Here	we	test	against	H:	{“The	genes	in	the	Gene	Set	are	not	more	
differen6ally	expressed	than	other	genes”}	

	



Example:	Analysis	for	the	GO-Term	
“inflammatory	response”	(GO:0006954)	



Back	to	the	Real	Data	Example	
	
•  Using	Bioconductor	sogware	we	can	find	96	probesets	
on	the	array	corresponding	to	this	term	

•  8	out	of	these	have	a	p-value	<	5%	

•  How	many	significant	genes	would	we	expect	by	
chance?	

•  Depends	on	how	we	define	“by	chance”	



The	“self-contained”	version	

•  By	chance	(i.e.	if	it	is	NOT	differen6ally	
expressed)	a	gene	should	be	significant	with	a	
probability	of	5%	

•  We	would	expect	96	x	5%	=	4.8	significant	genes	

•  Using	the	binomial	distribu6on	we	can	calculate	
the	probability	of	observing	8	or	more	significant	
genes	as	p	=	10.8%,	i.e.	not	quite	significant	



The	“compe66ve”	version	

•  Overall	1272	out	of	12639	
genes	are	significant	in	this	
data	set	(10.1%)	

•  If	we	randomly	pick	96	genes	
we	would	expect	96	x	10.1%	=	
9.7	genes	to	be	significant	“by	
chance”	

•  A	p-value	can	be	calculated	
based	on	the	2x2	table	

•  Tests	for	associa6on:	Chi-
Square-Test	or	Fisher’s	exact	
test	

In GS Not in GS
sig 8 1264

non-sig 88 11 279

P-value	from	Fisher’s	exact	test	(one-
sided):	73.3%,	i.e	very	far	from	being	
significant	



Compe66ve	Tests	
•  Compe66ve	results	depend	highly	on	how	many	genes	are	on	

the	array	and	previous	filtering	
–  On	a	small	targeted	array	where	all	genes	are	changed,	a	compe66ve	

method	might	detect	no	differen6al	Gene	Sets	at	all	

•  Compe66ve	tests	can	also	be	used	with	small	sample	sizes,	
even	for	n=1	
–  BUT:	The	result	gives	no	indica6on	of	whether	it	holds	for	a	wider	

popula6on	of	subjects,	the	p-value	concerns	a	popula6on	of	genes!	

•  Compe66ve	tests	typically	give	less	significant	results	than	
self-contained	(as	seen	with	the	example)	

•  Fisher’s	exact	test	(compe66ve)	is	probably	the	most	widely	
used	method!	



Cut-off	methods	vs	whole	gene	list	methods	

•  A	problem	with	both	tests	discussed	so	far	is,	that	
they	rely	on	an	arbitrary	cut-off	

•  If	we	call	a	gene	significant	for	10%	p-value	threshold	
the	results	will	change		
–  In	our	example	the	binomial	test	yields	p=	2.2%,	i.e.	for	
this	cut-off	the	result	is	significant!	

•  We	also	lose	informa6on	by	reducing	a	p-value	to	a	
binary	(“significant”,	“non-significant”)	variable	
–  It	should	make	a	difference,	whether	the	non-significant	
genes	in	the	set	are	nearly	significant	or	completely	
unsignificant	



P-value histogram for inflammation genes
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• 	We	can	study	the	distribu6on	
of	the	p-values	in	the	gene	set	

• 	If	no	genes	are	differen6ally	
expressed	this	should	be	a	
uniform	distribu6on	

• 	A	peak	on	the	leg	indicates,	
that	some	genes	are	
differen6ally	expressed	

• 	We	can	test	this	for	example	
by	using	the	Kolmogorov-
Smirnov-Test	

• 	Here	p	=	8.2%,	i.e.	not	quite	
significant	

• This	would	be	a	“self-
contained”	test,	as	only	the	
genes	in	the	gene	set	are	being	
used	



Kolmogorov-Smirnov	Test	

•  The	KS-test	compares	
an	observed	with	an	
expected	cumula6ve	
distribu6on	

•  The	KS-sta6s6c	is	given	
by	the	maximum	
devia6on	between	the	
two	
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Histogram of the ranks of p-values for inflammation genes
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• 	Alterna6vely	we	could	look	at	
the	distribu6on	of	the	RANKS	of	
the	p-values	in	our	gene	set	

• 	This	would	be	a	compe66ve	
method,	i.e	we	compare	our	
gene	set	with	the	other	genes	

• 	Again	one	can	use	the	
Kolmogorov-Smirnov	test	to	test	
for	uniformity	

• 	Here:	p=	85.1%,	i.e.	very	far	
from	significance	



Other	general	issues	
•  Direc6on	of	change	

–  In	our	example	we	didn’t	differen6ate	between	up	or	down-regulated	
genes	

–  That	can	be	achieved	by	repea6ng	the	analysis	for	p-values	from	one-
sided	test	

•  Eg.	we	could	find	GO-Terms	that	are	significantly	up-regulated	
–  With	most	sogware	both	approaches	are	possible	

•  Mul6ple	Tes6ng	
–  As	we	are	tes6ng	many	Gene	Sets,	we	expect	some	significant	findings	

“by	chance”	(false	posi6ves)	
–  Controlling	the	false	discovery	rate	is	tricky:	The	gene	sets	do	overlap,	

so	they	will	not	be	independent!	
•  Even	more	tricky	in	GO	analysis	where	certain	GO	terms	are	subset	of	
others	

–  The	Bonferroni-Method	is	most	conserva6ve,	but	always	works!	

	



•  Resampling	strategies	(dependence	between	
genes)	
– The	methods	we	used	so	far	in	our	example	
assume	that	genes	are	independent	of	each	
other…if	this	is	violated	the	p-values	are	incorrect	

– Resampling	of	group/phenotype	labels	can	correct	
for	this	

– We	give	an	example	for	our	data	set	

Mul6ple	Tes6ng	for	Pathways	



Example	Resampling	Approach	
1.  Calculate	the	test	sta6s6c,	e.g.	the	percentage	of	significant	

genes	in	the	Gene	Set	

2.  Randomly	re-shuffle	the	group	labels	(lean,	obese)	between	
the	samples	

3.  Repeat	the	analysis	for	the	re-shuffled	data	set	and	
calculate	a	re-shuffled	version	of	the	test	sta6s6c	

4.  Repeat	2	and	3	many	6mes	(thousands…)	

5.  We	obtain	a	distribu6on	of	re-shuffled	%	of	significant	
genes:	the	percentage	of	re-shuffled	values	that	are	larger	
than	the	one	observed	in	1	is	our	p-value	



•  The	reshuffling	takes	gene	to	gene	correla6ons	into	
account	

•  Many	programs	also	offer	to	resample	the	genes:	
This	does	NOT	take	correla6ons	into	account	

•  Roughly	speaking:	
–  Resampling	phenotypes:	corresponds	to	self-contained	
test	

–  Resampling	genes:	corresponds	to	compe66ve	test	

Resampling	Approach	



	
•  Genes	being	present	more	than	once	

–  Common	approaches	
•  Combine	duplicates	(average,	median,	maximum,…)	
•  Ignore	(i.e	treat	duplicates	like	different	genes)	

•  Using	summary	sta6s6cs	vs	using	all	data	
–  Our	examples	used	p-values	as	data	summaries	
–  Other	approaches	use	fold-changes,	signal	to	noise	ra6os,	
etc…	

–  Some	methods	are	based	on	the	original	data	for	the	
genes	in	the	gene	set	rather	than	on	a	summary	sta6s6c	

Resampling	Approaches	



Resampling	Approaches	

•  The	resampling	approaches	are	highly	
computa6onally	intensive	

•  New	methods	are	being	developed	to	speed	
this	up	
– Empirical	approxima6ons	of	permuta6ons	
– Empirical	pathway	analysis,	without	permuta6on.	

•  Zhou	YH,	Barry	WT,	Wright	FA.Biosta6s6cs.	2013	Jul;
14(3):573-85.	doi:	10.1093/biosta6s6cs/kxt004.	Epub	
2013	Feb	20.	



Summary	

•  Databases	
•  Choice	makes	a	difference	
•  Not	all	use	the	same	IDs	–	watch	out	J	
•  Major	differences	between	methods	
•  Issues	with	mul6ple	tes6ng	

•  Next	lecture,	will	go	into	more	detail	on	a	few	
methods	



Ques6ons?	


