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Toward the discovery of itemsets with significant
variations in gene expression matrices

Mehdi Kaytoue-Uberall, Sébastien Duplessis and Amedamhla

Abstract This paper presents new syntactic constraints for itemgahmin gene
expression matrices. Biologists are interested in idgntif gene expression pro-
files which present similar quantitative variation featur& two dimensional gene
expression profile representation is introduced and adaptiéemset mining allow-
ing to control gene expression. Syntactic constraint®thice expert knowledge at
the beginning of the Knowledge Discovery in Databases m®ead are used to
discover itemsets with significant expression variatioosfa large collection of
gene expression profiles.

1 Introduction

Each gene in a cell is expressed with respect to ongoinglaeluocesses or in
response to particular stresses. The expression of a giutsathe production of
RNAmand generally of proteins. Recent microarray technologiiesv simultane-
ous quantitifcation of the expression of each single gena génome in a given
biological situation. The expression of a gene in sever@bbical situations deter-
mines itsgene expression profilé&sene expression matrices present thousands of
profiles: numerical clustering methods, e.g. hierarchibastering, K-Means and
Self Organizing Maps (see [3] for a survey), are generallyliad to find profile
clusters.

Meanwhile, symbolic data mining methods such as itemsetkdé, 1] and
association rules extraction [2] are emerging thanks to dese of result interpre-

Mehdi Kaytoue-Uberall
LORIA, Campus Scientifique, Vandoeuvre-les-Nancy, e-nmag@hdikaytoueuberall@Ioria.fr

Sébastien Duplessis
INRA, Champenoux e-mail: duplessi@nancy.inra.fr

Amedeo Napoli
LORIA, Campus Scientifique, Vandoeuvre-les-Nancy, e-naailedeo.napoli@loria.fr



2 Mehdi Kaytoue-Uberall, Sébastien Duplessis and Amedzaohl

tation and strong local association of clusters. These odstiake binary data as
input and the following problems may appear: (i) data neebetdinarized intro-

ducing biases and loss of information, (ii) computed iteneedlections are huge,
and (iii) a few proportion of itemsets is biologically retevt for a given biological

study.

This paper presents a set of new syntactic constraints foagiag numerical ex-
pression variations by introducing a two dimensional gepeasentation (see Sec-
tion 2) also applied to itemsets (Section 3). This repredemnt allows a biologist
to easily determine with the help of basic operations whet@ogene expression
profile may be of interest. Furthermore, constraints ersstirat only itemsets pre-
senting desired variations are discovered, thus answprimtgems (ii) and (iii). A
solution for (i) is discussed in the research perspectives.

2 Gene representation

A gene expression profile (GEP) is considered as a vectorroéngal values such
as(10501950 1503 for Gene 1 in Table 1 describing the expression of the gene in
given situations$,, S, &). Modalities are used for describing the expression of the
gene, e.g. W (Weak), N (Normal), and S (Strong). Thus a gembeaepresented as

a 2D vectolg = {(a1,n1), ..., (@p, Np) } whereay is a biological situation and is an
integer associated to the modality qualifying the situatla our example, the set of
modalities is{W, N, S} corresponding to values of GEP respectively ranging in the
intervals[0,500(, [500Q 10000 and[1000Q2000Q. The integer 0 is associated to
W, 1toNand 2to S. The bounds of the intervals are dependesxmert knowledge.
Figure 1 shows the histogram associated to Table 1. A bacatek the number of
genes that have expression in the same interval in a situdtior example, two
genes have modality W (Gene 1, Gene 2), two others have nypdaliGene 3,
Gene 4) and one has modality S (Gene 5). Now, the 2D-GEP vixtar.g. Gene

5’ Is{(%a 2)’ (a)?o)? (&12)}

S S S s =
Gene 1 1050 1950 1503 %3' “¥
Gene 2 3025 4100 1708 R
Gene 3 8057 5057 1500 E i
Gened 7392 6020 1300 2 I1
Gene 5 16070 3021 17548 e e

Situations

Table 1 An example of Microarray gene ex-

pression dataset. Fig. 1 The histogram associated to Table 1.

Biologists are interested in groups of genes showing sinei@ression levels.
They can infer similar biological functions or membershighe same cellular pro-
cess [4]. Two types of groups are distinguished: varying@nmtstant groups. Typ-
ically, the biologist focuses on small and homogeneous gemaps presenting the
most important variations simultaneously. Interpretatibvariations leads after ex-
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perimental validations to the discovery of gene functidrzsge variations are im-
portant and allow to discriminate genes responsible of &qudar cellular process
or diseases [4].

In a 2D-GEP vector, an amplitude is defined as the largesrdifice between all
valuesny (k € [2, p], not defined otherwise). The higher the amplitude is thedrigh
the biological relevance is (see Table 2). Different groopgenes can be distin-
guished depending on their amplitude: null or non null atogk. Genes presenting
the same 2D-GEP are considered to be in a same group. For kxadgme 1 and
Gene 2 have the same 2D-GEP.

Gene 2D-GEP Maximal Amplitude Biological relevance
{Gene1,GeneR  {(%,0),(S,0),($.0)} 0-0=0 low

{Gene 3, Gene {(%,1),($,1),(%,00} 1-0=1 medium

{Gene § {(%,2),(%,0),(&.,2)} 2-0=2 high

Table 2 2D-GEP vectorial representation.

3 Definition of 2D-itemsets for GEP

In this section, standard itemset search [5] is adapted t&EB. A 2D-itemset
X = {(a1,n1),(az,ny),...,(ap,np)} is a set of pairs wherg is the length of the
2D-itemseta is an attribute name, amg is the value ofy (k € [1, p]).

Given a set of gene§, a set of attributed! (actually, attributes denote pairs
(a,ni)), a relationl C G x M is defined as follows(g,m) € | means that the gene
g includem in its 2D-GEP. For example($;,0)} is a 2D-itemset of length 1,
{(S3,1),(%,1)(%,0)} is a 2D-itemset of length 3. The image of an itenisés the
set of objects including the itemset. The cardinality ofithage ofX is calledsup-
port. An itemset iSfrequentif its support is greater than a given minimal frequency.
An itemset isclosedif adding an item changes its support.

Gere [(%,0 (&1 (%2 (90 (%1 (%2 (&0 (&1 (&2

Gene 1 || x X X
Gene 2 || x X X
Gene 3 X X X
Gene 4 X X X
Gene 5 X X X

Table 3 Binary table derived from 2D-GEP. Attributes denote pairs.

Biological application. A biologist may be interested in mining 2D-itemsets from
a set of 2D-GEP with respect to a set of constraints. It allaogists to introduce
their knowledge and preferences for a given biological wiaithe beginning of a
Knowledge Discovery in Databases process. A lot of comlinatare possible in
order to formalize expert knowledge [7].
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Frequent itemsets (support) {($,0)}(2), {(S%1}(3), {($,1)}2). {($,0),($,0}(2),

(
{(£,0),(£,03}(2), {(%1),($1}2), {(81),(%,0}2),
{($,0),(%.0}(2), {($,1),(%,0)}(2)
Frequent closed itemsets (suft$,0)}(3)(-), {(&,0}(4)(). {(%,0),($,0),(%,0)}(2)(0),
port) (maximal amplitude)  {($;,1),($,1),(&,0)}(2)(1)

Table 4 Frequent and frequent closed itemsets from Table 3. Minfregliency is 2/5.

For example, the biologist can search for itemsets prasghtgh variations be-
tween a normald;) and a cancerous cellf). A 2D-itemseZ = {(a1,n1), (ag,n2) }
is interesting iffjn; — ny| > o, whered is a minimum threshold. In the same way,
a biologist can search for itemsets with high variatiores,max|n; — n;|,0 < j <
i < p} = 8. Some itemsets have a high global expression whereas dtheesa
low one. The latter itemsets are generally patterns of fipemnes such as those
encoding receptors or transcription factors associatémi@xpression levels. The
average on alh, may be used in the constraint.

4 Conclusion and perspectives

In this paper, we have presented a method for transforminmgptex data describing
gene expression profiles into standard binary tables. sy, we are able to apply
classical itemset search algorithms (e.g. Apriori or Chi8hor association rule

extraction algorithms to these complex data. This tramsé&ion is based on 2D-
itemsets, an extension of classical symbolic itemset. e knowledge domain
can be embedded into constraints to be used within the datagprocess.
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