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Microarrays: Gene Expression Data

 Microarray analysis allows the monitoring of the activities 
of many genes over many different conditions.

 Experiments are carried out on a Physical Matrix like the 
one below:

To facilitate computational analysis the physical matrix 
which may contain 1000’s of gene’s is converted into a 
numerical matrix using image analysis equipment.
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Microarrays: Gene Expression Data

 It is common to visualize a gene 
expression datasets by a color plot:

 Red spots: high expression 
values (the genes have produced 
many copies of the mRNA).

 Green spots: low expression 
values.

 Gray spots: missing values.

N
genes

M conditions
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Microarray data can be viewed as an NM matrix:
 Each of the N rows represents a gene (clone, ORF, etc.).
 Each of the M columns represents a condition (a sample, a 

time point, etc.).
 Each entry represents the expression level of a gene under a 

condition. It can either be an absolute value (e.g. Affymetrix 
GeneChip) or a relative expression ratio (e.g. cDNA 
microarrays).

 A row/column is sometimes referred to as the “expression 
profile” of the gene/condition.

Microarrays: Gene Expression Data



5Jesus S. Aguilar-Ruiz, University of Seville, Spain                                                                                                          
http://www.lsi.us.es/~aguilar
 

Clustering
 Cluster Analysis is an 

unsupervised procedure which 
involves grouping of objects 
based on their similarity in 
feature space.

 In the Gene Expression context 
Genes are grouped based on 
the similarity of their Condition 
feature profile.

Number of ways in which n 
examples can be partitioned into k 
non-empty subsets:

An approximation:

If we do not know the number of 
clusters k, the total number of 
evaluations is:

For example, 
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Clustering
 Requirements:

 Parameter: number of clusters
 Distance

 Distance is defined for the M-dimensional 
space.
 What distance metric?
 Normalized/Standarized?
 Any outlier?
 Missing values?
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Example I

43
1

LOVE 
STOR
Y

9411
STAR 

WARS
6125

TORREN
TE

5633TROYA
6115

PHILADEL
PHIA

3247CHICAGO
2522PATTON
5115RAIN MAN
7421

MINORITY 
REPO
RT

6411JFK
7339SHREK-2
DCBA

SCORING 
MOVIE
S



8Jesus S. Aguilar-Ruiz, University of Seville, Spain                                                                                                          
http://www.lsi.us.es/~aguilar
 

SCORING MOVIES
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 Properties:

  

  

BICLUSTERING
 Grouping examples 

for a subset of 
attributes.

 Types:
 Constant patterns
 Similar patterns
 Shifting patterns
 Scaling patterns

 ji BB


i

i SB SUBSPACE CLUSTERING

 Challenges:
 Curse of dimensionality
 Similarity Model needed

 Complexity: )2( mnk 
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Biclustering
Technique first described by
J.A. Hartigan in 1972 and 
termed ‘Direct Clustering’.

First introduced to 
Microarray expression data by 

Cheng and Church(2000)
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Types of biclusters

 Biclusters with constant values

 Biclusters with constant values on rows or columns

 Biclusters with coherent values

 Biclusters with coherent evolutions
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Biclusters with constant values
 Biclusters with constant values
 Biclusters with constant values on rows or columns

a) Constant Bicluster       b) Constant Rows        c) Constant Columns

 A perfect constant bicluster is a submatrix (I,J), where all values 
within the bicluster are equal for all iI and all j J.

 A perfect bicluster with constant rows is a sub-matrix (I,J), where all 
the values within the bicluster can be obtained using one of the 
following expressions:

 A perfect bicluster with constant columns is a sub-matrix (I,J), 
where all the values within the bicluster can be obtained using one 
of the following expressions:
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Biclusters with coherent values

d) Coherent Values – 
Additive Model

e) Coherent Values – 
Multiplicative Model

A perfect bicluster with coherent values, is defined as a subset of 
rows and a subset of columns, whose values  are predicted 
using the following expression:

• Additive Model :

• Multiplicative Model:
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Overlapping
General Additive Model

General Multiplicative Model
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Structure
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Biclusters with coherent evolutions
 Evidence that a subset of genes is up-regulated 

or down-regulated across a subset of conditions 
without taking into account their actual 
expression values.

 Order-preserving sub-matrix (OPSM)
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35494092
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Patterns
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Shifting Pattern
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Scaling Pattern
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Overview of Methods

Lymphoma (1 rel., 1 abs.), 
leukemia, breast cell line, 
CNS embryonal tumor
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Cheng & Church’s algorithm
 Model:

 A bicluster is represented by the submatrix A 
of the whole expression matrix (the involved 
rows and columns need not be contiguous in 
the original matrix).

 Each entry Aij in the bicluster is the 
superposition (summation) of:

1. The background level
2. The row (gene) effect
3. The column (condition) effect

 A dataset contains a number of biclusters, 
which are not necessarily disjoint.
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Cheng & Church’s algorithm

where aiJ = mean of row i, 
aIj = mean of column j, 
aIJ = mean of A.

 Biological meaning: the genes have the same 
(amount of) response to the conditions.

In the matrix A the residue score of element aij is 
given by:

IJIjiJijij aaaaaR )(
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Cheng & Church’s algorithm
 Goal: to find biclusters with minimum squared residue:

This Global H score gives an indication of how the data fits together within that 
matrix- whether it has some coherence or is random.

 A high H value signifies that the data is uncorrelated.
 A low H score means that there is a correlation in the matrix 

 A score of  H(I,J)= 0  would mean that the data in the matrix fluctuates in 
unison i.e. the sub-matrix is a bicluster.

 For an ideal bicluster,
 H(I, J) = 0.
 adding a constant to all entries of a row or column yields an ideal bicluster.
 multiplying all entries in the bicluster by a constant yields an ideal bicluster.





JjIi

IJIjiJij aaaa
JI

JIH
,

2)(1),(
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Cheng & Church’s algorithm

IJIjiJijij aaaaaR )(

R(1) = 1- 2 - 5.4 + 6.5 = 0.1

R(2) = 2 - 2 - 6.4 + 6.5 = 0.1
: :
: :

R(12) = 12 - 11 -7.4 + 6.5 = 0.1

Col Avg.   5.4     6.4      7.4

1    2    3
4    5    6
7    8    9

10  11  12

Row Avg.
2

5

8

11

Matrix (M) Avg. = 6.5

H (M) = (0.01x12)/12 = 0.01

If 5 was replaced with 3 then the score would changed to:  H(M2) = 2.06

If the matrix was reshuffled randomly the score would be around:

H(M3) = sqr(12-1)/12 = 10.08
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Cheng & Church’s algorithm

 Constraints:
 1M and N1 matrixes always give zero 

residue.
=> Find biclusters with maximum sizes, with 
residues not more than a threshold  (largest 
-biclusters).

 Constant matrixes always give zero residue.
=> Use average row variance to evaluate the 
“interestingness” of a bicluster. Biologically, it 
represents genes that have large change in 
expression values over different conditions.
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Cheng & Church’s algorithm
 Finding the largest -bicluster:

 The problem of finding the largest square -bicluster (|I| 
= |J|) is NP-hard.

 Objective function for heuristic methods (to minimize):

=> sum of the components from each row and column, 
which suggests simple greedy algorithms to evaluate 
each row and column independently.





JjIi

IJIjiJij aaaa
JI

JIH
,

2)(1),(
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Cheng & Church’s algorithm

A0  Time complexity: O((N+M)MN)

A1 Time complexity: O(MN)
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Cheng & Church’s algorithm
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Cheng & Church’s algorithm
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Evolutionary Biclustering
 Binary encoding for rows/columns
 Fitness: 

 mean squared residue
 row variance
 large volume
 penalty (exponential)

 Typical genetic operators
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Example: Yeast
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Example: Colon Cancer
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Discussion
 Overlapping?
 Sequential covering?
 Local vs. Global strategy?
 Penalty?
 What is the quality measure of a bicluster?
 When a bicluster is better than another one?
 How a bicluster can be statistically validated?
 What knowledge can a bicluster provide?
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Applications
 Microarrays
 Collaborative filtering: identify subgroups of customers 

with similar preferences towards a subset of products
 Recommendation systems for E-commerce
 Information Retrieval: identify subgroups of documents 

with similar properties relatively to subgroups of attributes, 
such as words or images (relevant in query and indexing)

 Medline (1033 medical abstracts), Cranfield (1400 
aeronautical abstracts), Cisi (1460 information retrieval)

 Electoral data
 Nutritional data
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