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Computational Biology @ UCT

DAY 1
Session 1 (9:30 - 12:30, 3h)
Bioinformatic tools for Functional Enrichment Analysis (FEA)

Session 2 (13:30 - 16:30, 3h)
Construction of gene functional networks

DAY2
Session 3 (9:30 - 12:30, 3h)
Protein interaction networks

Session 4 (13:30 - 16:30, 3h)
Construction and analysis of gene/protein networks

Dr. Javier De Las Rivas
Cancer Research Center (CiC-IBMCC, CSIC/USAL), Salamanca, Spain
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There are:

- A LOT OF biomolecular
databases/sources

- ALOT OF overlap of
information/redundancy
-ALOT OF TOOLS

large increase in the
"omics" era !l

Many biological data resources (= annotation spaces)

KEGG pathways

Protein
Structure Keywords
Swissprot Biocarta

pathways

Gene Ontology
Motifs

Biological Process .

Domains

Molecular Function
Cellular Component

Bioentities from

literature
Gene
Expression
Modules Regulatory elements
miRNA
CisRed

Reactome ) ;I'ranscrlptlogif::tor Binding
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Biological information and annotation spaces: dg 1
GO, KEGG, Interpro ;

3 orthogonal annotation spaces

Biological terms and definitions
Gene Ontology (GO) http:/mww.geneontology.org/

Biomolecular pathways and reactions
KEGG (pathways) http://www.genome.jp/kegg/

Biomolecular sequences and structure (domains, motifs)
InterPro (sequences & structure) htip://www.ebi.ac.uk/interpro/

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 6
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Biological information and annotation spaces: | * i

GO, KEGG, Interpro

Gene Ontology (GO) http://www.geneontology.org/

; tair

/GRAMENE

Y ANYIZYN

Gene Ontology widely adopted

&

~~ dictyBase

) The Wellcome Trust
Sanger Institute

4
AstraZeneca &

"

The Gene Ontology
project is a major
bioinformatics initiative
with the aim of
standardizing the
representation of gene
and gene product
attributes across
species and databases.

The project provides a
controlled vocabulary
of biological terms for
describing gene product
characteristics and
gene product annotation
data from GO Consortium
members, as well as
tools to access and
process this data.
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Biological information and annotation spaces:
GO, KEGG, Interpro

Gene Ontology (GO) http://www.geneontology.org/
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GO is organized in
3 independent hierarchies:

- Biological Process
Ontology (BP)

Biological and cellular processes

where a given gene or gene

product is involved.

 Molecular Function
Ontology (MF)

Molecular functions and activities

that a given gene or gene product

has.

« Cellular Component
Ontology (CC)

Place or part of the cell where a

given gene or gene product works
most of its time.
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Biological information and annotation spaces:
GO, KEGG, Interpro

Gene Ontology (GO) http://www.geneontology.org/

LR ——

- GO is organized in
== thé’ Gene Ontology 3 independent hierarchies:

—
Sy
o —

i molecular s - Biological Process
rocess function &
Gene P omponull Ontology (BP)

Ontologies v
org mc.lk cell
developmem { p Example, search for:

bmdlm transcription intracellular "NOTCH" or "NOTCH Slgnallng"

regulator ] \

panem activity membrane- ’l )
specification bound 1 } .
p = organelle 'l “ F|nd
E”“"'“ e ¢ ! G0:0007219 Notch signaling pathway
mdm_ " |
axis intracellular g
specification organelle 'l
b ! GO includes
intracellulz .
1)\,\ binding S ancestors & children terms
bound g
adaxial/abaxial G "

pattem formation

Vs
L sZn GO:0007165 signal transduction [43440 gene products]
transcription T H G0:0007166 cell surface receptor signaling pathway [20166 gene products]
adaXlal/abaXial factor activity ¥ G0:0007219 Notch signaling pathway [870 gene products]
axis specification B G0:0045746 negative regulation of Notch signaling pathway [154 gene products)

Modified from Clark et al. (2005
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Biological information and annotation spaces:
GO, KEGG, Interpro

Gene Ontology (GO) http://www.geneontology.org/

View this term in QuickCO.

biological
process

—

biological cellular single-organis : .
regulation process m process signaling
& - M
regulation of single-organis
biological m cellular
process process

<

response to
stimulus

regulation of
cellular
process

cell

communication

single
organism
signaling

cellular
response to
stimulus

W

signal
transduction

A

cell surface
receptor
signaling
pathway

A

Notch
signaling
pathway

QuickGO - http://www.ebi.ac.uk/QuickGO

Isa

Part of

goslim_aspergillus

goslim_plant

goslim_metagenomi

goslim_pir

goslim_candida

goslim_generic

goslim_yeast

goslim_pombe

n
v

GO is organized in
3 independent hierarchies:

- Biological Process
Ontology (BP)

Example, search for:
"NOTCH" or "NOTCH signaling"

Find:
G0:0007219 Notch signaling pathway

GO includes
ancestors & children terms

2187 gene products

assigned in all species (Oct.2014)
1661 gene products
assigned in mammalia (Oct.2014)

J. De Las Rivas --- IBMCC (CSIC/USAL) ---
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Biological information and annotation spaces:

GO, KEGG, Interpro

S

> 3> Q

GO:0007219 Notch signaling pathway

.
% Click for example search

Term Information Ancestor Chart Child Terms

e © © o 9

Web éerv&ces Dataset Term Basket: 0

Protein Annotation | Co-occurring Terms | Change Log

exact

ID %% G0:0007219

Name f. Notch signaling pathway

Ontology | Biological Process

Definition | A series of molecular signals initiated by the binding of an extracellular ligand to the receptor Notch
on the surface of a target cell, and ending with regulation of a downstream cellular process, e.g.
transcription.

Secondary | GO:0030179

IDs

GONUTS | GO:0007219 Wiki Page

Synonyms GO Discussions | Cross-references
Synonyms are alternative words or phrases closely related in meaning to the term name, with @

indication of the relationship between the name and synonym given by the synonym scope. Click
onthe @ icon for more details.

N signalling pathway

exact

Notch receptor signaling pathway

exact

Notch receptor signalling pathway

exact

Notch signalling pathway

exact

Notch-receptor signaling pathway

exact

N signaling pathway

exact

Notch-receptor signalling pathway

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

GO is organized in
3 independent hierarchies:

« Biological Process
Ontology (BP)

Example, search for:
"NOTCH" or "NOTCH signaling"

Find:
G0:0007219 Notch signaling pathway

GO includes
ancestors & children terms

2187 gene products

assigned in all species (Oct.2014)
1661 gene products
assigned in mammalia (Oct.2014)

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 11
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Biological information and annotation spaces: ' i
GO, KEGG, Interpro &“
Yo

Kyoto Encyclopedia of
Genesand Genomes

KEGG (pathways) http://www.genome.jp/kegg/

66

Growth factor Growth factor DNA damage checkpoint
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g : a S W e drawn pathway maps
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knowledge on the
. molecular interaction and
reaction networks
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- 1. Metabolism
Sk Ipw?mll T — 2. Genetic Information Processing
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2} [Dp 2] 4. Cellular Processes
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Orcl | Oz Mox2 | Moxd DH& Ok 5. Organlsmal Systems
Ons Toms | [ ems Tham? 6. Human Diseases
61 s . M 7. Drug Development

04110 501310
(c) Kanehisa Laboratories
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Biological information and annotation spaces: ,
GO, KEGG, Interpro 7

| OXIDATIVE PHOSPHORYLATION |

Corplex I Coraplex IT Coraplex IIT Coraplex IV Coraplex V
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Biological information and annotation spaces: | 'ﬁﬁ I
GO, KEGG, Interpro |

InterPro (sequences & structure) http://www.ebi.ac.uk/interpro/

InterPro provides sequence/structure analysis and classification of proteins into
families using found protein motifs, protein domains and important sites. They
combine protein signatures from a number of member databases into a single
searchable resource to produce a integrated database and diagnostic tool.

82 [ncerpro

(P B o e e | Tyrosine-protein kinase
: [ Jtionshif I (IPR020685)
te nase !
: » Ty p;ot kin -receptor Jak/Tyk2 : LD
| ein k e Jak1 _:: ------------
| = ;
ein k 1 n A
| T | | Tyrosine-protein E Tyrosine-protein
vt R 21 Kinase,non- | yihase ALK receptor
i receptor Jak/Tyk2 | (IPR020735)
i (IPR016251) ]
! ]
e e e ’
Tyrosine-protein Tyrosine-protein Tyrosine-protein Tyrosine-protein
kinase, non-receptor kinase, non-receptor kinase, non-receptor kinase, non-receptor,
Jak1 Jak2 Jak3 TYK2
(IPR020776) (IPRO20693) (IPR020775) (IPR009131)
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Biological information and annotation spaces: | 'ﬁé I
GO, KEGG, Interpro |

InterPro (sequences & structure) http://www.ebi.ac.uk/interpro/

InterPro provides sequence/structure analysis and classification of proteins into
families using found protein motifs, protein domains and important sites. They
combine protein signatures from a number of member databases into a single
searchable resource to produce a integrated database and diagnostic tool.

82 [ncerpro

Search for NOTCH1 sequence: NOTC1_HUMAN (2555 aa)

@ Notch (IPR008297)
. @ Neurogenic locus Notch 1 (IPR022362)

T T T C OO T OO0 Gl [} ————— ' » Domain

c 2D CEEEREEEEEE EEEED = o = =) = » Domain
» Repeat
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Computational Biology @ UCT

Hands-on: Practical Examples

Explore web sites: GO, KEGG, InterPro (& Pfam)

(NOTCH and NOTCH signaling)

J. De Las Rivas- IBMCC (CSIC/USAL)- 2015 16
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Functional 4
Enrichment Analysis (EA)

general procedure: Badkena

annotation
database database

| g

Algorithms

I —> | (sortand organize annotation termsin
agene list differentways for diff. discovery ideas)

Annotation

User to input

l —  Data mining
Statistics
(calculate enrichment p-values with methods
like Fisher exact, Hypergeometric, Binomial
distribution, etc.)

e — Result

presentation

—_

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 18
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Functional

Enrichment Analysis (EA)
Enrichment tool name Year of Key statistical method Category
release
FunSpec 2002 |g:Profiler 2007 Hypergeometric Class |
Onto-express 2002 |ProbCD 2007 Yule’s Q: Goodman-Kruskal’s gamma; Cramer’'s T Class 1
EASE 2003 |GOEAST 2008 Hypergeometric Class |
FatiGO/FatiWise/FatiGO + 2003 [GOHyperGAll 2008 Hypergeometric Class 1
FuncAssociate 2003 |CatMap 2004 Permutations Class 11
GARBAN 2003 | Godist 2004 Kolmogorov—-Smirnov test Class 11
GeneMerge 2003 | GO-Mapper 2004 Gaussian distribution; EQ-score Class 11
GoMiner 2003 |iGA 2004 Permutations; hypergeometric; r-test; Z-score Class II
MAPPFinder 2003 |GSEA 2005 Kolmogorov-Smirnov-like statistic Class 11
CLENCH 2004 [MEGO 2005 Z-score Class 11
GO::TermFinder 2004 [PAGE 2005 Z-score Class Il
GOAL 2004 | T-profiler 2005 t-Test Class 11
GOArray 2004 | FuncCluster 2006 Fisher’s exact Class 11
GOStat 2004 |FatiScan 2007 Fisher’s Exact Class Il
GoSurfer 2004 |[FINA 2007 Fisher’s exact Class Il
OntologyTraverser 2004 |GAzer 2007 Z-statistics; permutation Class II
THEA 2004 |GeneTrail 2007 Hypergeometric; Kolmogorov-Smirnov Class 11
BINGO 2005 |MetaGP 2007 Z-score Class 11
FACT 2005 |Ontologizer 2004 Fisher’s exact Class 111
gfinder 2005 [POSOC 2004 POSET (a discrete math: finite partially ordered set) Class 111
Gobar 2005 |topGO 2006 Fisher’s exact Class 111
GOCluster 2005 |GO-2D 2007 Hypergeometric; binomial Class 111
GOSSIP 2005 |GENECODIS 2007 Hypergeometric; chi-square Class 111
L2L 2005 |GOSim 2007 Resnik’s similarity Class 111
WebGestalt 2005 |PalS 2008 Percent Class 111
BayGO 2006 |ProfCom 2008 Greedy heuristics Class II1
eGOn/GeneTools 2006 [GOTM 2004 Hypergeometric Class LII
Gene Class Expression 2006 |ermineJ 2005 Permutations; Wilcoxon rank-sum test Class LII
GOALIE 2006 | DAVID 2003 Fisher’s Exact (modified as EASE score) Class LIII
GOToolBox 2004 Hypergeometric; Fisher's exact; Binomial Class LIII
ADGO 2006 Z-statistic Class ILIII
Huang et al. (2009) NAR FunNet 2008 Unclear Unclear
J. De Las Rivas --- IBMCC (CSIC/USAL) --- 19

2015



Functional

Enrichment Analysis (EA)

3 major types:

singular EA = SEA

selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA

not a list, but the entire genes ranked used to
query different annotation spaces (one by one)

modular EA = MEA

selected gene list used to query
multiple annotation spaces (at once)

Huang et al. (2009) NAR

Tool category

Description

Class I:
singular
enrichment
analysis
(SEA)

Class II:
gene set
enrichment
analysis
(GSEA)

Class III:
modular
enrichment
analysis
(MEA)

Enrichment P-value is calculated
on each term from the pre-selected
interesting gene list. Then,
enriched terms are listed in a
simple linear text format. This
strategy is the most traditional
algorithm. It is still dominantly
used by most of the enrichment
analysis tools.

Entire genes (without pre-selec-
tion) and associated experimental
values are considered in the
enrichment analysis. The unique
features of this strategy are: (i) No
need to pre-select interesting
genes, as opposed to Classes I and
IT; (11) Experimental values inte-
grated into P-value calculation.

This strategy inherits key spirit of
SEA. However, the term—term/
gene-gene relationships are con-
sidered into enrichment P-value
calculation. The advantage of this
strategy is that term—term/gene-
gene relationship might contain
unique biological meaning that is
not held by a single term or gene.
Such network/modular analysis is
closer to the nature of biological
data structure. 20




Computational Biology @ UCT

‘ BIO *&‘ UNIVERSITY OF CAPE TOWN % |
IYUNIVESITHI YASEKAPA * UNIVERSITEIT VAN KAAPSTAD ‘\\/’

Session 1 (9:30 - 12:30, 3h)
Bioinformatic tools for Functlonal Enrichment Analysis (FEA)

Session 2 (13:30 - 16:30, 3h)
Construction of gene functional networks

J. De Las Rivas --- IBMCC (CSIC/USAL) ---
2015

21



Functional
Enrichment Analysis (EA)

Type 1: singular EA = SEA (DAVID)
selected gene list used to query different

annotation spaces (one by one)

Home | Start Analysis | Shortcut to DAVID Tools | Technical Center | Downloads & APIs | Term of Service

Shortcut to DAVID Tools

- Functional Annotation

Gene-annotation enrichment analysls, functional
annotation clustering , BloCarta & KEGG pathway
mapping, gene-disease assoclation, homologue
match, ID translation, literature match and more

- Gene Functional Classification

Provide a rapid means to reduce large lists of
genes Into functionally related groups of genes to
help unravel the blological content captured by
high throughput technologies. More

b Gene ID Conversion

Convert list of gene 1D/accesslons to others of
your choice with the most comprehensive gene
ID mapping repository. The ambiguous
accesslons In the list can also be determined
semi-automatically. More

b Gene Name Batch Viewer

Display gene names for a glven gene list; Search
functionally related genes within your list or not
In your list; Deep links to enriched detalled
Information. More

DAVID Bioinformatics Resources 6.7

National Institute of Allergy and Infectious Diseases (NIAID), NIH

Why DAVID? | About Us

Recommending: A paper published in Nature Protocols describes step-by-step procedure to use DAVID!

Welcome to DAVID 6.7

2003 - 2015 ) What's Important in DAVID?

The Database for Annotation, Visualization and
Integrated Discovery (DAVID ) v6.7 is an update to the
sixth version of our original web-accessible programs.
DAVID now provides a comprehensive set of functional
annotation tools for investigators to understand biological
meaning behind large list of genes. For any given gene
list, DAVID tools are able to:

« Current (v 6.7) release note

« New requirement to cite DAVID

« IDs of Affy Exon and Gene arrays supported

« Novel Classification Algorithms

« Pre-built Affymetrix and Illumina
backgrounds

« User's customized gene background

« Enhanced calculating speed

& Identify enriched biological themes, particularly GO <~ Statistics of DAVID
terms

& Discover enriched functional-related gene groups

& Cluster redundant annotation terms 3797

& Visualize genes on BioCarta & KEGG pathway

maps
& Display related many-genes-to-many-terms on 2-D
view.
& Search for other functionally related genes not in the
list
& List interacting proteins
& Explore gene names in batch
& Link gene-disease associations o Lum [ ] . l I

& Highlight protein functional domains and motifs 2004 5 2006 7 2008 9 2010 11 2012 13 2014

DAVID Bioinformatic Resources Citations

22



Functional Type 2: gene set EA = GSEA (GSEA)

- . entire genes ranked used to query different
Enrichment AnaIyS|s (EA) annotation spaces (one by one)

.S— T T B0

Gene Set Enrichment Analysis

GSEA Home Downloads Molecular Signatures Database

Overview

Molecular Profile Data

Gene Set Enrichment Analysis (GSEA) is 2 computational method that
determines whether an a priori defined set of genes shows statistically
significant, concordant differences between two biological states

(e.g. phenotypes).

Enriched Sets

Tare hrmel phe, SHITICHE DM TATIO. GINTS

From this web site, you can:

* Download the GSEA software and additional resources to analyze,
annotate and interpret enrichment results.

* Explore the Molecular Signatures Database (MSigDB), 2 collection of
annotated gene sets for use with GSEA software.

* View documentation describing GSEA and MSigDB. Cerie =of Dafxbnrte

What's New

16-Mar-2015: Version 5.0 of the Molecular Signatures Database (MSigDB) is Registration
now available. It includes a new collection (H) of 50 hallmark signatures and a
number of other additions and updates. See the release notes MSigDB v5.0
Release Notes for details

Please register to download the GSEA software and view the MSigDB gene
sets. After registering, you can log in at any time using your email address.
Registration is free. Its only purpose is to help us track usage for reports to

10-Jun-2014: In collaboration with the Bader Lab at the University of Toronto, aueinding sqencies.

we have added Enrichment Map visualizations as one of the steps in 2 GSEA

analysis. See the GSEA v2.1.0 Release Notes for details. Contributors

GSEA and MSigDB are maintained by the GSEA team with the support of our
MSigDB Scientific Advisory Board. Our thanks to our many contributors.
Funded by: National Cancer Institute, National Institutes of Health, National
Institute of General Medical Sciences.

23-Jan-2014: Version 2.0.14 of the GSEA desktop application is now available,
which contains a number of upgrades and bug fixes. See the GSEA v2.0.14
Release Notes for details.

05-Jun-2013: Version 4.0 of the Molecular Signatures Database (MSigDB) is NUTONAT

now available, which includes a new gene set collection (C7) of 1,910 IR @@
immunologic signatures generated as part of the Human Immunology Project —
Consortium. We also released a2 newer version (2.0.13) of the GSEA desktop

application. There were no changes to the GSEA algorithm. Citing GSEA




Functional
Enrichment Analysis (EA)

Type 3: modular EA = MEA (GeneCodis)
selected gene list used to query
multiple annotation spaces (at once)

Analysis | Comparative Analysis | Web Services | Help | Release info | Other GeneCodis sites

Gene gnnotations
co-ocurrence discovery

Modular and Singular Enrichment Analysis [?]

1. Select the organism [?]

Please select &

2. Select the annotations [?] [Last update on Dec, 2011]

Annotations

GO Biological Process
GO Molecular Function
GO Cellular Component
GOSlim Process
GOSlim Function
GOSlim Component
KEGG Pathways
InterPro Motifs
MicroRNA

Omim Diseases
Panther Pathways
PharmGKB Drugs
Pubmed

Transcription Factors

3. Paste your lists of genes [see allowed IDs]

(») Paste list of genes [?] Or upload a file with the list of genes [?]

Choose File ) no file selected

[Load yeast data] [Load human data]
[Yeast example] [Human example]

<4 4. Advanced options (optional)

Home | Analysis | Web Services | Help | Relase info | Other GeneCodis sites

¥ GENECORIS

gene annotations
co-ocurrence discovery

What is GeneCodis

GeneCodis is a grid-based tool that integrates different
sources of biological information to search for
biological features (annotations) that frequently co-
occur in a set of genes and rank them by statistical
significance. It can be used to determine biological
annotations or combinations of annotations that are
significantly associated to a list of genes under study
with respect to a reference list. GeneCodis executes the
following workflow:

List of genes

)

ted annotations

from different sources

Rules discovery algorithm

Statistical analysis

!

Co-ocurrence or single
annotations related with
the input list

Why use GeneCodis?

Most of the currently available tools are designed to
evaluate single annotations and they provide a list of
annotations with their corresponding p-values without
taking account the potential relationships among them.
Finding relationships among annotations based on co-
occurrence patterns can extend the understanding of
the biological events associated to a given experimental
system.

What is new in this version?

GeneCodis 2.0 includes a new and faster rule discovery
algorithm based on well-known apriori algorithm. This
new algorithm let reduce the minimum support needed
to expand the range of results available. The whole
system is running in a multi-grid environment that allow
us to handle simultaneous queries from different users
in less time. Moreover, GeneCodis 2.0 includes new
funcionalities like searching for simple annotations
related to the list of genes, visualizations, new
annotations and more gene identifiers are supported.

This is the second version of Genecodis. If you want to use the old version, you can find it here

<4 5. Use your own annotations




Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA (DAVID ncbi)
selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA (GSEA Broad)
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA (GeneCodis CNB)

selected gene list used to query
multiple annotation spaces (at once)

Huang et al. (2009) NAR

Tool category

Description

Class I:
singular
enrichment
analysis
(SEA)

Class II:
gene set
enrichment
analysis
(GSEA)

Class III:
modular
enrichment
analysis
(MEA)

Enrichment P-value is calculated
on each term from the pre-selected
interesting gene list. Then,
enriched terms are listed in a
simple linear text format. This
strategy is the most traditional
algorithm. It is still dominantly
used by most of the enrichment
analysis tools.

Entire genes (without pre-selec-
tion) and associated experimental
values are considered in the
enrichment analysis. The unique
features of this strategy are: (i) No
need to pre-select interesting
genes, as opposed to Classes I and
IT; (11) Experimental values inte-
grated into P-value calculation.

This strategy inherits key spirit of
SEA. However, the term-term/
gene-gene relationships are con-
sidered into enrichment P-value
calculation. The advantage of this
strategy is that term—term/gene-—
gene relationship might contain
unique biological meaning that is
not held by a single term or gene.
Such network/modular analysis is
closer to the nature of biological
data structure. 25




Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA
selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA

selected gene list used to query
multiple annotation spaces (at once)

statistical
and theoretical
basis
of these methods
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Functional %

Enrichment Analysis (EA)

Functional Enrcihment Analysis (EA, Analisis de Enriquecimiento Funcional):
is the identification of biological functions and processes that are over-
represented in a given gene list or in a gene subset selected in a given study.

u mté@ffpro

eeeeeeeeeeee

10,000 genes
total analysed
in a 'omic’ study

the Gene Ontology 00 i B b
500 genes

Find all the genes that are annotated to a selected as EE
given biological term and evaluate how altered
relevant is such functional annotation

YJRO04C
YOL109W
YJR152W

¢ Which is the probability that such e

annotation is by chance (i.e. random)? B

YLR158C

The p-value allows to calculate the statistical B

YLR160C

probability of a given selection and allows to fix

confidence thresholds (for example, set the test to e
allow less than 5% expected selection by chance) L b e

If in 10,000 genes total => 100 genes are red

In 500 genes selected in one study => 5 genes are expected red
so any ratio found = 1% (0.01) is normal and equal to by chance




Functional
Enrichment Analysis (EA)

AATF cell adhesion, ribosome biogenesis, apoptosis,...
BAG1 neuron differentiation, apoptosis, anti-apoptosis,...
CLIC4 cytoplasm, actin cytoskeleton, membrane ...

ATRIP nucleus, DNA repair, protein binding, ...

NFKB1 signal trasduction, apoptosis, response to...

MDM1 nucleus

OFD1 centrosome, oxidoreductase activity, ...

MAD1L1 mitotic metaphase, cytosol, spindle, ...

PDCD1 apoptosis, humoral immune response, protein ...

SNCG axon, cell soma, adult locomotory behavior

QUERY gene list studied: 4 genes of 10 (in the gene list) annotated to 'apopfosis'
REFERENCE gene list (i.e. whole proteome): 452 genes of 29,905 (universe) annotated to ‘apoptosis'

Statistical test for significant enrichment
in the gene list studied

‘apoptosis' is an ENRICHED TERM with p-value = 1.12x10-5

28



Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA
selected gene list used to query different
annotation spaces (one by one)

modular EA = MEA
selected gene list used to query
multiple annotation spaces (at once)

These methods alocate groups of genes to terms
in a contingency table (with YES or NO categories)
and then they apply the:

Fisher Exact test
or
Hypergeometric test

that calculate the probability using the contingency table
of frequency data cross-classified according the two
categorical variables of assignment or not:
YES = if the gene in the list is assigned to the term
NO = if the gene in the list is not-assigned to the term

Event observed
Real
Event
Yes No Marginal total
Yes Hit False alarm Real Yes
v Correct
No Miss s Real No
Marginal total Obs Yes Obs No Sum total
Event observed
Real
Event Yes No Marginal total
Yes a b a+b
No ¢ d c+d
Marginal total ate b+d atb+c+d=n
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Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA
selected gene list used to query different
annotation spaces (one by one)

modular EA = MEA
selected gene list used to query
multiple annotation spaces (at once)

These methods alocate groups of genes to terms
in a contingency table (with YES or NO categories)
and then they apply the:

Fisher Exact test
or
Hypergeometric test

that calculate the probability using the contingency table
of frequency data cross-classified according the two
categorical variables of assignment or not:
YES = if the gene in the list is assigned to the term
NO = if the gene in the list is not-assigned to the term

Gene Gene Selected in Query List YES / NO
Annotated
White Yes No Marginal total
Yes Hit False alarm W Yes
. Correct
No Miss non-event W No
Marginal total Obs Yes Obs No Sum total
Gene Gene Selected in Query List YES / NO
Annotated
White Yes No Marginal total
Yes a b a+b
No ¢ d c+d
Marginal total ate b+d atb+c+d=n

30



Functional Enrichment Analysis (EA)

Hypergeometric test

The classical application of the hypergeometric distribution is sampling without replacement. Think of an urn with two types of
marbles, black ones and white ones. Define drawing a white marble as a success and drawing a black marble as a failure (analogous to
the binomial distribution). If the variable N describes the number of all marbles in the urn (see contingency table below) and K
describes the number of white marbles, then N — K corresponds to the number of black marbles. In this example X is the random
variable whose outcome is k, the number of white marbles actually drawn in the experiment. This situation is illustrated by the following
contingency table:

drawn not drawn | total

white marbles &k K-k K
black marbles n-k N+k-n-KN-K
total n N-n N

Now, assume (for example) that there are 5 white and 45 black marbles in the urn. Standing next to the urn, you close your eyes and
draw 10 marbles without replacement. What is the probability that exactly 4 of the 10 are white? Note that although we are looking at
success/failure, the data are not accurately modeled by the binomial distribution, because the probability of success on each tnal is not
the same, as the size of the remaining population changes as we remove each marble.

This problem is summarized by the following contingency table: Universe
drawn not drawn total 5 red and 45 black
white marbles k=4 K-k=1 K=5 marbles in the urn of 50
black marbles n- k=6 N+k-n-K=39N-K=45 &
total n=10 N-n=40 N=50 Selectlon
The probability of drawing exactly k white marbles can be calculated by the formula 4 red and 6 black
(K) (N—K) of 10 select marbles

P(X =k)= f(k;N,K,n) = £ 2k /

)

(N
o (D)%) 5-8145060 |
P(X = 4) = f(4;50,5,10) = 4(?3)6 = Togroonarng = 0003964583 .. .

Hence, in this example calculate
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Computational Biology @ UCT

Hands-on: Practical Examples

Enrichment statistical tests
(Hypergeometric test and Fisher's Exact test)

run R Protocol: Protocol_ 1. EnrichmentTests.R
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Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA (DAVID ncbi)
selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA (GSEA Broad)
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA (GeneCodis CNB)

selected gene list used to query
multiple annotation spaces (at once)

Huang et al. (2009) NAR

Tool category

Description

Class I:
singular
enrichment
analysis
(SEA)

Class II:
gene set
enrichment
analysis
(GSEA)

Class III:
modular
enrichment
analysis
(MEA)

Enrichment P-value is calculated
on each term from the pre-selected
interesting gene list. Then,
enriched terms are listed in a
simple linear text format. This
strategy is the most traditional
algorithm. It is still dominantly
used by most of the enrichment
analysis tools.

Entire genes (without pre-selec-
tion) and associated experimental
values are considered in the
enrichment analysis. The unique
features of this strategy are: (i) No
need to pre-select interesting
genes, as opposed to Classes I and
IT; (11) Experimental values inte-
grated into P-value calculation.

This strategy inherits key spirit of
SEA. However, the term-term/
gene-gene relationships are con-
sidered into enrichment P-value
calculation. The advantage of this
strategy is that term—term/gene-—
gene relationship might contain
unique biological meaning that is
not held by a single term or gene.
Such network/modular analysis is
closer to the nature of biological
data structure. 33




Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA
selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA
selected gene list used to query
multiple annotation spaces (at once)

DLVED:...

Home Start Analysis Shortcut to DAVID Tools Technical Center Downloads & APIs  Term of Service

Shortcut to DAVID Tools

) Functional Annotation

Gene-annotation enrichment analysis, functional

match, ID translation, iiterature match and more

) Gene Functional Classification

Provide a rapid means to reduce large lists of
genes Into functionally related groups of genes to
help unravel the biological content captured by
high throughput technologles. More

j- Gene ID Conversion

Convert list of gene ID/sccessions to others of
your choice with the most comprehensive gene
1D mapping repasitory. The ambiguous
accessions In the list can aiso be determined
semi-sutomatically. More

j Gene Name Batch Viewer

Display gene names for a given gene list; Search
functionally relsted genes within your list or not
In your list; Deep links to enriched detalled

Information. More

DAVID Bioinformatics Resources 6.7

National Institute of Allergy and Infectious Diseases (NIAID), NIH

Why DAVID? = About Us

Recommending: A paper published in Nature Protocols describes step-by-step procedure to use DAVID!

Welcome to DAVID 6.7
(Search )
2003 - 2015 What's Important in DAVID?
The Database for Annotation, Visualization and
Integrated Discovery (DAVID ) v6.7 is an update to the
sixth version of our original web-accessible programs.

« Current (v 6.7) release note
« New requirement to cite DAVID

« IDs of Affy Exon and Gene arrays supported

DAVID now provides a ive set of f i « Novel Classification Algo: s
tools for i to understand biological « Pre-built Affymetrix and Nllumina
meaning behind large list of genes. For any given gene backgrounds
list, DAVID tools are able to: « User's customized gene background
« Enhanced calculating speed

& Identify enriched biological themes, particularly GO Statistics of DAVID
terms
& Discover enriched functional-related gene groups
& Cluster redundant annotation terms

& Visualize genes on BioCarta & KEGG pathway

maps
& Display related many-genes-to-many-terms on 2-D
view.
& Scarch for other functionally related genes not in the
list
& List interacting proteins
& Explore gene names in batch
& Link gene-discase associations — l I
& High ional domains and motif: T 2004 S 2010 11 2012 13 2014

light protein and motifs 5 2006 7 2008 9 2010

DAVID Bioinformatic Resources Citations

Type 1: singular EA = SEA (DAVID)
selected gene list used to query different
annotation spaces (one by one)
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Functional Type 1: singular EA = SEA (DAVID)

Enrichment Analysis (EA) selected gene list used to query different
annotation spaces (one by one)

94 chart records Ei Download File
S M 7 L e
: GOTERM_BP_FAT defense response [ 1§ g 22.7 6.2E-11 5.1E-8
= GOTERM_BP_FAT immune response RT s 20 20.6 2.1E-8 B8.5E-6
O GOTERM_CC_FAT extracellular region | £ § ge—— 30 30.9 3.2E-6 5.6E-4
= GOTERM_CC_FAT anchored to membrane RT 10 10.3 7.3E-6 6.5E-4
O GOTERM_BP_FAT response to bacterium RT mmm 9 9.3 2.1E-5 5.9E-3
= GOTERM_CC_FAT extracellular region part RT e 18 18.6 5.3E-5 3.1E-3
O GOTERM_BP_FAT defense response to bacterium RT == 7 7.2 5.9E-5 1.2E-2
= GOTERM_MF_FAT carbohydrate binding RT mmm 10 10.3 7.1E-5 1.6E-2
O GOTERM_BP_FAT response to wounding RT mmmm 13 13.4 7.8E-5 1.3E-2
= GOTERM_CC_FAT secretory granule RT 8 8.2 1.1E-4 4.9E-3
O GOTERM_BP_FAT inflammatory response RT mmm 10 10.3 1.5E-4 2.0E-2
= GOTERM_CC_FAT extracellular space RT mmmm 14 14.4 2.3E-4 B8.3E-3
O GOTERM_CC_FAT cytoplasmic vesicle RT e 13 13.4 4.8E-4 1.4E-2
= GOTERM_CC_FAT cytoplasmic membrane-bounded vesicle RT mmmm 12 12.4 4.8E-4 1.2E-2
O GOTERM_CC_FAT membrane-bounded vesicle RT somm 12 12.4 6.3E-4 1.4E-2
annotation terms genes p-values
space

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Computational Biology @ UCT

Hands-on: Practical Examples

Protein_ SETs_ 2015.xlIs
(106g hs, 175g hs, yeast 11pathways, yeast 59g5pc)

run DAVID-FAC
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Subramanian et al. (2005) PNAS

F u n Cti o n a I Gene set enrichment analysis: A knowledge-based n
Enrichment Analysis (EA)

approach for interpreting genome-wide
expression profiles

Arwving Subeamanian*, Pablo Tamayor*, Varal K. Mootha®, Sayan Mutherjes”, Sanjamin L. thert=",

ENAS- |

3 major types:

singular EA = SEA

selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA
entire genes ranked used to query different
annotation spaces (one by one)

— A Phenotype B Leading edge subset
modular EA = MEA Claseai ¥ Gene set S
selected gene list used to query A B )
multiple annotation spaces (at once) Gene set S

CEER ]

Correlation with Phenotype
L‘

Random Walk

“““““ - Vi

_____

Maximum deviation ~Gene List Rank
from zero provides the
enrichment score ES(S)

Ranked_ Gepe LISt )
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Functional
Enrichment Analysis (EA): GSEA

n.

Gene set enrichment analysis: A knowledge-based
approach for interpreting genome-wide

expression profiles

Aravind Subramanian®®, Pablo Tun-yo" Vamsi K.

L. Ebert*,

ichael A Gillette®', , Scott L

, Sayan b "
y" Todd R Golub'*' Erk S. Lander* - and Jill P. Mesirov™*

“Broad irataute of Massachunetts Institute of Technology and Marvard, 320 Charles Street, Cambridge, MA 02141; ‘Department of Systems Biclogy, Alpert
536, Harvard Modical Schoal, 200 Longwood Avenue, Boston, MA 02446, Anstitute Tor Genome Saences and Palicy, Center for Interdiaciplinary Engneering,

Medicre, anc Appled Scierces, Duke U'WF;J 101 Schence Orive, Durham, NC 27008; "Department of Medical Orcology, Dana-Farber Cancer institute,

a4 Binney Street, Boston, MA T2115; Division

Auimonary and Critcal Care Medicine, Mansachusetts General Mospital, 55 Fruit Street, Boston, MA 02114;
SFred Hutchinson Cancer Reseaech Center, 1100 Fainview Avenue North, C2023, P.O. Box 19024, Seattle, WA 98103102
260, Cridren's Mospital, Marvard Mecical hool, 300 Longwood Avenue, Boston, MA 0211%

4; "Oepartment of Neuroiogy, Enders
Department of Blology. Massachusetts Institute of

Technelogy, Cambeidge, MA 02142; and Whitehead Irattute for Biomedical Research, Massachusetts Irattute of Technology, Cambridge, MA 02142

Contributed by Eric S, Lander, August 2, 2005

RNA expressi analyvs Ns become a
routine tool in ical research, insight
from such information remains a major challenge. Here, we de-
Knbe a po«w'ul analytical method called G«Ie Set Enrichment

) for interps g gene data. The method
derhms its power by focusing on gene sets, thatis, groups of genes.
that share ical function, location, o¢

evaluates microarray data at the Ic\w.l of gcm. sets. The gene sets are
defined based on prior bolog dge. €5, published infor-

mation bout biochemical path in previous
experiments. The goal of GSEA 5 1 .ku.rrmm. whether members
of = gene set S tend to occur toward the top (or bottom) of the kst
L, in which case the gene set is correlated with the pherotypic class

regulation. We demonstrate how GSEA yields insights into several
cancer-related data sets, induding leukemia and lung cancer,
Notably, where single-gene analysis finds little similarity between
two independent studies of patient survival in lung cancer, GSEA
reveals many biological nﬂhweys in common, The GSEA method is

We used & preliminary version of GSEA to analyze data from
muscle biopsies from diabetics vs. healthy cortrols (4). The method
revealed that geres involved in oxidative phosphorylation show
reduced expression in d&abetics, although the sverage decrease per

ene i 20%. The results from this study hive been indepen-
inafreely package, together withan  EC0¢ i only 20% g e P e
initial database of 1,325 biclogically defined gene sets. du:ll:v \.dxd.u.c:l by other microarray studies (5) and by in voo
functional studies (6).
microarray (m\n this Sucoes, we have developed GSEA into a robust
foe lecular profiling data. We studied its
characterists 1 Lo
enomewide expression anshysiy with DNA mi has b "” ad y revised and

become a mainstay of genomics research (1, 2). The Lhdlkﬂbl
0 loager lies in obtaining expression pm.llcx bt r:lbrr in

generalized the (xxguul method for broader applicaby
In this paper, we provide = full mathematical desc
GSEA methodology and illustrate its utslity by spplying it to several

interpreting the results to gan irsights into biolog

Inatypical i mRNA exp profiles are
for thousands of geres from a collection of samples beloeging to
one of two classes, for example, tumoes that are sensitive v
ruN.ml o & drug. The genes can be ordered in & ranked list L,

ng to their dif! i between the classes. The
L}ull:.ng;. is 10 extract meaning from this EsL

A comnmon approach imvolves focusing on a kandful of genes 2t
the top and bottoen of L (i.c., thase showing the largest difference)
to discern telltale beological clues. This approach bas 2 few major
limnitations.

{f) After t:slmb noi
gene may meet the th e, because the
relevant biologicsl dxf’t.n.r.c\.s are mudn:sl. relative 10 the roise
inherent to the microarray techrol

(u) Alternatively, one may be left v.lll': a lorg list of statistically
significant genes without any unifying biological theme. Interpee-
tatice cur: be daunting ard ad boc, beirg dependent on a biokogist's
area of expertise.

(i) Single-gene analysis may miss imp fect
Cellular processes often affect sets of genes acting in cuncul An
increase of A% in 2ll genes encoding members of & 2

™ frvidual

Iur mulupk Typ

diverse biclogical problems. We hive also created a software
package, called GSEA-F and 2n initizl irventory of gere sels
(Molecalar Signature Database, MSigDB), both of which are frecly
available.

Methods

Owerview of GSEA. GSEA i with g

expression profiles from samples balungxr.s W two d..xxs labeled
1 or 2. Genes are ranked based on the correlation between their
expression and the class distinction by using any suitable metric
(Fig. LA4).

Given an a prion defined set of genes § (e.g., genes encoding
products in = metabolic pathway, located in the same oytogenetic
band, or sharing the same GO category). the goal of GSEA s to
determine whether the of § are Jomly distributed
throughoat L or primarily found at the top or bottom. We expect

Troety availsie o=ine through t=e PNAS ozen acoem ozticn.

ALL 20ute yvorod k\aﬂ-.\ AML acute myekass kubemia: €5, enrich
2,

pathway may dramatically alter the £ Iu.x through the pathway and
masy be more important than a 20-fokd increase in = sngle gene.
(iv) When different groups study the same biological systeen, the
list of statstically significart genes from the two studies may show
distressingly little m\.rhp ( ).
To these ical chall we recently developed
u method called Gene Set Enrickment Analysis (GSEA) that

Www, a0, cgi/€ol/ 10,1073/ pras 0506580162

% MAPK, mitogen
actvutes proen bivsse, MSGOR, Molec.ia s-;nr e Databiane; WL, ~crmatzes o-rich
fren scose

See Comme=tary on page 15270
FAS, 400 2T contritusted equally 10 this work

o whom mepondence may be acdesad. Eail landerStroad mitedy o
Moy Obeoad mit.ecu.

© 2005 by The Namonal Acadey of Soerces of the USA

AS October 75, 2005 vol 102 | ro 43 | 1554515550

E GSEA
MIT - Broad Institute

Molecular Profile Data

Enriched Sets

el p, SHITICHE OMA TTUATIO GINES.

Gene Set Database

—

—_—

Java

Subramanian et al. (2005) PNAS
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Functional

Enrich

ment Analysis (EA): GSEA

How GSEA works?

ClassA | ClassB
|
E | ... testing genes independently ...
= I Options Specific test name: Specific test name : Analyzing
Analyzing 2 groups more than 2 groups
J_ I Parametric (variances  Student’s T-test ANOVA
| ] equal)
Parametric (variances  Welch t-test Welch ANOVA
t |
t-test cut-off |
Parametric (use all Welch t-test using error Welch ANOVA using error model
I available error model variances variances
| HE I estimate)
EF = Nonparametric Wilcaxon-Mann-Whitney Kruskal-\Wallis test
| I test
4y I
b roreos
| — ?Biological meaning?

J. De Las Rivas
2015

- IBMCC (CSIC/USAL) ---
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Functional
Enrichment Analysis (EA): GSEA

gene set EA= GSEA

How GSEA works?

entire genes ranked used to query different Annotation Terms
annotation spaces (one by one) Gene  Gene Gene
Set1l Set 2 Set3
ClassA ClassB
A O .. : .- < < D ]
] ] l- h
I I B o _h- P I | — .
I ] -HH > ——
O O -.- H —
H m N - G P i—
O - -
I ] —
I m ] T 1
Wn mm p—
\ |
I = = CmEEEEEE —
m = I A
- | ‘_
t-test cut-off o EHEreE e —
| - —| [—
O I. = O —
I .l 5 L] G -— —
I o L l- A -
l - -
| . o —
I I [ '--> E = - I I L | I I
\ 4 EEEm P !—
+ : H g < \ < ’
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Functional

How GSEA ks?
Enrichment Analysis (EA): GSEA ow Works

gene set EA= GSEA
entire genes ranked used to query different
annotation spaces (one by one)

Enrichment plot: P53_DOWN_KANNAN

Enrichment score ;Q >
(-1} p

&
Wos|

: o4
e
. 02
Leading edge subset —
——

T

028 | NOT esepely
o

'
|
|
|
: Zhen s @ 9T
|

02 |

= oo

|
ST (ragateely cavelated)
Rank at max - Q-» s Benjamini——-

2000 7200 19,600 12,20
€ Ranik in Ordered Dataset Hochberg

31 metc (S:gnal2Noise)

[ Ermchmant profile — Hits Rankang metrx uo«i]

Fig 1: Enrichment plot: P53_DOWN_KANNAN
Profile of the Running ES Score & Positions of GeneSot Mombers on the Rank Ordered List
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Functional

How GSEA ks?
Enrichment Analysis (EA): GSEA ow Works

Lnrichment plot: G2PATHWAY

gene set EA= GSEA

entire genes ranked used to query different ..
annotation spaces (one by one)
énrichment plot: ILGPATHWAY o

7
) |
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= % 10
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= =
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Functional

Enrichment Analysis (EA): GSEA

FUYSESE S T
GSEA |

Gene Set Enrichment Analysis

Downloads

Overview

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

(e.g. phenotypes).

From this web site, you can:

* Download the GSEA software and additional resources to analyze,
annotate and interpret enrichment results.

» Explore the Molecular Signatures Database (MSigDB), a collection of
annotated gene sets for use with GSEA software.

* View documentation describing GSEA and MSigDB.

What's New

08-Apr-2013: Version 2.0.12 of the GSEA desktop application is now
available. Version 3.87 of the public web site is now available, which
includes a number of bug fixes and enhancements of the Compute Overlaps
tool. Please refer to the release notes for further details.

17-Jan-2013: Version 2.0.10 of the GSEA desktop application is now
available. This version fixes recent FTP access issues.

15-Oct-2012: Version 3.1 of the Molecular Signatures Database (MSigDB) is
now available. Highlights include:

1. more than 1,000 new gene sets curated from publications,

2. a new collection of gene sets representing oncogenic pathway
activation modules,

3. two new sources of gene sets representing canonical pathways, and

4. an improved mapping to common gene identifiers for all gene sets.

See the MSigDB 3.1 Release Notes for details. A minor update of the GSEA
desktop application has also been released. See the GSEA 2.0.8 Release
Notes for details.

01-Oct-2012: We recently submitted a manuscript to Statistical Methods in
Medical Research which provides a systematic comparison of the GSEA
method with other methods employing a "simpler" t-test assessment of
enrichment.

01-Oct-2012: We now have a CiteULike page where users can browse a list
of all citations of the GSEA algorithm.

Molecular Signatures Database

http://www.broad.mit.edu/gsea/

Molecular Profile Data

Enriched Sets

e bemel P ST A TATIE AN

Gene Set Database

Registration

Please register to download the GSEA software and view the MSigDB gene
sets. After registering, you can log in at any time using your email address.
Registration is free. Its only purpose is to help us track usage for reports to
our funding agencies.

Contributors

GSEA and MSigDB are maintained by the GSEA team with the support of our
MSigDB Scientific Advisory Board. Our thanks to our many contributors.
Funded by: National Cancer Institute, National Institutes of Health, National
Institute of General Medical Sciences.

Citing GSEA

To cite your use of the GSEA software, please reference Subramanian,
Tamayo, et al. (2005, PNAS 102, 15545-15550) and Mootha, Lindgren, et al.
(2003, Nat Genet 34, 267-273).
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Functional
Enrichment Analysis (EA): GSEA

Main Window

'O 06 GSEA v2 (Gene set enrichment analysis -- Broad Institute) )
~Steps in GSEA analysis H

Load data

E Run GSEA
Leading edge analysis

GSEA software

Gene Sets Browser Getting Help

[

Q|

2. Run GSEA

~Gene set tools

— — . =

Chip2Chip mapping R i

,& Browse MSigDB

EE Analysis history

[

Name Status

Show results folder

14:30:53 || [ 1715 [INFO ] Made Vdb dir: /Users/ggomez/gsea_home/output/may25 @  1pmofeam | 4




Functional
Enrichment Analysis (EA): GSEA

Downloads

GSEA software

Downloads

The GSEA software and source code and the Molecular Signatures Database (MSigDB) are freely available to individuals in both academia and industry for
internal research purposes. Please see the GSEA/MSigDB license for more details.

Software

There are several options for GSEA software. All options implement exactly the same algorithm. Usage recommendations and installation instructions are
listed below. Current Java implementations of GSEA require Java 1.6 or higher. If your computer has Java 1.5 and cannot upgrade to Java 1.6, please see

the FAQ.
javaGSEA » Easy-to-use graphical user interface Launch with /
Desktop Application 512Mb memory /

* Runs on any desktop computer (Windows, Mac OS X, Linux etc.) that supports Javal.6+ m
* Produces richly annotated reports of enrichment results .

» Integrated gene sets browser to view gene set annotations, search for gene sets and map  Launch with

gene sets between platforms 1Gb memory /__
*» The GSEA team suggests always starting GSEA by using these Launch buttons, or by =" J /
clicking the icon that the application installs on your desktop, in order to ensure optimal
memory allocation /
javaGSEA » Command line usage download
J Jar fil 2-2.07.j
SYalene * Runs on any platform that supports Javal.6+ gsea jar o
S
» We recommend using the 'Launch' buttons above instead of this mode for most users
GSEA Java Source Code * 100% Java implementation of GSEA download
J fil 2_distrib-2.04.zi
ava source files » Incorporate GSEA into your own data analysis pipeline gseas_distri 2p
* Programmatically call the open source GSEA java API Ul
R-GSEA » Usage from within the R programming environment download
i A-P-R.1.0.zi
= » Easily inspect, learn and tweak the algorithm GSE 0.zip o

Incorporate GSEA into your own data analysis pipeline

Programmatically call the open source GSEA R API

Click here to learn more about the R-GSEA script

GenePattern GSEA Module

Use GSEA from within GenePattern GenePattern site

Use GSEA in concert with a large suite of other analytics found in GenePattern
(a powerful and flexible analysis platform developed at the Broad Institute)

For details on the GSEA algorithm and software refer to the Documentation.
For details on the latest release refer to the Release Notes.
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Functional

Enrichment Analysis (EA)

3 major types: (examples)

singular EA = SEA

selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA

entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA

selected gene list used to query
multiple annotation spaces (at once)

Huang et al. (2009) NAR

Tool category

Description

Class I:
singular
enrichment
analysis
(SEA)

Class II:
gene set
enrichment
analysis
(GSEA)

Class III:
modular
enrichment
analysis
(MEA)

Enrichment P-value is calculated
on each term from the pre-selected
interesting gene list. Then,
enriched terms are listed in a
simple linear text format. This
strategy is the most traditional
algorithm. It is still dominantly
used by most of the enrichment
analysis tools.

Entire genes (without pre-selec-
tion) and associated experimental
values are considered in the
enrichment analysis. The unique
features of this strategy are: (i) No
need to pre-select interesting
genes, as opposed to Classes I and
IT; (11) Experimental values inte-
grated into P-value calculation.

This strategy inherits key spirit of
SEA. However, the term—term/
gene-gene relationships are con-
sidered into enrichment P-value
calculation. The advantage of this
strategy is that term—term/gene-—
gene relationship might contain
unique biological meaning that is
not held by a single term or gene.
Such network/modular analysis is
closer to the nature of biological
data structure. 47




Functional
Enrichment Analysis (EA)

3 major types:

singular EA = SEA (DAVID ncbi)
selected gene list used to query different
annotation spaces (one by one)

gene set EA = GSEA (GSEA Broad)
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA (GeneCodis CNB)

selected gene list used to query
multiple annotation spaces (at once)

Huang et al. (2009) NAR

Tool category

Description

Class I:
singular
enrichment
analysis
(SEA)

Class II:
gene set
enrichment
analysis
(GSEA)

Class III:
modular
enrichment
analysis
(MEA)

Enrichment P-value is calculated
on each term from the pre-selected
interesting gene list. Then,
enriched terms are listed in a
simple linear text format. This
strategy is the most traditional
algorithm. It is still dominantly
used by most of the enrichment
analysis tools.

Entire genes (without pre-selec-
tion) and associated experimental
values are considered in the
enrichment analysis. The unique
features of this strategy are: (i) No
need to pre-select interesting
genes, as opposed to Classes I and
IT; (11) Experimental values inte-
grated into P-value calculation.

This strategy inherits key spirit of
SEA. However, the term-term/
gene-gene relationships are con-
sidered into enrichment P-value
calculation. The advantage of this
strategy is that term—term/gene-—
gene relationship might contain
unique biological meaning that is
not held by a single term or gene.
Such network/modular analysis is
closer to the nature of biological
data structure. 48




Beyond

Enrichment Analysis (EA)

problems:

1.there are many annotation
spaces that overlap

2.this functional overlapping
produces repetitive results

3.for a single query gene list
SEA and GSEAtools
produced many result lists
that are highly redundant

&

General approach of the Enrichment Analysis (EA) tools: SEA, MEA, GSEA

gene list

g1, 92, g3, g4, g5, g6, 97, g8, g9 ... gN

INPUT: one query list with all
significant genes selected
(one-dimension, simple)

Ve

genes termorterms  adj_p-value
g1,93,95 —p-aA 0.000001
91,903,057 —paA,aG 0.000006
92,94,98 ——»aB,aF 0.000029 |}

g2,94,98,99 ———p aB,aE,aF,aC 0.000231
g93,95,97,99 —paD,al,aK 0.000582

annotation-space 1: GO-BP

annotation-space 2: GO-MF

annotation-space 3: GO-CC

annotation-space 4: KEGG

annotation-space 5: InterPro

annotation-space 6: BioCarta

annotation-space 7: UniProt kw

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond | * i

Enrichment Analysis (EA)

i .
Gene List Result Lists
91 ge1ne53 5 teKn or terms gdg_ga/(;lctﬁ
Functional 91.92.9 —»a -
92 I’ : | 01,93,9597 ——»aA,aG 0.000006
l Enrichment l 92,94,96,08,09 —» aB 0.000014
g3 92,94,98 ——»aB,aF 0.000029
g4 92,04,98,99 ——p aB,aE,aF,aC 0.000231
s Problems: 93,95,97,09 ——»aD,aJ,aK  0.000582
g *Many different result lists, annotation-space 1: GO-BP
g6 one for each annotation space annotation-space 2: GO-MF
g7 (in singular EA) annotation-space 3: GO-CC
annotation-space 4: KEGG

g8 e One big results list annotation-space 5: InterPro
gg (m concurrent modular EA) annotation-space 6: BioCarta
g10 annotation-space 7: UniProt kw
* In both cases many
g . oy
repited and redundant terms redundant, repetitive, complex, ofuscated
results

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond ' *M

Enrichment Analysis (EA)

Examples of: redundant, repetitive
... Inherent problems to the annotation spaces:

® Equivalent terms, with the same biological meaning
GO:0007049 cell cycle === G0:0022402 cell cycle process

® Redundancy of terms, repeated in different annotation spaces
G0O:0007049: cell cycle === KEGG hsa04110: cell cycle

® Bias due to highly frequent promiscuous terms that are unspecific

G0O:0005515: reqgulation of biological process includes
= 45% of all annotated human genes in GO-BP

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond

Enrichment Analysis (EA)

problems:

1.there are many annotation
spaces that overlap

2.this functional overlapping
produces repetitive results

3.for a single query gene list
SEA and GSEAtools
produced many result lists
that are highly redundant

Terms (biological annotations)
Distributions of Terms counting Genes assigned (Gene-Ontology and Pathways)

4096 ‘ g
5 : °
= 1024 . H 8
8 : ;
$ ' i I
£ 256 o :
S Y T
$ E § .
g | ' z
5 § E
3 e +
§ : 8
= 14 - o
T T T T
GO-BP GO-MF GO-CC KEGG
C Terms frequency distributions (boxplots)
§ GO-BP max
graser: 643%| T
=
2 05+ 1s
2
§ 04+ + 4
5
2
® 034 +3
©
)
$ 024 42
g
'g 01+ + 1
2 [0 1 S ST W S— ) |
1 4 16 64 256 1024 4096

Number of genes included in each term (GO-terms)

B GO most frequent terms
(i.e. outliers = low-information-content)
GO Terms (annotations) N genes
GO-BP
GO0:0007165 signal transduction 1872
GO0:0006355 regulation of transcription, DNA dep. 1063
GO0:0045449 regulation of transcription 987
GO-MF
GO:0005515 protein binding 6618
G0:0046872 metal ion binding 2759
G0:0008270 zinc ion binding 1956
GO-CC
G0:0005634 nucleus 4877
GO:0005737 cytoplasm 4457
G0:0016021 integral to membrane 4109
L
KEGG -
061 4628
gz
051 +58¢2
5
L 14322
04 4 £ E
L
034 +38¢
8
max c©°
02+ - 2
1.29 % 3
S E
014 +1 é =
s
— PRERTPRTTTRLL -IIII —_— 8. 2
0.0 | : 02

1

4 16 64 256 1024 4096

Number of genes included in each term (KEGG-terms)

showing most frequent terms in GO and KEGG
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Beyond

Enrichment Analysis (EA)

Distributions of number genes per term

in each annotation space

"

Analysis of the distribution of genes per term in different annotation spaces

GO terms with

a very high number of genes annotated
that have low-information-content and
easily become over-represented

o

4096 -

-

o

N

S
|

256 -

D
N
|

oz
(@)
|

E SN
|

.8
i i

Number of genes included in each term

N
|

O OcC O O @

e

'

[

'

'

'

'

'

'

'

'

'

'

'

[
—_—

1
PO PR,

o

(o]

(2}

(o]

| |
GO-BP GO-MF

|
GO-CC

|
KEGG

GO

GO-BP
G0:0007165
G0:0006355
G0:0045449

GO-MF
G0:0005515
G0:0046872
G0:0008270

GO-CC
G0:0005634
G0:0005737
G0:0016021

Terms
(annotations)

signal transduction
regulation of transcription, DNA dep.
regulation of transcription

protein binding
metal ion binding
zinc ion binding

nucleus
cytoplasm
integral to membrane

Genes

(N)

1872
1063
987

6618
2759
1956

4877
4457
4109
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Beyond

Enrichment Analysis (EA)

Distribution of genes per term (GeneOntology terms and Pathway terms)

problems:

Most Frequent Terms
(highly used = low-information-content)

GO-BP

G0:0006355
G0:0007165
G0:0006350

GO-MF

G0:0005515
G0:0046872
G0:0008270

GO-CC
G0:0005634
G0:0005737

G0:0016021

N genes
1869
1700
1516

5306
2370
2251

4930
4264
4013

Terms

regulat. cellular transcription
signal transduction

cellular transcription

protein binding
metal ion binding
zinc ion binding

nucleus
cytoplasm
integral to membrane

Comparative gene-size of the annotation-terms that include at least 3 genes (GO-BP versus KEGG)

760

570

506

503

874

S 497
organismal
development

495

472

450

434

424

422

267

258

239

237

232

227

224

219

214

213

205

202

402

376 357

198 191 186

167

162

110 %4
159

105
153 82
99
151 81

182

147

146

98
97
96

80
78
77

64 57 8
4
63 56 45

62 55 44

GO-BP (human) aprox.1800 terms
terms with n° genes > [Med+2.5*SD]
Highly used terms (red) = low-information-content
33 terms that include 36.8 % of genes

348 312

177 168

143 141 136 134 126 124

123 122 119 114 112 111
93 92 89 87 86

85 76 75 73 72 71 69

66 61 54 53 52 51 50
65 59 49 43 42 41 40

161 130

98

207 =

96

320
Pathways
in cancer

195 145

93

262
MAPK
singnaling
252

176 133

92

175 131 89

87

85

84

83

82

81

129

74

67

62

61

58

57

56

124

73

66

S5

49

48

47

45

123

72

65

54

44

37

36

35
34

KEGG (human) aprox. 200 terms

terms with n° genes > [Med+2.5*SD]

43
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32

31
30

114 108

70 68

64 63

525 513N B 50

42 (41 139

290 #2858 §27,
26 25 24 23

22 18 15 14
21 17
19 16

Highly used terms (red) = low-information-content

9 terms that include 20.8 % of genes



Beyond

Enrichment Analysis (EA)

Analysis of the distribution of genes per term in different annotation spaces

0
o

0.4

Density
0.3

0.1 0.2

0.0

o

—— GO Biological Process
—— GO Molecular Function
—— GO Cellular Component
— KEGG

I
256

1024 4096 16384

L\

|
4

I [ I [ [ [
16 64 256 1024 4096 16384

Number of genes (in log2 scale)

low-information-content terms
(if everybody is called jack ... jack
becomes a meaningless term)

Distribution of terms and genes in different annotation spaces
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Beyond
Enrichment Analysis (EA)

problems: there is also a clear knowledge bias in the scientific literature

% of PubMed articles for human genes

Genes (biological entities):
Distribution of Genes counting number of articles (PubMed)

100

top 1% top 5% top10% top25%

% of genes with highest number of literature references

B

QNS WN =

17
18
19
20

Genes N articles (PubMed)

TP53 26891
TNF (TNF-a) 21616
INS 20298
NFKB1 16441
FOS (c-FOS) 16164
MYC (c-MYC) 12839
CD4 12427
TGFB1 12207
IFNG 12185
IL1B 11767
EGF 10493
BCL2 10123
CALCA 10006
IL6 9321

IL2 9186
VEGFA 8651
ESR1 8564
CAT 8274
FOSB 7227
IL4 7013

J. De Las Rivas
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Beyond
Enrichment Analysis (EA)

problems: there is also a clear knowledge bias in the scientific literature

TOOLS ARE TELLING

The availability of research tools influences a
protein's popularity.

3
m Proteins for which
» chemical probes

. are available
5 m Proteins for which
§ 2 no probes are
= available
(=)
=
7y
cC
o
® 1
=

0

Nuclear hormone receptor

Too many roads not taken

Most protein research focuses on those known before the human genome was
mapped. Work on the slew discovered since, urge Aled M. Edwards and his colleagues.

Edwards et al. (2011) SCIENCE

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond *M

Enrichment Analysis (EA)

problems: knowledge bias in the scientific literature === everybody wants
to publish about celebrity proteins (‘'robert redford' et al.)

Genes (biological entities):

Genes N articles (PubMed)
1 TP53 26891
2 TNF (TNF-a) 21616
3 INS 20298
4 NFKB1 16441
5 FOS (c-FOS) 16164
6 MYC (c-MYC) 12839
7 CD4 12427
8 TGFB1 12207
9 IFNG 12185
10 IL1B 11767
1 EGF 10493
12 BCL2 10123
13 CALCA 10006
14 IL6 9321
15 L2 9186
16 VEGFA 8651
17 ESR1 8564
18 CAT 8274
19 FOSB 7227
20 IL4 7013

ROBERT

REDFORD

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond
Enrichment Analysis (EA)

solution:

design a new system of
multiple EA that avoids
redundant terms and provides
a unified result based in
functional convergence

of genes & terms =

GeneTerm Linker tool

General approach of the Enrichment Analysis (EA) tools: SEA, MEA, GSEA
gene list

91! 92’ 931 g4s 95, 96, 97, 98, 99 s gN

Ve

INPUT: one query list with all
significant genes selected
(one-dimension, simple)

genes termorterms  adj_p-value
g1,93,95 —paA 0.000001
91,03,9597 ——paA,aG 0.000006
92,94,96,98,9 ——paB 0.000014

92,094,098 —p aB,aF 0.000029
92,04,08,9 ——» aB,aE,aF,aC 0.000231
0.000582

93,05,07,09 ——»aD,alJ,aK

annotation-space 1: GO-BP

I annotation-space 2: GO-MF
l annotation-space 3: GO-CC

l annotation-space 4: KEGG

l annotation-space 5: InterPro

l annotation-space 6: BioCarta

l == annotation-space 7: UniProt kw

OUTPUT: many lists of genes/annotations
highly redundant (enriched gene-sets)

(multiple-dimensions, complex) POStEA

GeneTerm Linker
Approach beyond EA: reciprocal linkage of genes & terms to find functional association

genes (metagroups) terms (co-annotations) main score parameters

Metagroup 1 (6g) -@————» Concurrent annotations (6a) For each metagroup:

91 193195197 e — aA,aG o0.000006 Hypergeometric adj_p-value
g3,05,07,99 — [ aD,aJ,aK ooooss2 (group significance)

Silhouette Width
91,95,96 S S aG,aV ooo7sea (intragroup & intergroups

dist
Metagroup 2 (5g) <¢—® Concurrent annotations (7a) e

92,94,96,98,99 aB 0.000014
92194198,99 aB,aE,aF,aC 0000231
g2,94 ———— VaB,aX,aY,aZ o.0o0s951

Metagroup 1 = includes GeneTerm-sets with 6 genes & 6 annotations
Metagroup 2 = includes GeneTerm-sets with 5 genes & 7 annotations

all the annotation spaces combined in a single result with score parameters

OUTPUT: one list of metagroups built using significant coherent
gene-term linkage and removing redundant non-informative sets
(one-dimension, simple)
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Beyond

Enrichment Analysis (EA)

OUTPUT: many lists of genes/annotations

solution:

design a new system of
multiple EA that avoids
redundant terms and provides
a unified result based in
functional convergence

of genes & terms =

GeneTerm Linker tool

highly redundant (enriched gene-sets)
(multiple-dimensions, complex)

postEA
GeneTerm Linker

genes (metagroups)

Metagroup 1 (6g) -@&————» Concurrent annotations (6a)

g1,93,95,97
93,95,97,99
g1,95,96

terms (co-annotations) main score parameters

For each metagroup:
aA,aG o.000006
aD,aJ,aK o.oo00ss2
aG,aV o.oo7s64

Hypergeometric adj_p-value
(group significance)
Silhouette Width

(intragroup & intergroups
distance)

Metagroup 2 (5g) -€4———J» Concurrent annotations (7a)

92,94,96,98,99
g2,94,98,99
92,04

aB o0.000014
aB,aE,aF,aC o.000231
aB,aX,aY,aZ o0.00s951

Metagroup 1 = includes GeneTerm-sets with 6 genes & 6 annotations
Metagroup 2 = includes GeneTerm-sets with 5 genes & 7 annotations

all the annotation spaces combined in a single result with score parameters

OUTPUT: one list of metagroups built using significant coherent
gene-term linkage and removing redundant non-informative sets
(one-dimension, simple)

Approach beyond EA: reciprocal linkage of genes & terms to find functional association

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Beyond
Enrichment Analysis (EA)

solution: GeneTerm Linker tool

Home | Help

neTerm Linker

enric functional association by non-redundant reciprocal Iinkage
1. Input a list of genes of interest: 3. Organism:
| Homo sapiens a

4. Annotation Spaces:

() GO Biological Process

(7] GO Molecular Function

() GO Cellular Component

) KEGG Pathways

() InterPro Motifs And Domains

[Human example] [Yeast example]

2. Input a list of genes of reference (optional): 5. Minimum Support: 4 %)

6. Email address (optional):

(Submit analysis) (Reset)

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Functional | %

Enrichment Analysis (EA)

singular EA = SEA :: DAVID http://david.abcc.ncifcrf.gov/
selected gene list used to query different
annotation spaces (one by one)

gene set EA= GSEA :: GSEA http://www.broadinstitute.org/gseal
entire genes ranked used to query different
annotation spaces (one by one)

modular EA = MEA :: GeneCodis http://genecodis.dacya.ucm.es/
selected gene list used to query
multiple annotation spaces (at once)

Beyond EA :: GeneTerm Linker  http://gtlinker.dacya.ucm.es/
selected gene list used to query

multiple annotation spaces (at once)

avoiding repetition and redundancy

and linking genes and terms

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Computational Biology @ UCT

Hands-on: Practical Examples

Protein_ SETs_ 2014.xls
(106g hs, 1759 hs, yeast 11pathways, yeast 59g5pc)

run GeneTerm Linker

J. De Las Rivas- IBMCC (CSIC/USAL)- 2015 63
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GeneTerm Linker
a post enrichment tool

Fontanillo et al. (2011) PLoS ONE ©. ~
OPENaACCESS Freely available online ontanillo et al. ( ) ° = P LOS one

Functional Analysis beyond Enrichment: Non-Redundant
Reciprocal Linkage of Genes and Biological Terms

Celia Fontanillo'®, Ruben Nogales-Cadenas®®, Alberto Pascual-Montano?, Javier De Las Rivas'*

1 Cancer Research Center (CiC-IBMCC, CSIC/USAL), Campus Miguel de Unamuno, Salamanca, Spain, 2 National Center of Biotechnology (CNB, CSIC), Campus de
Cantoblanco UAM, Madrid, Spain

Abstract

Functional analysis of large sets of genes and proteins is becoming more and more necessary with the increase of
experimental biomolecular data at omic-scale. Enrichment analysis is by far the most popular available methodology to
derive functional implications of sets of cooperating genes. The problem with these techniques relies in the redundancy of
resulting information, that in most cases generate lots of trivial results with high risk to mask the reality of key biological
events. We present and describe a computational method, called GeneTerm Linker, that filters and links enriched output
data identifying sets of associated genes and terms, producing metagroups of coherent biological significance. The method
uses fuzzy reciprocal linkage between genes and terms to unravel their functional convergence and associations. The
algorithm is tested with a small set of well known interacting proteins from yeast and with a large collection of reference
sets from three heterogeneous resources: multiprotein complexes (CORUM), cellular pathways (SGD) and human diseases
(OMIM). Statistical Precision, Recall and balanced F-score are calculated showing robust results, even when different levels of
random noise are included in the test sets. Although we could not find an equivalent method, we present a comparative
analysis with a widely used method that combines enrichment and functional annotation clustering. A web application to
use the method here proposed is provided at http://gtlinker.cnb.csic.es.

Citation: Fontanillo C, Nogales-Cadenas R, Pascual-Montano A, De Las Rivas J (2011) Functional Analysis beyond Enrichment: Non-Redundant Reciprocal Linkage
of Genes and Biological Terms. PLoS ONE 6(9): €24289. doi:10.1371/journal.pone.0024289
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Validation example

Protein Complexes (yeast) Number of proteins _
a. mRNA cleavage and polyadenylation specificity factor complex 13 TeStIng the methOd
CFT1,CFT2,FIP1,GLC7, MPE1,PAP1,PFS2,PTA1,PTI1,REF2,RNA14,YSH1,YTH1 with a set of 59 yeast
b. anaphase-promoting complex .
APC1,APC2,APC4,APC5,APC9,APC11,CDC16,CDC23,CDC26,CDC27,D0C1 1 nUCIG_ar PrDtElnS
C. proteasome, 19/22S regulator complex 12 Worklng in 5 known
RPN1,RPN2,RPN3,RPN5,RPN6,RPN8,RPN10,RPN11,RPN13,RPT1,RPT3,RPT6 Complexes
d. U6 snRNP complex 1
DCP1,KEM1,LSM1,LSM2,LSM3,LSM4,LSM5,LSM6,LSM7,LSM8,PAT1
e. SAGA complex 12
ADA2,GCNS5,HFI1,NGG1,SGF11,SGF29,SGF73,SPT3,SPT7,SPT8,SPT20, TRA1 Bader et al (2003)

Reconstruction of the
complexes using
experimental protein
interaction data (from
APID and APID2NET)

-

NP e Prieto et al (2006)

%‘;' .\§ +\  Hernandez-Toro et al (2007)
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Validation example

Query list of 59 yeast proteins

GeneTerm Linker results: 5 metagroups

Gene Metagroups found (include GENES | p--- Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG, InterPro)

all the related groups) found | value

Metagroup 1; SilhouePe: 0.529 13(59) | 2.26E--- | GO:0005847:mRNA cleavage and polyadenylaLon specificity factor complex

GLC7, REF2, YTH1, FIP1, PAP1, PFS2, 26 (CC), GO:0006378:mRNA polyadenylaLon (BP), GO:0006379:mRNA cleavage

CFT1, RNA14, PTI1, PTA1, MPE1, (BP), GO:0031123:RNA 3'---end processing (BP), GO:0006353:transcripLon

CFT2, YSH1 terminalon (BP), ...

Metagroup 2; SilhouePe: 0.823 11(59) | 4.85E--- | 04111:Cell cycle — yeast, GO:0004842:ubiquiLn---protein ligase acLvity

CDC23, APC5, CDC16, APC2, APC1, 24 (MF),G0O:0000070:mitoLc sister chromald segregalon (BP),GO:

DOC1, APC9, APC11, APC4, CDC27, 0016567:protein ubiquiLnalLon (BP),G0O:0000022:mitoLc spindle elongalon

CDC26, GLC7, TRA1 (BP),G0O:0005680:anaphase---promolLng complex (CC), ...

Metagroup 3; SilhouePe: 0.609 14(59) | 8.11E--- | GO:0000502:proteasome complex (CC), 03050:Proteasome, GO:

RPN13, RPN8, RPN1, RPT1, RPN3, 15 0034515:proteasome storage granule (CC), GO:0008541:proteasome

RPN10, RPN11, RPN2, RPNS5, RPT3, regulatory parlcle, lid subcomplex (CC), GO:0004175:endopepldase acLvity

RPT6, RPN6, APC2, DOC1 (MF), GO:0030234:enzyme regulator acLvity (MF)

Metagroup 4; SilhouePe: 0.750 14(59) | 1.31E--- | 03018:RNA degradalon, GO:0008033:tRNA processing (BP), GO:

LSM5, DCP1, PAP1, LSM3, LSMS, 14 0030529:ribonucleoprotein complex (CC), GO:0046540:U4/U6 x U5 tri---

LSM6, LSM1, LSM4, LSM7, LSM2, snRNP complex (CC), GO:0000398:nuclear mRNA splicing, via spliceosome

PTA1, KEM1, PAT1, YSH1 (BP), IPR0O01163:Like---Sm ribonucleoprotein (LSM), GO:0005688:U6 snRNP
(CQ), ...

Metagroup 5; SilhouePe: 0.570 14(59) | 5.26E--- | GO:0000124:SAGA complex (CC), GO:0016568:chromalLn modificaLon (BP),

NGG1, HFI1, TRA1, SPT20, SGF29, 12 G0:0016573:histone acetylaLon (BP), GO:0046695:SLIK (SAGA--like)

SPT7, SGF73, SPT8, SGF11, GCNS,
SPT3, ADA2, RPN6, CFT2

complex (CC), GO:0003702:RNA polymerase Il transcripLon factor acLvity
(MF), GO: 0004402:histone acetyltransferase acLvity (MF),...

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015

82



a. mRNA cleavage and

polyadenilation specificity §

factor complex: 13 genes

Validation example

Gene Metagroups

found (include all the CfiENES p---valup Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG,
related groups) Ir?tlérr‘gro)
Metagroup 1; SilhouePe: 0.529 GO:0005847:mRNA cleavage and polyadenylaGon
GLC7, REF2, YTH1, FIP1, PAP1, aps s . .
PFS2. CFT1. RNAL4, PTIL, specificity factor complex (CC), GO:0006378:mRNA
PTA1, MPE1, CFT2, YSH1 13(59) 2.26E---2¢ ponadenyIaGon (BP), GO0:0006379:mRNA cIeavage

(BP), GO:0031123:RNA 3'---end processing (BP),

GO: 0006353:transcripLon terminalLon

Metagroup 2; SilhouePe: 0.823 ()Blp};Cg_l_l cycle — yeast, GO:0004842:ubiquiLn---protein ligase
CDC23, APC5, CDC16, APC2, APC1, acLvity (MF),G0O:0000070:mitoLc sister chromald segregalon
DOC1, APC9, APC11, APC4, CDC27, 1" (59) 4_85'5___24(BB)],GMN:protein ubiquiLnalLon (BP),G0:0000022:mitoLc spindle
€ba26gdlai, TRAL (BP),GO:0005680:anaphase---promolLng complex (CC),
Metagroup 3; SilhouePe: 0.609 G0:0000502:proteasome complex (CC), 03050:Proteasome, GO:
RPN13, RPN8, RPN1, RPT1, RPN3, 0034515:proteasome storage granule (CC), GO:0008541:proteasome
RPN10, RPN11, RPN2, RPN5, RPT3, 14(59) 8. 11F— regulatory parLcle, lid subcomplex (CC), GO:0004175:endopepLdase acLvity
RET6, RPN6, APC2, DOC1 (MF), GO:0030234:enzyme regulator acLvity (MF)
Metagroup 4; SilhouePe: 0.750 03018:RNA degradalon, GO:0008033:tRNA processing (BP), GO:
LSMS5, DCP1, PAP1, LSM3, LSMS, 0030529:ribonucleoprotein complex (CC), GO:0046540:U4/U6 x U5 tri---
LSM6, LSM1, LSM4, LSM7, LSM2, 14(59 snRNP complex (CC), GO:0000398:nuclear mRNA splicing, via spliceosome
PTAL, KEM1, PAT1, YSH1 (59)| 1.31E— (BP), IPRO01163:Like---Sm ribonucleoprotein (LSM), GO:0005688:U6

14 snRNP (CC), ...
Metagroup 5; SilhouePe: 0.570 G0:0000124:SAGA complex (CC), GO:0016568:chromalLn modificaLon (BP),
NGG1, HFI1, TRA1, SPT20, SGF29, G0:0016573:histone acetylaLon (BP), GO:0046695:SLIK (SAGA---like)
SPT7, SGF73, SPT8, SGF11, GCN5, complex (CC), GO:0003702:RNA polymerase Il transcripLon factor acLvity
SPT3, ADA2, RPN, CFT2 14(59)|5.26E-- | (MF), GO: 0004402:histone acetyltransferase acLvity (MF),...

12

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015

83



b. Anaphase-promoting
complex: 11 genes

Validation example

Gene Metagroups

found (include all the CfiEL\!:S p---valup Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG,
related groups) Ir?tergro)

Metagroup 1; SilhouePe: 0.529 GO:0005847:mRNA cleavage and polyadenylalon specificity factor complex
GLC7, REF2, YTH1, FIP1, PAP1, (CC), GO:0006378:mRNA polyadenylaLon (BP), GO:0006379:mRNA cleavage
PFS2, CFT1, RNA14, PTI1, 13(59) | 2.26E---2¢ (BP), GO:0031123:RNA 3'---end processing (BP), GO:

PTA1, MPE1, CFT2, YSH1 0006353ftranscripLjsarminalon (BP), ...

Metagroup 2; SilhouePe: 0.823 04111:Cell cycle — yeast, GO:0004842:ubiquilLn - --

CDC23, APC5, CDC16, APC2, APC1, L . . .

DOCL, APCS, APC1L, APCA, CDC27, p.rotem ligase acLvity (MF),G O : 000007 0:mitoGc
CDC26, GLC7, TRAL 11(59) | 4.856-24Sgneghtiong8H), GO:0000022:mitoLc spindle

elongalon

(BP),G0O:0005680:anaphase---promoGng complex (CC),

Metagroup 3; SilhouePe: 0.609

RPN13, RPN8, RPN1, RPT1, RPN3,

G0:0000502:proteasome complex (CC), 03050:Proteasome, GO:
0034515:proteasome storage granule (CC), GO:0008541:proteasome

RPN10, RPN11, RPN2, RPN5, RPT3, 14(59) 8 11E-— regulatory parLcle, lid subcomplex (CC), GO:0004175:endopepLdase acLvity
RET6, RPN6, APC2, DOC1 ' (MF), GO:0030234:enzyme regulator acLvity (MF)
Metagroup 4; SilhouePe: 0.750 03018:RNA degradalon, GO:0008033:tRNA processing (BP), GO:
LSMS5, DCP1, PAP1, LSM3, LSMS, 0030529:ribonucleoprotein complex (CC), GO:0046540:U4/U6 x U5 tri---
LSM6, LSM1, LSM4, LSM7, LSM2, 14(59) 1.31E snRNP complex (CC), GO:0000398:nuclear mRNA splicing, via spliceosome
PTA1, KEM1, PAT1, YSH1 1 === | (BP), IPRO01163:Like---Sm ribonucleoprotein (LSM), GO:0005688:U6
snRNP (CC), ...

Metagroup 5; SilhouePe: 0.570 G0:0000124:SAGA complex (CC), GO:0016568:chromalLn modificaLon (BP),
NGG1, HFI1, TRA1, SPT20, SGF29, G0:0016573:histone acetylaLon (BP), GO:0046695:SLIK (SAGA---like)
SPT7, SGF73, SPT8, SGF11, GCNS, complex (CC), GO:0003702:RNA polymerase Il transcripLon factor acLvity
SPT3, ADA2, RPN6, CFT2 14(59)|5.26E—-- | (MF), GO: 0004402:histone acetyltransferase acLvity (MF),...

12
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C. proteasome, regulator
complex: 12 genes

Validation example

Gene Metagroups

found (include all the ?ENES p---valup Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG,
un
related groups) Ir?tergro)
Metagroup 1; SilhouePe: 0.529 GO:0005847:mRNA cleavage and polyadenylalon specificity factor complex
GLC7, REF2, YTH1, FIP1, PAP1, (CC), GO:0006378:mRNA polyadenylalLon (BP), GO:0006379:mRNA cleavage
PFS2, CFT1, RNA14, PTI1, 13(59) | 2.26E---2¢ (BP), GO:0031123:RNA 3'---end processing (BP), GO:
PTA1, MPE1, CFT2, YSH1 0006353ftranscripLjsarminalon (BP), ...
Metagroup 2; SilhouePe: 0.823 04111:Cell cycle — yeast, GO:0004842:ubiquiLn---protein ligase
CDC23, APC5, CDC16, APC2, APC1, acLvity (MF),G0O:0000070:mitoLc sister chromald segregalon
DOC1, APCS, APC11, APC4, CDC27,( 44 (59)|4 85E___24(BB)],GE7:protein ubiquiLnalon (BP),G0:0000022:mitoLc spindle
€bQ26g@LETA, TRAL ) (BP),G0O:0005680:anaphase---promolLng complex (CC),
Metagroup 3; SilhouePe: 0.609 G0:0000502:proteasome complex (CC),
RPN13, RPN8, RPN1, RPTL, RPN3, 03050:Proteasome, GO:0034515:proteasome storage
RPN10, RPN11, RPN2, RPN5, RPT3,
RPT6, RPN6, APC2, DOC1 14(59)| 8116 granule (CC), GO:0008541:proteasome regulatory
15 parLcle, lid subcomplex (CC), GO:
8004 LiAD :eNtiPpe. @ a3@3 02 3 4 : e n zyme regulator
Metagroup 4; SilhouePe: 0.750 BA1G:RIWA c(eMaEa)Lon, G0:0008033:tRNA processing (BP), GO:
LSM5, DCP1, PAP1, LSM3, LSMS, 0030529:ribonucleoprotein complex (CC), GO:0046540:U4/U6 x U5 tri---
LSM6, LSM1, LSM4, LSM7, LSM2, 14(59) 131E snRNP complex (CC), GO:0000398:nuclear mRNA splicing, via spliceosome
PTA1, KEM1, PAT1, YSH1 14 2577 | (BP), IPRO01163:Like---Sm ribonucleoprotein (LSM), GO:0005688:U6
snRNP (CC), ...
Metagroup 5; SilhouePe: 0.570 G0:0000124:SAGA complex (CC), GO:0016568:chromalLn modificaLon (BP),
NGG1, HFI1, TRA1, SPT20, SGF29, G0:0016573:histone acetylaLon (BP), GO:0046695:SLIK (SAGA---like)
SPT7, SGF73, SPT8, SGF11, GCNS, complex (CC), GO:0003702:RNA polymerase Il transcripLon factor acLvity
SPT3, ADA2, RPN6, CFT2 14(59)|5.26E—-- | (MF), GO: 0004402:histone acetyltransferase acLvity (MF),...
12
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d. U6 snRNP
complex: 11 genes

Validation example

Gene Metagroups

found (include all the CfiEL\!:S p---valup Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG,
related groups) Ir?tergro)
Metagroup 1; SilhouePe: 0.529 GO:0005847:mRNA cleavage and polyadenylalon specificity factor complex
GLC7, REF2, YTH1, FIP1, PAP1, (CC), GO:0006378:mRNA polyadenylalLon (BP), GO:0006379:mRNA cleavage
PFS2, CFT1, RNA14, PTI1, 13(59) | 2.26E---2¢ (BP), GO:0031123:RNA 3'---end processing (BP), GO:
PTA1, MPE1, CFT2, YSH1 0006353ftranscripLjsarminalon (BP), ...
Metagroup 2; SilhouePe: 0.823 04111:Cell cycle — yeast, GO:0004842:ubiquiLn---protein ligase
CDC23, APC5, CDC16, APC2, APC1, acLvity (MF),G0O:0000070:mitoLc sister chromald segregalon
DOC1, APC9, APC11, APC4, CDC27, 1 (59)|a 85E___24(BB)],GE7:protein ubiquiLnalon (BP),G0:0000022:mitoLc spindle
€DG26gdlERd, TRAL ’ (BP),GO:0005680:anaphase---promolLng complex (CC),
Metagroup 3; SilhouePe: 0.609 G0:0000502:proteasome complex (CC), 03050:Proteasome, GO:
RPN13, RPNS8, RPN1, RPT1, RPN3, 0034515:proteasome storage granule (CC), GO:0008541:proteasome
RPN10, RPN11, RPN2, RPN5, RPT3, 14(59) 8 11F— regulatory parLcle, lid subcomplex (CC), GO:0004175:endopepLdase acLvity
RET6, RPN6, APC2, DOC1 ' (MF), GO:0030234:enzyme regulator acLvity (MF)
Metagroup 4; SilhouePe: 0.750 03018:RNA degradalLon, GO:0008033:tRNA
Emz LDSC“E 'Eé\l\:t' LLSSTA?; Lfg"Msz processing (BP), GO:0030529:ribonucleoprotein
14(59)| 1316 | complex (CC), GO: 0000398:nuclear mRNA splicing, via
14 spliceosome (BP), IPRO01163:Like---Sm
ribonucleoprotein (LSM), GO: 0005688:U6 snRNP (CC),
Metagroup 5; SilhouePe: 0.570 G0:0000124:SAGA complex (CC), GO:0016568:chromalLn modificaLon (BP),
NGG1, HFI1, TRA1, SPT20, SGF29, G0:0016573:histone acetylaLon (BP), GO:0046695:SLIK (SAGA---like)
SPT7, SGF73, SPT8, SGF11, GCNS5, complex (CC), GO:0003702:RNA polymerase Il transcripLon factor acLvity
SPT3, ADA2, RPN6, CFT2 14(59)|5.26E--- | (MF), GO: 0004402:histone acetyltransferase acLvity (MF),...
12
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e. SAGA complex:
12 genes '

Validation example

Gene Metagroups

found (include all the ?ENES p---valup Co---AnnotaGons (GO---BP, GO---MF, GO---CC, KEGG,
un
related groups) Ir?tergro)
Metagroup 1; SilhouePe: 0.529 GO:0005847:mRNA cleavage and polyadenylalon specificity factor complex
GLC7, REF2, YTH1, FIP1, PAP1, (CC), GO:0006378:mRNA polyadenylalLon (BP), GO:0006379:mRNA cleavage
PFS2, CFT1, RNA14, PTI1, 13(59) | 2.26E---2¢ (BP), GO:0031123:RNA 3'---end processing (BP), GO:
PTA1, MPE1, CFT2, YSH1 0006353ftranscripLjsarminalon (BP), ...
Metagroup 2; SilhouePe: 0.823 04111:Cell cycle — yeast, GO:0004842:ubiquiLn---protein ligase
CDC23, APC5, CDC16, APC2, APC1, acLvity (MF),G0O:0000070:mitoLc sister chromald segregalon
DOC1, APC9, APC11, APC4, CDC27, 1 (59)|a 85E___24(BB)],GE7:protein ubiquiLnalon (BP),G0:0000022:mitoLc spindle
€bQ26g@LETA, TRAL ’ (BP),GO:0005680:anaphase---promolLng complex (CC),
Metagroup 3; SilhouePe: 0.609 G0:0000502:proteasome complex (CC), 03050:Proteasome, GO:
RPN13, RPNS8, RPN1, RPT1, RPN3, 0034515:proteasome storage granule (CC), GO:0008541:proteasome
RPN10, RPN11, RPN2, RPN5, RPT3, 14(59) 8 11F— regulatory parLcle, lid subcomplex (CC), GO:0004175:endopepLdase acLvity
RET6, RPN6, APC2, DOC1 ' (MF), GO:0030234:enzyme regulator acLvity (MF)
Metagroup 4; SilhouePe: 0.750 03018:RNA degradalon, GO:0008033:tRNA processing (BP), GO:
LSM5, DCP1, PAP1, LSM3, LSMS, 0030529:ribonucleoprotein complex (CC), GO:0046540:U4/U6 x U5 tri---
LSM6, LSM1, LSM4, LSM7, LSM2, 14(59)| 1.31€ snRNP complex (CC), GO:0000398:nuclear mRNA splicing, via spliceosome
PTA1, KEM1, PAT1, YSH1 14 =77 | (BP), IPRO01163:Like---Sm ribonucleoprotein (LSM), GO:0005688:U6
snRNP (CC), ...

Metagroup 5; SilhouePe: 0.570 G0:0000124:SAGA complex (CC), GO:0016568:chromaln
NGG1, HFI1, TRAL, SPT20, SGF29, modificaLlon (BP), GO:0016573:histone acetylaLon
SPT7, SGF73, SPT8, SGF11, GCNS5, .
SPT3, ADA2, RPN6, CFT2 (BP), GO:0046695:SLIK (SAGA---like) complex (CC), GO:

14(59)|5.26E [ 0003702:RNA polymerase Il transcripLon factor acLvity

12

(MF), GO:0004402:histone acetyltransferase

acLvity (MF),...
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Validation with other gene/protein sets *“
from multiple biological sources

Use 3 sets of genes/proteins grouped by different biological criteria:

® Comprehensive Resource of Mammalian protein complexes
(CORUM) genes in 10 mammal multi-protein complexes

— munich information center | =
for protein sequences

® Saccaromyces Genome Database (SGD)

genes in 10 known yeast pathways

&

® Online Mendelian Inheritance in

Man (OMIM) genes in 10 human

v ohns
H O M I M ’ o o opkins
dlseases Online Mendelian Inheritance in Man A=, iv
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Validation with other gene/protein sets *T“

from multiple biological sources
Use 3 sets of genes/proteins grouped by different biological criteria:

® Comprehensive Resource of Mammalian protein complexes
(CORUM) genes in 10 mammal multi-protein complexes

® Saccaromyces Genome Database (SGD)

genes in 10 known yeast pathways

® Online Mendelian Inheritance in
Man (OMIM) genes in 10 human

diseases

We evaluate the S|gnal considering'Roise tolerance (20% noise added):

Precission = TP n Fp
® Precision TP
Recall = ———
AT TP Y FN

® Recall J. De Las Rivas - IBMCC (CSIC/USAL) -—-

2015
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Validation with other gene/protein sets *”“
from multiple biological sources

1c
2c
3c
4c
5¢
6¢c
7c
8c
9c
10c

COMPLEXES (from CORUM db, human)

C complex spliceosome

Mediator (transcriptional coactivator) complex
Proteasome (20S/26S)

RNA polymerase Il (RNAPII)

F1FO-ATP synthase (EC 3.6.3.14), mitochondrial
DAB complex, transcription preinitiation complex
Exosome

elF3 complex, eukaryotic initiation of translation factor-3
Nup 107-160 nuclear pore subcomplex

CENP-A NAC-CAD kinetochore complex

with 20% noise (% of random genes included)

1d
2d
3d
4d
5d
6d
7d
8d

10d

DISEASES (from OMIM db, human)

Retinitis pigmentosa

Deafness (autosomal dominant and recesive)
Cardiomyopathy (dilated, familial and hypertrophic)
Epidermolysis bullosa (dystrophica, simplex, junctional)
Congenital disorder of glycosylation (type | and Il)
Muscular dystrophy (congenital, limb-girdle, rigid spine)
Glycogen storage disease

Leigh syndrome

Acute Leukemia (lymphoblastic ALLs & myeloid AMLs)
Diabetes mellitus (type 1 or 2, gestational, neonatal)
with 20% noise (% of random genes included)

10p

PATHWAYS (from SGD db, yeast)

gluconeogenesis

TCA cycle, aerobic respiration

sphingolipid metabolism

de novo biosynthesis of purine nucleotides
lipid-linked oligosaccharide biosynthesis
ergosterol biosynthesis

superpathway of glucose fermentation
fatty acid biosynthesis, initial steps

inositol phosphate biosynthesis

folate biosynthesis

with 20% noise (% of random genes included)

iRt tested round GENES o Recal(s) Froere  adheted  TERNS  TERMS Found (only first shown)
80 96 68 68 100.00 85.00 91.89 5.25E-138 6 GO:0005681:spliceosomal ...
32 39 28 28 100.00 87.50 93.33  3.96E-064 10 GO:0016592:mediator complex ...
22 27 22 22 100.00 100.00 100.00 5.34E-063 12  03050:Proteasome ...
26 32 24 24 100.00 92.31 96.00 1.21E-059 12  GO:0006350:transcription ...
16 20 14 14 100.00 87.50 93.33  2.63E-045 12  GO:0005753:mitochondrial ATPase ...
16 20 16 16 100.00 100.00 100.00 3.20E-042 6 03022:Basal transcription factors ...
" 14 " 1 100.00 100.00 100.00 247E-040 4  GO:0006364:rRNA processing ...
13 16 1" 1" 100.00 84.62 91.67 8.98E-038 4  GO:0005852:eukar. translation initiation factor ...
9 " 9 9 100.00 100.00 100.00 1.34E-033 6 G0:0005635:nuclear envelope ...
13 16 13 13 100.00 100.00 100.00 2.32E-028 2 GO:0005694:chromosome ...
+20% noise average values= 100.00 93.69 96.62
S Ty T G P el P TS TERMS Found (ol st shown
51 62 39 38 97.44 74.51 84.44 1.15E-086 1 G0:0007601:visual perception (BP)
84 101 31 31 100.00 36.90 53.91 4.11E-053 6 G0:0007605:sensory perception of sound ...
44 53 19 19 100.00 43.18 60.32  1.48E-031 5 GO0:0008307:structural constituent of muscle ...
1" 14 1" 11 100.00 100.00 100.00 =2.77E-024 2 GO0:0031581:hemidesmosome assembly ...
23 28 1" 11 100.00 47.83 64.71  1.18E-023 1 00510:N-Glycan biosynthesis
25 30 1" 11 100.00 44.00 61.11  4.45E-019 4  GO:0007517:muscle organ development ...
19 23 9 9 100.00 47.37 64.29 2.53E-018 3 00500:Starch and sucrose metabolism ...
8 10 7 7 100.00 87.50 93.33  1.16E-017 10 GO:0006120:mitochondrial electron transport ...
37 45 9 9 100.00 24.32 39.13 7.71E-016 2 05221:Acute myeloid leukemia ...
13 16 5 5 100.00 38.46 55.56 1.01E-010 2  GO:0005975:carbohydrate metabolic process ...
+20% noise average values= 99.74 54.41 67.68
GENES GENES GENES = j
in :ff? ToE'Nud iﬁﬁﬁd %oénunégn Pn&’)m Recall (%) © ::e‘)m ':.’ff:-':." Triﬁr: TERMS Found (only first shown)
22 27 22 22 100.00 100.00 100.00 7.05E-047 7 G0:0006094:gluconeogenesis ...
22 27 23 22 95.65 100.00 97.78 2.36E-037 10 00020:Citrate cycle (TCA cycle) ...
19 23 16 16 100.00 84.21 91.43  7.64E-033 4  00600:Sphingolipid metabolism ...
35 42 21 21 100.00 60.00 75.00 2.02E-030 4  00230:Purine metabolism ...
12 15 12 12 100.00 100.00 100.00 1.38E-029 5 G0:0005783:endoplasmic reticulum ...
1 14 1 11 100.00 100.00 100.00 1.02E-028 7 GO0:0006696:ergosterol biosynthetic process ...
14 17 13 13 100.00 92.86 96.30 9.18E-027 5  00010:Glycolysis / Gluconeogenesis ...
17 21 13 12 92.31 70.59 80.00 9.93E-027 6  GO:0006631:fatty acid metabolic process ...
19 23 1" 11 100.00 57.89 73.33  1.02E-025 3  00562:Inositol phosphate metabolism ...
18 22 10 9 90.00 50.00 64.29 6.98E-019 6 GO:0006730:0ne-carbon metabolic process ...
+20% noise average values= 97.80 81.56 87.81
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Comparison
GeneTerm Linker vs DAVID FAC

http://david.abcc.ncifcrf.gov/

DAVID Bioinformatics Resources 6.7

National Institute of Allergy and Infectious Diseases (NIAID), NIH

Home | Start Analysis | Shortcut to DAVID Tools | Technical Center A Downloads & APIs | Term of Service

Shortcut to DAVID Tools

— Functional Annotation

Gene-annotation enrichment analysis, functional
annotation clustering , BloCarta & KEGG pathway
mapping, gene-disease assoclation, homologue
match, ID translation, literature match and more

- Gene Functional Classification

Provide a rapld means to reduce large lists of
genes Into functionally related groups of genes to
help unravel the blological content captured by
high throughput technologles. More

— Gene ID Conversion

Convert list of gene ID/accesslons to others of
your cholce with the most comprehensive gene
ID mapping repository. The ambiguous
accesslons In the list can also be determined
semi-automatically. More

— Gene Name Batch Viewer

Display gene names for a glven gene list; Search
functionally related genes within your list or not
In your list; Deep links to enriched detalled
Information. More

Why DAVID? | About Us

Recommending: A paper published in Nature Protocols describes step-by-step procedure to use DAVID!

Welcome to DAVID 6.7
Search
2003 - 2014 ) What's Important in DAVID?
The Database for Annotation, Visualization and Integrated e Current (v 6.7) release note
Discovery (DAVID ) v6.7 is an update to the sixth version e New requirement to cite DAVID
of our original web-accessible programs. DAVID now e IDs of Affy Exon and Gene arrays supported
provides a comprehensive set of functional annotation tools e Novel Classification Algorithms
for investigators to understand biological meaning behind e Pre-built Affymetrix and Illumina

large list of genes. For any given gene list, DAVID tools

backgrounds
are able to:

e User's customized gene background

e Enhanced calculating speed
> Statistics of DAVID

& Identify enriched biological themes, particularly GO
terms

& Discover enriched functional-related gene groups

& Cluster redundant annotation terms

& Visualize genes on BioCarta & KEGG pathway

DAVID Bioinformatic Resources Citations
& Display related many-genes-to-many-terms on 2-D

3182

maps
view.

& Search for other functionally related genes not in the
list

& List interacting proteins

& Explore gene names in batch

& Link gene-disease associations

& Highlight protein functional domains and motifs . . l

0 4 B8 £ 3

& Redirect to related literatures 2004 05 2006 07 2008 09 2010 11 2012 13
& Convert gene identifiers from one type to another.
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Comparison
GeneTerm Linker vs DAVID FAC

DLAVED:.... http://david.abce.ncifcrf.gov/

Software

The DAVID Gene Functional Classification Tool: a novel biological
module-centric algorithm to functionally analyze large gene lists
Da Wei Huang™", Brad T Sherman™*, Qina Tan", Jack R Collins®, W
Gregory Alvord*, Jean Roayaei*, Robert Stephens’, Michael W Baseler$, H
Clifford Lane’ and Richard A Lempicki®

Addresses: *Laboratory of Inmunopathogenesis and Bioinformatics, Clinical Services Program, SAIC-Frederick, Inc., National Cancer Institute

Huang et al (2007) Genome Biol.

at Frederick, Frederick,
Frederick, Frederick, M
Frederick, MD 21702,
USA. YLaboratory of Im
20892, USA.

| PROTOCOL Huang et al (2009) Nature Protoc.

Systematic and integrative analysis of large gene
lists using DAVID bioinformatics resources

Da Wei Huang'?, Brad T Sherman’? & Richard A Lempicki!

!Laboratory of Immunopathogenesis and Bioinformatics, Clinical Services Program, SAIC-Frederick Inc., National Cancer Institute at Frederick, Frederick, Maryland 21702,

USA. ?These authors contributed equally to this work. Correspondence should be addressed to R.A.L. (rlempicki@mail.nih.gov) or D.W.H. (huangdawei@mail.nih.gov)

Published online 18 December 2008; do0i:10.1038/nprot.2008.211

DAVID bioinformatics resources consists of an integrated biological knowledgebase and analytic tools aimed at systematically
extracting biological meaning from large gene/protein lists. This protocol explains how to use DAVID, a high-throughput and
integrated data-mining environment, to analyze gene lists derived from high-throughput genomic experiments. The procedure first
requires uploading a gene list containing any number of common gene identifiers followed by analysis using one or more text and
pathway-mining tools such as gene functional classification, functional annotation chart or clustering and functional annotation
table. By following this protocol, investigators are able to gain an in-depth understanding of the biological themes in lists of genes
that are enriched in genome-scale studies.
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Comparison
GeneTerm Linker vs DAVID FAC

DAVID bioinformatics suite provides a post-enrichment tool:
DAVID Functional Annotation Clustering (DAVID - FAC), after single
enrichment analysis it clusters the terms based in the genes that they share.

A S ‘t DAVID Bioinformatics Resources 6.7
§_ r:j““" NABANSE National Institute of Allergy and Infectious Diseases (NIAID), NIH

Functional Annotation Clustering
Help and Manual
Current Gene List: List_1
Current Background: Saccharomyces cerevisiae
59 DAVID IDs

E Options Classification Stringency | Custom r-t}
Kappa Similarity Similarity Term Overlap | 4 r:] Similarity Threshold [ 0.85 r:]
EARIN Initial Group Membership Final Group Membership Multiple Linkage Threshold

Classification @ ’:]6 = ,:0_75 .
Enrichment
Thresholds RASH L
Displa ["IFold Change [T)Bonferroni ™ Benjamini O O

play 0 g O 5 FDR LT,PH,PT

N

(Rerun using options ) (Create Sublist)

17 Cluster(s) Ei Download File
Annotation Cluster 1 Enrichment Score: 15.75 | Count : P_Value : Benjamini
(1 SR co Al MRNA deavage and polvadenviation  py 13 7.7E-22 2.56-20
O GOTERM_CC_ALL mRNA cleavage factor complex RT —— 13 5.2E-20 1.3E-18
O GOTERM_BP_ALL mRNA polyadenylation RT — 12 1.4E-17 1.0E-15
O GOTERM_BP_ALL RNA polyadenylation RT — 12 7.8E-16 2.8E-14
O GOTERM_BP_ALL mRNA 3'-end processing RT — 13 8.4E-15 2.3E-13
O GOTERM_BP_ALL mRNA cleavage RT —— 11 5.9E-14 1.2E-12
O GOTERM_BP_ALL RNA 3'-end processing RT r— 13 2.4E-11 3.3E-10




Comparison
GeneTerm Linker vs DAVID FAC

Comparative analysis of two approaches that provide groups of genes and terms

Testing a set of 59
yeast nuclear
proteins working in
5 known complexes

RNA14 ™ pap

GeneTerm Linker DAVID FAC DAVID FAC (tuned to
(by default) find 5 groups)
Total groups reference 5 5 3}
Total groups found 5 15 5
Accuracy 0.952 0.311 0.884
Jaccard coefficient 0.769 0.213 0.562

J. De Las Rivas --- IBMCC (CSIC/USAL) ---
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Comparison

GeneTerm Linker vs DAVID FAC

e

GeneTerm Linker DAVID FAC DAVID FAC (tuned to
(by default) find 5 groups)
Total groups reference 5 5 5
Total groups found 5 15 5
Accuracy 0.952 0.311 0.884
Jaccard coefficient 0.769 0.213 0.562

Accuracy : percentage of genes grouped correctly.

(TP + TN)

Accuracy =

TP+TN+FP+FN

Jaccard coefficient : (measures similarity between sample sets) proportion of genes
that belong to the same complex with respect to the total number of genes that are
known to belong such complex or to any other.

Coef ficiente de Jaccard =

TP+ FP+FN

J. De Las Rivas --- IBMCC (CSIC/USAL) ---
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Comparison &w

GeneTerm Linker vs DAVID FAC

DAVID bioinformatics suite provides a post-enrichment tool:
DAVID Functional Annotation Clustering (DAVID - FAC), after single
enrichment analysis it clusters the terms based in the genes that they share.

: S DAVID Bioinformatics Resources 6.7
§ ‘ ﬁ}ﬂj‘p BASE National Institute of Allergy and Infectious Diseases (NIAID), NIH

Functional Annotation Clustering

Help and Manual

Current Gene List: List_1
Current Background: Saccharomyces cerevisiae
59 DAVID IDs

DAVID Functional Annotation Clustering (DAVID - FAC)
1.It groups/clusters genes or terms in an independent way
2.1t does not considers the enrichment p-value of each gene-term set to
rank them during the clustering
3. It does not eliminates redundancies

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 97
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Computational Biology @ UCT

Hands-on: Practical Examples

Protein_ SETs_ 2014 .xls
(106g hs, 1759 hs, yeast 11pathways, yeast 59g5pc)

run DAVID-FAC & GeneTerm Linker

J. De Las Rivas- IBMCC (CSIC/USAL)- 2015 98
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GeneTerm Linker
web tool

Home | Help | Webservice

neTerm Linker

functional association by non-redundant reciprocal linkage

1. Input a list of genes of interest: 3. Organism:

| Homo sapiens Iy

4. Annotation Spaces:

(] GO Biological Process

() GO Molecular Function

[ GO Cellular Component

(] KEGG Pathways

) InterPro Motifs And Domains

—

[Human example] [Yeast example]

2. Input a list of genes of reference (optional): 5. Minimum Support: 4 13

6. Email address (optional):

(‘Submit analysis) (Reset )

If your find GTLinker useful, please include the following cite in your references:

Fontanillo C, Nogales-Cadenas R, Pascual-Montano A, De Las Rivas J (2011) Functional Analysis beyond Enrichment: Non-Redundant Reciprocal Linkage of
Genes and Biological Terms. PLoS ONE 6(9): e24289. doi:10.1371/journal.pone.0024289
[Medline] [Online version])
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GeneTerm Linker
results

FuncLonal analysis results for a 100 genes signature of Acute LinfoblasGc Leukemia
(AML)

.. . | adjusted_ Silhouette _

Metagroup 3  BMP2 CTGF CTSH

Show details  PF4 TESC 5(94) 104(34208)  1.04382e-05 0.8589 G0:0010628 positive regulation of gene expression (BP)

G0:0006935 chemotaxis (BP)

G0:0008009 chemokine activity (MF)

04060 Cytokine-cytokine receptor interaction
8(94) 310(34208)  2.35437e-06 0.7652 04062 Chemokine signaling pathway

IPR0O01811 Chemokine interleukin-8-like domain

S BMP2 CMTME
Metagroup 2 = CXCL2 CXCL3
Show details | GNAI1 PF4 PPBP

LA IPR002473 CXC chemokine, interleukin 8
IPRO01089 CXC chemokine
Metagroup 4 SR ﬁ’io%%géizgn?;lpg’fpa;:;:% (:)?Z)tein domain
SHiri detais m;?;} RAB32 5(94) 165(34208)  9.53831e-05 0.7143 IPRO01806 Ras GTPase

IPR003579 Ras small GTPase, Rab type

COL5A1 CTGF
ECM1 LGALS3 5(94) 272(34208) 0.000944947 0.7112
PXDN

G0:0031012 extracellular matrix (CC)
G0:0005578 proteinaceous extracellular matrix (CC)

Metagroup 5
Show details

LRRK2 MME PSD3
SHANK3 STXBP5 6(94) 77(34208) 7.41975e-08 0.4167
SYT1

G0:0008021 synaptic vesicle (CC)
G0:0045202 synapse (CC)

Metagroup 1
Show details

J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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GeneTerm Linker

results

FuncLonal analysis results for a 100 genes signature of Acute LinfoblasGc Leukemia

AML
“ il I
pValue

CXCL2 CXCL3 PF4
PPBP

CMTM8 CXCL2
CXCL3 PF4 PPBP

CXCL2 CXCL3 PF4
PPBP TNFSF4

BMP2 CXCL2
CXCL3 PF4 PPBP
TNFSF4

CXCL2 CXCL3
GNAI1 PF4 PPBP

4(94)

5(94)

5(94)

6(94)

5(94)

9(34208)

65(34208)

76(34208)

146(34208)

186(34208)

8.59786e-07

1.8799e-05

3.19339e-05

4.20382e-05

0.000567261

G0:0006955 immune response (BP)
G0:0006935 chemotaxis (BP)

G0:0008009 chemokine activity (MF)
G0:0005615 extracellular space (CC)
G0:0005576 extracellular region (CC)

04060 Cytokine-cytokine receptor interaction
04062 Chemokine signaling pathway

IPR001811 Chemokine interleukin-8-like domain
IPR002473 CXC chemokine, interleukin 8
IPR001089 CXC chemokine

G0:0006935 chemotaxis (BP)
G0:0005615 extracellular space (CC)

G0:0006955 immune response (BP)
G0:0005615 extracellular space (CC)
04060 Cytokine-cytokine receptor interaction

G0:0005615 extracellular space (CC)
04060 Cytokine-cytokine receptor interaction

04062 Chemokine signaling pathway
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GeneTerm Linker *rw
results

FuncLonal analysis results for a 100 genes signature of Acute LinfoblasGc Leukemia
[AVEEatistics of the analysis

Total number of genes sent to the analysis: 100

Number of genes recognized by the enrichment tool: 94

Total number of genes not-included in the enrichment analysis: 13 (show/hide)

Genes not present in the metagroups, only annotated to generic terms: 56 (show/hide)
Total number of genes included in the metagroups: 31 (show/hide)

Total number of significant GeneTerm-sets provided by the enrichment analysis: 98
Download the initial Enrichment Analysis (text format)

Number of filtered GeneTerm-sets that include generic terms in the enrichment: 80
Download the GeneTerm-sets filtered as generic (text format)

Total number of GeneTerm-sets of the enrichment used: 18

NOTE: Maximum number of GeneTerm-sets analysed in the web = 1000

Number of redundant GeneTerm-sets of the enrichment filtered: 2

Final number of GeneTerm-sets of the enrichment included in the metagroups: 16
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Functional Network
derived from Genelerm Linker

The results of the gene---term metagroups generated by GeneTerm Linker can be used in
a further analysis to build funcGonal networks

S
) s

A= -
%77

NS

0 1
0 1 TEY
1 0
0 1

Common gene term sets
adjacency matrix (g :: gts)

0 0
1 1
0 0
1 1

Common metagroups
adjacency matrix (g :: Mg)
J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
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Functional Network &«
derived from Genelerm Linker

The results of the gene---term metagroups generated by GeneTerm Linker can be used in
a further analysis to build funcGonal networks

Functional Network

| Mg4
0 Mg3
B Mg2
@ Mg1
| Mge
B Mgs5
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Functional Network &«
derived from Genelerm Linker

Build Func&onalNetworks :: from an experiment---based protein interacGon network to a
knowledge---based protein/gene funcGonal network

1 =d = U6 snRNP complex (LSM...)
=b=
3 =e = SAGA complex (SPT...)
4 = a = mRNA cleavage & polyA spec. fact. complex
5 =c =19/22S regulator, proteasome (RPN...) " Sleer 0 e NNk
e GRS @
27 | NS, N
IRRRRS (e INS
;3;;.@3«»{{5‘"@ @ @;&'&{\‘%‘Y S
LI TE ZRON V=
= AN "% LY \Qleé_!
',‘,

the agreement

GCNS, QL
& S e O
N
° @ '@?Z‘?‘?Z‘w & is very remarkable
e @S sRE=()
4

‘ ./i"'i“"\i]i""\ VAL =g -
QZSTANS ANV e e S INZd
TR v DY ! N - f TR
' WSS A bS] Shgenty)— O XWX
A L AR (i
S 7 N o Eom S it
R ; Nas, SN QIS
I A X RPN2) R 'IO.&ii '4.}" XX
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53 = . %‘./.‘.‘\.4 A |

weco S S N7
‘ apcs
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Functional Network
derived from Genelerm Linker

Build Func&onalNetworks :: from an experiment---based protein interacGon network to a
knowledge---based protein/gene funcGonal network

U6 snRNP complex (LSM...)

-_—

SAGA complex (SPT...)
MmRNA cleavage & polyA spec. fact. complex
19/22S regulator, proteasome (RPN...)

........ mix group overlapping with 3 other: 5, 3,

O 9 0O T Q
nmmmnmniu

OO0 bhw

@ J. De Las Rivas --- IBMCC (CSIC/USAL) --- 2015
107



04 06 0.8

4

Functional Network &
derived from Genelerm Linker

Build Func&onalNetworks :: from an experiment---based protein interacGon network to a
knowledge---based protein/gene funcGonal network

Metagroups distance

. - o . Metagroups
distances plot

o 0

Mg5 & Mgb6 overlap

-_—

U6 snRNP complex (LSM...)

SAGA complex (SPT...)
= mMRNA cleavage & polyA spec. fact. complex

¢ = 19/22S regulator, proteasome (RPN...)

........ mix group overlapping with 3 other: 5, 3, 108
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