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Studies must be hypothesis driven.

Can we find groups 
of e pe iment  ith 

What is our aim? Class discovery? 
l  l ifi i ?   l i ? of experiments with 

similar gene 
expression profiles?

Unsupervised 

sample classification?  gene selection? 
...

Different classes...
Unsupervised 

Supervised

What genes are Molecular What genes are 
responsible for?classification of 

samples

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

common?co o



The data

A B C Different classes Characteristics of the data:of experimental 
conditions, e.g. 
Cancer types, 
tissues, drug

Characteristics of the data:

• Most of the genes are not 
informative with respect to tissues, drug 

treatments, time 
survival, etc.

the trait we are studying 
(account for unrelated 
physiological conditions, etc.)

Genes
(thousands)

Expression 
profile of all the 
genes for a 
experimental

p y g , )

•Number of variables (genes) (thousands)

E i fil

experimental 
condition (array)

•Number of variables (genes) 
is several orders of magnitude 
larger than the number of 
experiments Expression profile 

of a gene across the 
experimental 
conditions

experiments 

L  i l t  i  ti

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

conditions
• Low signal to noise ratio



An unsupervised problem: 
clustering of genesclustering of genes.

• Gene clusters are 
previously unknownpreviously unknown

• Distance function

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

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



Clustering of experiments:
The rationaleThe rationale

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

Distinctive gene expression patterns in human 
 ith li l ll  d b t 

gene expression profiles.

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 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.

Perou et al., PNAS 96 (1999)

s o a s



Taxonomic 
Relationships 

Between Normal 
& Malignant 
Lymphoid 

Populations

Alizadeh et al., 
Nature 2000Nature 2000
(96 samples)



Clustering: 
unsupervised classificationunsupervised classification

• You do not have “external” information on how • You do not have external  information on how 
the data are arranged.

• You only have the values measured in the • You only have the values measured in the 
experiment

Y  d  di t  hi h i   tit ti  • You need a distance, which is a quantitative 
and non-subjective measure of the “closeness” 
of a pair of data Distances use all the of a pair of data. Distances use all the 
components of the vectors compared.

• You use the distances within a clustering • You use the distances within a clustering 
method for producing groups (clusters) of data 
related. This relationship depends on the related. This relationship depends on the 
distance and the clustering method. 



Distances

Distances used in microarray are Distances used in microarray are 
related to:

• Euclidean (absolute differences)

• Correlation (trends)• Correlation (trends)



Euclidian Distance
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Linear Correlation

The correlation coefficient between n pairs of 
observations, whose values are (xi, yi) is:, ( , y )

The linear 
correlation 
coefficient 
measures the 
strength of the g
linear relationships 
between  the paired 
x and y values in a 
sample.

-1 0 +1

p

y y y

x x x



Distance types

Differences (euclidean)

A

Differences (euclidean)

B<=>C

B C l tiB Correlation

C

A<=>BA A<=>BA
B
C



Different distances account for 
different propertiesdifferent properties

A
A

C

A
B
C

A   B   C
correlation

B

C A   B   C
euclidean

Correlation: tendencies; euclidean: global similarity



What distance should I use?

This is not the proper question. 

The question is: what do I want to measure?The question is: what do I want to measure?

phenotype

degradation degradation

Correlation accounts for 
coordinate changescoordinate changes



Standardising profiles

AA

A
B

A
B

CC C



Unsupervised clustering methods

Non hierarchical hierarchical

K-means, PCA UPGMA

SOM SOTA quick and 
robust

Different levels 
of information



Clustering methods

Non hierarchical Hierarchical

deterministic UPGMAK-means, PCA

NN SOM SOTA Robust

Provides 
different P tidifferent 
levels of 

information

Properties



PCA: an exploratory technique
A common method from statistics for analysing data is principal component 
analysis (PCA). The aim is to find a set of M orthogonal vectors in data space 
that account for as much as possible of the data's variance  Projecting the data that account for as much as possible of the data s variance. Projecting the data 
from their original N-dimensional space onto the M-dimensional subspace 
spanned by these vectors then performs a dimensionality reduction that 
often retains most of the intrinsic information in the data. See: 
http://diwww.epfl.ch/mantra/tutorial/english/pca/html/



PCA: an exploratory technique



PCA: an exploratory technique

The example for the 
presentation...

d h  l  …and the real, 
cruel world:

subjective cluster subjective cluster 
definition



K-Means clustering

The idea is to find the best division of N samples by K clusters Ci such that the 
total distance between the clustered samples and their respective centers (that 
is  the total variance) is minimized  is, the total variance) is minimized. 

This criterion is expressed like this:

where γi is the center of class i. Analogy to where γi is the center of class i. Analogy to 
linear regression can be seen: there the 
residuals are the distance from each point to 
the regression line. In clustering, the 
residuals are the distance between each residuals are the distance between each 
point and its cluster center. The k-means 
algorithm starts by randomly assigning 
instances to the classes, computes the 
centers according to centers according to 

then reassignes the instances to the nearest 
cluster’s center  recalculates centers  reassigns the cluster s center, recalculates centers, reassigns the 
instances, etc. until J stops decreasing (or centers 
stop to move). Here is a two-dimensional example 
of clustering



Clustering methods

Non hierarchical Hierarchical

deterministic K-means, PCA UPGMA

NN SOM SOTA Robust

Provides 
different P tidifferent 
levels of 

information

Properties



Aggregative hierarchical clustering
A B C D E

A
A B C DE

A
B 2
C 3 3

A
B 2
C 3 3

D 5 5 5
E 5 5 5 1

C 3 3
DE 5 5 5

EDCBA
AB C DE

ABABC DE

ABCCLUSTER C 3

DE 5 5

ABC

DE 5

Relationships among profiles are represented by branch 
lengths.

The closest pair of profiles are recursively linked until the 
complete hierarchy is reconstructed



Aggregative hierarchical clustering



Different aggregative criterion

a) Average linkage

b) Single linkage

minimum

c) Complete linkage

maximum



The effect of the distance in 
aggregative clusteringaggregative clustering

The best correlated is 
not the most similar...not the most similar...

Correlation

...and the most 
i il  i   h  b  similar is not the best 

correlated

Euclidean



Aggregative hierarchical clustering

Problems:
l k f b t• lack of robustness

• difficult interpretation

• subjective cluster definition



Clustering methods

Non hierarchical Hierarchical

deterministic K-means, PCA UPGMA

NN SOTA RobustSOM

Provides 
different P tidifferent 
levels of 

information

Properties



Self organising maps: SOM

Bidimensional hexagonal or 
t l  t krectangular network

Output
nodes

x1, x2..xn

input

nodes

exp1 exp2 .. expp

gen1         a11 a12 ..  a1p

gen2         a21 a22 ..  a2p

:        :   :        :

genn         an1 an2 ..  anp



SOM: 
The algorithmThe algorithm

Step 1. Initialize nodes to random values.
Set the initial radius of the 
neighborhood.

Step 2. Present new input: Compute 
distances to all nodes. Euclidean 
di   l  ddistances are commonly used

Step 3. Select output node j* with minimum 
distance dj. Update node j* and 
neighbors  Nodes updated for the neighbors. Nodes updated for the 
neighborhood NEj*(t) as:

wij(t+1) = wij(t) + η(t)(xi(t) -
wij(t)); for j ∈ NEj*(t)
η(t) is a gain term that decreases 

Input
η(t) is a gain term that decreases 
in time.

Step4 Repeat by going to Step 2 until 
convergenceconvergence.



SOM results

DeRisi et al. (1997) Exploring the Metabolic and Genetic Control of Gene Expression on a genomic Scale. 
Science, 278, 680-686



SOM:
ExampleExample

Response of human  
fibroblasts to  serum

Iyer et al., 1999 Science
283:83-87

If a given class is If a given class is 
overrepresented, it 
takes over many y

neurons



Clustering methods

Non hierarchical Hierarchical

deterministic K-means, PCA UPGMA

NN SOM RobustSOTA

Provides 
different P tidifferent 
levels of 

information

Properties



SOTA:The algorithm
The Self Organising Tree Algorithm (SOTA) is a 
hierarchical divisive method based on a neural 
network

Step 1. Initialize nodes to random values.

Step 2. Present new input: Compute distances to all terminal
nodes. 

Step 3. Select output node j* with minimum distance dj. Update 

SOTA, unlike other hierarchical methods, grows 
from top to bottom until an appropriate level of 
variability is reached

node j* and neighbors. Nodes updated for the 
neighborhood NEj*(t) as:

wij(t+1) = wij(t) + η(t)(xi(t) - wij(t)); for j ∈ NEj*(t)
η(t) is a gain term than decreases in time.

Step 4 Repeat by going to Step 2 until convergence.

Step 5 Reproduce the node with highest variability.

Input

Dopazo, Carazo (1997)

Herrero, Valencia, Dopazo (2001)



Advantages of SOTA

Robusteness against noise

Divisive algorithm

SOTA grows from top to bottom: growing SOTA grows from top to bottom: growing 
can be stopped at any desired level of 
variability.

Clusters´patterns

Each node of the tree has a pattern 
i t d i h d  t  th  l t  associated wich corresponds to the cluster 

under itself.

Distribution preserving

The number of clusters depends on the 
i bilit  f th  d tvariability of the data.



From low 
resolution...

TESTTEST

Where 
...to high resolution.

Where 
stop 

growing?



Permutation test for cluster size 
definitionexp1 exp2 ..  expp definitionp1 p2 pp

gen1     a11 a12 ..  a1p

gen2     a21 a22 ..  a2p

:        :   :        :

gen a a agenn     an1 an2 ..  anp

exp exp expexp1 exp2 ..  expp

gen1     a14 a17 ..  a1q

gen2     a23 a21 ..  a2r

:        :   :        :

genn     an9 an4 ..  ans

95%95%

TEST

are dij > 0.4?



Cluster quality measures

It is worth noting that many clustering 
methods produce partitions even with methods produce partitions even with 

random data. This is commonly known as 
the “garbage in garbage out” effect and the garbage in garbage out  effect and 

points out to the necessity of having some 
criteria in the application of these criteria in the application of these 

methods. 

Th   i l  t  l  f lit  There are mainly two classes of quality 
cluster measures:

Internal

E t lExternal



Cluster quality internal measures: 
the silhouettethe silhouette

How far are the items among brother clusters [ intercluster distance b(i)]

How close are the items within a cluster [ intracluster distance  a(i) ]

How far are the items among brother clusters [ intercluster distance b(i)]

InterCluster Distance method: IntraCluster Distance method:  InterCluster Distance method: 
average to centroids linkage

IntraCluster Distance method:  
centroid diameter



Cluster quality external measures: 
Functional interpretationFunctional interpretation



Relative merits of clustering methods

Different benchmarking studies report a poorDifferent benchmarking studies report a poor
performance of hierarchical clustering when single 

linkage was used. linkage was used. 

Hierarchical clustering with average or complete 
linkage seems to work well  andlinkage seems to work well, and...

SOM, SOTA and k-means seem to be superior 
according to internal indexes (Silhouette  Dunn  according to internal indexes (Silhouette, Dunn, 
and other) or external criteria (enrichment of 

functional terms). functional terms). 

A significant problem associated with k-means or 
SOM algorithms is the arbitrary choice of the SOM algorithms is the arbitrary choice of the 

number of clusters



Relative performance of clustering methods
(Handl et al  2005 Bioinformatics)(Handl et al., 2005 Bioinformatics)

K=2 All fail

K=2

K=6K=6

k-means average link, single link SOM SOTA 

outlayers

l tthe worst
the best

Non-spherical clusters run methods into troubles. 

almostthe worst

p



Relative performance of clustering methods
(Datta and Datta  2006 BMC Bioinformatics)(Datta and Datta, 2006 BMC Bioinformatics)

Biological Homogeneity 
Index for various clustering 

l ith li d t thalgorithms applied to the 
positively expressed genes 

in yeast sporulation data 
with functional classes from 
FatiGO. The thick black line 
is the 95th percentile of BHI p

values under random 
clustering



Class discovery: biclusteringy g

– Seek biclusters: individual two-
way clusters

genes may have restricted co-
regulation (common change in regulation (common change in 
expression)

– Biclusters can overlap

genes may have more than 
one function

Biclusters need not cover the – Biclusters need not cover the 
data

constantly expressed 
genes/outliers can be ignored

Pl id d l  bi l t i  l t i  b t  f Plaid models, biclustering, clustering on subsets of 
attributes, feature selection in clustering, other.



Other clustering methodsg

Quality-based clustering algorithms: Q y g g
QT_Clust, adaptative QT. Greedy 
algorithms that select for each gene a cluster 
around that satisfies the quality criteria. The 
biggest cluster is removed and start again... 

Model-based clustering: Mixture 
models. These assume that data are 
generated by a finite mixture of probability 
distributions, where each distribution 

lrepresents one cluster.



What we have learned? Lessons from the 
first-generation algorithms and specific first generation algorithms and specific 
demands for clustering microarray data

• Number of clusters. K-means, SOM and ,
hierarchical methods do not provide any method 
for defining the “true” number of clusters

The wish list

• Methods must be fast 

• Robustness and noise 

• Deterministic

• Able to decide the • Robustness and noise 
tolerance

• Able to decide the 
number of clusters 
automaticallyy


