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Overview

A Motivation
A Knowledgebases of Gene Sets

A Principles of Gene Set Analysis (GSA)

| Statistics for over-representation
I Multiple test correction

A Garnet Application

KoRlo& s s



Credits

A Canadian Bioinformatics Workshops
I www.bioinformatics.ca

A Interpreting genes from OMICS studies

I 4 modules by Gary Bader, Quaid Morris, and
Wyeth Wasserman

I ppt, pdf, VOD files available
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http://www.bioinformatics.ca/

Interpreting Gene Lists

A My cool new screen worked and
produced 1000 hit s!
A Genome-Scale Analysis (Omics)
I Genomics, Proteomics

GNAQ
GNAS

Ranking or
clustering

DGKZ

PDE4B
PDE4D
ATP2A2 ?
ATP2A3

NOS1

CNN1 n
GSTO1

MMMMM
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Cardiomyopathy: Downregulated Genes

BLAST Definitions

"Homolowous to sn 007021: PRE-MRHA SPLICING FACTOR SF2. P32 SUBUNIT PRECURSOR (GCIQ-R PROTEIN)
"Mus musculus wroteasome activator PA28 alvwha subunit mRHA, complete cds"

"Mus musculus cdc3? homoloa mRHA. commlete cds"

"Mus musculus ornithine decarboxvlase antizvme gene, complete cds"

M.musculus mRHA for carnitine acetvltransferase

"Homolowous to s» 000779: CALCIUM-TRANSPORTING ATPASE SARCOPLASMIC RETICULUM TYPE (EC 3.6.1.3{
"Homolowous to spw P11507: CALCIUM-TRANSPORTING ATPASE EHDOPLASMIC RETICULUM TYPE (EC 3.6.1.38)
M.musculus ENO3 mRHA for enolase bheta subunit

"Homolowous to sn P47858: 6-PHOSPHOFRUCTOKINASE . MUSCLE TYPE (EC 2.7.1.11) (PHOSPHOFRUCTOKINAS
Homolowous to sn P23327: SARCOPLASMIC RETICULUM HISTIDIHE-RICH CALCIUM-BINDING PROTEIN PRECURS
"Mouse AE3 mRHA. commlete cds'

"M.musculus alucose transnorter 2 mRHA. commlete cds"

Mus musculus asnartate aminotransferase aene 5'-flank and exon 1

"Mus musculus thioredoxin-denendent neroxide reductase (tnx) mRHA. commlete cds'

"Homolowous to sn P47858: 6-PHOSPHOFRUCTOKINASE . MUSCLE TYPE (EC 2.7.1.11) {(PHOSPHOFRUCTOKINAS
"Homologous to snw P11508: CALCTUM-TRANSPORTING ATPASE SARCOPLASMIC RETICULUM TYPE (EC 3.6.1.3{
"Homolowous to sn P35434: ATP SYNTHASE DELTA CHATH, MITOCHOHDRIAL PRECURSOR (EC 3.6.1.34)."
"Mus musculus FI1FOATP svnthase comwlex E subunit (Atn5k) aene. commlete cds'

"Mus musculus HAD(H)-swecific isocitrate dehvdrougenase gamma subunit precursor, mRHA, complete
'"M.musculus gene for dodecenovl-Cod delta-isomerase. exons 1 and 2"

"Mus musculus cvtochrome c oxidase subunit VIII-H wnrecursor (COX8H) mRHA. commlete cds'
"Homolowgous to s» P35745: RACYLPHOSPHATASE . MUSCLE TYPE ISOZYME (EC 3.6.1.7) (ARCYLPHOSPHATE PH(
"Mus musculus (D-1 cardiac trovonin I mRHA. commlete cds"

"Homolowous to sn P00566: CREATIHE KINASE. M CHAIN (EC 2.7.3.2) (HU-2 PROTEIN)."

Mouse mRHA for wrotein with homolouv to transition protein 2 (TP2)

Mus musculus Selenium-bindinag liver nrotein mRHR

"Mus musculus {clone MAR1) aldose reductase mRHA. commlete cds'

"Mus musculus vascular endothelial arowth factor B 186 (VEGF-B) precursor, mRHA, complete cds'
M.musculus mRHA for HADP transhvdroaenase

"Mus musculus aldehvde dehvdrouenase (ALDH2) mRHA. nuclear gene encoding mitochondrial proteil
"Mouse cvtosolic enoxide hvdrolase mRHA. commlete cds'

"Mus musculus 129SV carnitine walmitovltransferase II mRHA. commlete cds"

"Mus musculus medium-chain acvl-Cof dehvdrouenase mRHA. commlete cds"

"Mus musculus lonu-chain acvl-Coh dehvdrogenase mRHA. commlete cds"

"Mus musculus verv-long chain acvl-Cof dehvdrogenase mRHA, partial cds"

Mouse muscle creatine kinase mRHA (EC 2.7.3.2)

"Mus musculus isocitrate dehvdrouenase mRHA. commlete cds"

"Mus musculus lonug chain fattv acvl Coh svnthetase mRHA. commlete cds"

"Mus musculus sterol carrier nrotein-2 (SCP-2) uene. commlete cds"

'"Mouse alpha-tubulin isotype M-alpha-4 mRHA, complete cds"

i

| GenMAPP.org |
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ardiomyopathy: Downregulated Genes

Anecdote vs. significance?

BLAST Definitions

"Homolowous to sp 007021: PRE-MRHA SPLICIHNG FACTOR SF2. P32 SUBUHIT PRECURSOR (GCIQ-R PROTEINH)
'"Mus musculus wroteasome activator PA28 alvha subunit mRHA, complete cds"

"Mus musculus cdc3? homoloa mRHA. commlete cds"

"Mus musculus ornithine decarboxvlase antizvme gene, complete cds'

M.musculus mRNA for carnitine acetyltransferase
"Homoloaous to sp 000779: CALCIUM-TRANSPORTING ATP
"Homolowous to sn P11507: CALCIUM-TRANSPORTIHNG ATPASE
M.musculus ENO3 mRHA for enolase beta subunit
"Homolowous to sp P47858: 6-PHOSPHOFRUCTOKINASE . MUSCLE TYPE
Homolowous to sn P23327: SARCOPLASMIC RETICULUM HISTIDIHE-RICH
"Mouse AE3 mRHA. commlete cds"

"M.musculus alucose transnorter 2 mRHA. commlete cds"

Mus musculus aswartate aminotransferase uene 5'-flank and exon 1
"Mus musculus thioredoxin-denendent neroxide reductase (tnx) mRHA. c
"Homolowous to sn P47858: 6-PHOSPHOFRUCTOKINASE . MUSCLE TYPE (EC 2.17.
"Homolouous to sp P11508: CALCIUM-TRANSPORTING ATPASE SARCOPLASMIC RET:
"Homolowgous to sp P35434: ATP SYNTHASE DELTR CHATH. MITOCHOHDRIAL PRE
"Mus musculus FI1FORTP svnthase commlex E subunit (Atn5k) dene. commlete
"Mus musculus HAD(H) -spnecific isocitrate dehvdrouenase gamma subunit pre
'"M.musculus aene for dodecenovl-Col delta-isomerase. exons 1 and 2"

"Mus musculus cvtochrome c oxidase subunit VIII-H wrecursor {(COX8H) mRHA. Fommlete cds"
"Homolowgous to sp P35745: ACYLPHOSPHATASE . MUSCLE TYPE ISOZYME (EC 3.6.1.7) (RCYLPHOSPHATE PH(
"Mus musculus (D-1 cardiac trowonin I mRHA. commlete cds"

"Homologous to sp P00566: CREATIHE KINASE. M CHAIN (EC 2.7.3.2) (HU-2 PROTEJH)."
Mouse mRHA for wrotein with homoloav to transition protein 2 (TP2)

Mus musculus Selenium-binding liver wnrotein mRHA

"Mus musculus (clone MAR1) aldose reductase mRHA. comlete cds"

"Mus musculus vascular endothelial arowth factor B 186 (VEGF-B) precursor,
M.musculus mRHA for HADP transhvdrouenase

"Mus musculus aldehvde dehvdroaenase (ALDH2) mRHA. nuclear gene encoding mitdchondrial proteil
"Mouse cvtosolic enoxide hvdrolase mRHA. commlete cds'

"Mus musculus 129SV carnitine palmitoyltransferase II mRNA, complete cds"
"Mus musculus medium-chain acyl-CoA dehydrogenase mRNA, complete cds"
"Mus musculus long-chain acyl-CoA dehydrogenase mRNA, complete cds"

"Mus musculus very-long chain acyl-CoA dehydrogenase, partial cds"

Mouse muscle creatine kinase mRHA (EC 2.7.3.2)

"Mus musculus isocitrate dehvdrouenase mRHA. commlete cds"

"Mus musculus long chain fatty acyl CoA synthetase mRNA, complete cds"
"Mus musculus sterol carrier nrotein-2 (SCP-2) uene. commlete cds"
"Mouse alpha-tubulin isotype M-alpha-4 mRHA, complete cds"

COPLASMIC RETICULUM TYPE (EC 3.6.1.31
ASMIC RETICULUM TYPE (EC 3.6.1.38)

2.7.1.11) (PHOSPHOFRUCTOKIHAS
TUM-BINDING PROTEIN PRECURS

, complete cds'

Fatty Acid Degradation? |GenMAPP.org |
Other pathways / processes? _g /

bioinformatics.ca |<0b10 U K pa i P
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Interpreting Gene Lists

A My cool new screen worked and
produced 1000 hit s!

A Genome-Scale Analysis (Omics)
I Genomics, Proteomics

GNAQ

Ranking or  [&us Y- s Analysis

DGKZ

clustering  |ekna

PDE4B
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'08 [ 1) @ NOS5S1
° s 00o CNN1
° o © ® GSTO1
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NOS3

CNN2
MYLK2
CALD1
ACTA1

MYL2

Eureka! New
heart disease

genel
cellular processes
Qg *
Module 1: Gene List/Network Intro o

bioinformatics.ca KODI10 ez rnagess




Where Do Gene Lists Come From?

A Molecular profiling e.g. mRNA, protein
I ldentification A Gene list
I Quantification A Gene list + values
I Ranking, Clustering (biostatistics)

A Interactions: Protein interactions,
Transcription factor binding sites (ChlP)

A Genetic screen e.g. of knock out library
A Association studies (Genome-wide)
I Single nucleotide polymorphisms (SNPs)
i Copy number variants (CNVs) Other
S examples?

Module 1: Gene List/Network Intro .. . x
bioinformatics.ca KODI1Q Fregzrnagems



Overview

A Motivation
A Knowledgebases of Gene Sets

A Principles of Gene Set Analysis (GSA)

| Statistics for over-representation
I Multiple test correction

A Garnet Application

) ] .
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Gene Attributes

A Available in databases

A Function annotation
I Biological process, molecular function, cell location

A Chromosome position
A Disease association

A DNA properties

I TF binding sites, gene structure (intron/exon), SNPs
A Transcript properties

I Spl i ci ngmicroRRA bundirg sites
A Protein properties

I Domains, secondary and tertiary structure, PTM sites

A Interactions with other genes (PPIs, regulations, pathways)
0"

Module 1: Gene List/Network Intro .. .
bioinformatics.c



What Is the Gene Ontology (GO)?

A Set of biological phrases (terms) which
are applied to genes:

| protein kinase
| apoptosis
I membrane

A Ontology: A formal system for
describing knowledge

www.geneontology.org

Module 1: Gene List/Network Intro .. .
bioinformatics.c



GO Structure

A Terms are related
within a hierarchy

I Is-a

Gene_Ontulngﬂf': I

JraCess

.I. p a. rt_ Of |Jllj1lg;ﬂia_\uzlu1lnlgic?|d

A Describes multiple

levels of detall of

gene function

A Terms can have
more than one
parent or child

Module 1: Gene List/Network Intro .. .
bioinformatics.c




What GO Covers?

A GO terms divided into three aspects:
i cellular component @«
I molecular function
| biological process

OH EH
HO—f—0~"~ Ho-=f =0 —0H
u‘:\[— ""*(D g OH
HO \g‘ OH o m— -
H Ho' b
B-D-glucose-6-phosphate fructose-6-phosphate

glucose-6-phosphate
Isomerase activity

Cell division

Module 1: Gene List/Network Intro . .
bioinformatics.c



Terms

A Where do GO terms come from?

I GO terms are added by editors at EBI and
gene annotation database groups

I Terms added by request
I Experts help with major development

I 27734 terms, 98.9% with definitions.

A 16731 biological_process
A 2385 cellular_component
A8618 molecular_function
AAs of July 6, 2009

Module 1: Gene List/Network Intro .. .
bioinformatics.c



Annotations

A Genes are linked, or associated, with
GO terms by trained curators at
genome databases

iKnown as O0gene assocCi &
annotations

I Multiple annotations per gene

A Some GO annotations created
automatically

Module 1: Gene List/Network Intro .. .
bioinformatics.c



Annotation Sources/Types

A Manual annotation
I Created by scientific curators
AHigh quality
ASmall number (time-consuming to create)

A Electronic annotation (IEA)

I Annotation derived without human validation
AComputational predictions (accuracy varies)
ALower oOqualitydo than man

A Key point: be aware of annotation origin

Module 1: Gene List/Network Intro .. .
bioinformatics.c



GO Slim Sets

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

A GO Slim is an official reduced set of GO

te 'ms extracellular unzk&own
9%

| Generic, plant, yeast membrane

nucleus
20%

o
. .-'n' 3
® ' Crockett DK et al. Lab Invest. 2005

Module 1: Gene List/Network Intro . .
bioinformatics.c
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Accessing GO: QuickGO

Search for a GO term:

Search for a Protein:

Compare GO terms:

Find, view and download annotation

[ = Jexamples - apoptosis, GO:0006915

[ = lexamples - tropomyosin, POG727

[ » Jexample - GO:0000122,GO:0000001

G0O:0006915 apoptosis

Term Information

A form of programmed cell death induced by external or internal signals that trigger the activity of proteolytic caspases, whose actions dis
internally with condensation and subsequent fragmentation of the cell nucleus (blebbing) while the plasma membrane remains intact. Oth
the exposure of phosphatidyl serine on the cell surface.

Ancestor chart Ancestor table Child Terms Protein Annotation Statistics

biological
Cene Ontology F;?,unc%'sc: Parent
isa
P —
Term
developmental cellular

process process part of

p———— p— 1

® o'
Module 1: Gene List/Network Intro et http://www.ebi.ac.uk/ego/
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Other Ontologies: EBI Os

= [ Jeell

EI Dcell in vivo

=k Dcell by organism

: EI Deuhawnnc cell

: i [ ]Mycetozoan cell
EI DFungaI cell

l Danlmal cell

: - [_]plant cell

-- | ]prokaryotic cell
- [ ]spore

= DEE:“ by class
: III ﬁe*nm el

I spore

: j heterokaryon

jhyphal cell
jvegetatwe cell {sensu Fungi)

j dikaryon

Module 1: Gene List/Network Intro
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Gene Attributes

A Function annotation
I Biological process, molecular function, cell location

A Chromosome position
A Disease association

A DNA properties
I TF binding sites, gene structure (intron/exon), SNPs

A Transcript properties
I Spl 1 ci ngmicraRNA bundirfg sites
A Protein properties
I Domains, secondary and tertiary structure, PTM sites

A Interactions with other genes (PPIs, regulations, pathways)

Module 1: Gene List/Network Intro . . : %
bioinformatics.ca KOD1Q regeranums



Sources of Gene Attributes

A Ensembl BioMart (eukaryotes)
I http://www.ensembl.org

A Entrez Gene (general)

A Model organism databases
I E.g. SGD, FlyBase, WormBase, MGl, etc.

A Many others according to subjects

@'

: ik
Module 1: Gene List/Network Intro . . x
bioinformatics.c (o] 0] Forsdic kinam kv



Biological Networks

A Pathways
I Signaling: BioCarta, KEGG, &
I Metabolic: Reactome, KEGG, s

A Regulatory networks
I Transcription: TRANSFAC, Jaspar, €
I MicroRNA: TarBase, &

A Protein-protein interactions: BIND, IntAct, €
A Chemical-protein bindings: Stitch, DrugBank, é
A Integration not trivial at all! Pathway Commons

KoRlo& s s



Overview

A Motivation
A Knowledgebases of Gene Sets

A Principles of Gene Set Analysis (GSA)

| Statistics for over-representation
I Multiple test correction

A Garnet Application
A Further Works on Integromics

kobioz sz



Over-representation analysis (ORA)
In a nutshell

A Given:

1. Gene list: e.g. RRP6, MRD1, RRP7, RRP43, RRP42
(yeast), or Gene Scores:. RRP6 (4.0), MRD1 (3.0) etc

2. Gene annotations: e.g. Gene ontology, transcription
factor binding sites in promoter

A ORA Question: Are any of the gene annotations
surprisingly enriched in the gene list?
A Details:

I How to assess fAsurprisingly
I How to correct for repeating the tests

Module 2: Analyzing Gene Lists
yzing KOD1Q regerrayumns



«1 @1 Ex” gdEY AE U

a.k.a., the hypergeometric test

Gene list

@ RRP6 Formal question: What is the

® ';"5571 probability of finding 4 or more

: RRP43 black genes in a random

©® RRP42 sample of 5 genes?
Background population:
500 black genes,
5000 red genes

Module 2: .. oot

Analyzing Gene Lists bioinformati kob-i o) 37}%4:85%?1:}?%%&*51



A |\ \

«1 @1 Ex~” @dEY AEUd U

Gene list Null distribution
@ RRP6 *Ol
® VRD1 = | )
® RRP7 - 04 rP vgklue\
@ RRP43 £ 0s| Answer = 4.6 x 104
@ RRP42 4
# black balls out of 5

Background population:

500 black genes,

5000 red genes

Module 2: .. oot

Analyzing Gene Lists bioinformati kob-i o) 57@?%?@@%&*51



Important details

To test for  wnder- enrichment OEd~ CN £E B°
for over- enrichment OEd™ xEE  r

" 3 EEEd UOd Bbackyo@i mdpulation” d
appropriately, e.g., if only portion of the total

gene complement is queried (or available for
annotation), only use that population as

background.

To test for enrichment of  more than one
Independent types of annotation (red vs black

and circle vs 3OU&EXx Empd £AFOONPd« 1 @
separately for each type!

. -‘- [ L.

bioinformatics.ca KODI1Q F1eysrnuyand

Module 2:
Analyzing Gene Lists



The goodold T -testif gene
scores are available

Gene scores

6@@@/

I

%

Module 2:
Analyzing Gene Lists

Gene score distributions

Frobability density
o o =
] L N

pan]
=

22101 20304 5 6 789
gene score

Question: How likely are the

observed differences between the

two distributions due to chance?
(X Ik

i .
bioinformatics.ca koDI1Q ¥ euninunand



ORA usingthe T - test

Answer: Two-tailed T-test Gene score distributions
04r
Black: N,=500
Mean: m, = 1.1 03

Std: s, =0.9

Red: N,=4500
Mean: m; =4.9

Std: s;,=1.0
- m-m
T-statistic = > >
Y
Nl N2
=-88.5
Module 2:

Analyzing Gene Lists

Frobability density
]
]

Lo
s

221001 2 3 4 5 6 7 8 9
gene score

Formal Question: What is the probability
of observing the T-statistic or one more
extreme if the means of the two
distributions were the same?

@9’

bioinformatics.ca (ol o] [o it rorn



ORA usingthe T - test

P-value = shaded area * 2 L
Gene score distributions

_ | Tdistribution (d.0.f. N) %]
§ £ 03¢
% E“DZ
: ! :
885 O 201
T-statistic
0-3-2-’10123456?89
- m2 Jene score
T-statistic = . : .
S, S Formal Question: What is the probability
N, N, of observing the T-statistic or one more
_ extreme iIf the means of the two
= -88.5 A
distributions were the same?
Module 2: ® o’

Analyzing Gene Lists gt .
bioinformatics.ca (ol o] [o it rorn



ORA with gene rankings

Y%l PdEAO” Ud @esiEJd Ul Ed?
“ When the scores do not have normal
distribution

_ The Wilcoxon - Mann- Whitney (WMW)
test: a T -test on ranks

_ The Kolmogorov - Smirnov (KS) test:
testing for arbitrary differences
between gene score distributions

_ GSEA: finding the

bioinformatics.ca KODI1Q Fregarumgane

Module 2:
Analyzing Gene Lists



Proper tests for different distributions

Distributions with gene Bi modabuimped o Gene scores are positive and
score outl i-er s distrioutiondi heavy have increasing density near
tailedd distributions Zero, e.g. sequence counts

= > 2

g 4 5‘) R g

[} c O

° % °

2 > 2

S = =

3 & &

S S °

(al > Dt > a E—

Gene score A Gene score A 0 Gene score A

Recommended test:;

WMW or K-S K-S only WMW or K-S
Module 2: .. oo

Analyzing Gene Lists bioinformati I <0b-i o) 57%4??33&?@ %@*51



A GSEA overview illustrating the method

A Phenotype B Leading edge subset
Classes /\‘ Gene set S

Gene set S <\|_/)

% Correlation with Phenotype

=

Random Walk

"~

= et
“.L‘Q-’l MR e

;.Fr.'r-l. .l ix » i

] T

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

- Jl"

".'I.J‘:'oﬁ‘-

%%
!I..‘l“

- -l
Pl
.2
it
- '-:_
* e
L
P
-
- -
g -
-
fre. s
| =
-
.
-
e
- _---
g~

Ranked Gene List

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

© 2005 by National Academy of Sciences




Correcting for multiple testing:
overview

_ Why do we need to correct? Winningthe P -
value lottery.

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

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

- _s

Module 2: .. ®°"

Analyzing Gene Lists bioinformatics
.£a



How to win the P - value lottery, part 1

Random draws

® Expect a random

“d{p| wxdE x ,q‘."gdq%a,kg@//g’?)g?%served

® enrichment once
® every1/P -value
draws

Background population:
500 black genes,
5000 red genes

ln-l &
Module 2: .. ®"*

Analyzing Gene Lists bioinformatics.ca



How to win the P - value lottery, part 2

Keep the gene list the same, evaluate different annotations

Observed draw Different annotations
@® RRP6 B RRP6

® VRD1 ® VRD1

@® RRP7 ® RRP7

@® RRP43 @® RRP43

@ RRP42 ® RRP42

0§, y
e

ln-l .,
Module 2: .. ® "

Analyzing Gene Lists bioinformatics.ca



ORA tests need correction

From the Gene Ontology website:
Current ontology statistics: 25206 terms
© 14825 biological process
© 2101 cellular component
“ 8280 molecular function

i-' .,
Module 2: i

Analyzing Gene Lists bioinformatics
.£a



Two types of multiple test
corrections

~ Controlling the Family - Wise Error Rate
(FWER) controls the probabillity that any
test Is a false positive

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

i-' .,
Module 2: i

Analyzing Gene Lists bioinformatics
.£a



Controlling Family - Wise Error Rate
using the Bonferroni correction

If M = # of annotations tested

Corrected P - value = M x original P -
value

Corrected P - value is greater than or equal to the
probability that any single one of the observed enrichments
could be due to random draws. The jargon for this
correctionis ©~ EOOU x ON N 1Farhid-de AroriRéa
| « %% - m’

ln- .,
Module 2: i

Analyzing Gene Lists bioinformatics
.£a



Bonferroni correction caveats

"~ Bonferroni correction is very stringent
AOEdEAZOd” UADI d £AUZEP  d x E A
"~ Often users are willing to accept a less

ZgUx] Ol EOUdEOOET Ul OOpd Ul
x FUE dl «©- mpdUI T EI dNE £E
correction when there are real

enrichments.

. _"
]
Module 2: i

Analyzing Gene Lists bioinformatics
.£a



False discovery rate (FDR)

" FDR is the expected proportion of the
observed enrichments that are adue to

random chance.

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

i-' .,
Module 2: i

Analyzing Gene Lists bioinformatics
.£a



Benjamini - Hochberg (B - H) FDR

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

umd - FOPd EvalNat: 2 2 f,st each P - value against
qg=ax(M-Rank+1)/M

eg.let M=100, a = 0. 05
P- value Rank q Is P-value < q?
3) New P - value
0.7 2 0.05 x 0.99 No g @ldn |
0.5 3 0.05 X 0.98 No lowest ranked
0.04 4 0.05 x 0.97 Yes P- value to pass
7 7 - the test.
0.005 M 0.05 x 0.01 NO P- value cutoff of
0.04 ensures FDR
<0.05
Module 2: .. o’ et

Analyzing Gene Lists bioinformatics.ca



Reducing multiple test correction
stringency

77

The correction to the P - value threshold a
depends on the # of tests that you do, so,

no matter what, the more tests you do,

the more sensitive the test needs to be

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

77

- '..
Module 2: ." v 45

Analyzing Gene Lists bioinformatics
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Overview

A Motivation
A Knowledgebases of Gene Sets

A Principles of Gene Set Analysis (GSA)

| Statistics for over-representation
I Multiple test correction

A Garnet Application

KoRlo& s s



Grand |Ibtegratioivn of Biological:& Anhotation: Networksiorlcs

Integrated
Annotation

Disease of Omics Data
I+

isease .
SO
AT

Genes with
Biological M y
Networks

Cancer Biomarker
Integrated Y Discovery
B I O I Og I Cal etabolité
Networks

Drug

Systems Medicine
Development




Gene Set Analysis R the: first applicationon

Genomics
- sequencing
- SNP/CNV chip

Transcriptomics
- Microarrays
- NGS techniques Pathway Analysis| = ="

WUens B e s oo me

DLLY

Proteomics
- 2D-Geli MALDI
- HPLCi MS/MS

Systems Biology
- Network analysis

LRt

- Integrated data

416
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