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Background

Progress in science depends on new techniques, new
discoveries and new ideas, probably in that order.
Sydney Brenner, 1980

The introduction and popularisation of high-throughput
techniques has drastically changed the way in which
biological problems can be addressed and hypotheses can
be tested.

But not necessarily the way in which we really address or
test them...



The pre-genomics paradlgm
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: ...which can be different
Now: 22240 (NCBI build 35 12/04) Genes in the
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10 million

because of the variability. SNPs

...whose final
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...when expressed.in the
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iQnal post-genomics
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...code for
proteins...

...conforming complex
interaction networks...

That undergo post-
translational
modifications, somatic
recombination...

100K-500K proteins

...In cooperation
with other
proteins...

...whose structures account
for function...

Each protein has an average
of 8 interactions



Gene expression profiling.
Historic perspective

Differences at phenotype level are the visible cause of differences at molecular level
which, in many cases, can be detected by measuring the levels of gene expression.
The same holds for different experiments, treatments, strains, etc.

« Classification ot phenotypes / experiments. Can | disting s, 54
(either known or unknown), values of variables, etc. using molecular gene
expression data? (sensitivity)

« Selection of differentially expressed genes among the phenotypes / experiments.
Did | select the relevant genes, all the relevant genes and nothing but the relevant
genes? (specificity)

 Biological roles the genes are carrying out in the cell. What general biological
roles are really represented in the set of relevant genes? (interpretation)



General pipeline for the (most common)

analyses
Daja Data/lJ Dataj[)ata...J
N —~ _/

Normalized dataset

—

Unsupervised analysis Supervised analysis array-CGH
Clustering Gene selection Class predictor CNV

TN/

Functional interpretation

Of course,there are more possible
analyses (e.g. reverse engineering of
networks, ChlP-on-Chip, etc.)



Your amays: pre-normalizalion Your arrays: posi- dotaull normalization

Amray 00G66-H 1xl: pro-normalizalion Array B0G66-H 1x1: post- dofaull normalization

Array 00G66-H.1x: pre-normalizaiion MA-plol Array 00G66-H.bx1: post- defaull normalizalion MA-plol

Before (left) and after (right) normalisation. A) BoxPlots, B)
BoxPlots of subarrays and C) MA plots (ratio versus intensity)

(a) After normalization by average (b) after print-tip lowess
normalization (c) after normalisation taking into account spatial
effects

Normalisation

There are many sources of error that can
affect and seriously bias the interpretation
of the results. Differences in the efficiency
of labelling, the hybridisation, local effects,
etc.

Normalisation is a necessary step before
proceeding with the analysis

 BHRERT BRI
oo DIEEiE
e B




On data, probes and hybridisations

Gene expression

exon /> 2 colors
CNV ACS L
oligos 1 color

ChIP-on-Chip 0
Histones robesets (affyy—

Etc...

Only a simplified picture. There are more
players such as lllumina, small custom-
made arrays, etc.



Common normalisation strategies

Assumption Strategy Method

Most of the probes . Affymetrix — RMA, other..

do not change \

Two color — LOESS

One color Quantiles

Many probes do /" \

change
Spike-in

(Small boutique arrays, histone
arrays, etc.)



Unsupervised problem: class discovery

Our interest is in discovering clusters of items (genes or experiments)
which we do not know beforehand

Can we find groups of experiments with
similar gene expression profiles?

« What genes co-

: express™

.-,'I ;H"i T « How many different
L expression patterns do
we have?

« What do they have in
common?

 Etc.

Co-expressing genes...




Unsupervised clustering methods:
Method + distance: produce groups of items
based on its global similarity
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An unsupervised problem:
clustering of genes.

« Gene clusters are
previously unknown

« Distance function

« Cluster gene
expression patterns
based uniquely on their
similarities.

 Results are subjected
to further interpretation
(if possible)




Clustering of experiments:

The rationale

If enough genes have their
expression levels altered in the
different experiments, we might
be able of finding these
classes by comparing gene
expression profiles.

Distinctive gene expression patterns in human
mammary epithelial cells and breast cancers

Overview of the combined in vitro and breast tissue
specimen cluster diagram. A scaled-down representation of
the 1,247-gene cluster diagram The black bars show the
positions of the clusters discussed in the text: (A)
proliferation-associated, (B) IFNregulated, (C) B
lymphocytes, and (D) stromal cells.
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Supervised problems: Class prediction and gene

selection, based on gene expression profiles
Information on classes (defined on criteria external to the gene expression
measurements) is used.

Problems:

How can classes A, B, C... be
distinguished based on the
corresponding profiles of gene

prediction

How a continuous phenotypic trait
(resistance to drugs, survival, etc.)
can be predicted?

And /

~
Which genes among the thousands

analysed are relevant for the . Gene
i iti ification? selection
Experimental conditions  (om classification

tens up to no more than a few houndreds) .

(thousands)
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Gene selection.

The simplest way: univariant gene-by-gene.
Other multivariant approaches can be used

« TWwo classes
T-test
Bayes
Data-adaptive
Clear
SAM

e Multiclass
Anova
Clear

- Continuous variable (e.g. level of a
metabolite)

Pearson

Spearmam

Regression

e Survival
Cox model
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Gene Expression Pattern Analysis Suite v3.0
Bioinfarmatics Department - CIPF
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A simple problem: gene selection for
class discrimination

thebest - [B4/18/20883 18:57:43 GHTI]

~15,000 genes
Case(10)/control(10)

"1, 600008 ’ o

Genes differentially expressed
among classes (t-test ), with p-value
<0.05




Sorry... the data was a collection of random
numbers labelled for two classes

thebest - [B4/18/2003 18:57:43 GHT]

So... Why do we find good p-
W-ﬂ values?

unadij.p adj p FDR_indep FDE_dep ohs_stat
0.0001999:8 0.152685 0.49995 1 S.47044
0.00019299:8 0.746225 0.49995 1 4.,49902
0.00093949 0.983002 0.8610Z25 1 4.017z26
0.00149985 0.986401 0.861025 1 3.99374
0.00129987 0.9959 0.8610Z25 1 3.86046
0.00169983 0.9996 0.861025 1 3.7251

_—_— L] L] L] L]
1.8888008
first (whatever), best discriminant,
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1007 1007 gene

1542 1542

1360 1360

544 G544
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4102 4102 0.00219975 1 0.861025 1 3.35908
285 Z55 0.0o023997 1 0.8610Z5 1 3.35235
4716 4716 0.00439956 1 0.8558 1 3.2528¢6
4430 4430 0.00669933 1 0.33588 1 3.2427
1398 43385 0.00559944 1 0.8358 1 3.23225
3795 3795 O.0027997:2 1 0.861025 1 3.22175
3462 3462 0.004z2995%7 1 0.8558 1 3.19595
a7z Q72 0.00399964 1 0.55588 1 3.19547
34588 34588 0.0063593 1 0.5558 1 3.12957
3992 3992 0.00549915 1 0.58558 1 3.0957
1245 1245 O.00779s8z2 1 0.55645 1 3.09534




On the problem of multiple testing

P=1-(1-0.5 ) =389

It 1s not the same getting 10 heads

EQ with my coin than getting 10 heads in
one among 1000 coins

1000 coins

Will you still use this coin
for betting?
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Of predictprs and What is a predictor?
molecular signatures
A B

s X, A or Diff (B, X) = Diff (A, X) =13
B?

Intuitive notion:

Most probably X belongs to class B

Algorithms: DLDA, KNN, SVM, random forests, PAM,
etc.



Cross-validation

The efficiency of a
classifier can be
estimated through a
process of cross-
validation.

Typical are three-
fold, ten-fold and
leave-one-out
(LOO), 1n case of
few samples for the
training

Data set

/ * \ Tl‘aj_'[]illg set
4~  Testset

.i"‘_*‘_\

I




« Gene selection
F-ratio
Wilcoxon test
e Predictors
SVM
KNN
DLDA
PAM
SVM

Unbiased CV error

«Confusion matrices

The prophet tool: the only class predictor on the web based on genes

Predictors
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Functional profiling of genome-scale
experiments in the post-genomic era

My data...

B Microsot Excel
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Functional enrichment (two steps)
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~ Genes are selected based on their
H experimental values and...

i Enrichment in functional terms is
- tested (FatiGO, GoMiner, etc.)
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Testing two GO terms
(remember, we have to test thousands)

@
P
Group A Group B *«\’%\Q}
S
C ypetiswo 7y ¢° &
o groups of genes © O
o © carrying out o % o 6 4
® O ¢ o |different biological | @ ° 2 |8 |
 © @ |roles? o ©
~.
The popular Fisher’s test
Biosynthesis 60% @ <) Biosynthesis 20% @

Sporulation 20% @ % Sporulation 20% @

Genes in group A have significantly to do with
biosynthesis, but not with sporulation.



How to test significant differences in the distribution of biological

tems between groups of genes?
FatiGO: GO-driven data analysis
Provides a statistical framework able to deal with multiple-testing hipothesis

Tools for Gene Expression Analysis - Microsoft Internet Explorer
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Manthly Reparts Popular Links / linked to the Gene Expression Pattern Analysis Suite . FatiGo uses gene IDs from the major genomic and
GO Tools proteomic databases (GeneBank, UniProt, Unigene, Ensembl, etc.). FatiGo can also be used for functional
::E“;"'ggta“"“ Search the Gene Ontology Database annotation of any type of large-scale experimant,
oul
GO Editor Guides .
|
contact GO 5 FuncAssociate @
rotein name GO term or ID S
Site Map Roth Computational Biology taboratory, Harvard Medical School
This search uses the browser ApMs0 . Browse the Gene Ontology using AmiGO,
GO website that are over- {or under-) represented among the genes in the input list. Only those over- {or under-)
representations that are statistically significant, after correcting for multiple hypotheses testing, are
reported. Currently 10 organisms are supported. In addition to the input list of genes, users may specify a)
iﬁ whether this list should be regarded as ordered or unordered; b) the universe of genes to be considered by 3

&] Listo B Internet

Al-Shahrour et al., 2004 Bioinformatics (3rd most cited paper in computing sciences. Source: ISI Web of knowledge.)
Al-Shahrour et al., 2005 Bioinformatics; Al-Shahrour et al., 2005 NAR

Al-Shahrour et al., 2006 NAR

Al-Shahrour et al., 2007 NAR; Al-Shahrour et al., 2007, BMC Bioinformatics



Functional
L BABELOMICS termS

Tutorials

. FatiGO+
o by g
’J IR E Help | References | Send cormrmer

search m genomics

organism I“ o

1®) yl:
List of genes #1 genes list #1 j Gene LiStl

or genes list file #1 I =
List of genes #2 genes list #2 Ii:> Gene LISt2

or genes list file #2 Biological process
Functional annotation Gene Ontology: cellular component I|E| Molecular fu nCt'On

Gene Ontology: biological process I 14

Gene Ontology: molecular function I|§| Ce"l_"ar Component
InterPro motifs I|E| KEGG athwa S
KEGG pathways I 1] . p y
SwissProt keywords | [ Biocarta Pathways (new)
Chemical terms bioalma I = -
Diseases terms bioalma I 14 Interpro mOtIfS
Gene eTxpressio: in ':isstues I E SWlssprot keywords
ranscription factors . .. . .
cisRED: cis-regulatory element IIEI BloentltleS from Ilterature (Mal’mlte)

E-mail Eoptiona:; | Gene Expression (TMT)
Project name (optiona 5 5 o o .
i P | [ lzi Transcription Factor binding sites

Submit IM . o
Cis-regulatory elements (CisReD)
MiRNASs (new)
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Biological processes shown by the genes
differentially expressed among PTL-LB

Cluster Query Cluster Reference
Total number of initial genes: 162 4764
Total number of genes no repeated: 129 4731
Total number of Cluster IDs retired - their currents Cluster IDs 7-23 449 - 1627
Total number of genes no repeated with current Cluster IDs: 145 5909
Total number of genes no repeated with GO at level 3 and biological_process: 88 2610
Total number of genes no repeated with GO but NOT at level 3 and ontology .
Total number of genes no repeated without GO annotated: ObVlOUS? NO

2) If you do not have

Gene Ontology Term

-
)
L=
-
L=
oy
L=

previously a strong

response to external stinulus L R . 0 .

s biological hypothesis, now
responze to stress .-6.86221.592 you have an eXplanatlon
gipnal transduction [ R

B s .05 3) You now know that there
cell motility B o.ood .

e are no other co-variables
resistance to pathogenic bacteria | 1.1a2

L (e.g. age, sex, etc)
viral replication | 1.1a2

| 0. 15 01529 0.9337 1 1
cell death B o.ood

. 5.7E 01702 09912 1 1
regulation of gene expresszion, epigenetic | 1.1a2

| noaaw 0.1806  0.9940 1 1




Conventional gene selection reproduces
pre-genomics paradigms

interpretation DJ

interpretation DJ

Genes do not operate alone.

Context and cooperation between genes is ignored




: ...which can be different
Now: 22240 (NCBI build 35 12/04) Genes in the

50-70% display alternative splicing DNA...
25%-60% unknown
Transfrags >protein kunase

10 million

because of the variability. SNPs

...whose final
effect configures
the phenotype...

gactgtatgctgatc
vactactgatgtggg

...when expressed.in the
proper moment and place...

A typical tissue is
expressing among
5000 and 10000
genes

Function is
carried out by
gene sets

...code for ...conforming complex

proteins... interaction networks...
That undergo post-
translational
difications, somati - .
" ecombination. . ...in cooperation

100K-500K proteins with other

proteins...

...whose structures account -
for function... B

Each protein has an average
of 8 interactions




Hypothesis inspired in biology (functionality
carries out by gene-sets) must be tested

interpretation DJ

AN

EXMmtion

Experiment > Function > Gene




Cooperative activity of genes can be detected and
related to a macroscopic observation

O1ISTIRIS

~ GO1 GO2 GO:

Ranking: A list of genes is ranked by their
differential expression between two
experimental conditions A and B (using fold
change, a t-test, etc.)

Distribution of GO: Rows GO1, GO2 and GO3
represent the position of the genes belonging to
three different GO terms across the ranking.

The first GO term is completely uncorrelated
with the arrangement, while GOs 2 and 3 are
clearly associated to high expression in the
experimental conditions B and A, respectively.

Note that genes can be multi-functional



A previous step of gene sel

ection causes loss of

Information and makes the test insensitive

If a threshold based on the
experimental values s
applied, and the resulting
selection of genes
compared for over-
abundance of a functional
term, this migh not be
found.

Classes expressed as
blocks in A and B

A B GO1 GO2
Significantly over- *ni'.:l-—: i
expressed in B { A.EL_‘
t-test with 2}
two tails. &
)C—nlo
p<005 =,
@)
S' .I: tl wa¥anns -
ignificantly over- 2
expressed in A { @ q

Very few genes selected to arrive to
a significant conclussion on GOs 1
and 2
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Gene-set enrichment methods

GSEA

Measure ES for
ach gene set

b 'IF\___-EE
N\

Fermute class labals

(1.000 tirmes)

o1IS1IR)S

FatiScan

Gene set

p1 \
P2 —

!

P3|

Oxidative phosphorylation

ion uhen adifted p-walue <=0.05

background

Independent of the
experimental design



Case study: functional differences in a class
(case/control) comparison experiment

A

8 with impaired
tolerance (IGT)
+ 18 with type
2 diabetes
mellitus (DM2)

17 with normal
tolerance to
glucose (NTG)

(Mootha et al., 2003)

” # Up-

No one single gene shows significant differential
expression upon the application of a t-test

Repository

Healthy vs
diabetic

Functional class

GO

KEGG

Swissprot
keyword

Oxidative
phosphorylation

X

ATP synthesis

X

Ribosome

X

Ubiquinone

Ribosomal protein

Ribonucleoprotein

Mitochondrion

regulated

Transit peptide

X PR R

Nucleotide
biosynthesis

NADH
dehidrogenase
(ubiquinone)
activity

Nuclease activity

Dow-
regulated

Insulin signalling
pathwav

Nevertheless,
blocks
activated/deactivated

functional

are

many pathways,
significantly

and



Beyond discrete variables:
Survival data

Microarrays

34 samples from
tumours of
hypopharyngeal
cancer (GEO
GDS1070)

T-REX

Cox Proportional-
Hazards modelto =
study how the
expression of each
gene across
patients is related
to their survival

- Survival

GEPAS

t-rex tool

3 fgenes annotated
Gen risk b ] bO 1 !10 ] !50 1 h() 1 !LOO
Genl 5.8 antigen processing I
Gen2 56 antigen presentation |
M phase of mitotic cell cucle ]
Gen3 5.4 " Y
I regulation of ce
Gend 5.2 cellular localization ]
Gen5 5.2 macromolecule metabolism _
mrimary netabolism ]
en d
Gen6 5.0 q rervous susten development ]
......... development. _
I regulation of
] le contract
Gonl000 -6.0 D coidernic devel
Genl001 -6.3 0 20 40 60 80 100
...........
I [ | EE tated

and not on

Since FatiScan depends only on a list of
ordered genes,
experimental values,
different experimental designs

the original
it can be applied to

1 Over-represented terns associated with top values 2 Under-represen

4 Under-reprezented terns associated with top wvalues 3 Over-represe

+ Survival

Gene Ontology : biclogical process

ted terns assoc

nted terns am

iated wi

sociated witl

11 cucle




Beyond the classical repositories: Using
text-mining-derived functional terms
Text-mining methods allows extracting informative terms (bioentities) with

different functional, chemical, clinical, etc. meanings, that can be
associated to genes.

genei-terma
genez-termob

genes-termc

..... Compound bioentity(chemical product) adjusted
7 p-value (FDR)

1 a-methyl-L-p-tyrosine (Ajif/ITI;YLCHOLINE 88?32

N-ETHYLMALEIMIDE 0.0324

caffeine PHOSPHATIDYLINOSITOL 0.0191

. . L. fluorouracil PURINE 0.0327
List of bioentities found to be

. . . fluorouridine HYDROGEN PEROXIDE 0.0355

- GLUTATHIONE 0.0237

significantly over-represented in CLUTATHIONE = 0.0237

. NITROUS OXIDE 0.0227

the treatment of AML cells with an GALNAC

. . DOPAMINE 0.0237

specific compound (Stegmaier, K., persolide methanesulfonse PHOSPHATIDYLINOSITOL 0.0237

et al. 2004, Nat Genet, 36, 257-63) utmazole CHOLINE




Babelomics suite for functional interpretation

ISEA____________

“Gene Sel
Enrlchment Analysis

http://www.babelomics.org

FatiGO: Fast transference of Information using Gene Ontology.

FatiGOplus: an extension of FatiGO for InterPro motifs, KEGG pathways and SwissProt
keywords , transcription factors (TF), gene expression in tissues, bioentities from
scientific literature, cir-regulatory elements CisRed.

Tissues Mining Tool: compares reference values of gene expression in tissues to your
results.

MARMITE Finds differential distributions of bioentities extracted from PubMed between two
groups of genes.

FatiScan: Detects blocks of functionally related genes (GO terms, InterPro motifs, KEGG
pathways and SwissProt keywords , transcription factors (TF), cir-regulatory
elements CisRed, etc.) with significant coordinate (although modest) over- or under-
expression using a segmentation test.

GSEA: Detects blocks of functionally related genes (GO, KEGG, etc.) with significant
coordinate (although modest) over- or under-expression using a modified Kolmogorov-
Smirnov test.


http://babelomics.bioinfo.cipf.es/fatigoplus/cgi-bin/fatigoplus.cgi
http://babelomics.bioinfo.cipf.es/text_mining/cgi-bin/text_mining.cgi
http://babelomics.bioinfo.cipf.es/gsea/cgi-bin/gsea.cgi

Comparison of threshold-free
methods at a glance

Repository Method
Healthy e Defined Tian
o : e v e | SWISSprOL . ‘o ~CHA | DA
Vs Functional clags | GO |KEGG kevword mn FatiScan | GSEA |PAGE | et
- - LY WY A T
diabetic - GSEA al.
Oxidative
) . + + + yes yes yes |vyes
phosphorylation - ’ ’ ’
ATP synthesis + yes
Ribosome + yes
Ubiquinone + yes
Ribosomal protemn + yes
Ribonucleoprotein + yes
Up- Mitochondrion | + + + yes yes ves | ves
regulated | Transit peptide + yes
Nucleotide ) ] ) ]
. + - yes yes | ves |Ves
biosynthesis - ’ ’ ’
NADH
dehidrogenase
. T + ves
(ubiquinone) -
activity
Nuclease activity | + yes
Dow- | Insulin signalling _
- - + yes
regulated pathway -

Terms from distinct repositories, reported by different methods
in the diabetes dataset (Mootha et al., 2003)



ISA CGH (/n silico Array-CGH)

«Estimating copy
number variation

«Correlation copy
number — expression

Minimum common
amplified / lost region

codrra
CGH

InSilicoArray CGH
Bicinformatics Department CIPF




InSilica Array
cGH

InS .'i'i_:_;-.'.r-rnl,r

CGH

Estimating copy number

InSilicoArray CGH
Bioinformatics Department CIPF

amplification

Zoom of the region
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Minimum region with consistent

losses or gains




Correlation copy number to

expression value

Chromdsone L
Correlation Expresslon—CopyMumber estimation
-I—\-'l ]
] T — o
—'—e -_-T
| =] : :
~ - |
o = : . .
— e ° _ : !
i . : :
- 1 1 1
. cC 1 1 1 1
= _S : : — 1
qld Fit 1 1 B—
g : ! U
“n g . —
]
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532, 1 '
3% L
w
-
+3
- 11-" a
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—1.036 1.001 1.008 1.983 1.984 2.01 2975 3.004

Copy Number estimation



q11.2
q12.1

q12.3
921.1

Array-CGH. DAS server

Chr. 18
Length

EST trans.

[ Wega trans.

OMACcontigss

[ Wega trans.

[E Ensembl trans.

InZilico 4232

Length

Tilepath

Gerne legend

E3.50 He 63.60 HE E3.70 Hb 63.80 Hb

BG. 90 HE E4.00 HE B4.10 HbE B4.20 Hb B4 30 HE Bd.40
I Ferward strand o=

« 10 HE L

'_H
ENSESTE 000 0003TE4E -

HsG1445—001
el Procesd

HsGild441-001 -3
Houwel Processed pseud

1
<= HeG1431-001
Howel Processed pseudogens Houwd Processed pseudogens
<= HeGl432-001
Houwel Processed pseudogene

<= ENETOOOO0IZIE0]
Enzerbl pseudogene

1.00 Hb Reverse strand o

f

63.50 Hb 63.60 Hb 63.70 Hb 63.50 Hb 63,90 Hb 64.00 Hb &4.10 Hb 64.20 Hb 64,50 Hb 64,40

RP11-635L3 RP11-526H11 RP11-123D014 RP11-734E

I NOVEL PROCESSED PEEUDOGENE

N EST GEHES

I ENSEHEL PREDICTED GEMWES (KNOWN? g ENSEMEL PREDICTED GEMES YNOVEL? g ENSEHMEL PEEUDOGEHES
There are currently 107 tracks switched of fr use the menus aboue the image to turn these on.

Enserbl Homo_sapiens 1516345000 0-64449999 Tue Jan 17 10520209 2006

|_.E’_'.-r.rr1,c;-u wered |

Detection of copy
number alterations
(several methods)

Relationship
expression / copy
number alteration

Functional annotation
of altered regions

DAS server

InSilicoArray-CGH http./isacgh.bioinfo.cipf.es



2 GEPAS: New Release v3.0

Babelomics

licrosoft Internet Explorer

mrchivo  Edicién  Ver Favorkos  Herramientss  Ayuda

) awas - %) [B] @) Pesaesa §lpraone: @ mameds €8 (- 2 5P

Herrero et al. Bioinformatics (2001)

Direceie

|1 httpsigepas.bicinfa.cipf =5

Links &) Ensembl Genome Erowser 5] NCEI HomeFage ] Google Scholar ] Bininformatics - Manuscript Central [TM] ] MalSite Express * : Norton Intermet Security @)+

Gene Expression Pattern Analysis Suite v3.0
Bioinformatics Depatment - CIPF

GEPAS. New Release v3.0

The Gene Expression Pattem Analysis Suite is an
integrated web-based pipeline for the analysis of gene
expression patterns. GEPAS includes toois for
normalization, clustering, diferential gene expression,
predictors, aray GGH and functional annotation

What's new ?

Gallus gallus and coelicolor in

CAAT, T-Rex, Expresso

B 75 Reel Tomavica de Imvestigacion %E
Xsb BBVA YRyttt 8

conTE0 Bt MvESmzAION

>

Herrero et al. NAR (2003)
Herrero et al. NAR (2004)
Vaquerizas et al. NAR (2005)
Montaner et al. NAR (2006)

Babelomics - Microsoft Internet Explorer Fl@&l
o

Herramientas  Ayuda

Qevss - () d E’I ;\, /.?‘Eﬂsuueda ‘5‘1:(Favuntus @ mutimeda £ - = |

Archivo  Edicidn  Wer  Favoritos

Dirscrién | ] bt ibabelomics. bioinfo.cief. esf

Er

&] Listo

Al-Shahrour et al. Bioinformatics (2004)
Al-Shahrour et al. NAR (2005)

Al-Shahrour et al. Bioinformatics (2005)
Al-Shahrour et al. NAR (2006)

Dopazo OMICS (2006)

Al-Shahrour et al. NAR (2007)

Al-Shahrour et al. BMC Bioinformatics(2007)

oo Y e Y e ] i)

Babelomics

BABELOMICS This resource is named
after the tale The Babel library, by the
farnous Argentinean writer Jorge Luis

Borges. In the tals an infinite library is
described: "The universe [which others cail
the Library) is composed of an indefinite
and perhaps infinite number of hexagonal
galiarias... Theve ave Five shelvas for each
of the hexagon's walls, each shelf contains
thirty-five books of uniform format; each
book is of four bundrad and ten pages; aach
o3ge, of Forty linas, esch line, of some
cighty Jetters which are black in color. Such
infinite library would contain any possible
book, but alsa infinite non-sense
cormbinations of letters, Finding the real
books among the pile of meaningless
texts is an excellent metaphor of the
challenge that constitutes the extraction
information out of the mass of data in
the post-genomic era, Babelomics offers
different procedures to significantly
asszociate distinet fundional lsbels to
aroups of genes within the proper
statistical frame,

Babelamics is & complate suite of web tools for functional
anzlysis of genome-scale axparimants.

eabelomics includes tocls far functional annotation of pre-
selected sets of genes, such as FatiGO+, Tissue Mining Tosl and
MARMITE. It also indudes the FatiScan tool and an improved
@SEA madule to find blacks of functionally related genes.

opaze, ).

& al-shahrour, F., Minguez, P., Vaquerizas, L, Conde, L. & D
i i b-tools for functional i

Nucteic Acids Research, 22 (Web Server issue), W4G0-Wa64

and analysis of group of genes in high-throughput experiments.

¥
f;g 3 ?
PRINCIPE FELIPE

Last rew, February 13th, 2006
Send comments to the webmaster
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colour
Gene
T-Rex Multi classes Set
DNMAD @ Survival enrichm
Two Correlatio ent
classes N GSEA
eprocessor
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S ) Babelomics
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BMC Bioinformatics
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http://bioinfo.cipf.es/blast2go/index.php

More than 100,000 experiments analysed

Some numbers during 2005.

More than 500 experiments per day.
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New features for the next major
release (February 2008)

New data types (tiling arrays, ChIP on Chip)
New normalization methods

Gene selection with many variables (classes, gender, age, etc.)

Gene selection in time series
New cluster visualization facilities

New tests for functional profiling

Integration with interactome data

Pathway visualization and analysis
New environment for visual programmation

Based on webservices



Courses

http://bioinfo.cipt.es/docus/courses/courses.html

r‘?- Bioinformatics @ CIPF - Windows Internet Explorer
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PRINCIPE FELIPE
CENTRO DE INVESTIGACION

CENTED D INVESTHRACION

CIPF, Valencia

Courses

lecale

(the week of Fallas)

joth-14th March 2008

Course on Microarray Data Analysis

8th-13th October 2007 Perspectivas Bioinformaticas de la Gendmica Comparativa, Funcional y Estructural

Facultad de Ciencias Exactas v Naturales (FCEyN)Universidad de Buenos Aires (UBA), Argentina

1st-3rd October 2007 Course on Microarray Data Analysis
Graduate School of Biological, Medical and Veterinary Sciences. University of Cambridge. UK
24th-26th September Course on Microarray Data Analysis
2007 MBN, Cape Town, South Africa
25th-27th June 2007 Practical Microarray Data Analysis
Instituto Gulbenkian de Ciéncia (1GC), Lisbon, Portugal
4th-8th June 2007 Curso de Doctorado en Bioinformatica

Universidad de Alicante. Alicante

215t - 25th May 2007 Second Course on Molecular Evolution, Phylogenetics and Phylogenomics
Centro de Investigacion Principe Felipe - Valencia

26th April - 2nd May VI - BioSapiens European School in Bicinformatics

2007 ]
[ P T (. [ T N SR U R [ D



Possibilities of collaboration

g—

University of Cambridge (Feb. & Oct.),
Valencia (March), Cape Town, Lisbon, etc.

Courses 7
On demand (at your place)

-

g—

Consulting

Data analysis 4

Outsourcing




The bioinformatics department at the Centro de Investigacion
Principe Felipe (Valencia, Spain)...

e ciber@r

Joaquin Dopazo
Eva Alloza
Leonardo Arbiza
Fatima Al-Shahrour

Jordi Burguet ...the INB, National Institute of Bioinformatics (Functional
Emidio Capriotti Genomics Node) and the CIBER-ER Nertwork of Centers for
Josete Carbonell Rare Diseases

Ana Conesa AS=E . T i
Hernén Dopazo Ad =4 A | ud -

. ] 7/ (N PRINCIPE FELIPE
Toni Gabaldon s .'gJ‘ : M : CENTRO DE INVESTIGACION
Francisco Garcia i l o | T |

|

Stefan Goetz
Jaime Huerta
Marina Marcet
Marc Marti
Ignacio Medina
Pablo Minguez
David Montaner
Frangois Serra
Joaquin Tarraga
Peio Ziarsolo



