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Schedule	
•  9:00		-	10:30					
•  Over-representation	analysis	
•  Exercise	
•  10:30ish				 	break	
•  10:50		-	12:30					
•  Method	of	gene	set	enrichment	analysis	
•  Exercise	
•  12:30ish		-	13:30	 		lunch	break	
•  13:30		-	15:30				
•  Visualization	of	enrichment	results	
•  Exercise	
•  15:30ish		-	15:50			break	
•  15:50		-	16:50			
•  Ontologies	and	sources	of	gene	sets	
•  Exercise	
•  16:50		-		17:00				Feedback	and	end	of	day	



The	Translational	Data	Science	group	

	
Domains	of	activity:	
Core	facility	and	competence	center,	Biostatistics,	Infectious	diseases,	Machine	learning,	
Mathematical	modeling,	Next	generation	sequencing,	Oncology,	Personalized	medicine,	Single-cell	
biology,	Transcriptomics,	Vaccines	
For	core	facility	service	inquiry:	nadine.fournier@sib.swiss	
	
	https://agora-cancer.ch/scientific-platforms/translational-data-science-facility/	
	https://www.sib.swiss/raphael-gottardo-group	

	

Our	group	provides	the	statistics,	bioinformatics	and	
computational	expertise	to	molecular	biology	and	
applied	research	labs.	We	are	part	of	the	Swiss	
Institute	of	Bioinformatics	and	are	physically	located	in	
the	AGORA	Cancer	Research	Center	in	Lausanne.	
We	actively	participate	in	fundamental	and	
translational	research	by	providing	expertise	in	data	
analysis	of	single-cell	and	bulk	multi-omics,	spatial	
transcriptomics,	flow	cytometry	and	various	other	
sequencing	and	proteomics	technologies.		
	



Tell	us	about	yourself	!	

•  What	organism	are	you	working	on?	What	type	of	
data	are	you	analyzing?	

•  Write	your	name	and	some	keywords	about	yourself	
and/or	your	research	into	the	Google	doc,	to	share	
about	yourself.	

Photo	by	Scott	Graham,	Unsplash	Photo	by	National	Cancer	Institute,	Unsplash	



Course	material	
•  https://sib-swiss.github.io/enrichment-analysis-training/	
	
	
	
	
	
	
	
	
•  Feedback:	survey	at	the	end	of	the	day	about	your	opinion	on	

this	course	(link	sent	by	course	organizer).	



Credits:	0.25	ECTS	

•  Please	provide	answers	and	R	code	for	an	
additional	exercise	(eg	1	Word	with	answers	and	figures	
and	1	script	file,	or	1	file	generated	using	Rmarkdown)	

https://sib-swiss.github.io/enrichment-analysis-training/exercises/
#extra-exercise-for-ects-credits	

•  Sign	up	for	credit	by	adding	your	name	to	the	
google	Doc	file	(email	sent	by	course	organizer)	

•  	Send	answers	to	tania.wyss@sib.swiss	within	1	
week	



Questions	and	Exercises	
•  Feel	free	to	interrupt	with	questions	by	asking	them	
directly	or	raising	your	(virtual)	hand.	

•  Use	the	Q&A	in	google	Doc	(or	Zoom	chat),	we	will	
provide	answers	

•  Add	a											when	you	are	done	with	the	current	
exercise	

•  Exercises	in	R:	
– We	will	try	to	debug	as	much	as	possible	
– We	are	happy	if	you	share	your	results	or	alternative	
code!	



Why	do	we	perform	enrichment	
analysis?	

•  Gene	expression	analysis	
yields	hundreds	to	
thousands	of	significant	
genes	
– We	need	to	summarize	
the	information	provided	
by	so	many	genes	

– Understand	their	
biological	relationships	

IVY	GAP:	https://glioblastoma.alleninstitute.org/	
	



Typical	RNA	sequencing	analysis	workflow	

fastq	file:	

Filter	quality	
Align	to	ref.	genome		

count	reads		
per	gene	

Downstream	
statistical	analysis:	

R:	import	
counts	table	



•  Comparing	2	groups:	
		 	For	each	gene	i,	is	there	a	difference	in	expression	between	control	and	

	patients?	

•  Fold	change	in	genomics:	
	log2	of	ratios	=	log	fold	change	

log(πi1/πi2) = log(πi1)	- log(πi2)	

Differential	gene	expression	
analysis	

healthy		
donors	 patients	
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•  Use	statistics	to	compare	2	groups:	
		 	For	each	gene	i,	is	there	a	significant	difference	in	mean	expression	

	between	control	and	patients?	

•  T-test:	
H0:	Healthy	donors	and	patients	have		
similar	gene	I	expression	
						H0i	:	πi1	=	πi2	
H1:	Healthy	donors	and	patients	don’t	
	have	a	similar	gene	i	expression	

	H1i	:	πi1	≠	πi2	

Differential	gene	expression	
analysis	

healthy		
donors	 patients	



T-test	in	R	

sort	based	
on	T-statistic	



What	does	p	<	0.05	mean?	
•  It	implies	that	it	is	acceptable	to	have	a	5%	probability	to	

incorrectly	reject	the	null	hypothesis	while	it	is	correct.	
•  It	means	that	if	we	repeat	an	experiment	20	times,	we	would	

reject	the	null	hypothesis	once	because	of	random	error.	
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P-value	adjustment:	what	is	it?	

Cartoon:	https://xkcd.com/882/	
Paper	on	p-value	adjustment:	https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6099145/	

Photo	by	Patrick	Fore	on	Unsplash	





Methods	of	p-value	adjustment	

•  Bonferroni:	the	alpha	level	is	
divided	by	the	total	number	
of	tests	

•  if	we	run	k=20	tests:	
		0.05/k	=	0.05/20=0.0025	
	
Good	for	small	number	of	tests	
but	too	conservative	for	
thousands	of	genes	

•  Benjamini-Hochberg	procedure	
(BH,	decreases	the		FDR)	

•  Rank	the	p-values	from	smallest	
to	largest,	adjust	less	and	less	as	
the	p-values	get	larger:	
	p-value1*(n/1)	
	p-value2*(n/2)	
	…	

						p-valuek*(n/k)	=	p-valuek*1	
n=	total	number	of	p-values	(genes)	
k=	rank	number	of	each	p-value	
	
	
	

https://www.youtube.com/watch?v=rZKa4tW2NKs	
	
	



Differential	gene	expression	
analysis	using	R	

•  Bioconductor	
https://bioconductor.org/	
	
•  Several	packages	:	

–  limma:	t-test	
–  DESeq2:	Wald	test	
–  edgeR:	exact	test		

	
	
	

healthy		
donors	 patients	



Once	we	have	identified	DE	genes,	
what	do	we	do?	

Goal:	to	gain	biologically-
meaningful	insights	from	
long	gene	lists	

–  test	if	differentially	expressed	
genes	are	enriched	in	genes	
associated	with	a	particular	
function	

–  approaches:	test	a	small	
number	of	gene	sets,	or	a	
large	collection	of	gene	sets	

RNA	sequencing	pipeline	

Differential	expression		
analysis	

Enrichment	analysis	

Several	methods	available,	e.g.:	
-  over-representation	analys<is	(ORA)	
-  gene	set	enrichment	analysis	(GSEA)	



Are	the	genes	belonging	to	the	
blue	set	differentially	expressed?	

healthy		
donors	 patients	
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sort	based	
on	T-statistic	
and	count	

significant	genes	
based	on	p-value	

U
p-
re
gu
la
te
d	
	

&
	p
<0
.0
5	



Fisher’s	exact	test	

H0:	The	proportion	of	blue	genes	differentially	expressed	is	the	same	as	the	
proportion	of	blue	genes	that	are	not	differentially	expressed.	
	
H1:	The	proportion	of	blue	genes	differentially	expressed	is	not	the	same	as	the	
proportion	of	blue	genes	that	are	not	differentially	expressed.	

contingency	table	

http://mengnote.blogspot.com/2012/12/calculate-correct-hypergeometric-p.html	
	



Fisher’s	exact	test	in	R	

2/7	=		
0.29	

3/15	=		
0.20	



Which	gene	sets	are	differentially	
expressed?	

Run	individual	Fisher’s	
exact	tests	for	each	gene	
set,	blue,	pink,	purple,	
green	
	
⇒ Multiple	tests	need	p-
value	adjustment.	
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Enrichment	analysis	using	R:	one	possibility	among	others	

Built-in	functions	for	enrichment	analysis	
Built-in	gene	sets	for	human,	mouse,	yeast,	etc	
Built-in	GO	and	KEGG	(see	later)	
•  https://bioconductor.org/packages/release/bioc/html/clusterProfiler.html	
•  G	Yu,	LG	Wang,	Y	Han,	QY	He.	clusterProfiler:	an	R	package	for	comparing	biological	themes	among	gene	clusters.	OMICS:	A	Journal	of	Integrative	

Biology	2012,	16(5):284-287.	doi:[10.1089/omi.2011.0118](http://dx.doi.org/10.1089/omi.2011.0118)	
•  Full	vignette:	http://yulab-smu.top/clusterProfiler-book/	



Functions	for	Fisher	test	and	for	ORA	with	
R	and	clusterProfiler	

enricher():	implementation	of	hypergeometric	test	(one-sided	Fisher	test)	
for	user	defined	gene	list	and	gene	set	annotations		(package	clusterProfiler)			

Fisher	exact	test	(package	stats)	

Eg	genes	that	are	markers	of	cell		
clusters	of	single-cell	RNA	seq	



RStudio	tour	



Recap	and	exercise	1	
•  Once	we	have	identified	differentially	expressed	(DE)	genes,	we	can	use	

an	over-representation	analysis	to	determine	whether	or	not	the	genes	of	
a	gene	set	of	interest	are	over-represented	among	the	DE	genes	or	not.	

	
•  Exercise	1:		
•  Results	table	of	differential	gene	expression	analysis	between	2	human	

immune	cell	types,	natural	killer	(NK)	cells	and	CD4	T	helper	cells	(Th):	

•  Run	a	Fisher’s	exact	test	to	determine	whether	genes	involved	in	the	
adaptive	immune	response	are	over-represented	among	the	genes	up-
regulated	in	Th	cells.	
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RNA	sequencing	data	from:	
https://jlb.onlinelibrary.wiley.com/doi/full/10.1002/JLB.5MA0120-209R?af=R	
https://ashpublications.org/bloodadvances/article/3/22/3674/428873/CD56-as-a-marker-of-an-ILC1-like-population-with	

NK	 Th	

Positive	logFC	=	higher	in	NK	
Negative	logFC	=	lower	in	NK	

Innate	immunity	 Adaptive	immunity	



Fisher’s	exact	test	is	threshold-based	

Contingency	table	with	count	of	genes,	
without	taking	into	account	the	magnitude	
of	the	change	of	each	gene.	

http://mengnote.blogspot.com/2012/12/calculate-correct-hypergeometric-p.html	
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Gene	set	enrichment	analysis	
(GSEA)	

•  Threshold-free:	the	whole	list	of	genes	detected	in	the	RNA	
sequencing	experiment	is	used.	

•  GSEA	is	a	computational	method	that	determines	whether	an	
a	priori	defined	set	of	genes	shows	statistically	significant,	
concordant	differences	between	two	biological	states	
(MSigDB)	

•  Rank	all	genes	based	on	score	(eg	t-statistic)	and	calculate	an	
enrichment	score	(ES)	that	reflects	the	degree	to	which	the	
members	of	a	gene	set	are	overrepresented	at	the	top	or	
bottom	of	the	ranked	genes.	

Subramanian	et	al	PNAS	2005.	Gene	set	enrichment	analysis:	A	knowledge-based	approach	for	interpreting	genome-wide	expression	profiles		



Method	of	GSEA	

1.  Sort	the	genes	based	on	
the	t	statistic	(=weight)		

1.		

1.		

-15							0						+15	
					t		statistic	
	

1.		

Goal:	determine	whether	the	members	of	a	gene	set	S	are	
randomly	distributed	throughout	a	ranked	gene	list	or	if	they	
are	located	at	the	top	or	bottom	of	the	ranked	gene	lists	

Subramanian	et	al	PNAS	2005.	Gene	set	enrichment	analysis:	A	knowledge-based	approach	for	interpreting	genome-wide	expression	profiles		



Method	of	GSEA	

1.  Sort	the	genes	based	on	the	t	statistic	(=weight)		
2.  Calculate	enrichment	score	ES	using	weight.	The	ES	for	a	set	is	the	maximum	

value	reached	(pos.	or	neg.)	

1.		 1.		
1.		 1.		

For	ES	equation,	see	Appendix	in	Subramanian	et	al	2005:	https://www.pnas.org/doi/epdf/10.1073/pnas.0506580102	
	



Method	of	GSEA	
1.  Sort	the	genes	based	on	the	t	statistic	(=weight)		
2.  Calculate	enrichment	score	ES	using	weight.	The	ES	for	a	set	is	the	maximum	value	reached	(pos.	or	neg.)	
3.  Perform	permutations	of	samples	and/or	genes	to	recalculate	random	ES	scores	
4.  Calculate	Normalized	ES	(NES)	and	estimate	p-value	of	each	gene	set	based	on	randomized	ES	scores	
5.  Adjust	p-value	

NES:	1	
p:	0.5		

NES:	1.16	
p:	0.05	

NES:	1.32	
p:	0.001	

Do	not	forget	p-value	
adjustment	if	more	than	1	
gene	set	is	tested!	
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Apply	GSEA	to	any	type	of	data	or	score	

•  Use	t-statistic	from	paired	t-test	
•  Use	F	statistic	of	one	way	or	two	way	ANOVA	
•  Use	coefficients	or	p-value	of	linear	model	

coagulation	
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GSEA	for	linear	model	
implemented	in	romer()	
function	of	the	limma	
package	



Functions	for	GSEA	with	clusterProfiler	
gseGO():	GSEA	of	GO	gene	sets	using		

all	ranked	genes	
GSEA():	GSEA	of	user-defined	gene	sets	using	

all	ranked	genes	

TERM2GENE:	



Recap	and	exercise	2	

•  Fisher	test	is	a	threshold-based	method,	while	GSEA	is	a	
threshold-free	enrichment	method.	Both	can	be	used	for	
single	or	multiple	gene	sets.	

	
•  Exercise	2:	use	functions	of	clusterProfiler	and	data	provided	in	Ex.	1	

-  Run	a	GSEA	for	the	Gene	Ontology	gene	sets	(more	details	on	this	collection	later)	
-  Explore	the	results:	how	many	gene	sets	are	significant?	Are	the	gene	sets	up-regulated	

or	down-regulated	in	NK	cells?	



How	to	show	the	results	of	an	
enrichment	analysis?	

Zielniok	et	al	2021	
Int.	J.	Mol.	Sci.	2021,	22(15),	8160;	https://doi.org/10.3390/ijms22158160		

	



Visualizations	available	in	clusterProfiler	
•  barcode	plot	 gseaplot(h_NK_vs_Th, geneSetID = 

“BREAST", title=" BREAST") 



Visualizations	available	in	clusterProfiler	

•  barplot	
ego	<-	enrichGO(de,	OrgDb='org.Hs.eg.db',	ont="BP",	keyType	=	"SYMBOL")	
barplot(ego,	showCategory=20)	



•  dotplot	
ego <- enrichGO(de)	
dotplot(ego, showCategory=20)		

Visualizations	available	in	clusterProfiler	



•  Gene-concept	network	

Visualizations	available	in	clusterProfiler	
cnetplot(edox, categorySize="pvalue", foldChange=geneList)	



•  Enrichment	map	

Visualizations	available	in	clusterProfiler	

ego <- enrichGO(de)	
emapplot(ego)		



•  Ridgeplot	

Visualizations	available	in	clusterProfiler	
ego <- gseGO(de) 
ridgeplot(ego) 



Recap	and	Exercise	3	

Several	visualization	methods	can	be	used	to	represent	
the	results,	either	for	single	gene	sets	(barcode	plot)	or	
for	several	gene	sets	(barplots,	etc).	

	
Exercise	3:	Create	figures	for	the	enrichment	results:	
•  barplot	of	–log10(p-value)	of	the	p-values	of	the	top	10	GO	gene	sets,	or	of	

positive	and	negative	NES	values	
•  Enrichment	maps,	gene-concept	networks,	ridge	plots,	etc		



What	is	a	gene	set?	

•  Genes	working	together	in	a	pathway	(e.g.	energy	release	
through	Krebs	cycle)	

•  Genes	located	in	the	same	compartment	in	a	cell	(e.g.	all	
proteins	located	in	the	cell	nucleus)	

•  Proteins	that	are	all	regulated	by	a	same	transcription	factor	
•  Custom	gene	list	that	comes	from	a	publication	and	that	are	

down-regulated	in	a	mutant	
•  List	of	SNPs	associated	with	a	disease	
•  …	etc!	
•  Several	gene	sets	are	grouped	into	Knowledge	bases	
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Gene	ontology	

•  http://geneontology.org/	
Collaborative	effort	to	address	the	need	for	
consistent	descriptions	of	gene	products	
across	databases	
•	GO	Consortium:	develop	a	comprehensive,	
computational	model	of	biological	systems,	
ranging	from	the	molecular	to	the	organism	
level,	across	the	multiplicity	of	species	in	the	
tree	of	life	
•	GO	terms	=	GO	categorizations	
•	GO	term:	each	with	a	name	(DNA	repair)	and	
a	unique	accession	number	(GO:0005125)	
	
The	Gene	Ontology	(GO)	knowledgebase	is	the	world’s	largest	
source	of	information	on	the	functions	of	genes.	

Not	covered	today:	SetRank	(cran),	GOSemSim	(bioconductor),	Revigo	(http://revigo.irb.hr/)	



Gene	ontology	
GO	ontologies:	GO	terms	organized	in	3	independent	controlled	
vocabularies	
•	Molecular	function:	represents	the	biochemical	activity	of	the	gene	
product,	such	activities	could	include	"ligand",	"GTPase”,	and	"transporter".	
•	Cellular	component:	refers	to	the	location	in	the	cell	of	the	gene	product.	
Cellular	components	could	include	"nucleus”,	"lysosome",	and	"plasma	
membrane”.	
•	Biological	process:	refers	to	the	biological	role	involving	the	gene	or	gene	
product,	and	could	include	"transcription",	"signal	transduction",	and	
"apoptosis".	A	biological	process	generally	involves	a	chemical	or	physical	
change	of	the	starting	material	or	input.	



KEGG	
https://www.genome.jp/kegg/pathway.html	
Bi-directional	eg	mTOR	signaling	
	



Visualizations	available	-	pathview	package	
	

hsa04110	<-	pathview(gene.data	=	geneList,	pathway.id	=	"hsa04110",	species	=	"hsa",	
limit	=	list(gene=max(abs(geneList)),	cpd=1))	



Reactome	 https://reactome.org/	
	



MSigDB	
https://www.gsea-msigdb.org/gsea/msigdb/index.jsp	
	

The	Hallmark	collection:	
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4707969/	
	

Download	gmt	files	with	version	number:	
https://www.gsea-msigdb.org/gsea/downloads.jsp	
	



WikiPathways	
https://www.wikipathways.org/index.php/WikiPathways	
	



GSEA	of	other	gene	sets	in	R	
ClusterProfiler:	GSEA	for	KEGG	pathways	

Import	a	.gmt	file	of	gene	sets	and	convert	to	format	needed	for	clusterProfiler	

conversion	of	gene	ID	types	with	clusterProfiler	(or	biomaRt	package)	

biomaRt:	https://bioconductor.org/packages/release/bioc/html/biomaRt.html	



Recap	and	exercise	4	

•  We	have	seen	how	to	perform	GSEA	using	the	built-in	GO	
gene	sets.	Please	perform	GSEA	with	the	built-in	KEGG	
pathways,	as	well	as	with	the	hallmark	gene	sets	obtained	
from	MSigDB.	

	
•  Exercise	4:	use	functions	of	clusterProfiler	and	data	provided	in	Ex.	1,	and	

hallmark	gene	sets	downloaded	from	MSigDB	
-  First	convert	the	gene	symbols	to	EntrezID	to	perform	a	GSEA	of	KEGG	pathways	(with	

argument	minGSSize=30).		
-  Explore	the	results.		Is	there	a	KEGG	immune-related	gene	set	coming	up?	Is	there	a	

KEGG	Natural	killer	gene	set	coming	up?	
-  Import	the	hallmark	gene	sets	and	run	a	GSEA.	How	many	significant	gene	sets	are	

there?	

	



Functional	analysis	



Signaling	pathway	impact	analysis	(SPIA)		
Identification	of	dys-regulated	pathways:	taking	into	
account	gene	interaction	information	+	fold	changes	and	
adjusted	p-values	from	differential	expression	analysis	

https://bioconductor.org/packages/release/
bioc/html/SPIA.html	

Functional	analysis:	Pathway	topology	tools	



Single-sample	gene	set	variation	analysis	

https://www.jci.org/articles/view/129558	
	

GSVA:	
https://bioconductor.org/packages/release/bioc/html/GSVA.html	
	



Credits:	0.25	ECTS	

•  Please	provide	answers	and	R	code	for	an	
additional	exercise	(eg	1	Word	with	answers	and	figures	
and	1	script	file,	or	1	file	generated	from	Rmarkdown)	

https://sib-swiss.github.io/enrichment-analysis-training/exercises/
#extra-exercise-for-ects-credits	

•  Sign	up	for	credit	by	adding	your	name	to	the	
google	Doc	file	(email	sent	by	course	organizer)	

•  	Send	answers	to	tania.wyss@sib.swiss	within	1	
week	



Thank	you	for	your	attention!	
	
	
	
	

Please	fill	in	the	feedback	sent	by	the	course	
organizer.	

	
We	thank	Isabelle	Dupanloup	and		Linda	Dib	for	

providing	course	material	


