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t. This paper presents a method of using the attribute analysisand the rough sets theory for des
ribing and analyzing the Gene Ontol-ogy (GO) 
omposition of 
lusters of genes obtained in DNA mi
roarrayexperiments. GO terms are understood as attributes of genes and gene
lusters are 
hara
terized by de
ision rules related to attributes. A mod-i�
ation of the known algorithm for 
omputing the de
ision rules for theinformation system is proposed, whi
h makes it suitable for large-sizeproblems en
ountered in the analysis of DNA mi
roarray data. Addi-tionally methods are developed for the assessment of the statisti
al sig-ni�
an
e of the 
omputed rules. Presented approa
h is used for DNAmi
roarray data obtained in experiments of measuring trans
riptome re-sponse of 
ells to ionizing radiation. The results of 
omputations are
ompared with those obtained with the use of GO browsers.1 Introdu
tionThe 
omputational te
hniques that a

ompany the development in DNA mi-
roarray experiments [1, 2℄ are most often fo
used on tasks of (i) identifyinggenes or groups of genes expressed di�erentially between di�erent experimental
onditions, or (ii) identifying groups (
lusters) of genes 
oexpressed in sequen
esof experiments [3, 4℄. Information on di�erential expression or 
oexpression ofgenes is helpful in predi
ting out
omes of further experiments or in 
lassifyingbiologi
al samples on the basis of their gene expression pro�les.Another element of the interpretation of DNA mi
roarray data in
ludes 
on-fronting information on levels of gene expressions with the existing biologi
alknowledge on genes, their 
lasses and fun
tions. In
luding that knowledge toanalysis leads to robustifying the 
on
lusions of the study against statisti
alartefa
ts, and also supports extra
ting biologi
al knowledge from performed ex-periments.The most widely used sour
e of data on fun
tions of genes is the Gene Ontol-ogy (GO) database [5℄ whi
h provides standardized and stru
tured vo
abularythat des
ribes genes and their produ
ts. The GO database is represented asthree disjoint dire
ted a
y
li
 graphs des
ribing biologi
al pro
ess, mole
ularfun
tion and 
ellular 
omponent. Ea
h has a single root and a thousands of de-pended nodes. Upper nodes represent more general 
on
epts and as the DAG is93
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atraversed towards deeper levels, the de�nitions are more and more pre
ise. GObrowsers, su
h as [6℄ allow one to 
hara
terize the 
lusters of genes obtained insome experiment by 
omputing and 
omparing frequen
ies of GO terms. Manyother studies [7�12℄ develop various systemati
 methods to use GO terms in
onjun
tion with various information pro
essing methods to obtain biologi
alinterpretation of experimental results.Method proposed in this paper allows 
hara
terizing the 
omposition of 
lus-ters of genes on the basis of the de
ision rules expressed as logi
al fun
tions ofthe GO terms. The algorithm for 
omputing logi
al de
ision rules on the basis ofthe rough sets theory [13℄ is elaborated. A modi�
ation of the published method[14℄ for 
omputing the de
ision rules in the information system is introdu
edthat makes it possible to use the algorithm for large-size problems. There arealso methods developed for the assessment of the statisti
al signi�
an
e of the
omputed rules. Presented approa
h is used for DNA mi
roarray data obtainedin the experiment of measuring trans
riptome response of 
ells to ionizing radi-ation. The results of 
omputations are 
ompared to those obtained by using ofone the popular GO browser.2 The proposed approa
hLet there be de�ned the set U whi
h is a set of all genes whose probes are pla
edon the DNA mi
roarray 
hips used in the analyzed experiment,
U = {x1, x2, . . . , xN}. (1)In the above x1, . . . , xN denote genes, distinguished by numbers or labels, and Nis the number of genes. GO terms of genes, su
h as �regulation of trans
ription�,�ribosome� or �tRNA pro
essing� are interpreted as the binary attributes, inother words fun
tions whi
h assign to ea
h of the genes, the value 0 or 1,
a: x → a(x) ∈ {0, 1}. (2)In the above x denotes one of the genes and a denotes one of the attributes. So,for example if a 
orresponds to �tRNA pro
essing�, then a(x) = 1 holds for allgenes x whi
h 
ontain �tRNA pro
essing� among their GO terms. For all othergenes a(x) = 0.Considering a 
luster of genes, G ⊂ U , G = x1, x2, . . . , xP , the problem iswhether and howG 
an be des
ribed by the attributes of the genes x1, x2, . . . , xP ?GO browsers, for example [6℄, typi
ally des
ribe the gene 
omposition of the
luster G or 
ompare the gene 
omposition of two 
lusters of genes G1 and G2by 
omputing frequen
ies of GO terms (attributes). Using terminology proposedin this paper GO browsers 
hara
terize G by using single-attribute rules of thefollowing form: IF a(x) = 1 THEN x ∈ G, (3)whi
h are either true or false. By frequen
y of GO term 
orresponding to a in

G one 
an understand how often (3) is true for genes x ∈ G.



A Rule-Based Chara
terization of Clusters of Genes 95This paper proposes a method that allows 
hara
terizing 
lusters of genes byrules of the form more 
omplex than (3), su
h as the one below:IF a1(x) = v1 and a2(x) = v2 . . . and aR(x) = vR THEN x ∈ G. (4)In the above v1, . . . , vR are values from the set {0, 1}.3 The algorithm for 
omputing de
ision rulesIn this se
tion some ne
essary terminology from the rough sets theory is in-trodu
ed that is essential to understand the idea of the presented method. Aninformation system S is a pair S = (U, A), where U is 
alled a universe and A isa set of attributes. Obje
ts from U represent the investigated 
ases (genes in theexperiment) and attributes are features des
ribing these obje
ts. The attribute
a ∈ A is a map a : U → Va, where Va is the value set of the attribute a.De
ision table DT = (U, A ∪ {d}) is another system of obje
ts in
luding auniverse U , a set of attributes A 
alled 
onditional attributes and a distinguishedattribute d /∈ A, 
alled the de
ision attribute. The de
ision attribute determinesthe partition {Xd1, . . . , Xdk} of the U with respe
t to the value of the de
isionattribute di. With any subset B ⊆ A one 
an asso
iate the equivalen
e relation
alled B-indis
ernibility relation, de�ned as:

IND(B) = {x, y ∈ U × U : ∀a∈B a(x) = a(y)}. (5)The obje
ts from U satisfying the relation IND(B) are indis
ernible form ea
hother with respe
t to attributes from B.A de
ision rule is a logi
al expression of the form:IF a1 ∈ Va1 and a2 ∈ Va2 and . . . and an ∈ Van THEN d = v. (6)where v ∈ Dd, {a1, a2, . . . an} ⊆ A and Vai ⊆ Dai, i = 1, 2, . . . , n. The interpre-tation of the de
ision rule is intuitive � values of the attributes on the left-handside of the rule should imply the value of the de
ision attribute.Given obje
t re
ognizes the rule if its attributes values satisfy the premise ofthe rule. The obje
t supports the rule if it re
ognizes the rule and the de
isiongiven to the obje
t is the same as a de
ision from the right side of the rule.3.1 Feature redu
tionUsually among all attributes that des
ribe obje
ts there are attributes irrele-vant or redundant with respe
t to knowledge represented by the whole data set.The pro
ess of removing these attributes is 
alled feature sele
tion or redu
tion.Apart from redu
tion of the time of further 
omputations and redu
tion of theamount of a
hieved data the most important bene�t of feature sele
tion is thatobtained knowledge is both more stru
tured and more 
ompa
t and thereforeeasier to understand. In the rough sets theory, the pro
ess of feature sele
tion
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ais 
onsidered as a 
omputation of the subset of attributes 
alled the redu
t. Fora given information system S = (U, A) and its indis
ernibility relation IND(A)with respe
t to the whole attribute set A, the redu
t is a minimal subset B ⊆ Asu
h that IND(A) = IND(B). In other words, the redu
t is a minimal subsetof attributes that preserves the same abilities of dis
erning obje
ts as the wholeattribute set A. More than one redu
t may exist for an information system.Con
erning the de
ision table DT = (U, A ∪ {d}) there is a notion of therelative redu
t, that is a minimal subset B ⊆ A su
h that IND(B) ⊆ IND(d).The set of all relative redu
ts in A is denoted by REDDT (A, d). The problemof �nding a minimal redu
t has been proven to be NP-hard [15℄, hen
e, theheuristi
 algorithm is always employed to �nd an approximate redu
t.In [14℄ Nguyen and Nguyen proposed an algorithm for 
omputing an approx-imate redu
t of the information system, based on the equivalen
e relation, suit-able for large data-size problems. Let S = (U, A) be an information system and
X ⊆ U . For any attribute a ∈ A there is an indis
ernibility relation INDX(a)over obje
ts form X determined by an attribute a. This relation determines thepartition of the set X into equivalen
e 
lasses denoted by [INDX(a)]. Assumingthat there is a partition of the X su
h that [INDX(a)] = {X1, . . . , Xm} and
ardinalities of the sets X, Xi, . . .Xm are respe
tively x, x1, . . . , xm. The numberof pairs of obje
ts from X dis
erned by an attribute a may be 
omputed by thefollowing formula:

WX(a) =

∑

i6=j xixj

2
=

x2 −
∑m

i=1 x2
i

2
. (7)The number of pairs of obje
ts dis
erned by any attribute 
an be 
omputed us-ing the following pseudo
ode [14℄:Require: an information system S = (U, A)Ensure: a minimal redu
t R, L = [INDU (R)]

R = ∅, L = {U}repeatfor all a ∈ A dofor all Xi ∈ L dosear
h for [INDXi(a)]
ount WXi(a)end for
WU (a) = WX1(a) + . . . + WXm(a)end for
hoose attribute a with max value of WU (a)

A = A \ {a}, R = R ∪ {a}
L = [INDX1(a)] ∪ . . . ∪ [INDXm(a)]until A = {∅} or WU (a) = 0For the de
ision table DT = (U, A ∪ {d}), the important information fromthe feature sele
tion perspe
tive is the information about attributes that dis
ern
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ts only from a di�erent de
ision 
lasses. In other words there is no needto dis
ern obje
ts with the same value of the de
ision attribute. Hen
e, thispaper introdu
es modi�
ation to the original algorithm that allows 
omputingthe redu
t relative to the given de
ision table. The algorithm sear
hes for theattribute that dis
erns the maximal number of pairs of obje
ts, but only fromthe di�erent de
ision 
lasses.Assuming there is a subset X ⊆ U , two de
ision 
lasses that split the X intotwo subsets Xdi and Xdj and numbers of obje
ts belonging to these 
lasses arerespe
tively xdi and xdj, all pairs of obje
ts dis
erned by these de
ision 
lasses
an be simply 
omputed by multipli
ation of xdi by xdj . Thus the attributedis
erning the most obje
ts from di�erent de
ision 
lasses 
an be 
omputed asfollows:
WX(a) =

∑

i6=j xixj

2
−

∑

i6=j,d(xi) 6=d(xj)
xixj

2
. (8)Assuming that card(U) = n and card(A) = k the time 
omplexity of the wholealgorithm is O(k2n log n). The spa
e 
omplexity of the algorithm is O(n).3.2 Sequential 
overing algorithm for rules generation based on therelative redu
tAfter the relative redu
t is 
omputed, the next step of the algorithm involvesgenerating de
ision rules with the use of the sequential 
overing method. Themethod is based on a simple idea: learn one rule for a given obje
t, sear
h forthe obje
ts re
ognized by that rule are remove them from the pro
essed data.The de
ision rules are indu
ed using the properties of minimal relative redu
tsu
h that for any R ∈ REDDT (A, d) the set of redu
t attributes determines ade
ision value d.Let DT = (U, A∪ {d}) be a de
ision table. The 
overage of the de
ision sys-tem denoted as [RUL(DT )] is a set of de
ision rules that for ea
h obje
t u ∈ Uthere is at least one rule supporting that obje
t. Computing the set of de
isionrules 
an be des
ribed by the following pseudo
ode:Require: DT = (U, A{d}), R ∈ REDDT (A, d)Ensure: RUL(DT ) - set of de
ision rules for S

RUL(S) = ∅while U 6= ∅ do
r = ∀ai∈R ai = ai(u) → d = d(u) {
reate a de
ision rule r}if r /∈ RUL(DT ) then

RUL(DT ) = RUL(DT ) ∪ {r}
U = U \ [RUL(DT )]end ifend while
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a4 Statisti
al signi�
an
e of the de
ision rulesHaving the 
lustering of genes obtained in DNA mi
roarray experiment, andthe de
ision rules, the next task is to assess the statisti
al signi�
an
e of therules. De
ision rules are statisti
ally signi�
ant if the null hypothesis of purelyrandom 
omposition of 
lusters of genes 
an be reje
ted. Statisti
al signi�
an
e ofde
ision rules 
on�rms a non-random 
omposition of gene 
lusters and supportsdrawing further biologi
al 
on
lusions.A 
ommon method to verify the statisti
al signi�
an
e of the de
ision rule D,given the gene 
luster Gi involves 
omparison of the attributes (de
ision rules)in gene sets Gi and U \ Gi. For every rule D there is a 
ontingen
y table:Table 1. Contingen
y table des
ribing the appli
ation of the de
ision rule D to parti-tion of the universe U into 
lusters Gi and U \ GiDe
ision rule D Gi U \ GiTrue NGT NUTFalse NGF NUFwhere NGT and NUT denote numbers of genes, respe
tively in Gi and U \ Gi,
NGT +NUT is the number of genes re
ognizing the rule D and NGT is the numberof genes supporting the rule D.NGF andNUF denote numbers of genes, for whi
hthe rule is false.Treating genes in Gi and U \ Gi as having two di�erent �
olors� the nullhypothesis is stated as �the de
ision rule D is 
olor blind�. Under the null hy-pothesis the probability of obtaining the 
on�guration NGT , NUT , NGF and NUFfollows the hypergeometri
 distribution:

p(NGT , NUT , NGF , NUF ) =

(

NGT +NGF

NGT

)(

NUT +NUF

NUT

)

(

NGT +NUT +NGF +NUF

NGT +NUT

) . (9)whi
h, in the 
ase of testing for the overrepresentation of NGT , leads to thefollowing p-value of the Fisher exa
t test [16℄:
pFET (NGT , NUT , NGF , NUF ) =

NUT
∑

k=1

p(NGT + k, NUT − k, NGF , NUF ). (10)Fisher exa
t tests like the above, or their approximations, 
hi-square tests for in-dependen
e, are typi
ally applied in the GO browsers. Sin
e tests are performedfor large number of rules, 
orre
tions for multiple testing are applied [3, 4℄.The 
onstru
tion of the 
ontingen
y table, in Table 1, is the same for thesingle attribute rules (3) and for the multi-attribute rules (4). However, there isa quantitative di�eren
e between single attribute rules (3) and multi-attribute
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terization of Clusters of Genes 99rules (4). For multi-attribute rules the number of genes re
ognizing the rule istypi
ally very small. The extreme 
ase NUT = 0 and NGT = 1 is often en
oun-tered in the data. In su
h 
ase the 
al
ulated p-value of the test in (10) 
an bevery low, yet there is nothing improbable in the random 
hoi
e of a single gene.In order to obtain a statisti
al model for the small number of genes re
-ognizing the 
omputed rules, more realisti
 than (9)�(10), there is 
onsidered
onditional probability of obtaining the 
on�guration NGT , NUT , NGF and NUFgiven that the de
ision rule D has already 
lassi�ed one gene as belonging to Gi,given by the expression:
pc(NGT , NUT , NGF , NUF ) = p(NGT − 1, NUT , NGF , NUF ), (11)where p(.) is given by (10) and the p-value of the 
orresponding variant of theFisher exa
t test is:

pc
FET (NGT , NUT , NGF , NUF ) =

NUT
∑

k=1

pc(NGT + k, NUT − k, NGF , NUF ). (12)When (11)�(12) is used to the 
ase NUT = 0 and NGT = 1, pc
FET = 1 isobtained whi
h is in a

ordan
e with intuition.5 Appli
ation to the DNA mi
roarray data setThe elaborated methodology was applied to the data set obtained in the DNAmi
roarray experiment related to observing the trans
riptome dynami
 responseof the human melanoma 
ell line ME45 to ionizing radiation [17℄. Gene expressionpro�les of the 
ell line were measured with the use of the A�ymetrix 
hip U133A[18℄ 
ontaining approximately 22000 spots 
orresponding to known human genes.Based on the expression pro�les of the 
ell line measured at several time instantsgenes on the U133A A�y 
hip were divided into 48 gene 
lusters [19℄.5.1 Computing the de
ision rulesThe annotations of A�ymetrix DNA mi
roarray probe sets with GO terms areprovided and updated on regular basis [20℄ and are available on the NetA�xweb site: http://www.affymetrix.
om. For the 
omputations the annotation�le from Mar
h, 2007 was used. GO terms belonging to three ontologies: biolog-i
al pro
ess, mole
ular fun
tion and 
ellular 
omponent were used to des
ribeea
h gene. Some of the genes had no GO term assigned so they were removedfrom further investigations. Having removed these genes the de
ision table wasgenerated in
luding 12050 obje
ts (genes) des
ribed by the 5171 attributes (GOterms). For ea
h gene its attributes values were set in the following way: if thegene had a GO term assigned the attribute value 
orresponding to that GO termwas set to 1 otherwise the value was set to 0. Then the minimal relative redu
twas 
omputed that de
reased the number of attributes to 627.
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aUsing the sequential 
overing algorithm based on relative redu
t 11522 de
i-sion rules were obtained. For ea
h rule the statisti
al signi�
an
e was 
al
ulatedand only 46 rules with p-value lower than 0.05 were 
onsidered as rules with gooddes
riptive features that 
ould be used for further des
ription of gene 
lusters.5.2 Comparison of the statisti
al signi�
an
e of de
ision rulesobtained by using two di�erent methodsThe statisti
al signi�
an
e for 48 gene 
lusters G1, G2, . . . , G48 of the partitions
Gi, U \ Gi assessed by using the GO internet tool Fatogo+ [6℄ was 
omparedwith the statisti
al signi�
an
e of multi-attribute de
ision rules presented inthe previous subse
tion. For the GO term the GO level de�nes the distan
efrom that term to the most upper node of a DAG. For three GO levels: 3, 5,and 7 the lowest (most signi�
ant) value of all statisti
al tests performed wasre
orded. Statisti
al tests performed by the applied internet tool were based onexpressions (9)�(10). Multiple testing 
orre
tions were not taken into a

ount.For multi-attribute rules (4), expressions (11)�(12) were used for 
omputingp-values of the statisti
al test and, as previously, for ea
h of the partitions Gi,
U \ Gi the lowest p-value was re
orded. Figure 1 presents 
omparison of thestatisti
al signi�
an
es of the de
ision rules analyzed by the Fatigo+ internettool and the de
ision rules obtained by presented method.
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terization of Clusters of Genes 1016 Con
lusionsThe analysis of the 
ontents of gene 
lusters performed by GO browsers [6℄have been interpreted by de�ning a single-attribute rule (3) and assessing itsstatisti
al signi�
an
e by (9)�(10). A 
hara
terization of 
lusters of genes bymulti-attribute rules of the form (4) have been 
onsidered. An example of amulti-attribute rule 
omputed on the basis of the analyzed data set [17℄ is:a1304 = ``binding'' ANDa1312 = ``iron ion binding'' ANDa1316 = ``protein binding'' AND (14)a1950 = ``transport'' ANDa3485 = ``oxygen binding'' ANDa4710 = ``metal ion binding'' => 
lass is 23 ,re
ognized by 4 and supported by 3 genes.Multi-attribute rules, su
h as (14), are typi
ally re
ognized by only smallnumber of genes. In order to assess their statisti
al signi�
an
e a variant of theFisher exa
t test based on probability (11) was employed 
onditioned on theevent of one gene already supporting the rule.Comparing statisti
al signi�
an
es of single- and multi-attribute rules forthe same gene 
lustering, leads to some 
on
lusions. For one group of 
lusters,roughly half of the data, p-values of both tests are well 
orrelated. For anothergroup there is no 
orrelation. This may suggest di�erent me
hanisms behindforming of the dete
ted gene 
lusters.Statisti
al signi�
an
e of some of the obtained multi-attribute rules suggeststhe existen
e of the biologi
al meaning behind them. Information properties ofmulti-attribute rules, small number of re
ognizing genes and many GO terms inone rule, provide a new tool for the 
hara
terization of gene 
lusters by theirGO terms, whi
h 
an be useful for biologists.A
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