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Microarrays: Gene Expression Data

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

Q Experiments are carried out on a Physical Matrix like the

one below:
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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

Q It is common to visualize a gene

expression datasets by a color plot: - M-Conditions—

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

Q Green spots: low expression N
genes

values.

Q Gray spots: missing values.
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F
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Microarrays: Gene Expression Data

Microarray data can be viewed as an NxM matrix:
Q Each of the N rows represents a gene (clone, ORF, etc.).

Q Each of the M columns represents a condition (a sample, a
time point, etc.).

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

O Cluster Analysis is an
unsupervised procedure which
involves grouping of objects
based on their similarity in
feature space.

O In the Gene Expression context

Genes are grouped based on

the similarity of their Condition

feature profile.
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Number of ways in which n
examples can be partitioned into k
non-empty subsets:
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If we do not know the number of
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Clustering

Q Requirements:
Q Parameter: number of clusters
Q Distance
A Distance is defined for the M-dimensional
space.
A What distance metric?
Q Normalized/Standarized?
a Any outlier?
a Missing values”?
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SCORING MOVIES
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SCORING MOVIES

-4 A B B

—

RATES
O=_NWPhUON®WOO

::/./\ e
' . I MOVIES I .

Jesus S. Aguilar-Ruiz, University of Seville, Spain narmatics



SCORING MOVIES
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SCORING MOVIES
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BICLUSTERING

QO Grouping examples Q Properties:
for a subset of
attributes. = B.NB #¢
SUBSPACE CLUSTERING - UBZ' # S

Q Types: Q Challenges:
0 Constant patterns Q Curse of dimensionality
Q Similar patterns Q Similarity Model needed

Q Shifting patterns
Q Scaling patterns O Complexity: O(k2"™)
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Biclustering

Technique first described by

J.A. Hartigan in 1972 and
termed ‘Direct Clustering’.

Conditions

ABCDEFGH
Gene 2
Gene 3
Gene 5
Gene 6
Gene 7
Gene 8
Gene 9

First introduced to
Microarray expression data by

Cheng and Church(2000)

Jesus S. Aguilar-Ruiz, University of Seville, Spain

N

Clustering
A B C D E F G H

Gene 1
Gene 4
Gene 9

Biclustering A B DEF G H
Gene 1
Gene 4
Biclustering Gene 9
discovers
local
coherences
over a subset  Gene 1
of conditions Gene 4
Gene 6
Gene 7
Gene 9
El'l:ﬂllll
L1 Inlnsl Ire

14



Types of biclusters

Q Biclusters with constant values
Q Biclusters with constant values on rows or columns
Q Biclusters with coherent values

Q Biclusters with coherent evolutions
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Biclusters with constant values

Q Biclusters with constant values

a Biclusters with constant values on rows or columns

Togiopiopla Lojtopioiun L2004l

LaglopLopLo 2012012020 10]20130]40

| Ogloflaplao 300120020 10j20430440

TOgLOp10110 A0 400 40|40 101301z 0]40
a) Constant Bicluster b) Constant Rows c¢) Constant Columns

O A perfect constant bicluster is a submatrix (1,J), where all values
within the bicluster are equal for all iel and all j J.

0 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:

O A perfect bicluster with constant columns is a sub-matrix (1,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 — e) Coherent Values —
Additive Model 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 : i = b+ 0 + 13,
 Multiplicative Model: (ij = Ji X 05 X ”ﬁ
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General Additive Model
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Structure
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Biclusters with coherent evolutions

QO 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.

A Order-preserving sub-matrix (OPSM)

70 {13 |19 |10

92 (40 |49 |35

40 |20 |27 |15

90 |15 |20 |12
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Patterns
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Scaling Pattern

DS 1

——OBJECT1
—=— OBJECT 2
\ —— OBJECT 3

VALUES
B
=

COeN DITIOfNS
90
80
70
60
50
I 40
30

20

Jesus S. Aguilar-Ruiz, University of Seville, Spain

Scaling Pattern in subspace {a,d,f,g,i}
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Overview of Methods

Method Publish Allow Complexity Testing Data

overlap?
Cheng & Church ISMB 2000 Yes O(MN) or O Yeast (2884x17),

(rare in reality) | (MlogN) lymphoma (4026x96)
Getz et al. PNAS 2000 Yes Exponential Leukemia (1753x72), colon
(CTWC) cancer (2000x62)
Lazzeroni & Owen | Bioinformatics 2000 | Yes Polynomial Food (961x6), forex
(Plaid Models) (276x18), yeast (2467x79)
Ben-Dor et al. RECOMB 2002 Yes O(NM?3I) Breast tumor (3226x22)
(OPSM)
Tanay et al. Bioinformatics 2002 | Yes O((N29*T)log(r+1yrrd)) | ymphoma (4026x96),
(SAMBA) yeast (6200x515)
Yang et al. BIBE 2003 Yes O((N+M)2kp) Yeast (2884x17)
(FLOC)
Kluger et al. Genome Res. 2003 | No Polynomial Lymphoma (1 rel., 1 abs.),
(Spectral) leukemia, breast cell line,

CNS embryonal tumor
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Cheng & Church’s algorithm

Q Model:

Q 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).

0 Each entry A; in the bicluster is the
superposition (summation) of:

1. T
2. T
3. T

ne background level
ne row (gene) effect

ne column (condition) effect

Q0 A dataset contains a number of biclusters,
which are not necessarily disjoint.

i

Jesus S. Aguilar-Ruiz, University of Seville, Spain Crtarmatics 25



Cheng & Church’s algorithm

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

R(a,)=a,—a,—a;+a,

where a,, = mean of row |,
a; = mean of column j,

a,, = mean of A.

QO Biological meaning: the genes have the same
(amount of) response to the conditions.
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Cheng & Church’s algorithm

0 Goal: to find biclusters with minimum squared residue:

1
H(,J)= Z(al.j —a; —ay; +a,)’
1J

iel,jeJ

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

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

O 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.

Q For an ideal bicluster,
Q H(, J)=0.
O adding a constant to all entries of a row or column yields an ideal bicluster.

O multiplying all entries in the bicluster by a constant yields an ideal bicluster.

g
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Cheng & Church’s algorithm

Matrix (M) Avg. = 6.5 R(a;)=a;—a,—a,+a,
Row Avg.
1 2 3 2 R(1)=1-2-54+6.5=0.1
4 5 © 5 R(2)=2-2-6.4+6.5=0.1
/ 8 9 8 : ;
\’IO 11 12/ 11 R(12)=12-11-7.4 + 6.5 = 0.1
ColAvg. 54 64 7.4 H (M) = (0.01x12)/12 = 0.01

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

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

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

a Constraints:

0 1xM and Nx1 matrixes always give zero
residue.
=> Find biclusters with maximum sizes, with
residues not more than a threshold o (largest

O-biclusters).

Q 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.

i
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Cheng & Church’s algorithm

0 Finding the largest 5-bicluster:

Q The problem of finding the largest square &-bicluster (||
= |J|) is NP-hard.
Q Objective function for heuristic methods (to minimize):

H(l,J)= Z(ay —a,, — a,]+aU)

iel,jeJ

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

Jesus S. Aguilar-Ruiz, University of Seville, Spain Crtarmatics 30



Cheng & Church’s algorithm

Algorithm 0 {Brute-I'oree Deletion and Ad-
dition).

Tnpat: A, o matrix of real nomhers, aned & 2
0, the maximim accerable mean siuared
residne soore.

Chistpiat: A, ad-hielusier that is a subma-
bris ol A with row =t T and colunm sor T,
with a score no larger than .

Tnicializatinn: T and J arc initialized to the
gene and condition sefs in the data and
Arr= A

Tteratinn:

1. Conmnpite the score & for each possis
Lle row feolumn addition/deletion and
rhoosc the actiom that decreases B the
masn. T no action will decrease HLoore 0T
Ho== 8, return Ay,

AO0 - Time complexity: O((N+M)MN)

A1-> Time complexity: O(MN)

Jesus S. Aguilar-Ruiz, University of Seville, Spain B‘:,: arm

Algorithm 1 (Single Node Deletion).

Topui: Ao mabvix of veal nomlbicrs, and & =
0. the maximnim aceeplable roenn sopoaeed
Fessicl e sonrc.

Output: 1, a &biclusrer that 15 2 subma-
friv of A with row aed 7 andd calomn act LT,
with a scoee no larger than o

Initialization: I and .J are initialized o the
gene and condition sets in the dasa and
App = .

Iteration:

. Compute gy fovalla © T, oy, forall § C
Joopp,and T 0y, NI 0 <= 4,
refirn Apg.

Fingd the row § & £ with the larpest

b

. 1 -
i) = m l.-:”h_-a — g gty J]E
R P

andd the column ¢ T with the largest

1

diy) = o mar oo Loagg)?

remove the row or codienn whichasver
with the larger o value by npaating ei-
ther f or J.
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Cheng & Church’s algorithm

Algorithm 2 (Multiple Noede Deletion).

Input; 4 » zearrix of real uombers, & = ()
e mdsdmrn goveptable miean sguEred
cestichie meorc; and e =01, a Whreshold Fae
il ple node cletebion.

Cutput: ;5 2 o-bicluster thas 14 2 subos-
triv al A with row sel T amd calimn son T,
with a =eare nn Tavgoe Ll .

Inilialization: 7 and J are infballvee oo lhe
mene aid condition sets o Lhe data and
Apy = -

Thoratiom:

| lampile oy ool £ 2 o, Toeall g ©
T, apg. and AT 06 /LD <=4,
relurn A,

. Dewove the rows & & 0 with

-, q " i
','_l (g oy iy Loeprl™ = a7, T

| ]

3. Hecompute oy oep g, and Hi4
4. Remnewre the cohimms § o wilh

() Sl vty
‘r fig, Py | aip g
|_{| -II F d 4

=

s ol T

- Mnerhing has hees removed 1o the oo
ate, switch to Algorichm 1.

[t
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Algorithm 4 (Node Addition).

Foapure 1oa mateiy of veal nombers, T amd J
signilying o A-hichster.

Dueput: FYoand J° such thal T oo 70 oand
Joo 3 with che praperty that HoM, )
HIL T

Theratinn:
. '|:l'.li'rlll||||" i T 21l a wipy Tor all gy g g,

an] H{FT)

2 Add tze colomns §F J with

|-’| ZH’H = '—-r..'.,l_,—r!‘r,f_l-':I < Iif.J]

A Recompmite vy g, ane AL AL

4. Add the cows § ¢ T with

|_Zfﬂ'i_r'_H"n'_"-ll_,’_*"':."-i .IE = _HII_EJI]
ytl 4 O

For each row 4 St not o 1. &did fes
e i

o |
i

| |I| El |'|‘J+Ih_|l'_'f]"|+!-f] .r...l: A 1

ald

. TToothing is added o thoibernte: posirr
the tinal Danml Joas 1 aml J'.



Cheng & Church’s algorithm

Algorithm 4 (Finding a Given MNuwmber of
Hivlusters).

]1'1[11“‘: b, a matrie of real numbers with

p=sthle nissine elemenrs, o = L4 pa-
ramerer for mideple wode delecion, 5 1),
e rnasannuan aeesplable mmesn souared
residure seore, aml o the oo of A=
brclusvers o e found,

Ot o A-Siclusters in 0.

Initialigation: Missing elemmeniss o A are re-
placed will randon pambes from a cange
covering the range of non-ngll values.
1 anpw ol AL

Iteration for n funes:

1 Apply Alpurishim 2 on A 4, anl e
TF thre rowe fealimn? sieen ds smal {lrss
than LI, do not pecform welciple node
delericn om veves (eolimns). The manris

afver wndtipee nods delecen = £,

2o (Beep 5 oof Algordthm 2) Apply Alge-
rithm 1 on & and d andd the maocis atter
single node deledon s L

& Apply Aleovithrn 3 on A and O and the

resngly 15 Ghe bieluster L3,

4. Tepart 73, aned replace the elrments in
A thar are plsg i 1) with ranedemn -
Tirre.
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Evolutionary Biclustering

Q Binary encoding for rows/columns

Q Fitness:
0 mean squared residue
Q row variance
alarge volume
O penalty (exponential)

Q Typical genetic operators
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Example: Yeast

Baresdion Vielue
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Example: Colon Cancer

Bxprestion Velue
FERNENRERR
Exprossion Velue
NI

Exprostion Value

Exression Ve
EEEBEEEEEERE
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Discussion

Q Overlapping?

O Sequential covering?

Q Local vs. Global strategy?

QO Penalty?

Q What is the quality measure of a bicluster?

QO When a bicluster is better than another one?
O How a bicluster can be statistically validated?
O What knowledge can a bicluster provide?

i
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Applications

Q Microarrays

QO Collaborative filtering: identify subgroups of customers
with similar preferences towards a subset of products

0 Recommendation systems for E-commerce

Q Information Retrieval: identify subgroups of documents
with similar properties relatively to subgroups of attributes,
such as words or images (relevant in query and indexing)

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

Q Electoral data
Q Nutritional data

Jesus S. Aguilar-Ruiz, University of Seville, Spain Crtarmatics
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