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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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Genes in the
DNA...

Now: 22240 (NCBI build 35 12/04)
50-70% display alternative splicing
25%-60% unknown
Transfrags

>protein kunase
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...when expressed in_the
proper moment and<place...

A typical tissue is
expressing among
5000 and 10000
genes

...code for
proteins...

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

100K-500K proteins

...whose structures
account for function...

From genotype€
to phenotype.

(in the functional post-genomi
scenario)

...which can be different
because of the variability.

10 million
SNPs

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

...conforming complex
interaction networks...

...1N
cooperation
with other
proteins...

Each protein has an average
of 8 interactions



Bioinformatics tools for pre-genomic
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Post-genomic vision
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Post-genomic vision

Real
knowledge
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Our capacity of producing data surpasses our capacity of analysing data

Guilty by association



Genome wide data and a note of caution:

Risks of the “guilty by association” concept.

Genome-wide technologies allows us to produce vast amounts
of data.

But... dealing with many data (omic data) increase the
occurrence of spurious associations due to chance

Hypothesis == Experiment —)  test
Is gene A involved in process B?
Experiment =—p  (sometimes) test ===p Hypothesis

Is there any gene (or set of genes) involved in any process?
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Sure, but... Is it real? (many
hypotheses are rejected while
this one is accepted a posteriori:
numerology)
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Post-genomic vision: whole system picture
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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.

e (lassification of phenotypes / experiments. Can | distinguish among
classes (either known or unknown), values of variables, etc. using molecular
gene expression data? (sensitivity)

e 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)

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



Microarrays arrive to an acceptable
level of reproducibility
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The MicroArray Quality Control (MAQC) project shows
inter- and intraplatform reproducibility of gene
expression measurements

MAQC Consortium?

Over the last decade, the introduction of microarray technology has had a profound impact on gene expression research.
The publication of studies with dissimilar or altogether contradictory results, obtained using different microarray platforms
to analyze identical RNA samples, has raised concerns about the reliability of this technology. The MicroArray Quality
Control (MAQC) project was initiated to address these concerns, as well as other performance and data analysis issues.
Expression data on four titration pools from two distinct reference RNA samples were generated at multiple test sites
using a variety of microarray-based and alternative technology platforms. Here we describe the experimental design and
probe mapping efforts behind the MAQC project. We show intraplatform consistency across test sites as well as a high
level of interplatform concordance in terms of genes identified as differentially expressed. This study provides a resource
that represents an important first step toward establishing a framework for the use of microarrays in clinical and
regulatory settings.




FDA approves the first predictor
based on microarrays

2l FDA Clears Breast Cancer Specific Molecular, Prognostic Test - Microsoft Internet Explorer proporcionado por ENIO
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FDA Clears Breast Cancer Specific Molecular Prognostic Test

The U.S. Food and Drug Administration (FDA) today cleared for marketing a test that determines the likelihood of breast cancer returing within five to 10 years after a
wornan's initial cancer. It is the first cleared molecular test that profiles genetic activity

The MammaPrint test uses the latest in molecular technology to predict whether existing cancer will metastasize (spread to other parts of a patient's body). The test
relies on microarray analysis, a powerful tool for simultaneously studying the patterns of behavior of large nurmbers of genes in biological specimens.

The recurrence of cancer is partly dependent on the activation and suppression of certain genes located in the tumor. Prognostic tests like the MammaPrint can
measure the activity of these genes, and thus help physiciang understand their patients’ odds of the cancer spreading.

MammaPrint was developed by Agendia, a laboratory located in Amsterdam, Nethedands, where the product has been on the market since 2005

"Clearance of the MammaPrint test marks a step forward in the initiative to bring molecular-based medicine into current practice,” said Andrew C. von Eschenbach,
M.D., Commissioner of Food and Drugs. "MarmmaFrint results will provide patients and physicians with maore information about the prospects for the outcome of the
disease. This information will support treatment decisions.

Agendia compared the genetic profiles of a large number of women suffering from breast cancer and identified 3 set of 70 genes whose activity confers information
about the likelihood of tumor recurrence. The MammaPrint test measures the level of activity of each of these genes in a sample of 3 woman's surgically remaoved
breast cancer tumor, then uses a specific formula, known as an algorithm, to produce a score that determines whether the patient is deemed low risk or high risk for
spread of the cancer to another site. The result may help a doctor in planning appropriate follow-up for @ patient when used with ather clinical information and
laboratory tests.

The MammaPrint is the first cleared in vitro diagnostic multivariate index assay [WDMIA) device. Several months ago, FDA issued a draft guidance document
concerning the need for these complex molecular tests to meet pre-market review and post-market device requirements even when the tests are developed and used
by a single laboratory. Although FDA regulates diagnostic tests sold to [aboratories, hospitals and physicians, it uses discretion when regulating tests developed and
performed by single laboratories.

On February 8, FOA will hold & public meeting to discuss its draft guidance document describing its regulatory approach to this type of test.

"There have been rapid advances in microarrays and other pioneering diagnostics, and a corresponding increase in the use and impact of these complex tests. This
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DNA microarrays: the paradigm
of a post-genomic technique

Spotted DNA microarray

(a) 5
A, A, k,
< <
\\ \\ \\ DNA
A, k. A,
S T [
PCR amplification
Purification
Robotic printing
p—
Gana X
Cy3
(b}

l Hybridize

Wash

Scan 1./ \Scan?

Combined image
in software

High density cligonuclectide array

Public
Database
Glass
wafer

Sequence selaction

Oligomer synthesis

\.‘\\
i W
o W
W T L]
RN RN N
- \
. .
. .
i N
— \
- .
— 5
- —_———
Gana X

Wash

Image 1 Image 2

Combined data in software



Transforming images into numbers

Two-color

Test sample labeled red (Cy5)
Reference sample labeled green (Cy3)
Red : gene overexpressed in test
sample

Green : gene underexpressed in test
sample

Yellow - equally expressed
red/green - ratio of expression

One color
Intensity of a gene using the probes

Affymetrix
Intensity of a gene using the probes
PM and in MM

Scanners generate a graphic file.

Software analyzes the file: GenePix Pro
(by Axon Instruments, Inc.) or Imagene
(By Biodiscovery, Inc.)

There are free systems too: TIGR
Spotfinder, ScanAlyze, etc




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

moo ©
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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
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Different classes
of experimental
conditions, e.g.
Cancer types,
tissues, drug
treatments, time
survival, etc.
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Expression profile

Genes ' i:"E': ; a exp_e_rimental
: s A condition (array)

(thousands)

a gene across the
experimental
conditions

Experimental conditions rom

tens up to no more than a few houndreds)

of all the genes for

Expression profile of

The data

Characteristics of the data:

e We NEVER deal with
individual arrays, we deal with
collections of arrays obtained
for a given experimental design

e Most of the genes are not
informative with respect to the
trait we are studying (account
for unrelated physiological
conditions, etc.)

e Number of variables (genes)
is several orders of magnitude
larger than the number of
experiments

® Low signal to noise ratio



Studies must be hypothesis driven.

What is our aim? Class discovery? sample
classification? gene selection? ...

Can we find groups

of experiments with

similar gene _ - Unsupervised
expression profiles? Different classes...

Supervised

Molecular
classification of What genes are
samples responsible for?
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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?

e What genes co-
express:

e How many different
expressmn Patterns
do we have:

e What do they have in
common?

® Ftc.

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

e Distance function

® Cluster gene
expression patterns
based uniquely on
their similarities.

® Results are
subjected to further
interpretation (if
possible)
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Clustering of experiments:

The rationale P
::EEnEEgﬁﬁzazzﬁ_fHEuﬂaiﬁ
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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.
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Distinctive gene expression patterns in human
mammary epithelial cells and breast cancers
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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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> Pperou et al., PNAS 96 (1999)



Clustering of experiments:
The problems

Any gene (regardless its relevance for
the classification) has the same
weight in the comparison.

If relevant genes are not in
overwhelming majority we will find:

hWIIIIIm I I

Noise
and/or

irrelevant trends
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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.

(thousands)

L e [
Genes < Bt e L R

Experimental conditions

(from tens up to no more than a few houndreds)

Problems:

How can classes A, B, C... be A

distinguished based on the
corresponding profiles of gene
expression?

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

And J/

-
Which genes among the

thousands analysed are relevant
for the classification?

Class
prediction

Gene
selection



Gene selection.

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

e Two classes
T-test
Bayes
Data-adaptive
Clear

e Multiclass
Anova
Clear

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

Pearson

Spearmam

Regression

e Survival
Cox model
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A simple problem: gene selection
for class discrimination

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

~15,000 genes i |

h bl Tr Hw'\immhar (i i T Lo

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
W-ﬂ p-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

T T T T T E— =
1.860008
the first (whatever), best

1840 1540 . . .

1007 1007 discriminant, gene.

1542 1542

1360 1360

G44 G544
4631 45631

11 11 . & ¥

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
o7z 972 0.0039996 1 0.3888 1 3.19547
34588 34588 0.0063593 1 0.5558 1 3.12957
3992 3992 0.00549915 1 0.58558 1 3.0957
1245 12485 0.007799:22 1 0.3588 1 3.095834




On the problem of multiple testing

i W

30303 .03 = 10 heads. P=0.5 '20.00098

P= 1-(1-0.5'§ 19°20.62

It is not the same getting 10
@ heads with my coin than
getting 10 heads in one

1000 coins among 1000 coins

Will you still use this
coin for betting?
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and endometrioid
endometrial carcinomas

Hierarchical Clustering of 86 genes
with different expression patterns

between Normal Endometrium and
Endometrioid Endometrial Carcinoma
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(FDR adjusted p<0.05) selected
among the ~7000 genes in the CNIO

oncochip

Moreno et al., 2003 Cancer
Research 63, 569/7-5702
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Of predictors and What is a predictor?

molecular signatures | ool oo,

AB X

Is X, A Diff (B, X) =2  Diff (A, X) = 13
or B?

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
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/ * \ Traming set
& Testset
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Selection bias
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CV

Feature
selection

Produce artificially
small (biased-down)

errors. Evaluation




Unbiased CV
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Predictor of clinical
outcome in breast cancer

Sporadic breast tumours
patients =35 years
tumour size <3cm

lymph node negative (LMNO)

o
Prognasis reporter genes

il Tk

Genes are arranged
to their correlation

a agendia » Home - Microsoft Internet Explorer 7 ' e i t h t h e p ro n O S t i C

good prognosis profile

Correlation to average

[Metastazes
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Tumor profiling to improve cancer treatment -

Agendia is a world leader in gene expression analysis-base gnostics. By

focusing on the genetic properties of a tumor, Agendia i lock
essential information an the risk of cancerous spread, cf rence,
the response to certain drugs or the primary site of a tu

infarmation assists oncalogists and physician to design & - e

treatment plans that enhance the chances of success for cancer patients.

In addition, Agendia's expertise in gene expression profiling offers
opportunities for pharmaceutical companies to improve their drug
development tracks.

van'’t Veer et al., Nature,
& © Intermet 2 0 0 2




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

My data...

B Microsot Excel
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AL A =| Expression Analysis: Pivot Tab

FEE

E F G H | J K L h N a‘
(65| 578.6% 14 (.25 M12481 Mouse cytoplasmic beta-actin mRNA (5, M, _3 represe™
[B6| 53497 ~1.6 0.22 112481 Mouse cytoplasmic beta-actin mRNA (5, M, 3 represe] ¢
[B7| 40367 ~15 0.15 ¥61388 SGD: YELDO2C Yeast S cerevisiae WEP1 Oligosaccharyltj
[68] 5327 ~16 022 U18530 SGD:YELDIBW Yeast S. cerevisiae Protein of unknown fuls
(69| -BBTT* ~16 -0.27 M23316 SGD: YELI24C Yeast S.carevisiae RIPT Rieske iran-sulfus ¢
(70| -1145* ~11 -0.03 K207 SGD:YELD21W Yeast S cerevisiae URA3 gene coding for i
(71| -1254* - 0.01 Cluster Incl M1G465: Calpactin | light chain Jcds=(58,361) /gb=M1642
[72| -1091.6 1.2 -0.14 Cluster Incl Z57748:M. musculus spermidine synthase gene /cd
[73| 78712 13 017 Cluster Incl X12973: Murine MLC1FMLC3F gene for myosin alkali I3
[74| 98266 13 0.83 Cluster Incl AB49035: UkM-AH1 -agw-a-0B-0-UL 51 Mus musculus cjg
[76| 8474 13 D21 Cluster Incl AW123542:UHV-BH2 1-agb-FO1-0ULs1 Mus musculug 8
[76| 26831 11 0.09 Cluster Inc| AF055983:Mus musculus proteasorme alphar/C8 subuild
(77| 1925* ~.2 (.05 Cluster Incl ABO0B361:Mus musculus mRNA for prostaglandin D s ¢
(78| 2080.2* ~44 1,63 Cluster Incl ABODB361:Mus musculus mRNA for prostaglandin D s 2
(79| 201 - 0 Cluster Inc| ABO11081:Mus musculus mRIA for huntingtin interact]
(B0 138097 ~28 81 Cluster Inc| ABD11081:Mus musculus mRNA for huntingtin interact) ¢
[B1| 78327 12 1 Cluster Incl USF170:Mus musculus protein kinase inhibitor garmraj &
[B2| 27747 18 -1.43 Cluster Inc| M36120:Keratin cornplex 1, acidic, gene 19 /cds=(1,
(B3| 31447 ~5.1 1.98 Cluster Incl U13604:DNA ligase |, ATP-dependent /cds=(304,3054)
84| 0 ~00 0 Cluster Incl AlB51492: U-M-BHO-gju- ¢-04-0-ULs2 Mus musculus
[85| 33109 12 0.24 Cluster Incl ABI25408:Mus musculus mRNA for sidd78p, complety |
(86 121 <15 {042 Cluster Inc| AF053735 Mus musculus C-terminal binding protein 2 | ¢
[B7| -2B337 ~1.3 -0.09 Cluster Incl AFD53454:Mus musculus tetraspan TMASF (Tspan-6) {2
|88 | A 1 0.01 Cluster Inc| DABBE0: Hydroxysteroid 17-beta dehydrogenase 1 /cdsgd
(69| 20472% ~33 1 Cluster Incl AF039299:Mus musculus 17-beta-hydroxysteraid dehy ¢
(90| 608.9* ~19 0.38 Cluster Inc| MB4457 Vascular cell adhesion molecule 1 /cds={57 242
[91] 12437 ~11 003 Cluster Incl U12884:Mus musculus C&7BL/E vascular cell adhesior] |
[92| 67557 ~18 -0.37 Cluster Incl LV12884:Mus musculus C57BL/E vagcular cell adhesion &
(93| 148547 ~27 078 Cluster Incl AJ238536: Mus musculus mRNA for nucleaside diphos i
(94| 832 11 1 Cluster Incl U70475:Nuclear, factor, erythroid derived 2, like 2 /cdss g
(95| 48B8.4* ~67 8.84 Cluster Incl AF45573:Mus musculus FLILRR associated pratein- {8
9% 1483 ~1.2 0.04 Cluster Incl AIB91475:u59a06.x1 Mus musculus cDNA, 3 end felcy
4 [b il Islets |« B jJJd
Listn =

How are What are What is
structured? these this gen?
groups?

- Chromalpe 20

| M1G380; Calmodulin 3 /eds=(103 558) /gh=M19380 /5i=459419
1 AIB42328: Ubh-AM 1-afz-b-11-0-UL T Mus musculus cDNA, 3

| AI242663: Mus musculus mRNA for cathepsin Z precursar (cts
| U12620 Dipeptidylpeptidase 4 Jeds=(117,2399) /gb=U12620 fg
| M13444:Mouse alphatubulin isoty pe M-alpha-4 mRNA, comph
1 UT1027:Mus musculus C57BLBJ Sec! protein complex gam
10039263 Phosphofiuctokinase, lver, E-type fods=(42,2334) /gb=
| 757745:M.musculus mRNA for phasphatase 24 catalytic subu
| UB0932: Serinefthreonine kinase B /cds=(48,1235) /gb=180932
| U47004 Matemal embryonic message 3 feds=(137 2401) Jgb=!
| AFD75135:Mus musculus Sind-associated protein (sap30) mR
| M25344:Mouse carbonic anhydrase Il (CAI) mRNA, 3_end Jed
| 7467 1:Neurofibromatosis 2 /cds=(575,2366) fob=X74671 /gi=s
| M12848:Mouse myb proto-ancogens mRNA encoding 71 kd m
1/ A1 25456: Ul BH2. 2-agm-a-07-0-ULsT Mus musculus cDNY
1 UB4903 Ribosomal protein L23 Jeds=(51 501) Jgb=UB4I03 /gi=
1 U35141 :Mus musculus retinoblastoma-binding protein (mRbAp
1 U18521 Mus musculus vesicle transpart protein (munc-18c) mi
| M15266:Aminolewulinic acid synthase 2, erythroid /cds=(0,176
| M25149.Tissue specifc transplantation antigen P31A /cds:

1 %5644 Calcyelin fds=(159 426) /ab=>G6449 /ai=60271 fu

Analysis Functional profiling Links



Two-steps functional interpretation

- Genes are selected based on their
experimental values and...

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

&
&
Group A Group B (_ﬁ{\‘ &
Y - Y .
D Arethistwo 3 & &
o groups of genes | o o
o ° carrying out o % o 6 |4 |A
® O o o different ® ° - 2 |8 |
@ © @ |biological roles? o ©
w
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.



GO terms found in sets of 50 genes

GO Definition p-value Adjusted p-value
GO:0006790 sulfur metabolism 0.0595683 1
GO0:0042592 homeostasis 0.0157944 0.300094
G0:0016265 death 0.116317 1
GO0:0050874 organismal physiological 0.151987 1
process

GO:0008152 metabolism 0.129865 1
GO:0019058 viral infectious cycle 0.016503 0.181353
G0O:0019059 initiation of viral infection 0.0123062 0.459417
GO:0009056 catabolism 0.0276032 1
GO:0006766 vitamin metabolism 0.00875837 0.604328
GO:0007155 cell adhesion 0.122953 1

Each row corresponds to a random selection of 50 genes from the E. coli genome,
compared with respect to the rest of the genome.

GO terms in blue (p-value < 0.05 in individual test) have assymetrical
distributions by chance (see adjusted p-values).



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

-2 Tools for Gene Expression Analysis - Microsoft Internet Fxplorer g
¢ Archivo  Edicion  Yer  Favoritos  Herramientas  Avuda |','
Atrés - ® ) ‘\J .-‘:BI:ISEIUEdE “T‘_"? Favoritos Multimedia é‘? L= % = 'E
2 the Gene Ontology - Microsoft Internet Explorer : G - l_LI lﬂ wie o @ - -
Archiva  Edicién  Ver Favoritos  Herramientas  Ayuda : Direccién @http:,l’,l’www.geneunto\ugy.UrngO.tUUIs‘m\cruarray.shtml - Ir
€] D ﬂ Ig‘ 7;\1 /": Bz :“\-,, Eavoritos @Mu\timedwa 6‘? & - ? i Links g‘] Ensembl Genome Browser ﬁj WCBI HomePage @'] Google Scholar @']B\mnformatlcs - Manuscript Central [TM] ﬁj MailSite Express # 1 Workon Internet Security @3-
i Diveccién | 4] http:ffwaw.geneontclogy.arg/ erminel is a tool for the analysis of gene sets (user defined or those defined by GO ferms) in expression
Links & Ensembl Genome Browser ] MCBI HomePage & Google Scholar  (&] Bioinfarmatics - Manuscript Central [TM] &] Mailsite Express » g data. The software is designed to be used by biologists with little or no informatics background. & command-
line interface is available for users who wish to script the use of erminel. Several different methods for
scoring gene sets are implemented, with a focus on methods that don't rely on simple "over-representation”
the Gene Ontology measures.
QOpen menus @
Home: —
— Gene Ontology Home
Ontologies
A“m’:a“ms The Gene Ontology project pravides a contralled vocabulary to describe
e — ; ) - ; ; .. ; ;
e product attributes in any organism. Read more. .. Ontology terms) to a given set of genes, Statistical significance is obtained using multiple-testing correction.
B pph g e T FatiGO has been designed for functional annotation in the context of DMNA microarray data analysis, and is
eaching Resources
Monthly Reports Popular Links / linked to the Gene Expreszion Pattern Analysis Suite . FatiGn uses gene (D= from the major genomic and
GO Tools P proteomic databases (GeneBank, UniProt, Unigene, Ensembl, etc.). FatiGO can also be used for functional
Documentation Search the Gene Ontology Database annotation of any type of large-scale experiment.
About GO
GO Editor Guid .
ror ues FuncAssociate @
Contact GO i
Site Ma rotein name OGO term or 1D B ; ; L
2 Roth Computational Biology Laboratory, Harvard Medical School
This search uses the browser ApMS0 . Browse the Gene Gntology using AmiGO.
60 bsit iz a web-based tool that accepts as input a list of genes, and returns a list of GO attributes
website
that are over- {or under-) represented among the genes in the input list. Only thase over- (or under-)
>+ induding ontology files, annotations and the 30 database 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
@'] Lista ' 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. AI-Shahrour et al.,, 2005 NAR

Al-Shahrour et al., 2006 NAR. Al-Shahrour et al., 2007 BMC Bioinformatics
Al-Shahrour et al., 2007 NAR



Compilation of tools for functional
interpretation of sets of genes

Tool Statistical model Correction for Functional labels Site Reference
multiple (web-based applications)
experiments
Babelomics Fisher's exact test, t-test, FDR, g-value GO, KEGG, protein domains, | http://www.babelomics.org (Al-Shahrour et al., 2006; Al-Shahrour
Kolmogorov-Smirnov swissprot keywords, et al., 2005)
Transfac motifs, CisRed
motifs, chromosomal
location, tissues, bioentities
(text-mining)
yG() hypergeometric bayesian GO (Vencio et al., 2006)
DAVID / EASEonline | Fisher's exact test Bonferroni GO, pathways, diseases, http://david.abcc.ncifcrf.gov/ (Dennis et al., 2003; Hosack et al.,

2003)

FatiGO+

Fisher's exact test

step-down minP, FDR

pmm_in domaing interactions
GO, KEGG, protein domains,
swissprot keywords,
Transfac motifs, CisRed
motifs, chromosomal

loeation ticcuinc

http://www.fatigo.org

(Al-Shahrour et al., 2004)

FuncSpec hypergeometric Bonferroni GO, phenotypes, protein http://funspec.med.utoronto.ca/ (Robinson et al., 2002)
interactions, etc. (only for
voast)
GeneMerge hypergeometric Bonferroni GO, KEGG, chromosomal http://genemerge.bioteam.net/ (Castillo-Davis & Hartl, 2003)
location, other
GO TermFinder hypergeometric Banferroni GO (Bayle et al, 2004)
GoMiner Fisher's exact test FDR GO (Zeeberg et al., 2003; Zeeberg et al.,
2005)
GQstat X2 Fisher's exact test EDR _Holm GO http://gostat. wehi edu.au/ (Beissharth & Speed, 2004)
GoSurfer X2 g-valile GO (Zhong et al.. 2004)
GOToolBox hypergeometric, binomial, Bonferroni GO http://crfb.univ-mrs.friGOToolBox/index.php (Martin et al., 2004)
Eisher's exact test
Ontology Traverser | hypergeometric FDR GO http:/ffranklin.imgen.bcm.tme.edu/rho- (Young et al., 2005)
old/services/OntologyTraverser/
Onto-Tools X2, binomial, hypergeometric | Sidak, Holm, Bonferroni, FDR | GO, KEGG http://vortex.cs.wayne.edu/projects.htm (Draghici et al., 2003; Khatri et al.,
Fisher's exact test 2005)
W GO hﬂ':r\-lllla - =éE°"i7 ot ol ')nn'z)
GOTM hypergeometric - GO http://bioinfo.vanderhilt edu/gotm/ (Zhang et al., 2004)
CIENCH Hypergeometric X2 _binomial | -- GO (only for A. thaliana) - (Shah & Fedoroff, 2004)



Functional
o BABELOMICS terms

Tutorials

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

search m genomics

organism I“ —

k3 yl:
List of genes #1 genes list #1 j Ge ne Li St 1
or genes list file #1 I e .
List of genes #2 genes list #2 Ii:> Ge ne LI St2

or genes list file #2 I|

Functional annotation | Gene Ontology: cellular component I R Bi0|og ical proce SsS

Gene Ontology: biological process I 14

Gene Ontology: molecular function I 9] MOIecu Ia,r fu I‘ICtiOI‘I
interPro motifs | Cellular component

KEGG pathways I 1]

SwissProt keywords I|E| KEGG pathways

Chemical terms bioalma I =

Diseases terms bioalma I 14 Interpro mOtifs
Gene t?rxpressio: in ':isstues I E Swi SS p rot keywo rd S
ranscription factors . . . . .
cisRED: cis-regulatory element I (= Bloentltles from Ilte ratu re (Mal‘m ItE)

E-mail (optional) || Gene Expression (TMT)
Project name (optional) I| T - - F b. d. .
submit [ un l_‘anscrlptlon actor bin ing sites
s Cis-regulatory elements (CisReD)




SHEPAL L SOTA +

chivo Edcon Ver Favortos Hemamientas  Ayuda >

Qe - ) (%] A D Oovisnets 5t rovorios @ mutinesa ) & 8-

Dreceiin | ) hetpi/ffatigo.bicinfo.cipf esjtemp/1 1596 nnsbawhhjresuks hem B
Total number of initial genes: 106 726 8
Total number of genes no repeated: 106 726
Total number of genes no repeated with GO at level 3 and 68 549
biological_process:

2 GEPAS - SOTArray : basic form - Microsoft Internet Exploner, %) Total number of genes no repeated with GO but NOT at level 3 . 128
archive  Edicién  Ver Favoritos  Herramintas  Ayuda aw and ontology (biological_process):

Total number of genes no repeated without GO annotated: 4 49

- @ ’b @ Ba v c B' Wom
@Atras @  x E,., (W eosaeda 7 Favertes @ Hutimeda £7) =
B Biological Process. Level: 3 i T (Y p-values(x)
Direrceicn [ ] http: /faepas bioinfo. ochoa. fib.esiegi-bi _vsudaal o o 100
;.52
- - 4 cellular physiological pracess I o7 1z <l 0.00083 0.00087
( .
| ek — 2.0t
- | E p F o response to stinulus " 0.0015 0,016 0.06034

Gene Expression Pattern Analysis Suite v2.0 coll communication
Bioinformatics Department - CIPF

q R 0.02334 0.12678 0.46%44
Documentation Publications | About

honeostasis 0.02453 0.12675 0.46%44

I on: nenbrane fusion 0.20843 0.72966 1
Tools » Clustering > S0Téwray Fogulation of physiological process o.2047 0.7 1
[ cocrstion oo o 1
References 7
Send comments 7 s [—

SOTArray : basic form

death 0.44338 064648 1

regulation of gene expression, epigenetic 0.44338 05465 1

[ NPT data already in server

data - 11/88/2805 17:81:28 GHT

Resource Threshold [FGURTRRIN .
Variahlity Threshold (ahs) [FgYeas
d o

3.0

SUTEEEER [ Swiitch to Advanced Mol .

Other servers available at

Eddsn Ver Favorktos Herraments  Ayuda I3 ®
Qus - © - (A B G Dosrets Frrots @uitiese @ | ¢ > : -

7 T @
Direccién ] htt Favoritos  Herramientas  Ayuda

Tools > Clustering > SOTAray
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End of training in 0 min 0.10 sec

Et
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http://gepas.bioinfo.cipf.es/index.htm
http://gepas.bioinfo.ochoa.fib.es/cgi-bin/sotarray
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Biological processes shown by the genes
differentially expressed among PTL-LB

Total number of initial genes:
Total number of genes no repeated:

Total number of Cluster IDs retired - their currents Cluster IDs

Total number of genes no repeated with current Cluster IDs:

Total number of genes no repeated with GO at level 3 and biological_process:
Total number of genes no repeated with GO but NOT at level 3 and ontology
Total number of genes no repeated without GO annotated:

Gene Ontology Term

response to external stinulus
response to stress

gipnal transduction

cell motility

resistance to pathogenic bacteria
viral replication

cell death

regulation of gene expresszion, epigenetic

-
)
L=
-
L=
oy
L=

L R
B 1155

Bl e e

[ 3)
[ R
[ R
B o.ood

Bz

| 1.1a2

| o002

| 1.1a2

| o.152

B o.ood

| W

| 1.1a2

| & 1ay

Cluster Query Cluster Reference
162 4764
129 4731
F-23 449 - 1627
145 5909
88 2610

Obvious? NO

You now know that there
are no other co-variables
(e.g. age, sex, etc)

If you do not have
previously a strong
biological hypothesis,
now you have an

explanation
01702 09912 1 1
0.1806  0.9940 1 1



Weaknesses of the two-steps,
functional enrichment approach

Low sensitivity of
conventional gene
selection methods

A
A

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

B

17 with normal
tolerance to
glucose (NTG)

(Mootha et al., 2003)

Instability of molecular

sighatures. Variable selection with
microarray data can lead to many
solutions that are equally good from
the point of view of prediction rates,
but that share few common genes
(Ein-Dor 2006 PNAS)

Platform comparison. There are
still some concerns with the cross-
platform coherence of results.
Paradoxically, despite the fact that
gene-by-gene results are not always
the same, the biological themes
emerging from the different platforms
are increasingly consistent (Bammler
2005 Nat Methods)



Functional enrichment approach
reproduces pre-genomics paradigms

interpretationJ

interpretationJ

Context and cooperation between genes is ignored




Functional genomics.

Historic perspective and future

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.

e (lassification of phenotypes / experiments. Sensitivity
e Selection of differentially expressed genes Specificity
e Biological roles the genes are carrying out in the cell. Interpretation

e Reformulating the questions. Are we asking the proper questions? What
are the real bricks that account for the cellular behaviour and for the
phenotype or the response to environmental stimuli? The genes or other
higher level units?



What is the basic functional
component in the cell?

Genes >PHENOTYPE

Functional
module >PHENOTYPE

e.g. KEGG
pathway defines a
functional module




Coope

O1ISTIRIS

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

P .. 001602605 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.

H-cmsionn

Note that genes can be multi-functional



A previous step of gene selection causes loss of
information and makes the test insensitive

Significantly o bR
over-expressed { “Ht;
in B iy
t-test with 4
two tails. &
o
p<0.05 =
@)
S ifi t] [ f. .':‘.- e
ignificantly ;
over-expressed { @ .

in A

If a threshold based on
the experimental values
is 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

Very few genes selected to
arrive to a significant
conclussion on GOs 1 and 2




A previous step of gene selection causes loss of
information and makes the test insensitive

over-expressed 4
in B

t-test v_vith %2}

two tails. e

;o

p<0.05 .

@)

sa¥anns
Significantly
over-expressed { @

in A

Significantly { @ 3t i

The main problem is that the
two-steps approach cannot
distinguish between these two
different cases.

We put both sides of the
partition into two bags and
destroy the structure of the
data.

up |down
GO 3 9

no GO 0 25

Same contingency table
for GO, and GO, !
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Gene-set enrichment methods

GSEA

Measure ES for
ach gene set
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|
[ My §
M Genes A, —= R, =,
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H
e ©
@)
Fermute class labals
(1.000 tirmes)
+

FatiScan

Gene set

........ N
________ |
1

Oxidative phosphorylation

ion uhen adifted p-walue <=0.05

background

Independent of the
experimental
design



FatiScan, a segmentation test, provides an easy
approach to directly testing functional terms

OTISTIRIS

@A B Goico:co:

E.g., term GO,,

partition p,
up |down
GO 4 6
no GO 2 30

GOs can be directly tested by a segmentation
test. A series of partitions of the list are
performed (p1, p2, p3...) and the GO terms for
each functional class in the upper part are
compared to the corresponding ones in the
lower part by a Fisher test. Asymmetrical
distributions of terms towards the extremes
of the list will produce significant values of

the test.

Finally, p-values are adjusted by FDR

Al-Shahrour et al., 2005 Bioinformatics




O1ISTIR]S

Obtaining significant results

term backgrounc

For each GO term (T), different partitions
(P) are tested.

TxP p-values of tests to be adjusted for
multiple testing.

Empirical results suggest that 20 to 50
partitions optimally find significant
asymmetrical distributions of terms

Al-Shahrour et al., 2005 Bioinformatics



Agenes annotated
o0

o
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i bo i !w i !50 i m i
( myeloid cell differentiation
myablast differentiation
mitobic G2 checkpoint
mesodern dewvelopnent
collagen catabolism

cyclin catabolism

cytokinesis

traversing start control point of mitotic cel..
spindle organization and biogenesis
deoxyriborucleoside diphosphate metabolisn

ONA replication initiation

glycolyzis

microtubule=based movement
phosphoinositide-mediated signaling

protein polumerization

transmizsion of nerve impulse
nucleotide biosunthesis
responge to pest, pathogen or parasite

1miine response
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2 regulation of transcription, DNA-dependent

ubiguitin cycle
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chromatin modification
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, Agenes annotated

Gene Ontology : biological process

% Genes with the specific GO annotation for each partition




Case study: functional differences in
a class 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)

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

# Up—

regulated

Oxidative

X

X

phosphorylation
ATP synthesis

X

Ribosome

X

Ubiquinone

Ribosomal protein

Ribonucleoprotein

Mitochondrion

X PR X

Transit peptide
Nucleotide
biosynthesis

NADH
dehidrogenase
(ubiquinone)
activity

Nuclease activity

Dow-
regulated

Insulin signalling
pathwav

X

functional

activated/deactivated

Nevertheless, many pathways, and
blocks are significantly




Beyond discrete variables:
Survival data

Since FatiScan depends only on a list of
ordered genes, and not on the original
experimental values, it can be applied to
different experimental designs

Microarrays

34 samples from
tumours of
hypopharyngeal
cancer (GEO
GDS1070)

Gene
selection

GEPAS

Cox Proportional-

Hazards model to =

study how the
expression of each
gene across
patients is related
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Functional analysis of a time
series in P. falciparum
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Comparison of gene set 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 distinc repositories, reported by different
methods in the diabetes dataset (Mootha et al., 2003)



Still one more problem...
are functional modules defining
real co-expression classes?

Not a naive and trivial question.

Functional enrichment methods and gene set analysis
methods rely on the assumption that the modules
tested do coexpress

There are tens of thousands GO terms and hundreds of
KEGG pathways
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http://www.ncbi.nlm.nih.gov/projects/geo/

But are functional modules defining
real co-expression entities?

L = s m— e —
=

_6_

: i : | 5
8 : | | 8
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—_—

Coherence index: (1-p-value)*100.
Cl > 95% means internal co-expression significantly
higher than random co-expression



Weighting gene module
membership by co-expression

Unweighted test Weighted test

adjusted Adjusted
KEGG pathway statistic p-value | p-value | statistic |p-value p-value
Caprolactam degradation 2.741 0.059 0.289 3.124 0.003 0.034
Cell cycle 2.588 0 0 2.711 0 0
Maturity onset diabetes of the young 2.517 0.075 0.289 2.734 0.008 0.034
RNA polymerase 2.497 0.077 0.289 2.657 0.009 0.034
One carbon pool by folate 2.497 0.077 0.289 2.766 0.007 0.034
Urea cycle and metabolism of amino groups 2.497 0.077 0.289 2.674 0.009 0.034
Heparan sulfate biosynthesis 2.478 0.078, 0.289 2.818 0.006 0.034
Alanine and aspartate metabolism 2.386 0.087 0.289 2.497| 0.012 0.04
IAmyotrophic lateral sclerosis (ALS) 2.386 0.087 0.289 2.91 0.005 0.034
beta-Alanine metabolism 2.318 0.094 0.289 2.668 0.009 0.034
Basal transcription factors 2.125 0.116 0.298 2.431 0.014 0.04
Benzoate degradation via CoA ligation 2.072 0.123 0.298 2.468 0.013 0.04
Limonene and pinene degradation 1.986 0.135 0.298 2.306 0.018 0.048

Very simple weight
schema:

W=2 if correlation
IS positive

W=0.5 if negative
W=1 if not in the
class

bidogical. pracess - corbines Graph



Future directions

-

Testing hierarchies is
better
Functions and
pathways are

correlated.
Testing models will
b InCrease our
sensitivity

E
O————m Y A —————
&

Pathways are not
categorical variables

In general (systems) biology is behind. Our questions must be inspired
directly by biology



Array CGH

A new way of
studying copy
number
alterations with
virtually a few
bases resolution...
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Estimating copy number
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Correlation copy number to

expression value

Chromdsone L
Correlation Expresslon—CopyMumber estimation
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Copy Number estimation
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Detection of copy
number alterations
(two new methods)

Relationship
expression / copy
number alteration

Functional
annotation of
altered regions

DAS server

InSilicoArray-CGH http://isacgh.bioinfo.cipf.es
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 Interactive
; V hat tO USG _J + Heavy calculations at server side

- Large databases at server side

Web tOOlS gain p()plllarity « Always the last version

~——

Microarray data analysis webtools with at least 10 citations!.

Web tool URL Citations'
GEPAS http://www.gepas.org 252
ExpressionProfiler http://www.ebi.ac.uk/expressionprofiler 46
caGEDA http://bioinformatics.upmc.edu/GEDA .html 30
GenePublisher http://www.cbs.dtu.dk/services/GenePublisher 25
ExpressYourself http://bioinfo.mbb.yale.edu/expressyourself 24
RACE http://race.unil.ch/ 22
ArrayPipe http://www.pathogenomics.ca/arraypipe 19
VAMPIRE http://genome.ucsd.edu/microarray/ 17
MIDAW http://muscle.cribi.unipd.it/midaw/ 13
t-profiler http://www.t-profiler.org 12
CARMAweb https://carmaweb.genome.tugraz.at 10

1) Scholar Google citations over all the references of the tool.



2} www.gepas.org - Mozilla Firefox
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# Comenzar a usar Fire... L;,' (llkimas noticias Google Académica

I || www.gepas.org

Lastest Hews

October 2007
Mews release GEP)
projects and jobs
management, new

July 2007
& nesy 1D convert
added to the GEP,
package

June 2007
Mewr beta version: GERAZS
v 0, including nesws
yzer-interface, session,
project and jobs
management,...

September 2006

A ney tool wwas added to
the GEPAS package:
Prophet, & tool for building a
class predictar

March 2006
Computing journal aweard to
the best RED project

February 2006
Mews releases: GEPAS 30

EPA

Gene Expression Pamern Anatvsis Sume

|
(]
-
4
| AL
You are using the new GEPAS 4.0, previous version v3.1 here
For GEPAS v4.0, your browser has to accept cookies

“OU are an ANONYMOUS User

Bioinformatics Departrment - CIPF

New Release v4.0

sion Profile Analysis Suite (GEFPAS) is one ofthe most complete integrated packages of tools for microarray data analysis available over the weh. GEPAS
ntained effort to offier a platform for gene expression data analysis to the scientific community, which has uninterruptedly been running since 2001, During its
wiolved to keep pace with the new interests and trends in the ever changing world of microarray data analysis.

m designed to provide an intuitive although powerful web-based interface that offers diverse analysis options fror the early step of preprocessing

Affymetrix and teo-colour microarray experiments and other preprocessing options), to the final step of the functional profiling of the experiment (using Gene
yvs, PubMed abstracts ete.), which include different pogsibilities for clustering, gene selection, class prediction and array-comparative genormic hybridization

GEPAS is extensively used by researchers of many countries. See usage map.

Dict wou knowy .7

GEPAS is alzo the name of a herk: Sarcandre glabra.

Sarcandra glabea iz & wearm herb having strong detoxifying propetties, helping to clear hest and toxic material. b can especialy
enhance celular energy production. t also has nonspecific anti-inflammstory activity, and has been uzed to promate circulation.

GEPAS, 2002-2007, Bicinformatics Department, CIPF, &vda. Autopista del Saler 16, 4601 3 Valencia, Spain, + 34 95 325 96 80

Comming Events

Atth - 14th March 2008
I - International Course on Microarray
Data Analysiz, CIPF, Valencia, Spain

Past Events

13th - 14th December 2007
CAMDA 2007, The Tth International
Cuonference for the Critical
Aszsessment of Microarray Data
Analysis, CIPF, Valencia, Spain

1st - 3rd October 2007

Course on Microarray Data
Analysis, University of Camhbridge,
UK

24th - 26th September 2007
Course oh Microarray Data
Analysis NBMN, Cape Town, South
Aftica

| £

javascript:makeGetR equestfcgi-binftoals. cai,null, 'center');

‘4 Inicio

Since october 2007, GEPAS 4.0
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http://bioinfo.cipf.es/blast2go/index.php

Some numbers

297 papers cite GEPAS during the More than 150,000 experiments

last three years analysed during the last year.
260 papers cite Babelomics/FatiGO _
(source ISI Web of Knowledge, More than 500 experiments per day.

December2007)

hahe-l'c\-mlcs ‘:'-"l——‘af"—'
SE S o """1 1_:.me:|_|:5

_-babelc-mll:s '-'-'bEbElDI.‘I‘LlI"'-'- C
bafatigatsy t

Babe I’*Bm =5
pupasview - babeafa ¥ i
: L sgomlcs
babelomics o fatigos -
priatagaiw
e
Y COpupasnp
".
fatigo
ochabalomics e
1 Sfatigo
- shabelomics babelomics
fatigo
babatogocs
babelc-rrul:sﬂ—- tigo
edromics
e ohabe babelcmicsohabel
]:: elumil:s aelomics elom:
babelcdmlcs Labe

Ira

24h usage map as of June 8§,

- e T —— . ..



Web tools for functional profiling

Web tools with 10 or more Scholar Google citations

Tool URL Analysis type | References [ Citations
GSEA http://www.broad.mit.edu/gsea/ GSA (3,33) 1013
DAVID http://www.DAVID.niaid.nih.gov FE (34) 504
GOMiner http://discover.nci.nih.gov/gominer/ FE (35,36) 408
Babelomics http://www.babelomics.org FE, GSA (11-13,29) 402
MAPPFinder http://www.GenMAPP.org FE 37 379
GOStats http://gostat.wehi.edu.au/ FE 27) 249
Ontotools http://vortex.cs.wayne.edu/ontoexpress/ FE (38,40-43) 223
GOTM http://genereg.ornl.gov/gotm/ FE (44) 164
FunSpec http://funspec.med.utoronto.ca webcite FE (45) 100
GeneMerge http://www.oeb.harvard.edu/hartl/lab/publications/GeneMerge.html FE (46) 96
FuncAssociate http://llama.med.harvard.edu/Software.html FE, GSA 39) 91
GOToolBox http://gin.univ-mrs.fr/GOToolBox FE (28) 74
GFINDer http://www.medinfopoli.polimi.it/GFINDer/ FE (47,48) 49
WebGestalt http://bioinfo.vanderbilt.edu/webgestalt/ FE (49) 46
GOAL http://microarrays.unife.it GSA (50) 25
Pathway Explorer | https://pathwayexplorer.genome.tugraz.at/ FE (S 25
PLAGE http://dulci.biostat.duke.edu/pathways/ GSA (52) 18
t-profiler http://www.t-profiler.org/ GSA (53) 12
WebBayGO http://blasto.iq.usp.br/~tkoide/BayGO/ FE (54) 10




Other tools (non-commertial)

To cover more specific analysis
requirements

Bioconductor: http://www.bioconductor.org

BRB tools: http://linus.nci.nih.gov/BRB-
ArrayTools.html

TM4 (MeV): http://www.tm4.org/mev.html


http://www.bioconductor.org/

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

e ciber@r

..the INB, National Institute of Bioinformatics
(Functional Genomics Node) and the CIBER-ER
Nertwork of Centers for Rare Diseases
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