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Overview

ÁMotivation

ÁKnowledgebases of Gene Sets

ÁPrinciples of Gene Set Analysis (GSA)

ïStatistics for over-representation

ïMultiple test correction

ÁGarnet Application



Credits

ÁCanadian Bioinformatics Workshops

ïwww.bioinformatics.ca

ÁInterpreting genes from OMICS studies

ï4 modules by Gary Bader, Quaid Morris, and 

Wyeth Wasserman

ïppt, pdf, VOD files available

http://www.bioinformatics.ca/


Module 1: Gene List/Network Intro

Interpreting Gene Lists

ÅMy cool new screen worked and 

produced 1000 hits!  éNow what?

ÅGenome-Scale Analysis (Omics)

ïGenomics, Proteomics

GenMAPP.org

?

Ranking or

clustering



Module 1: Gene List/Network Intro

Cardiomyopathy: Downregulated Genes

GenMAPP.org



Module 1: Gene List/Network Intro

Cardiomyopathy: Downregulated Genes

GenMAPP.orgFatty Acid Degradation?

Other pathways / processes?

Anecdote vs. significance?



Module 1: Gene List/Network Intro

Interpreting Gene Lists

ÅMy cool new screen worked and 

produced 1000 hits!  éNow what?

ÅGenome-Scale Analysis (Omics)

ïGenomics, Proteomics

Ranking or

clustering

Eureka! New

heart disease

gene!
Prior knowledge about 

cellular processes

Analysis 

tools



Module 1: Gene List/Network Intro

Where Do Gene Lists Come From?

ÅMolecular profiling e.g. mRNA, protein

ïIdentification Ą Gene list

ïQuantification Ą Gene list + values

ïRanking, Clustering (biostatistics)

ÅInteractions: Protein interactions, 

Transcription factor binding sites (ChIP)

ÅGenetic screen e.g. of knock out library

ÅAssociation studies (Genome-wide)

ïSingle nucleotide polymorphisms (SNPs)

ïCopy number variants (CNVs) Other

examples?



Module 1: Gene List/Network Intro

Overview

ÅMotivation

ÅKnowledgebases of Gene Sets

ÅPrinciples of Gene Set Analysis (GSA)

ïStatistics for over-representation

ïMultiple test correction

ÅGarnet Application



Module 1: Gene List/Network Intro

Gene Attributes
ÅAvailable in databases

ÅFunction annotation

ïBiological process, molecular function, cell location

ÅChromosome position

ÅDisease association

ÅDNA properties

ïTF binding sites, gene structure (intron/exon), SNPs

ÅTranscript properties

ïSplicing, 3ô UTR, microRNA binding sites

ÅProtein properties

ïDomains, secondary and tertiary structure, PTM sites

ÅInteractions with other genes (PPIs, regulations, pathways)



Module 1: Gene List/Network Intro

What is the Gene Ontology (GO)?

ÅSet of biological phrases (terms) which 

are applied to genes:

ïprotein kinase

ïapoptosis

ïmembrane

ÅOntology: A formal system for 

describing knowledge

www.geneontology.org

Jane Lomax @ EBI



Module 1: Gene List/Network Intro

GO Structure

ÅTerms are related 

within a hierarchy

ïis-a

ïpart-of

ÅDescribes multiple 

levels of detail of 

gene function

ÅTerms can have 

more than one 

parent or child



Module 1: Gene List/Network Intro

What GO Covers?

ÅGO terms divided into three aspects:

ïcellular component

ïmolecular function

ïbiological process

glucose-6-phosphate 

isomerase activity

Cell division



Module 1: Gene List/Network Intro

Terms
ÅWhere do GO terms come from?

ïGO terms are added by editors at EBI and 

gene annotation database groups

ïTerms added by request

ïExperts help with major development

ï27734 terms, 98.9% with definitions.

Å16731 biological_process

Å2385 cellular_component

Å8618 molecular_function

ÅAs of July 6, 2009



Module 1: Gene List/Network Intro

ÅGenes are linked, or associated, with 

GO terms by trained curators at 

genome databases

ïKnown as ógene associationsô or GO 

annotations

ïMultiple annotations per gene 

ÅSome GO annotations created 

automatically

Annotations



Module 1: Gene List/Network Intro

Annotation Sources/Types

ÅManual annotation

ïCreated by scientific curators

ÅHigh quality

ÅSmall number (time-consuming to create)

ÅElectronic annotation (IEA)

ïAnnotation derived without human validation

ÅComputational predictions (accuracy varies)

ÅLower óqualityô than manual codes

ÅKey point: be aware of annotation origin 



Module 1: Gene List/Network Intro

GO Slim Sets

ÅGO has too many terms for some uses

ïSummaries (e.g. Pie charts)

ÅGO Slim is an official reduced set of GO 

terms

ïGeneric, plant, yeast

Crockett DK et al. Lab Invest. 2005 
Nov;85(11):1405 - 15



Module 1: Gene List/Network Intro

Accessing GO: QuickGO

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



Module 1: Gene List/Network Intro

Other Ontologies: EBIôs OLS

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



Module 1: Gene List/Network Intro

Gene Attributes
ÅFunction annotation

ïBiological process, molecular function, cell location

ÅChromosome position

ÅDisease association

ÅDNA properties

ïTF binding sites, gene structure (intron/exon), SNPs

ÅTranscript properties

ïSplicing, 3ô UTR, microRNA binding sites

ÅProtein properties

ïDomains, secondary and tertiary structure, PTM sites

ÅInteractions with other genes (PPIs, regulations, pathways)



Module 1: Gene List/Network Intro

Sources of Gene Attributes

ÅEnsembl BioMart (eukaryotes)

ïhttp://www.ensembl.org

ÅEntrez Gene (general)

ÅModel organism databases

ïE.g. SGD, FlyBase, WormBase, MGI, etc.

ÅMany others according to subjects



Biological Networks

ÁPathways

ïSignaling: BioCarta, KEGG, é

ïMetabolic: Reactome, KEGG, é

ÁRegulatory networks

ïTranscription: TRANSFAC, Jaspar, é

ïMicroRNA: TarBase, é

ÁProtein-protein interactions: BIND, IntAct, é

ÁChemical-protein bindings: Stitch, DrugBank, é

ÁIntegration not trivial at all! Pathway Commons



Overview

ÅMotivation

ÅKnowledgebases of Gene Sets

ÅPrinciples of Gene Set Analysis (GSA)

ïStatistics for over-representation

ïMultiple test correction

ÅGarnet Application

ÅFurther Works on Integromics



Module 2: Analyzing Gene Lists

Over-representation analysis (ORA) 

in a nutshell

Å Given:

1. Gene list: e.g. RRP6, MRD1, RRP7, RRP43, RRP42 

(yeast), or Gene Scores:  RRP6 (4.0), MRD1 (3.0) etc

2. Gene annotations: e.g. Gene ontology, transcription 

factor binding sites in promoter

Å ORA Question: Are any of the gene annotations 

surprisingly enriched in the gene list?

Å Details:

ï How to assess ñsurprisinglyò (statistics)

ï How to correct for repeating the tests



Module 2:

Analyzing Gene Lists

«ÎØÍÊ×̃ØdÊÝÆÈÙdÙÊØÙ
a.k.a., the hypergeometric test

Background population:

500 black genes, 

5000 red genes

Gene list

RRP6

MRD1

RRP7

RRP43

RRP42

Formal question: What is the 

probability of finding 4 or more 

black genes in a random 

sample of 5 genes?



Module 2:

Analyzing Gene Lists

«ÎØÍÊ×̃ØdÊÝÆÈÙdÙÊØÙdÈÔÓÙr

Background population:

500 black genes, 

5000 red genes

Gene list

RRP6

MRD1

RRP7

RRP43

RRP42

P-value

Null distribution

Answer = 4.6 x 10-4



Module 2:

Analyzing Gene Lists

Important details

̋To test for under - enrichment ÔËd̆ÇÑÆÈÐ̇pdÙÊØÙd
for over - enrichment ÔËd̆×ÊÉ̇r

̋³ÊÊÉdÙÔdÈÍÔÔØÊd̆background population ̇d
appropriately, e.g., if only portion of the total 
gene complement is queried (or available for 
annotation), only use that population as 
background.

̋To test for enrichment of more than one 
independent types of annotation (red vs black 
and circle vs ØÖÚÆ×ÊmpdÆÕÕÑÞd«ÎØÍÊ×̃ØdÊÝÆÈÙdÙÊØÙd
separately for each type!



Module 2:

Analyzing Gene Lists

The good old T - test if gene 
scores are available
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Gene score distributions

Question: How likely are the 

observed differences between the 

two distributions due to chance?



Module 2:

Analyzing Gene Lists

ORA using the T - test

Gene score distributionsAnswer: Two-tailed T-test

Black:  N1=500

Red:   N2=4500

Mean:  m1 = 1.1  

Std:      s1 = 0.9

T-statistic =

Mean: m1 = 4.9  

Std:      s1 = 1.0
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= -88.5

Formal Question: What is the probability 

of observing the T-statistic or one more 

extreme if the means of the two 

distributions were the same?



Module 2:

Analyzing Gene Lists

ORA using the T - test

Gene score distributions

T-statistic =
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Formal Question: What is the probability 

of observing the T-statistic or one more 

extreme if the means of the two 

distributions were the same?



Module 2:

Analyzing Gene Lists

ORA with gene rankings

¼˾ÍÞdÈÆÓ̃Ùd®dÚØÊdÙÍÊd¹- test? 

W̋hen the scores do not have normal 
distribution

T˾he Wilcoxon - Mann- Whitney (WMW) 
test: a T - test on ranks

T˾he Kolmogorov - Smirnov (KS) test: 
testing for arbitrary differences 
between gene score distributions

G˾SEA: finding the 



Module 2:

Analyzing Gene Lists

Proper tests for different distributions
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Gene score Ą0

Gene scores are positive and 

have increasing density near 

zero, e.g. sequence counts
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Distributions with gene 

score outliers, or ñheavy-

tailedò distributions
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Bimodal ñtwo-bumpedò 

distributions.

WMW or K-S K-S only WMW or K-S

Recommended test:



A GSEA overview illustrating the method

Subramanian A. et.al. PNAS;2005;102:15545-15550

© 2005 by National Academy of Sciences



Module 2:

Analyzing Gene Lists

Correcting for multiple testing: 
overview

˾Why do we need to correct?  Winning the P -
value lottery.

˾Controlling the Family - wise Error Rate 
(FWER) with the Bonferroni - correction

˾Controlling the false - discovery rate (FDR): 
Benjamini - Hochberg, Storey - Tibshirani, Q -
values and all that



Module 2:

Analyzing Gene Lists

How to win the P - value lottery, part 1

Background population:

500 black genes, 

5000 red genes

Random draws

̌d{p|wxdÉ×ÆÜØdÑÆÙÊ×ď

Expect a random 
draw with observed 
enrichment once 
every 1 / P - value 
draws



Module 2:

Analyzing Gene Lists

How to win the P - value lottery, part 2
Keep the gene list the same, evaluate different annotations

Observed draw

RRP6
MRD1
RRP7
RRP43
RRP42

Different annotations

RRP6
MRD1
RRP7
RRP43
RRP42



Module 2:

Analyzing Gene Lists

ORA tests need correction

From the Gene Ontology website:

Current ontology statistics: 25206 terms

1̋4825 biological process

2̋101 cellular component

8̋280 molecular function



Module 2:

Analyzing Gene Lists

Two types of multiple test 
corrections

̋Controlling the Family - Wise Error Rate 
(FWER) controls the probability that any 
test is a false positive

̋Controlling the False Discovery Rate 
(FDR) controls the proportion of positive 
tests (i.e. rejections of the null 
hypothesis) that are false positives



Module 2:

Analyzing Gene Lists

Controlling Family - Wise Error Rate 
using the Bonferroni correction

If M = # of annotations tested :

Corrected P - value = M x original P -
value

Corrected P - value is greater than or equal to the 
probability that any single one of the observed enrichments 

could be due to random draws.  The jargon for this 
correction is ̆ÈÔÓÙ×ÔÑÑÎÓÌdËÔ×dÙÍÊdFamily - Wise Error Rate 

l«¼ª·ṁ



Module 2:

Analyzing Gene Lists

Bonferroni correction caveats

̋Bonferroni correction is very stringent 
ÆÓÉdÈÆÓd̆ÜÆØÍdÆÜÆÞ̇d×ÊÆÑdÊÓ×ÎÈÍÒÊÓÙØr

̋Often users are willing to accept a less 
ØÙ×ÎÓÌÊÓÙdÈÔÓÉÎÙÎÔÓpdÙÍÊd̆ËÆÑØÊdÉÎØÈÔÛÊ×Þd
×ÆÙÊ̇dl«©·mpdÜÍÎÈÍdÑÊÆÉØdÙÔdÆdÌÊÓÙÑÊ×d
correction when there are real 
enrichments.



Module 2:

Analyzing Gene Lists

False discovery rate (FDR)

̋FDR is the expected proportion of the 
observed enrichments that are due to 
random chance.

̋Compare to Bonferroni correction which is the 
probability that any one of the observed 
enrichments is due to random chance.



Module 2:

Analyzing Gene Lists

Benjamini - Hochberg (B - H) FDR

If ais the desired FDR (ie level of significance), then choose 
the corresponding cutoff for the original P - values as follows:

umd·ÆÓÐdÆÑÑd̆²̇dµ- values

P- value Rank

0.9
0.7
0.5

0.04
̌

0.005

1
2
3
4
̌
M

2) Test each P - value against 
q = ax (M - Rank+1) / M
e.g. Let M = 100, a = 0.05

q Is P- value < q?

0.05 X 1.00

0.05 x 0.99

0.05 X 0.98

0.05 x 0.97

...

0.05 x 0.01

No
No
No
Yes
̌
No

3) New P - value 
ÈÚÙÔËËpdÎrÊrd̆ȧ pdÎØd
lowest ranked 
P- value to pass 
the test.

P- value cutoff of 
0.04 ensures FDR 
< 0.05



45Module 2:

Analyzing Gene Lists

Reducing multiple test correction 
stringency

̋The correction to the P - value threshold a
depends on the # of tests that you do, so, 
no matter what, the more tests you do, 
the more sensitive the test needs to be

̋Can control the stringency by reducing 
the number of tests:  e.g. use GO slim or 
restrict testing to the appropriate GO 
annotations.
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Biological Interpretation

of Omics Data

Mechanistic
Understanding

Systems Medicine 
Development

Cancer Biomarker
Discovery

Drug

Disease

Genes with

Biological 
Networks

Gene
Drug

Disease

Integrated
Annotation

Gene

Protein

Metabolite

miRNAIntegrated
Biological
Networks

Grand Integration of Biological & Annotation Networks



Genomics

- sequencing

- SNP/CNV chip

Transcriptomics

- Microarrays

- NGS techniques

Proteomics

- 2D-GelïMALDI

- HPLCïMS/MS

Systems Biology

- Network analysis

- Integrated data

Gene Set(s)

So what?

Pathway Analysis

Gene Set Analysis Řthe first application

http://www.geospiza.com/finchtalk/uploaded_images/Data-summary-761081.png
http://www.bmi2.bmt.tue.nl/Biomedinf/People/Riel/Research/C&EN8120cover-WIRED Systems biology looks at the connections between components in cells.jpg
http://www.ctaalliance.org/MCBI/images/protein.jpg


DAVID Bioinformatics for GSA


