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Bad new: most real-world problems involve clustering in higher

dimensions!
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parameters of each (e.g., a maximum likelihood estimate). for Data Biclustering

Experimental results and
Biological Significance

To conclude...



State-of-the-art, [

A taxonomy of clustering approaches: Outline
Data Clustering
Collaborations
Description
CLUSIIER]N.G Applications

Problem Formulation,
Problem Formulation,
Problem Formulation,

Problem Formulation,

Hierarchical Partitional o e s T

Problem Formulation,
/ \ / i Problem Formulation, [J
Problem Formulation, [J

Single Link Complete Link Square error| |Graph theory Mixture Graph representation
i I'ESOIVing State-of-the-art, (I

Oo0oooo

O

State-of-the-art, [J
i State-of-the-art, [J

State-of-the-art, [J
State-of-the-art, [J

Expectation

Maximization

Metaheuristics |«

K-means

GRASP + Path Relinking
for Data Clustering

Metaheuristic approaches, including Experimental results on
Biological Data
[0 tabu search [Sultan, 1995];

Data BiClustering

[J evolutionary algorithms [Bandyopadhyay et al, 2002; Ma et al, 2006]; s GRS
for Data Biclusterin,
[ GRASP [Nascimento et al, 2010]. :

Experimental results and
Biological Significance

To conclude...




GRASP + Path Relinking
for Data Clustering
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Our proposal: GRASP + PR
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GRASP Local search
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Our proposal: GRASP + PR

Our proposal for Data Clustering: GRASP + Path Relinking.
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GRASP Local search
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GRASP+PR variants
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Our proposal: GRASP + PR

Our proposal for Data Clustering: GRASP + Path Relinking.

[] As Nascimento et al (2010) and graph theoretic algorithms, we
have represented datasets as a weighted undirected graph
G=(V,E,w).

[1 We have been inspired by Nascimento et al.’s GRASP adopting
the max number of its without improvement as stopping
criterion.

[1 At each GRASP iteration, we apply path relinking as
intensification procedure.

Outline

Data Clustering

GRASP + Path Relinking
GRASP

GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
Local Search

GRASP Local search
Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

Our proposal: GRASP+PR
GRASP+PR variants

Experimental results on
Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
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GRASP

GRASP (Greedy Randomized Adaptive Search Procedure) is a Outline

multi-start metaheuristic, where each iteration consists of two sl terig
GRASP + Path Relinking
phases ° for Data Clustering
Our proposal: GRASP + PR
algorithm GRASP(f(-),9(+),N,Seed) GRASP Construction, [
GRASP Construction, [J
1 $b63ti=@; f(SUbeSt)IZ—FOO,' GRASP Construction, [J
o o o o o o GRASP Construction,
2 while (stopping criterion not satisfied) do e ttion =
3 x:=Const ruct G eedyRandoni zedSol ut i on(Seed, g(+)); oS Locslsemch
a relinking,
4 if (x not feasible) then Path relinking, [
0 Path relinking, [
5 T.=I epal r (CU); Path relinking, O
o ath relinking,
6 endlf ia:h relinkini, S
- . . Our proposal: GRASP+PR
7  a:=Local Search(z, f(-), N); Ourproposals CIAS
8 lf (f (x) < f (wb@St ) ) then Experimental results on
9 Thest =x; Biological Data
]_ O endif Data BiClustering
1 1 endWhile; A new GRASP-like algorithm
for Data Biclustering
12 return(xpest);
Experimental results and
end G:\)ASP Biological Significance

To conclude...




GRASP Construction, [

In a typical iteration let S be a partial solution. Outline
Let gmin and gmaa be the smallest and the largest greedy values Data Clustering
among the |L| candidates, respectively, i.e. o ot st
Our proposal: GRASP + PR
. GRASP
gmin = ming(e),  gmae = maxg(e).
ec L ec L GRASP Construction, []
GRASP Construction, [J
A restricted candidate list RCL is made up of all elements e € L GRASP Constructior,

Local Search
with the best greedy values g(e). GRASP Local search
Path relinking, [
Path relinking, [
Path relinking, [
g o g Path relinking, [
min max Path relinking, [
Path relinking, [
) Our proposal: GRASP+PR
GRASP+PR variants
@

Experimental results on

ﬁ Biological Data

g -Cl .
greedy function value RCL Data BiClustering

!

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance
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In a typical iteration let S be a partial solution. Outline
Let gmin and gmaa be the smallest and the largest greedy values Data Clustering
among the |L| candidates, respectively, i.e. o ot st
Our proposal: GRASP + PR
. GRASP
gmin = ming(e),  gmae = maxg(e).
ec L ec L GRASP Construction, []
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A restricted candidate list RCL is made up of all elements e € L GRASP Constructior,

Local Search
with the best greedy values g(e). GRASP Local search
Path relinking, [
Path relinking, [
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g o g Path relinking, [
min max Path relinking, [
Path relinking, [
) Our proposal: GRASP+PR
GRASP+PR variants
@

Experimental results on
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g -Cl .
greedy function value RCL Data BiClustering

!

A new GRASP-like algorithm
for Data Biclustering

Random component: e := sel ect (RCL); § := S U {e}; Experimental results and

Biological Significance
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GRASP Construction, [

In a typical iteration let S be a partial solution. Outline
Let gmin and gmaa be the smallest and the largest greedy values Data Clustering
among the |L| candidates, respectively, i.e. o ot st
Our proposal: GRASP + PR
. GRASP
gmin = ming(e),  gmae = maxg(e).
ec L ec L GRASP Construction, []
GRASP Construction, [J
A restricted candidate list RCL is made up of all elements e € L GRASP Constructior,

Local Search
with the best greedy values g(e). SIeIT
ath relinking,
Path relinking, [
Path relinking, [

g . g Path relinking, [
min max Path relinking, [J

@ @ Path relinking, [
®@ @® @ @ @ @ ) Our proposal: GRASP+PR
GRASP+PR variants
@ @ @ © @ @ ¢ © @ o @ @
Experimental results on
' ﬁ Biological Data
. Data BiClustering
greedy function value RCL

A new GRASP-like algorithm
for Data Biclustering

Random component: e := sel ect (RCL); § := S U {e}; Experimental results and

Biological Significance

Adaptive component: greedy function values depend on the partial

To conclude...

solution constructed so far.



GRASP Construction, [

To build the RCL we have adopted a value-based (VB) mechanism: Outline

Data Clustering
. . . GRASP + Path Relinkin
RCL is associated with a parameter a € [0, 1] and a threshold value for Dats Clastortng
Our proposal: GRASP + PR
t = dmin + a - (gmaa: - gmzn) GRASP

GRASP Construction, []

RCL — {6 E L . g(e) Z t}. onsrucion,

GRASP Construction, []

Local Search

GRASP Local search
Path relinking, [
Path relinking, [
gmin g max Path relinking, [
Path relinking, [
@ @ Path relinking, [
®@ @ @ @ @ @ @ Path relinking, [
@ @ © © @ @ @ @ @ @ @ @ Our proposal: GRASP+PR
GRASP+PR variants
‘ min Experimental results on
. Biological Data
greedy function value | RCL | not fixed :
= g . + g ( g - g . ) Data BiClustering
min max min

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance
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GRASP Construction, [

. Outline
procedure bui | d- gr asp-sol (N,M,0)
o o o o o o Data Clustering
1 V=0, E={,9)]4,j€V,i<j};
2 L :=sort(E); /* w.r.t. distances/weight d ing) */ o e e
t= ; 1.t ghts (non decreasing) for Data Clustering
3 fork=1to M — 1do /* a set of M clusters */ 2;;‘:1‘,"””" GRASP+ PR
4 . — ar mln d L. ‘— ar max d L. GRASP Construction, [J
gmzn (Z %) cl vy gmaw g (Z ,]) cL vy GRASP Construction, []
’
5 a :Sel ect ([O7 1]), = 9mazx —|— a - (gmzn — gmax), GRASP Construction, 0
.. .. Local Search
6 RCL: {('L,J) - L | dlj Z t}, ('L,J) :Sel eCt (RCL), GRASP Local search
7 SZ — SJ — @_ Path relinking, [
: : v Path relinking, [
8 foreachv € V s.t. (v,1), (v,j) € E do gazﬂfeiffﬂlf“gvg
ath relinking,
9 if (dy; < dvj) then S, := S, U {’U},‘ Path relinking, [J
Path relinking, [
10 else Sj = Sj U {’U}, Our proposal: GRASP+PR
1 1 endfor GRASP+PR variants
Experimental results on
12 for each u; € S; and u; € S; do SR —
13 E = E \ {(u717 u])}’ L = L \ {(uz7 u])}’ Data BiClustering
1 4 endfor A new GRASP-like algorithm
1 5 en d f or for Data Biclustering
16 return (‘/7 E), Experimental results and
) Biological Significance
end bui | d- grasp- sol
To conclude...




GRASP Construction, [

Output of bui | d- gr asp-sol : a set of M clusters. Outline
Data Clustering
Sl GRASP + Path Relinking
for Data Clustering
Our proposal: GRASP + PR
GRASP
S GRASP Construction, []
3 GRASP Construction, []
GRASP Construction, []
Local Search
= = - GRASP Local search
[ u L] Path relinking, [
— — - Path relinking, [
[ [ [

Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

Our proposal: GRASP+PR
GRASP+PR variants

S Experimental results on
M Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance
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Local Search

To define local search, one needs to specify a local neighborhood
structure NV (S) of a solution S:

N(S) = {8 | S is an elementary modification of S}.
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Path relinking, [

Path relinking, [

Path relinking, [

Our proposal: GRASP+PR
GRASP+PR variants

Experimental results on
Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance

To conclude...




Local Search

To define local search, one needs to specify a local neighborhood Outline
structure NV (S) of a solution S: Data Clustering

GRASP + Path Relinking

—, = o . for Data Clustering
N(S) ={S | S is an elementary modification of S}. Our proposal: GRASF + PR

GRASP

GRASP Construction, []
A generic local search algorithm ST G,

GRASP Construction, []
GRASP Construction, []
[J takes as input a solution S that is considered as current solution
ocal search
g . Path relinking, [
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Local Search

To define local search, one needs to specity a local neighborhood
structure NV (S) of a solution S:

N(S) = {8 | S is an elementary modification of S}.
A generic local search algorithm

[J takes as input a solution S that is considered as current solution

S;
0 iteratively, explores NV(S):

O if there exists S € N(S) better than S, then S := S and the
procedure continues exploring N (S);

0 otherwise, it outputs a locally optimal solution S.

Computational complexity of each iteration: O(|N(S))).

Outline

Data Clustering

GRASP + Path Relinking
for Data Clustering

Our proposal: GRASP + PR
GRASP

GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
GRASP Local search

Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [
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Path relinking, [

Our proposal: GRASP+PR
GRASP+PR variants

Experimental results on
Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering
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GRASP Local search

Modification of S consists of transferring an object from a cluster to Outline

another one in order to improve the solution: Data Clustering

GRASP + Path Relinking
for Data Clustering

Our proposal: GRASP + PR
G f——{ GRASP

GRASP Construction, []
GRASP Construction, []

S GRASP Construction, []

3 GRASP Construction, []

Local Search
Path relinking, [

Path relinking, [

51

L] m |
] u ] Path relinking, [
u — — Path relinking, [
— " " Path relinking, [
Path relinking, [
Our proposal: GRASP+PR
GRASP+PR variants
Experimental results on
EEEE EEE N Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance
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Path relinking, [

It consists in exploring trajectories that connect high quality Outline
solutions (members of a “small” population P, called Elite Set). Data Clustering

GRASP + Path Relinking
Path is generated by selecting modifications (moves) that introduce e roposs GRASE + 7R
attributes of the guiding solution G in the initial solution I. CRASE Constructon,

GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
Local Search

GRASP Local search
Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

Path relinking, [

G Path relinking, [
I Our proposal: GRASP+PR
[ GRASP+PR variants
@
Experimental results on
Biological Data
e. g d ( I, G) — 6 Data BiClustering

At each step, all moves (d(/, G)) that incorporate attributes of the

guiding solution are analyzed and best move is taken.

A new GRASP-like algorithm
for Data Biclustering

generated path

Experimental results and
Biological Significance
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Path relinking, [

It consists in exploring trajectories that connect high quality Outline
solutions (members of a “small” population P, called Elite Set). Data Clustering

GRASP + Path Relinking
Path is generated by selecting modifications (moves) that introduce e roposs GRASE + 7R
attributes of the guiding solution G in the initial solution I. CRASE Constructon,
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GRASP Local search
Path relinking, [

Path relinking, [

Path relinking, [
Th e O I'em . Path relinking, [

Path relinking, [

For any instance 7 of (DC) and for any pair of solutions I and G for Path relinking, O

Our proposal: GRASP+PR

7 such that d(I, G) = k there exists at least one path GRASP+PR variants

Experimental results on

. _ 0 1 k . Biological Data
Pic={l=w,w,...,w" =G}

Data BiClustering

At each step, all moves (d(/, G)) that incorporate attributes of the

guiding solution are analyzed and best move is taken.

connecting I to G in the solution space. A new GRASP-like algorithm

for Data Biclustering

Experimental results and
Biological Significance
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Path relinking, [

Path relinking for Data Clustering;: Outline

Data Clustering

GRASP + Path Relinking
for Data Clustering
Our proposal: GRASP + PR
GRASP
GRASP Construction, []
GRASP Construction, []
GRASP Construction, []
GRASP Construction, []

G Local Search

‘A GRASP Local search
C Path relinking, [

B Path relinking, [
(15)
Path relinking, [
Path relinking, [
Path relinking, [
Our proposal: GRASP+PR
GRASP+PR variants

Experimental results on
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Data BiClustering
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Path relinking for (DC): Outline
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GRASP + Path Relinking
for Data Clustering
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Our proposal: GRASP+PR

At each GRASP iteration, we apply path relinking as intensification. = Outine

Data Clustering
algorithm GRASP+ PR(f ( 0 ) ,g ( 0 ) ,N ,Seed ) GRASP + Path Relinking
for Data Clustering
1 P e @; Our proposal: GRASP + PR
2 while (stopping criterion not satisfied) do gﬁizi Constraction,
3 S:=Const ruct G eedyRandom zedSol uti on(Seed, g(-)); CRASY Construction
4 S:Local Sear Ch(S, f(), N), GRASP Construction, [J
. Local Search
5} lf (P not fu11) then P = P U {S}, GRASP Local search
6 1 Path relinking, [
e SAe R R Path relinking, [
7 S :=sel ect (P); S :=pat h-relinking(S,S); e
A~ ath relinking,
8 u p d at e (PIS), Path relinking, [
. Path relinking, [
9 endif
1 O endWhile, GRASP+PR variants
Experimental results on
11 Spest :=Sel ect - best (P); Biflogicautaata t
1 2 return (Sb est )I Data BiClustering
end G:\)ASP+ PR A new GRASP-like algorithm

for Data Biclustering

Experimental results and
Biological Significance
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Our proposal: GRASP+PR

At each GRASP iteration, we apply path relinking as intensification. = Outine

Data Clustering
algorithm GRASP+ PR(f ( 0 ) ,g ( 0 ) ,N ,Seed ) GRASP + Path Relinking
for Data Clustering
1 P e @; Our proposal: GRASP + PR
2 while (stopping criterion not satisfied) do rASh Constraction.
3 S:=Const ruct G eedyRandom zedSol uti on(Seed, g(-)); CRASY Construction
4 S:LOcaI Sear Ch(S, f(), N), GRASP Construction, [J
Local Search
5} if (P not fU.ll) then P = P U {S}, GRASP Local search
1 Path relinking, [
6 else Path relinking, [
7 S :=sel ect (P); & :=path-relinking(S,S); ;:‘;ifﬂ;“&g
A ath relinking,
8 u p d at e (PIS), Path relinking, [
. Path relinking, [
9 endif
1 O endWhile, GRASP+PR variants
Experimental results on
11 Spest :=sel ect - best (P); .
1 2 return (Sb est )I Data BiClustering
end G:\)ASP+ PR A new GRASP-like algorithm

for Data Biclustering

updat e(P,S):
P := P U {8}, if S better than the worst elite solution and
sufficiently different from all elite solutions.

Experimental results and
Biological Significance

To conclude...




GRASP+PR variants

Several different GRASP+PR variants have been designed: Outline

Data Clustering

GRASP + Path Relinking

[ aforward path relinking: for Data Clustering

Our proposal: GRASP + PR
A H H A
pat h-rel i nki ng GRASP
V\D r S t (8'8) b e S t (8’8) GRASP Construction, []
GRASP Construction, []
GRASP Construction, []

|:| a baCkwaI'd path I'elinklngI GRASP Construction, [
A t h- i nki A Local Search
V\D r S t (S,S) ba &n - b e S t (S,S) GRASP Local search

Path relinking, [
Path relinking, [
Path relinking, [

[0 a mixed relinking: Path relinking, 0
A h-rel i nki = h-r el i nki - ath relinkin.
V\Dr St (8,8) pat %n I Ng S pat Qe:m 1 Ng beSt (S’S) Path relinking, [

Path relinking, [
Our proposal: GRASP+PR

GRASP+PR variants

Experimental results on

[0 arandomized relinking: instead of selecting the best yet

unselected move, randomly selects one from among a Sl Wi
candidate list with the most promising moves in the path being =~ ===

. . A new GRASP-like algorithm
anGStlgated . for Data Biclustering

Experimental results and
Biological Significance

To conclude...




Outline

Data Clustering

GRASP + Path Relinking
for Data Clustering

Experimental results on

Experimental results on e

Tested algorithms

Biological Data

Distance (dissimilarity)

metrics, [J

Test environment
Datasets, [

Datasets, [
Experimental Design, [
Experimental Design, [
Numerical results, []
Numerical results, []

Numerical results, []

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance
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Tested algorithms

[0 3 known clustering algorithms: Outline
[J K- nmeans: deterministic, minimizes the dissimilarities Data Clustering
between an object and the centroid of its cluster; o ot st
[J K- nmedi ans: deterministic, minimizes the dissimilarities pperimentl eselson

Tested algorithms

between an object and the medoid of its cluster;

Distance (dissimilarity)

metrics, [J

[0 PAM deterministic, 2 stages: L1 BUILD: defines a set of Distance (dissimilarity
metrics, [J
initial medoids; [ SWAP: tunes the medoids by swapping Test environment
Datasets, [J
objects between the clusters; Datasets,
Experimental Design, [
. Experimental Design, [
[0 GRASP- L: Nascimento et al, 2010; Numerical results, 0
Numerical results, []
[J GRASP: our implementation of GRASP- L; asale st
5 Data BiClustering
[J GRASP+PR variants:
A new GRASP-like algorithm
[ GRASP- PRf : GRASP + PR forward;
Experimental results and
[1 GRASP- PRb GRASP + PR baCkwaI‘d,‘ Biological Significance
[ GRASP- PRm GRASP + PR mixed; o conclude-.

[0 GRASP- PRr nd: GRASP + PR greedy randomized.



Distance (dissimilarity) metrics, [

For all algorithms, we used the same distance (dissimilarity) Outline

metrics between 2 objects using their attribute values: Data Clustering
GRASP + Path Relinking
for Data Clustering

L
. Experimental results on
[ Euclidean: d;; = E (@i — ajk)?; Biological Data
k=1 Tested algorithms

Distance (dissimilarity)

metrics, [

L

Distance (dissimilarity)

[0 City-block or Manhattan (city road grid): d;; = Z |aix — ajil; metrics, 0

Test environment

k=1 Datasets, [
Datasets, [J
Experimental Design, [
Experimental Design, [
Numerical results, []
Numerical results, []

Numerical results, []

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance

To conclude...




Distance (dissimilarity) metrics, [

For all algorithms, we used the same distance (dissimilarity)

metrics between 2 objects using their attribute values:

L
[J Euclidean: d;; = Z(&ik — ajk)?;
k=1

L
[0 City-block or Manhattan (city road grid): d;; = Z laik — ajkl;

k=1

[0 Cosine or uncentered correlation: D;; € [—1, 1]

L
Zk::l Qik * Ajk

] — T T ;
D b1 %ok Dkt a?k

dij =1—|Ds|, D

Note:
[] Dij
[] Dij = -1 = angle 90°.

1 = angle 0°;

Outline

Data Clustering

GRASP + Path Relinking
for Data Clustering

Experimental results on
Biological Data

Tested algorithms
Distance (dissimilarity)

metrics, [

Distance (dissimilarity)

metrics, [J

Test environment
Datasets, [J
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Experimental Design, [
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Numerical results, []
Numerical results, []

Numerical results, []
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Distance (dissimilarity) metrics, [

For all algorithms, we used the same distance (dissimilarity) Outline

metrics between 2 objects using their attribute values: Data Clustering
GRASP + Path Relinking
for Data Clustering

L
. Experimental results on
[ Euclidean: d;; = E (@i — ajk)?; Biological Data
k=1 Tested algorithms

Distance (dissimilarity)
metrics, [

- Distance (dissimilarity)
[0 City-block or Manhattan (city road grid): d;; = E lain — ajil;

Test environment
k=1 Datasets, [
Datasets, [J

Cosine or uncentered correlation: D;; € [—1, 1]; Experimental Design,

Experimental Design, [

Numerical results, []
Pearson’s correlation: d;; = 1 — |ri;|; ri; € [—1, 1] e
Numerical results, []
L L
r L ) ij:l a?’k: ) a]k o ij:l a’lk : a’jk? Data BiClustering
1j —

A new GRASP-like algorithm

\/L Zkz 1CL (Zk 1af]k2 \/L Zk; 1 ]k: (Zkz 1CL]k) for Data Biclustering

Experimental results and

Biological Significance

Note:

To conclude...

[ r;; = 1 = perfect association;

O r;; = —1 = perfect negative linear relationship.



Test environment
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Experimental results on

Experimental Design, [

BreaStB 49 2 (2 ,4) 1 2 1 3 Numerical results, [
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Description and Applications
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Problem Formulation, [

We are given a gene expression matrix A € R? %™

Condition 1 < Condition j < Condition m

Gene 1 all alj alm

Gene 7 a;l - a;

%9) m

| Genen Ay ce A j ce anm -

where a;; represents the expression level of gene ¢ under condition j.

Goal of biclustering:
to identify subgroups of genes and subgroups of conditions, by
performing simultaneous clustering of both n rows and m columns.

Conditions Conditions Conditions
wn wn n
(] (] (]
= = =
[«F] [«F] [}
@) @) ()
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We considered the general case of a data matrix A = (X, YY), where Outline
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A solution and objective function

Given a gene expression matrix A € R"*" s.t. a,; represents the
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a solution is a set of biclusters
{B1=1,J1),...,Br = (I, Jg)}
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A solution and objective function

Given a gene expression matrix A € R"*™ s.t. a;; represents the
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{B1=1,J1),...,Br = (I, Jg)}

s.t. each bicluster B,, ¢ = 1, ..., k, satisfies some specific characteris-

tics of “homogeneity”.

In our approach, we wanted
[l to analyze directly the numeric values in the data matrix A and

[] try to find subsets of rows and subsets of columns with similar
behaviors;
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A solution and objective function

Given a gene expression matrix A € R"*™ s.t. a;; represents the
expression level of gene ¢ under condition j,

a solution is a set of biclusters
{B1=1,J1),...,Br = (I, Jg)}

s.t. each bicluster B,, ¢ = 1, ..., k, satisfies some specific characteris-

tics of “homogeneity”.

In our approach, we wanted
[l to analyze directly the numeric values in the data matrix A and

[] try to find subsets of rows and subsets of columns with similar
behaviors;

[0 according to [Cheng and Church, 2000], we have used as a
measure of the coherence of the rows and columns in the
bicluster the so called mean squared residue score to be

minimized.
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the mean squared residue H (B) is the sum of the squared residues:
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H(B) = —— Z r(ai;)?. [To be minimized.]
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A new Reactive GRASP-like algorithm with a learning mechanism: at

each it., the RCL parameter o € A = {a1,a2,...,04}.
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Our proposal, [

A new Reactive GRASP-like algorithm with a learning mechanism: at

each it., the RCL parameter o € A = {a1,a2,...,04}.

algorithm GRASP- | i ke- bi cl ust er (A,MaxNol npr ,MaxDi st ,9)

1 A::{Ozl,...,ag},' /*O&,;E[O,l],i:l,...,f*/

2 fori=1tofdo

3 Pa; ‘= %}

4 endfor

5 B={Bi,...,Bx} :=filtered-Kmeans(A), /*H(By) <d,g=1,...
6 forq—=1tokdo

7 B, :=gr asp(B,,A,AMaxNol mpr ,MaxDi st );

8 endfor

9 return (B = {Bl, e Bk});

end

K/

At the first GRASPit.: po, = 7, i=1,...,L.
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Our proposal, [

A new Reactive GRASP-like algorithm with a learning mechanism: at Outline
each it., the RCL parameter o € A = {a1,a2,...,04}. Data Clustering
GRASP + Path Relinking

algorithm GRASP- | i ke- bi cl ust er (A,MaxNol npr ,MaxDi st ,9) for Data Clustering
1 A:= {al,...,ag},' /¥ oy € [0, 1],i =1,...,0%/ i?glf;:::g:tr:sultson
2 fori=1tofdo -
3 Py 1= % . Data BiClustering
4 endfor e
5 B={Bi1,...,B,} :=filtered-Kneans(A); /*H(By) <8, q=1,....k*/ | ppr o
6 for q = 1to kdo residue score
7 By :=gr asp(By,A,AMaxNol npr ,MaxDi st ); 33:5:2:::3
8 endfor Ourproposall s
9 return (B ={B1,...,Bi}); B
end Small example, O

Experimental results and
Biological Significance

At the first GRASPit.: po, = 7, i=1,...,L.

To conclude...

At any subsequent it., let 2 be the incumbent o.f. value and let A; be the
average o.f. value of all solutions found using o« = «;,7 =1, ..., ¢, then

q; A :
pize—z, g =Z2/A;,i=1,...,4L

=19
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algorithm GRASP- | i ke- bi cl ust er (A,MaxNol npr ,MaxDi st ,9) for Data Clustering

A = {C\fl, ey Oée}, /* (07 c [0, 1], 'l = 1, e ,E */ Eﬁ(pleril.ne;l]t;ltresultson
. iological Data
for: =1to/do
1 Data BiClustering
pai = z/
A new GRASP-like algorithm
endfOI' for Data Biclustering
c A solution and objective
B={Bi,...,Bg} :=filtered-Kmeans(A), /*H(By) <9,q=1,...,k*/ | tunction :

forg =1to k do

Mean squared residue score
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Our proposal, 0

B, :=gr asp(B,,A,AMaxNol mpr ,MaxDi st );

O 0 NI O U1 = WO N -

endfor Our proposal, [
5 5 5 . Small example, [J
return (B — {Bl AR Bk‘ })l Small example, [
en d Small example, [

Experimental results and
Biological Significance

.,Bk}ofk

biclusters found by applying a k-means procedure and retaining only

It starts from a partial solution made of a set B = {1, ..

To conclude...

biclusters with small mean squared residue (4 is a given input parameter).
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iteratively replacing a bicluster in the current solution by a larger and /or
better bicluster.
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each it., the RCL parameter o € A = {a1,a2,...,04}.

algorithm GRASP- | i ke- bi cl ust er (A,MaxNol npr ,MaxDi st ,9)

1 A::{Ozl,...,ag},' /*O@;E[O,l],i:l,...,f*/

2 fori=1tofdo

3 Pa; = %}

4 endfor

5 B={Bi,...,Bx}:=filtered-Kmeans(A), /*H(B,;) <d,g=1,...
6 forg=1tokdo

7 B, :=gr asp(B,,A,AMaxNol mpr ,MaxDi st );

8 endfor

9 return (B = {Bl, . ,Bk});

end

K/

It proceeds in the attempt of finding a larger and /or better solution
iteratively replacing a bicluster in the current solution by a larger and /or
better bicluster.

As soon as MaxNol npr its are performed without improving the current

better solution, this solution is returned.
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_ B B, has one more element and /or
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either of the diversity or of the improvement in terms of mean
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Given a bicluster B, = (I, J,;), gr asp iteratively

[0 replaces it by a larger and /or better bicluster in its
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_ B B, has one more element and/or
Ny = B 1B ;

one less element (row or column)

[0 the element to be removed and/or added is chosen on the basis
either of the diversity or of the improvement in terms of mean
squared residue and a RCL mechanism,;

[ if a better mean squared residue neighbor bicluster is found,
then the selection probabilities of the o’s in A are accordingly
reevaluated.
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Small example, [

Small example, [

Note: 6 = 3 X 2 combinations to match each set of genes with each set of

Experimental results and
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Among the 6 combinations, only those whose mean squared residue is less To conclude...

than or equal to a given threshold 4 are saved.
Suppose that

B = {Bi, B2, Bs)}.
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B ={Bi,B2,Bs},
Bl = (Il,Jl), |Il| — 6 and J1 = {Al,A3,A4,A5}.
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These steps are applied on each selected bicluster B1, B2, and Bs.
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Test environment

[l MacBookPro 2GHz Intel Core Duo running MAC
OSX 10.6;

[ Clanguage, compiled with the Apple Xcode 3.1;

[J Stopping criterion: a maximum number of
iterations without improvement of the incumbent
solution.
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Datasets

Datasets: S

Data Clustering

GRASP + Path Relinking
for Data Clustering

[J Yeast (Saccharomyces cerevisiae) cell cycle expression [S. oesmentt st on
Tavazoie et al, 1999]: Biological Data

Data BiClustering

it includes 2884 genes and 17 conditions, with the expression A new GRASP-like algorithm

for Data Biclustering

level reported as an integer value in the range 0 to 600.

Experimental results and
Biological Significance

Missing values are represented by -1. Test environment
[0 Lymphoma/Leukemia Molecular Profiling Project [A.A. To conclude...
Alizadeh et al, 2000]:

it includes 4026 genes and 96 conditions, with the expression
level reported as an integer value in the range -300 to 300.



Statistics, [

Results for a set of 33 biclusters generated for Yeast Dataset and 11 Outline
biclusters generated for Lymphoma Dataset: Data Clustering
GRASP + Path Relinking
for Data Clustering
Statistics (10 trials) Yeast Lymphoma bxperimental resuls on
Biological Data
mean number of genes 97,33 59,63 Data BiClustering
mean number of conditions | 10,52 8,18 A new GRASP ke gt
or Data biclustering
mean VOlume 1000 ,06 478 ,93 Experimental results and
Biological Significance
Test environment
mean H value 195,73 0,03 Datasets
o o o Statistics, [
mean running time (in secs) | 4044,43 | 5012,03 o
To conclude...
mean H, value 1821,76 | 0,56

Our proposal is outperforming a simple random approach, since H,
is in both cases about one order of magnitude larger than the H.
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Bicluster plots on Yeast: Outline
gene behaviour on the rows; conditions on the columns. Data Clustering
GRASP + Path Relinking

for Data Clustering

Experimental results on
Biological Data

Data BiClustering

A new GRASP-like algorithm
for Data Biclustering

Experimental results and
Biological Significance

Test environment
Datasets
Statistics, [
Statistics, [

To conclude...

Genes in sample biclusters present a similar behavior under a set of
conditions = Our method is able to identify coherent biclusters from gene
expression data.

Same on the Lymphoma Dataset.




To conclude...
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Conclusions and Future Directions

[1 We have designed several GRASP+PR algorithms for Data Outline
Clustering: Dafa Clustering
[0 GRASP- PRf : GRASP + PR forward; PSR
[0 GRASP- PRb: GRASP + PR backward; Bitegiot Tt
[ GRASP- PRm GRASP + PR mixed; Data BiClustering
[J GRASP- PRr nd: GRASP + PR greedy randomized pron G AT e lgorthm
and tested on 5 datasets. Experimental results and

St
[J We have designed a Reactive GRASP-like algorithm for Data P S T—

Directions

BlCluSterlng tested on 2 datasets. Conclusions and Future

Directions

[0 For all datasets, the proposed algorithms outperformed the
state-of-the-art approaches and were able to identify coherent
clusters/biclusters.



Conclusions and Future Directions

As future work, we intend
[0 to perform further validation with other datasets from
literature;

[0 to further investigate the robustness and efficiency of our
proposals by performing the so called TTT-plots;

[0 to include the automatic parameter tuning procedure for
GRASP+PR heuristics based on a biased random-key genetic

algorithm [Festa, Gongalves, Resende, and Silva, 2010].

Outline

Data Clustering
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Experimental results on
Biological Data

Data BiClustering
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Conclusions and Future Directions

As future work, we intend Outline

Data Clustering

GRASP + Path Relinking

[0 to perform further validation with other datasets from oy i i

Experimental results on

literature ; Biological Data

Data BiClustering

[0 to further investigate the robustness and efficiency of our

A new GRASP-like algorithm
for Data Biclustering

proposals by performing the so called TTT-plots;

Experimental results and
Biological Significance

[0 to include the automatic parameter tuning procedure for

To conclude...
Conclusions and Future

Directions
Conclusions and Future

algorithm [Festa, Gongalves, Resende, and Silva, 2010]. Directions

GRASP+PR heuristics based on a biased random-key genetic

THANK YOu!
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