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Genome wide data and a note of caution:
Risks of the “guilty by association” conceptRisks of the “guilty by association” concept.

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

H th i E i t t t

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 (sometimes) test Hypothesis

Is there any gene (or set of genes) involved in any process?

Sure, but... Is it real? (many 
hypotheses are rejected while hypotheses are rejected while 
this one is accepted a 
posteriori: numerology)

Th  t t i  d d t  th  The test is dependent on the 
hypothesis and not vice versa



Gene expression profiling.
Historic perspective

Diff  t h t  l l  th  i ibl   f diff  t 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  etctreatments, strains, etc.

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

S l ti  f diff ti ll  d  th  h t  / • Selection of differentially expressed genes among the phenotypes / 
experiments. Did I 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)



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 

Different classes...
similar gene 
expression profiles?

Unsupervised 

Supervised

What genes are 

Molecular 
classification of What genes are 

responsible for?samples

Co-expressing genes... What do they 
have in 

common?co o



Supervised problems: Class prediction and gene 
selection  based on gene expression profilesselection, based on gene expression profiles

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

Problems: 
A B C

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

How a continuous phenotypic Genes
(th d )

Class 
prediction

trait (resistance to drugs, 
survival, etc.) can be 
predicted? 

(thousands)

p

And 

Which genes among the Gene Which genes among the 
thousands analysed are 
relevant for the classification?

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

Gene 
selection



A simple problem: gene selection 
f  l  di i i ti  for class discrimination 

~15,000 genes

Case(10)/control(10)

G  diff ti ll  d Genes differentially expressed 
among classes (t-test ), with p-
value < 0.05



Sorry... the data was a collection of 
d  b  l b ll d f  t  lrandom numbers labelled for two classes

So... Why do we find 
d l ?good p-values? 

You were not interested a priori in 
the first (whatever), best 

discriminant, gene.

Adjusted p-values must be used!



On the problem of multiple testingp p g

= 10 heads  P=0 5   =0 0009810

Take one coin, flip it 10 times. Got 10 heads? Use it for betting

 10 heads. P=0.5   =0.00098...

P= 1-(1-0.5  )     =0.6210 1000

:
10 heads !!!

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

1000 i1000 coins among 1000 coins

Will you still use this 
coin for betting? 



Of predictors and 
molecular signatures

What is a 
predictor?molecular signatures predictor?

Intuitive notion:A  B      X

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

Most probably X belongs to class B

( , ) ( , )

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



Cross validationCross-validation
The efficiency of a e e c e cy o
classifier can be 
estimated through a 
process of cross-
validation.

Typical are three-
fold, ten-fold and 
l tleave-one-out 
(LOO), in case of 
few samples for thefew samples for the 
training



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 

Different classes...
similar gene 
expression profiles?

Unsupervised 

Supervised

What genes are 

Molecular 
classification of What genes are 

responsible for?samples

Co-expressing genes... What do they 
have in 

common?co o



An unsupervised problem: 
clustering of genesclustering of genes.

• Gene clusters are 
previously unknownpreviously unknown

• Distance function

• Cluster gene 
expression patterns 
based uniquely on based uniquely on 
their similarities.

R l   • Results are 
subjected to further 
interpretation (if interpretation (if 
possible)



Clustering of experiments:
h lThe rationale 

If enough genes have their 
expression levels altered in p
the different experiments, 
we might be able of finding 
th  l  b  i  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 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) 

Perou et al., PNAS 96 (1999)

(B) IFNregulated, (C) B lymphocytes, and (D) 
stromal cells.



Clustering of experiments:
The problemsThe problems

Any gene (regardless its relevance 
for the classification) has the same 
weight in the comparison. If relevant g o pa o a
genes are not in overwhelming 
majority we will find:

Noise

and/or 

irrelevant trends



Functional interpretation of genome-scale 
experiments in the post genomics era experiments in the post genomics era 

How are 
structured?

What is 
this gen?

My data... What are 
these structured? this gen?these 
groups?

?
Cell cycle...

DBs Information

Analysis LinksInformation mining



Two-steps functional 
interpretationinterpretation

1
Genes are selected based on their 
experimental values and1 experimental values and...

2 Enrichment in functional terms is 
tested (FatiGO, GoMiner, etc.)

A B
t-test

1

tested (FatiGO, GoMiner, etc.)

- A
2

statist

test1

ic

M
eta

Trans
...R

epr o

B

Metabolism
T ttest

2

+

abolism
sport

oduction
Transport
...
Reproduction

test



PTL LBC
Understanding why 
genes differ in their genes differ in their 
expression between 

two different two different 
conditions

Limphomas from mature 
lymphocytes (LB) and precursor T-
lymphocyte (PTL)lymphocyte (PTL).

Genes differentially expressed, 
selected among the ~7000 genes in g g
the CNIO oncochip

Genes differentially expressed 
 b th   i l  among both groups were mainly 

related to immune response 
(activated in mature lymphocytes) 

Martinez et al., Clinical Cancer 
Research. 10: 4971-4982.



Biological processes shown by the genes 
differentially expressed among PTL-LB

Ob i ? NOObvious? NO

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

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

Martinez et al., Human Genetics Laboratory. Molecular Pathology Programme, CNIO



Two-steps approach reproduces 
i  dipre-genomics paradigms

experiments

interpretation

test
no

pass

no

test

experiments

interpretationtest
test
test
testexperiments test
test
test
test

:
:

Context and cooperation between genes is ignored

....

Context and cooperation between genes is ignored



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

- A B GO1 GO2 GO3 Ranking: A list of genes is ranked by
h i diff i l i btheir 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 genesstatist

p p g
belonging to three different GO terms
across the ranking.

tic

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

+
Note that genes can be multi-functional
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RIDGE analysis

Herrero et al., 2003, 2004; Vaquerizas et al., 2005 
NAR; Montaner et al., 2006 NAR; Al-Shahrour et al., 
2005, 2006, 2007 NAR; 2005 Bioinformatics, 2007 

BMC Bioinformatics

BLAST2GO: Automatic 
functional annotation



Successful reception by the 

GEPAS: currently is the most cited web-
based platform for transcriptomic analysis 

scientific community 
based platform for transcriptomic analysis 
(646 scholar google citations)
Babelomics. Third most cited platform (903 
scholar google citations; FatiGO is amongst 
the 50 most cited papers in Bioinformatics)

Web tool URL Citations1

Microarray data analysis webtools with at least 10 citations1.

Web tool URL Citations1

GEPAS http://www.gepas.org 646
ExpressionProfiler http://www.ebi.ac.uk/expressionprofiler 76
t-profiler http://www.t-profiler.org 58

Approximately
1000 users per 
dayp p p g

caGEDA http://bioinformatics.upmc.edu/GEDA.html 52
CARMAweb https://carmaweb.genome.tugraz.at 49
ArrayPipe http://www.pathogenomics.ca/arraypipe 41

y
1500 
registered 
users (6 
months)

VAMPIRE http://genome.ucsd.edu/microarray/ 36
GenePublisher http://www.cbs.dtu.dk/services/GenePublisher 34
RACE http://race.unil.ch/ 30
ExpressYourself http://bioinfo mbb yale edu/expressyourself 27

)

Publications
2008 – 6
2007 – 6ExpressYourself http://bioinfo.mbb.yale.edu/expressyourself 27

MIDAW http://muscle.cribi.unipd.it/midaw/ 25
1) Scholar Google citations over all the references of the tool (September 2009). 
See http://bioinfo.cipf.es/docus/tools-citations/microarrays/

2006 – 5
2005 – 5 



Web tools for functional profilingp g

Tool URL Analysis type References Citations

Web tools with 10 or more Scholar Google 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) 402Babelomics 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) 46WebGestalt http://bioinfo.vanderbilt.edu/webgestalt/ FE (49) 46

GOAL http://microarrays.unife.it GSA (50) 25

Pathway Explorer https://pathwayexplorer.genome.tugraz.at/ FE (51) 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



What is next?



Data analysis at the departmentData analysis at the department 
of bioinformatics, CIPFof bioinformatics, CIPF

• Outsourcing and consulting for conventional or 
routine analysis tasks 

• Collaborations on mutual interest basis

• Soon GEPAS/Balelomics mirror available

• Future: data storage (with backup) and VIP access to 
the tools
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