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Genome sizes

What do we really know?
• We know the genomes and genes(?)
• But how does it function as a whole?
• When and where is each gene 

expressed?
• Which splice variants, where and when? 
• At which levels? (copy nr.  per cell?)

• mRNA

• protein (post-translational modifications)

• How are genes regulated?
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LASER,
scanning

culture 1

culture 2

mRNA cDNA

hybridise

DB

Analysis of biological samples with microarrays

Steps in microarray data analysis

• Image analysis – map grid, find spots, 
read spot intensities, various quantifications

• Normalization – reducing the systematic 
errors in data, understanding the quality, 
preparing for data analysis

• Analysis of normalized gene expression
data – clustering, classification, etc

• Integration with other knowledge – gene 
regulation, functional annotations, PPI, etc.
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TIGR 32k Human ArraysTIGR 32k Human Arrays

On both channels:
Identify the grid
Identify the spot

Spot foreground
Spot background

FG – BG = Intensity

Many pixels – take 
mean or median

Image analysis basics
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Ratio quantitation
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From microarray images to gene 
expression data
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Normalization (LOWESS)

Normalization (LOWESS)
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Gene expression database – a 
conceptual view:

Samples

G
en

es

Gene expression 
levels

Sample 
annotations

Gene 
annotations

Gene expression 
matrix

Using gene expression data matrix

• Comparing genes by comparing rows 
in the matrix, e.g., finding groups of co-
regulated and potentially functionally 
related genes

• Comparing samples by comparing 
columns. For instance, finding genes 
affected by a toxin, toxin classification 
and prediction of toxicity effects
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Eisen et.al, PNAS 98 Spellman et.al.  Mol Biol Cell 98

Golub et al, 
Science Oct 15th 1999
• 38 samples of acute 
myeloic leukemia (AML) and 
acute lymphoblastic
leukemia (ALL)
•6817 genes
•classificator built based on 
50 best correlated genes
•tested on 34 new samples, 
29 of them predicted 
accurately

ALL   AML

ALL   AML

Tumor classification: 
1) class prediction  2) class discovery
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Hughes, T. R. et al: “Functional Discovery via a Compendium 
of Expression Profiles” , Cell 102 (2000), 109-126.

M
O
D
U
L
E
S

Choose experiments
where coexpressed

Choose genes
which correspond

to profile

Input
genes

Signature
of experiments

Signature
of genes

Ihmels, J., et.al Nature Genetics vol 31, August 2002
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Expression data matrix

Gene 1

Gene 2

Gene n

Condition 1
(chip nr. 1)

Condition m
(chip nr. m)

•Measurements expressed
in what units?
•cm/inch?
•Reality:

What information should be 
exchanged?

• MIAME - Minimum Information About a 
Microarray Experiment
• informal specification

• paper published in Nature Genetics

• goal - to initiate discussion:
• which details are important and which may not 

be

• ArrayExpress can store MIAME data (and 
more)
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Nature Genetics, December 2001.    www.MGED.org

hybridisation
labelled 

nucleic acid
array

RNA extract

source

Sample treatment

elements
(spots)

Design

protocols

image

quantitation
matrix
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hybridisation
labelled 

nucleic acid
array

RNA extract

Sample

elements
(spots)

Design

hybridisation
labelled 

nucleic acid
array

RNA extract

Sample

elements
(spots)

Design

hybridisation
labelled 

nucleic acid
array

RNA extract

Sample

elements
(spots)

Design

hybridisation
labelled 

nucleic acid
array

RNA extract

Sample

elements
(spots)

Design

hybridisation
labelled 

nucleic acid
array

RNA extract

Sample

elements
(spots)

Design
Experiment

Gene 
expression 
data matrix

normalization

integration

MIAME –
the content 
(annotation) 
of all boxes 
and lines 
should be 
given

MIAME parts

Hybridisation ArraySample

Experiment

DataProcessing
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Simplified ArrayExpress object model

MAGE-OM

• MAGE-OM: MicroArray Gene Expression 
Object Model

• describes the domain of microarray data

• formal specification - UML (Unified 
Modeling Language) model

• described by a set of diagrams

• standardized through Object Management 
Group

• in September 2002 became an “available” specification
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BioEvent

Experiment

ArrayDesign

BioMaterial
BioAssayData

BioAssay

DesignElement

UML Packages of MAGE

HigherLevelAnalysis

BioSequence

Array QuantitationType

Description
Protocol

Measurement
AuditAndSecurity

BQS

what was used what was done results

miscellaneous

MAGE – an example diagram
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MAGE-ML
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MAGE-ML
• MAGE-ML: MicroArray Gene Expression 

Markup Language
• automatically derived from MAGE-OM

<Experiment identi fier="E-MANP-1">
<Descriptions_assnlist>

<Description text="HeLa cells grown to subconfluent density and CaCo-2 cells grown to 
high density were...." />

</Descriptions_assnlist>
…..

<Providers_assnreflist>
<Person_ref identifier="PERS:m_muckenthaler" />

…..
</Providers_assnreflist>

<BioAssays_assnreflist>
<PhysicalBioAssay_ref identi fier="PBA:1" />
……
<MeasuredBioAssay_ref identi fier="MBA:1" />
…...

</BioAssays_assnreflist>
<ExperimentDesign_assn>

<ExperimentDesign>
<Types_assnlist>

<OntologyEntry category="experimentdesign:type"  value=" treated vs. untreated" />
</Types_assnlist>
<ExperimentalFactors_assnlist>

<ExperimentalFactor identifier="EF:compound"  name="compound">
<FactorValues_assnlist>
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Common terms (ontologies)

• MGED Ontology - a framework for 
describing functional genomics experiments

• sample descriptors + experiment design 
descriptors

• closer integration with MAGE - ongoing 
project
• ontology - more than just a (set of) controlled 

vocabulary(-ies)
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ArrayExpress future
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MGED1

MIAME 

first draft

Data 
format 
proposal 
to OMG

MIAME in 
Nature 
Genetics

MAGE-ML 
published

MAGE-ML 
finalised

MIAME 
adopted by 
Lancet, 
Nature, …

5

10

15

20

2000 2001 2002 2003

ArrayExpress 
implementation

ArrayExpress 
online

Staff data 
(hybs)staff data 

(hybs)

Online 
submissions -
MIAMExpress

ArrayExpress 
data model 2

ArrayExpress 
data model 1

021 1 3�465�76861 9 :;:=<69 >�9@? A@8 BC9�D;E :

250

10
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MGED1

MIAME 

first draft

Data 
format 
proposal 
to OMG

MIAME in 
Nature 
Genetics

MAGE-ML 
published

MAGE-ML 
finalised

MIAME 
adopted by 
Lancet, 
Nature, …

5

10

15

20

2000 2001 2002 2003

ArrayExpress 
implementation

ArrayExpress 
online

Staff data 
(hybs)staff data 

(hybs)

Online 
submissions -
MIAMExpress

ArrayExpress 
data model 2

ArrayExpress 
data model 1

021 1 3�465�76861 9 :;:=<69 >�9@? A@8 BC9�D;E :

3680
2004-02-01

250

10

I think you should 
be more explicit 
here in step two"

The miracle of microarray data analysis
Genome Biology 2001 2(9): repor ts4021.1-4021.2
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sequence, function,
annotation
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Expression data

External data, tools
pathways, function, 

etc.

����B�����B�C
D

visualise patterns

����8 E�F

GeneOntology

����8 ���HG

Prot-Prot ia.
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Getting data into EP

Internet

EP

URL http://host/data.txt
http://host/q.cgi?d=D&t=ratio

ArrayExpress
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Expression Profiler: EPCLUST

DATA SELECT/
FILTER

FOLDER ANALYZE

A “ CLUSTER”

URLMAP

GeneOntology
Pathways
Databases
SPEXS
Other tools

Data selection/filtering

• Column (experiments)
• Rows (genes)
• Missing values
• High intensity values
• Statistics (significant expression)
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Unsupervised vs. Supervised

Find groups inherent
to data (clustering)

Find a “ classifier”  for
known classes

Clustering – it’s “ easy”  (for humans)
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Clustering cont…

Distance measures: 
which two profiles are similar to each other?

Euclidean , Manhattan etc.

Correlation, angle, etc.
1.

3.
2.

Time warping

Rank correlation
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Distance measures

• How to formally describe which objects 
are “close” to each other, and which are 
not

• More than one way to define distances. 
• Distance is a metric, if

• d(X,X) = 0

• d(X,Y) = d(Y,X)  ³³³³ 0

• d(A,B) ££££ d(A,C) + d(C, B) 

2
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Some standard distance measures
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Pearson correlation
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Rank correlation
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Rank - smallest has rank 1, next 2, etc. 

Equal values have rank that is average of the ranks

f = 3 17 12 12 8

rank= 1 5 3.5 3.5 2

Hierarchical clustering

1 2

3
4

5

1 2

3
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5

1 2

3
4

5

1
2

3

4

5

1. All against all distance matrix
2. Linkage strategy ± identify closest clusters and merge

distance( 1:2:3 , 4:5 ) = 4.5
1 2 3 4 5

1 1 2 5 6

2 2 4 5
3 3 3
4 2
5

1,2 3 4 5

1,2 2 4.5 5.5

3 3 3
4 2
5 Performance:

O(dn2)
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Minimum distance 
=> Single linkage
Maximum distance
=> Complete linkage

Average distance
=> Average linkage
(UPGMA, WPGMA)

Keep joining together two 
closest clusters by using the:

Hierarchical clustering

Cluster sequences:

Cluster matrices:

Running time for hierarchical clustering

Clustering
10,100,
1000 dim

Distances
10 attrib.

Distances
100 attrib

T
im

e 
in

 s
ec

o
n

d
s

1minute

10K 20K

5min

Data size 15K
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GENOMES: Yeast

“ Cut”

Hierarchical clustering output

“ Zoom”

Design any 
heat-map 
coloring 
scheme
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Heat map color schema design

Limits of standard clustering

· Hierarchical clustering is (very) good for 
visualization (first impression) and  
browsing

· Speed for modern data sets remains 
relatively slow (minutes or even hours)

· ArrayExpress database needs some 
faster analytical tools

· Hard to predict number of clusters 
(=>Unsupervised)
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6200 genes, 80 exp.

Monitor  size 1600x1200 pixels

Laptop: 800x600

6200 genes, 80 exp.

“COLLAPSE”

Developed and implemented 
in Expression Profiler in 
October 2000 by Jaak Vilo

Monitor size 1600x1200

Laptop: 800x600

75 subtrees
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K-means
1. Guess K centres

2. Assign obj to clusters 3. Move C to gravity centres

K-means
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New centers -
center of gravity for a cluster

Cluster - objects closest to a center

*  Start clustering by choosing K centers
randomly
most distant centers
more...

*  Iterate clustering step until no cluster 
changes
*  Deterministic, might get “stuck”  in 
local minimum

K-means cluster ing

K-means clustering output

URLMAP:



33

K-medoids
· Choose the cluster center to be one of 

the existing objects.
· Why? 
· If more complex data or distance 

measure the ªRealº center could not be 
found easily

· Instead of trying to ªinventº ± use one of 
the existing objects, whatever the 
distance measure

Self Organising Maps (SOM)
MxN matrix of neurons, each representing “a cluster”
Object X is put to Wi, to which it is most similar.
Wi and its near surrounding is changed to resemble X more
Train, train, train¼   

Wi

Problem - there is no clear objective function to map D-dimesnional data to 2 dimensions...
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Clustering etc. algorithms

· Hierarchical clustering methods + visualisation
· K-means, Self Organising Maps (SOM)
· SOTA trees (Self Organising Maps + Tree)
· Fuzzy, EM (object can belong to several clusters)

· Graph theory (cliques, strongly connected components)

· Similarity search: X -> Y s.t. d(X,Y)< 0.3
· Model based (rediscover distributions)
· Planar embeddings, Multidimensional scaling
· Principal Component Analysis
· Correspondence analysis
· Independent Component Analysis

Similarity searches 

r r
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Query: ª cyc1º  (cyc1, activator for cyc1, repressor for cyc1)

=> 3 genes + 10 most similar ones for each 
=   3 ª clustersº

Similar ity searches

Similarity searches

Expand a tight 
cluster by other 
most similar genes:
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EP ªoldº way

httpd/CGI

PERL

require “$LIBDIR/$clustering.pl” ; 

print “<table>¼ <tr>¼ ”;
for $i (1..$N){

$value += func() ;
print “<td>$value</td>\n” ;

}
print “</tr>\n</table>\n” ;

system( “bin.cluster –f f1 –p 2.3 ¼ ”);
open( FILES , “$DIR/outputfile.txt” );

C/C++ etc.
binaries

File system
text, html

binary,
GIF/PNG

GENOMES: Yeast

“ Cut”

Hierarchical clustering output

“ Zoom”
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· Simple Web UI: Basic Architecture

· XML Component Descriptions & XSLT Rendering

· Chainable Components

��� � � � � � � � � 	 	 
�� 
�� 
���� ��
 �

����� � � � � 	 � 	 � � �

����� � � � � 	 � 	 � � �

Web Interface
(Services/UI/etc.)

Request
Response XSLT

Processor

EP
Component
(EPC) XML

EP
Component
(EPC) XML

EP
Component
(EPC) XML

EP
Component

(EPC) XML

EPC Rendering

XSL

External
Services
Access

EP
Database

Internal and
3rd party

Components

Expression Profiler
(component interface)

SUBSELECT

CLUSTER
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Transformed with XSL
· Accessing EP DB for definition of dynamic input elements

BGA data input 
screen, where a 
user inputs a gene 
expression dataset 
and vector defining 
known or 
predefined classes 
of each sample

3D visualisation of the resulting first 
three axes of sample co-ordinates from 
a BGA analysis
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EPC XML Components
· Inputs

· Grouped into sections/subsections

· Input names, type, validation type

· Used for rendering

· Dynamic data

· External service access (e.g. via Perl)

· EP DB/file system access, etc.

· Outputs

· Output name, type, validation type

· Output format (e.g. regular expression)

· Action

· URL (or other definition)

· EPC target IDs
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EP:NG Database model

XML + XSLT + SVG …
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Latest Developments
· Other [clustering] methods

· K-Medoids (Meelis Kull, Jaak Vilo, Tartu)

· Principal Components Analysis (Aedin Culhane, Cork)

· Correspondence Analysis (Aedin)

· Supervised methods

· Between Group Analysis (Aedin Culhane et al, 2002)

· EP Architecture

· Metadata completely in the database

· Users, groups, user/group projects: folders, subfolders

· Data sharing between users/groups

· Integration with R (S-PLUS)

· Descriptive Statistics (mean, median, ssss (std. dev.))

· Histograms, QQ-plots, etc.

· Integrate w/Bioconductor (started ± in BGA)

Components Coming Soon
· Two-way clustering
· Iterative Signature Algorithm (Naama Barkai, Jan Ihmels)
· Gene ordering (Karlis Freivalds)
· Bioconductor integration (UCL)
· Normalization methods
· ±LOWESS, ...
· Statistical analysis methods
· ±ANOVA, SAM, ...
· More! (contributors?)

· EP:NG is an open source project ±if you are 
interested in contributing, testing or just discussing 
ideas, let us know!
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Ihmels, J., Friedlander, G., Bergmann, S., Sarig, O., 
Yaniv, Z., Barkai, N.

Nature Genetics vol 31, august 2002

ht t p: / / www. wei zmann. ac. i l / home/ bar kai

Revealing modular organization 
in the yeast transcriptional network

Genome-wide expression data:
small datasets
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Large-scale expression data

stress

2 4 6 8
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cell-
cycle
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5000

6000

large-scale
expression data

diverse conditions
sets of specific conditions

Large-scale expression data
challenges: context-specific regulation

· Irrelevant conditions contribute noise
· Combinatorial regulation

· Require overlapping clusters
· Would like to extract regulatory context

A and B in same function A and B in different functions

Gene A

Gene B
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Signature Algorithm
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Expression 
Matrix
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Examples

· Module related to glycolysis
· Module of phosphate metabolism-

related genes
· Module of genes regulated by a 

transcription factor (or have at least the 
same site present in upstreams)

· Yeast homologues to genes in E.coli
TCA cycle => yeast TCA cycle

A
L
G
O
R
I
T
H
M

Set 1
Set 2

…

Input
sets

Respective
signatures

Repeated
signatures

Module 1

Module 2

Module 3
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How many randomly added genes 
destroys a module?

If genes are not from the module (random) then 
adding more random ones destroys the signature
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COMPARISON OF CLUSTERINGS

Aurora Torrente

PROBLEMS TO SOLVE

A) COMPARISON OF NON-HIERARCHICAL vs NON-
HIERARCHICAL CLUSTERING RESULTS

B) COMPARISON OF NON-HIERARCHICAL vs
HIERARCHICAL CLUSTERING RESULTS

C) ESTIMATION OF THE REAL NUMBER OF
CLUSTERS

D) CLASSIFICATION OF THE DATA
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B1

B2

B3

B4

C2 = {B1, B2, B3, B4 }

A1
A2

A3

C1 = {A1, A2, A3 , A4}

21: CCg «

443

32

211

BAA

BA

BBA

«È

«

È«

We are interested in finding:

where the clusters are mapped as follows:

COMPARISON OF NON-HIERARCHICAL 
CLUSTERING RESULTS

A4

VISUALIZATION

Artificial data:
1000 genes, 10 conditions, 

4 groups,
k-means, k = 8 and k = 11

Each (real) group, one colour

blue red

green black
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COMPARISON OF NON-HIERARCHICAL AND
HIERARCHICAL CLUSTERING RESULTS

Selecting a point to cut the dendogram leads to s disjoint 
groups.

0

1

Information sources

· www.mged.org MGED organization
· www.ebi.ac.uk/microarray EBI MA

· ep.ebi.ac.uk/ Expression Profiler
· ep-sf.sourceforge.net
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Some more tools

· TIGR analysis tools:
· http://www.tigr.org/software/tm4

· Bioconductor R statistics package
· www.bioconductor.org
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