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Genome wide data and a note of caution:
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Risks of th “gulity by associlation” 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 —  {EST
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?

-

Sure, but... Is it real? (many
hypotheses are rejected while
this one is accepted a
posteriori: numerology)
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The test is dependent on the
hypothesis and not vice versa
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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.

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)

 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
expression profiles? Different classes...

Supervised

Molecular
classification of What genes are
samples responsible for?

What do they
have in
common?

Co-expressing genes...




Supervised problems: Class prediction and gene

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

(thousands)

Genes < pip 1‘“
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Experimental conditions

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

Problems:

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

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

And

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

N

s

-/

Class
prediction

Gene
selection



A simple problem: gene selection
for class discrimination

thebest - [B4/18/20083 18;57:43 GHT]

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

mmmmmmmmmmmmmmmmmmm
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"1, 660000 ! 5.4

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 = [84/18/2003 18:57:43 GHTI

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

unadi.p adj _p FDE indep FDE _dep ohe_stac
0.00019995 0.1526585 0.493995 1 5.47044
0.00019995 0.746Z25 0.493995 1 4.,49902
0.0009999 0.58300z2 0.861025 1 4,.01726
0.00149955 0.59586401 0.561025 1 3.99374
0.00129957 0.9959 0.861025 1 3.86048
0.00169953 0.9996 0.861025 1 3.7251

_—y =
the first (whatever), best
1840 1540 . . . 43721
discriminant, gene.
1542 1542 41425
1360 1380 4025
844 544 5 40212
Adjusted p-values must be used! &
11 11 0. oo 994y 1  [.,3585 .36813
410z 4102 0.00219973 1 0.861025 1 3.35309
285 285 0.0029997 1 0.861025 1 3.352358
4716 4716 0.00439956 1 0.8833 1 3.282386
443530 4430 O.006569933 1 0.8888 1 3.2427
4395 4395 O,00559944 1 0,.3888 1 3.23225
3793 3793 0.00279972 1 0.861025 1 3.22175
3462 3462 0.00429957 1 0.8833 1 3.19595
97z a7z 0.0039994 1 0.588838 1 53.19547
3488 3433 0.0069993 1 0.28833 1 3.12957
399z 3992 0.00549915 1 0.588838 1 3.0937
1248 1243 0.007799z22 1 0.8833 1 3.09834




On the problem of multiple testing

P= 1-(1-0.51%109%0 62

——10 heads 1T

It Is not the same getting 10

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

Will you still use this
coin for betting?




Of predictors and What is a
C ' tures  predictor?

Intuitive notion:

Diff (B, X) =2  Diff (A, X) = 13

Most probably X belongs to class B

Algorithms: DLDA, KNN, SVM, random forests,
PAM, etc.
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Cross-valldatiol

The efficiency of a
classifier can be
estimated through a Data set

process of cross- -
lidati * \ Training set
valldation. &= Test set

:"—A"—\

[ [P

Typical are three-
fold, ten-fold and
leave-one-out
(LOOQ), In case of
few 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
expression profiles? Different classes...

Supervised

Molecular
classification of What genes are
samples responsible for?

What do they
have in
common?

Co-expressing genes...




An unsupervised problem:
clustering of genes.

e Gene clusters are
previously unknown

e Distance function

e Cluster gene
expression patterns
based uniquely on
their similarities.

e Results are
subjected to further
Interpretation (if
possible)
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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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Perou 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: I |'nr.1 ]
Noise
and/or

irrelevant trends

;ﬂﬂ_w T e e

" Distinct Types of Diffuse Large B-Cell Lymphoma :° : :’:’ . ::.S"
ik Identified By Gene Expression Profiling

-8 o -
"..1‘-2' mped -_,,_" The web supplement to Alizadeh, A.A. et al. Nature 403: 503-511 (2000).




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

What are
these
groups?

How are
structured?

What is
this gen?

My data...

[ Microsolt Excel

Artivo Edidin Yer Insertar Formato Herramientas Datos Vemktana 2 Acrobat
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(65| &5786* 1.4 (0.26 M12481 Mouse cytaplasmic beta-actin mRNA (5, _M, _3 represe’™ "
[B6| 5349* ~1B 0.2 M12481 Mouse cytoplasmic beta-actin mRNA (5, M, 3 represej
(67| 40367 ~15 0.15 #1388 SGO: VELDO2C Yeast S.cerevisiae WEP1 Oligosaccharyliy?
(B3| 83827 ~1B 022 18530 SGD: YELD1BW Yeast 5. cerevisiae Protein of unknown fujé
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[72] -10916 -12 -0.14 Cluster Incl Z67748:M.musculus spermidine synthase gene /cd:
(73] 7572 -13 017 Cluster Incl X12973:Murine MLC1 FIMLC3F gene for myosin alkal
(74| 98266 13 0.83 Cluster Incl AI43035: Ul-M-AH1-agw-a-08-0-Ul.s1 Mus musculus
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(86 1291 -15 -0.42 Cluster Incl AFD59735:Mus musculus C-terminal binding protein 2
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Enrichment in functional terms is

i
Q Genes are selected based on their
Q tested (FatiGO, GoMiner, etc.)
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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: ObV'OUS’) NO

1) You now know that

Gene Ontology Term

-
)
L=
=
L=
oy
L=

| there are no other co-
response to external stimulus m 36 . 365 Var|ab|es (e.g . age’ Sex,
response to stress .-5_35;1.592 etC)
el fremseetier :ém 2) If you do not have
coll notility L previously a strong
resistance to pathogenic bacteria || ;;;; biOlogical hypoth eSi S,
viral replication | 1.142 now you have an
cell death l-mi:igf{ explanatlon

g oar0z ostz 1 1

regulation of gene expression, epigenetic | 1.14

| noaay 0.1806  0.9940 1 1



Two-steps approach reproduces
pre-genomics paradigms

O - vorimeni ST = R

interpretation J

interpretation J

experiments

Context and cooperation between genes is ignored




Cooperative activity of genes can be detected
e

and relat

CAL INA 1 WwiAL

GO1 GO2 GO3

ad to 2 Mmacrocen
W A W \J CA 1 1 ITCANNVIL U \ W J

rv/atinn
CA LI

11

scopic observ

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



Two-colour

arrays
| Gene Set
T-Rex Multi classes enrichment
Survival
Two classes Correlation
GSEA
sprocessor Random forest FatiScan
Prophet
bxaresso KNN DDA SUM .
. Babelomics
Affymetrix arrays O FatiGD.

™I )
FatiG0

ISAGGH
/ GAAT
Raw data '

Hierarchical

Functional
K-means SOTA enrichment
e Normalization
Differential expresion
Herrero et al., 2003, 2004; Vaquerizas etal., 2005 Class Predicti
NAR; Montaner et al., 2006 NAR; Al-Shahrour et al., ass_ rediction . BLAST2GO: Automatic
2005, 2006, 2007 NAR; 2005 Bioinformatics, 2007 Functional Annotation functional annotation

BMC Bioinformatics F—=_ RIDGE analysis
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GEPAS: currently is the most cited web- e
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)

Microarray data analysis webtools with at least 10 citations?®.

ExpressionProfiler
7%

Web tool URL C

GEPAS http://www.gepas.org 646 Approximately
ExpressionProfiler http://www.ebi.ac.uk/expressionprofiler 76 1000 users per
t-profiler http://www.t-profiler.org 58 day

caGEDA http://bioinformatics.upmc.edu/GEDA..html 52 1500
CARMAweb https://carmaweb.genome.tugraz.at 49 Li%'f’;ezged
ArrayPipe http://www.pathogenomics.ca/arraypipe 41 months)
VAMPIRE http://genome.ucsd.edu/microarray/ 36

GenePublisher http://www.cbs.dtu.dk/services/GenePublisher 34 Publications
RACE http://race.unil.ch/ 30 2008 - 6
ExpressYourself http://bioinfo.mbb.yale.edu/expressyourself ol 2007 — 6
MIDAW http://muscle.cribi.unipd.it/midaw/ 25 ;882 : g

1) Scholar Google citations over all the references of the tool (September 2009).
See http://bioinfo.cipf.es/docus/tools-citations/microarrays/



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://Ilama.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 (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 1s next?

nature Vol 456/ 6 November 2008| dei:10.1038/nature07485

ARTICLES

DNA sequencing of a cytogenetically
normal acute myeloid leukaemia genome

Timothy J. Ley"**** Elaine R. Mardis***, Li Ding*?, Bob Fulton?, Michael D. McLellan®, Ken Chen*, David Dooling?,
Brian H. Dunford-Shore®, Sean McGrath®, Matthew Hickenbotham®, Lisa Cook®, Rachel Abbott’, David E. Larson®,
Dan C. Koboldt®, Craig Pohl®, Scott Smith®, Amy Hawkins®, Scott Abbott®, Devin Locke®, LaDeana W. Hillier™®,
Tracie Miner?, Lucinda Fulton®, Vincent Magrini**, Todd Wylie?, Jarret Glasscock®, Joshua Conyers?,

Nathan Sander’, Xiaoqi Shi’, John R. Osborne”, Patrick Minx®, David Gordon®, Asif Chinwalla®, Yu Zhao',

H 1 A 5 1.4 A 1.4 T T— -
RhondaE. Ries', Jacqueline E. Payton”, Peter Westervelt"*, Michael H. Tomasson ™, Mark W : Bl s _iolxl
. H 4,7 1.4 ATH 1.4 A 4.5 Ar E b st M it i
Jennifer lvanovich™’, Sharon Heath"*, William D. Shannon'*, Rakesh Nagarajan®’, Matthew 22" B & faol Syees dmaneris A
Daniel C. Link"*, Timothy A. Graubert'*, John F. DiPersio'* & Richard K. Wilson™** - ¢ 5 [ 13 [, cooganaee s loage st 70 G 000 s e ’
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Data analysis at the department
of bioinformatics, CIPF

 Qutsourcing and consulting for conventional or
routine analysis tasks

e Collaborations on mutual interest basis
e Soon GEPAS/Balelomics mirror available

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



The Bioinformatics and Genomics Department at the Centro de
Investigacion Principe Felipe (CIPF), Valencia, Spain, and...

Joaquin Dopazo
Eva Alloza
Leonardo Arbiza

Fatima Al-Shahrour

Davide Bau
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Marina Naval
Luis Pulido
Javier Santoyo
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