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Abstract. This pap er presen ts a metho d of using the attribute analysis

and the rough sets theory for describing and analyzing the Gene On tol-

ogy (GO) comp osition of clusters of genes obtained in DNA microarra y

exp erimen ts. GO terms are understo o d as attributes of genes and gene

clusters are c haracterized b y decision rules related to attributes. A mo d-

i�cation of the kno wn algorithm for computing the decision rules for the

information system is prop osed, whic h mak es it suitable for large-size

problems encoun tered in the analysis of DNA microarra y data. A ddi-

tionally metho ds are dev elop ed for the assessmen t of the statistical sig-

ni�cance of the computed rules. Presen ted approac h is used for DNA

microarra y data obtained in exp erimen ts of measuring transcriptome re-

sp onse of cells to ionizing radiation. The results of computations are

compared with those obtained with the use of GO bro wsers.

1 In tro duction

The computational tec hniques that accompan y the dev elopmen t in DNA mi-

croarra y exp erimen ts [1, 2] are most often fo cused on tasks of (i) iden tifying

genes or groups of genes expressed di�eren tially b et w een di�eren t exp erimen tal

conditions, or (ii) iden tifying groups (clusters) of genes co expressed in sequences

of exp erimen ts [3, 4]. Information on di�eren tial expression or co expression of

genes is helpful in predicting outcomes of further exp erimen ts or in classifying

biological samples on the basis of their gene expression pro�les.

Another elemen t of the in terpretation of DNA microarra y data includes con-

fron ting information on lev els of gene expressions with the existing biological

kno wledge on genes, their classes and functions. Including that kno wledge to

analysis leads to robustifying the conclusions of the study against statistical

artefacts, and also supp orts extracting biological kno wledge from p erformed ex-

p erimen ts.

The most widely used source of data on functions of genes is the Gene On tol-

ogy (GO) database [5] whic h pro vides standardized and structured v o cabulary

that describ es genes and their pro ducts. The GO database is represen ted as

three disjoin t directed acyclic graphs describing biological pro cess, molecular

function and cellular comp onen t. Eac h has a single ro ot and a thousands of de-

p ended no des. Upp er no des represen t more general concepts and as the D A G is
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tra v ersed to w ards deep er lev els, the de�nitions are more and more precise. GO

bro wsers, suc h as [6] allo w one to c haracterize the clusters of genes obtained in

some exp erimen t b y computing and comparing frequencies of GO terms. Man y

other studies [7�12] dev elop v arious systematic metho ds to use GO terms in

conjunction with v arious information pro cessing metho ds to obtain biological

in terpretation of exp erimen tal results.

Metho d prop osed in this pap er allo ws c haracterizing the comp osition of clus-

ters of genes on the basis of the decision rules expressed as logical functions of

the GO terms. The algorithm for computing logical decision rules on the basis of

the rough sets theory [13] is elab orated. A mo di�cation of the published metho d

[14] for computing the decision rules in the information system is in tro duced

that mak es it p ossible to use the algorithm for large-size problems. There are

also metho ds dev elop ed for the assessmen t of the statistical signi�cance of the

computed rules. Presen ted approac h is used for DNA microarra y data obtained

in the exp erimen t of measuring transcriptome resp onse of cells to ionizing radi-

ation. The results of computations are compared to those obtained b y using of

one the p opular GO bro wser.

2 The prop osed approac h

Let there b e de�ned the set U whic h is a set of all genes whose prob es are placed

on the DNA microarra y c hips used in the analyzed exp erimen t,

U = f x1; x2; : : : ; xN g: (1)

In the ab o v e x1; : : : ; xN denote genes, distinguished b y n um b ers or lab els, and N
is the n um b er of genes. GO terms of genes, suc h as �regulation of transcription�,

�rib osome� or �tRNA pro cessing� are in terpreted as the binary attributes, in

other w ords functions whic h assign to eac h of the genes, the v alue 0 or 1,

a: x ! a(x) 2 f 0; 1g: (2)

In the ab o v e x denotes one of the genes and a denotes one of the attributes. So,

for example if a corresp onds to �tRNA pro cessing�, then a(x) = 1 holds for all

genes x whic h con tain �tRNA pro cessing� among their GO terms. F or all other

genes a(x) = 0 .

Considering a cluster of genes, G � U , G = x1; x2; : : : ; xP , the problem is

whether and ho w G can b e describ ed b y the attributes of the genes x1; x2; : : : ; xP ?

GO bro wsers, for example [6], t ypically describ e the gene comp osition of the

cluster G or compare the gene comp osition of t w o clusters of genes G1 and G2

b y computing frequencies of GO terms (attributes). Using terminology prop osed

in this pap er GO bro wsers c haracterize G b y using single-attribute rules of the

follo wing form:

IF a(x) = 1 THEN x 2 G; (3)

whic h are either true or false. By frequency of GO term corresp onding to a in

G one can understand ho w often (3) is true for genes x 2 G .
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This pap er prop oses a metho d that allo ws c haracterizing clusters of genes b y

rules of the form more complex than (3), suc h as the one b elo w:

IF a1(x) = v1 and a2(x) = v2 : : : and aR (x) = vR THEN x 2 G: (4)

In the ab o v e v1; : : : ; vR are v alues from the set f 0; 1g.

3 The algorithm for computing decision rules

In this section some necessary terminology from the rough sets theory is in-

tro duced that is essen tial to understand the idea of the presen ted metho d. An

information system S is a pair S = ( U; A) , where U is called a univ erse and A is

a set of attributes. Ob jects from U represen t the in v estigated cases (genes in the

exp erimen t) and attributes are features describing these ob jects. The attribute

a 2 A is a map a : U ! Va , where Va is the v alue set of the attribute a.

Decision table DT = ( U; A [ f dg) is another system of ob jects including a

univ erse U , a set of attributes A called conditional attributes and a distinguished

attribute d =2 A , called the decision attribute. The decision attribute determines

the partition f X d1; : : : ; X dk g of the U with resp ect to the v alue of the decision

attribute di . With an y subset B � A one can asso ciate the equiv alence relation

called B-indiscernibilit y relation, de�ned as:

IND (B ) = f x; y 2 U � U: 8a2 B a(x) = a(y)g: (5)

The ob jects from U satisfying the relation IND (B ) are indiscernible form eac h

other with resp ect to attributes from B .

A decision rule is a logical expression of the form:

IF a1 2 Va1 and a2 2 Va2 and : : : and an 2 Van THEN d = v: (6)

where v 2 Dd , f a1; a2; : : : an g � A and Vai � Dai , i = 1 ; 2; : : : ; n . The in terpre-

tation of the decision rule is in tuitiv e � v alues of the attributes on the left-hand

side of the rule should imply the v alue of the decision attribute.

Giv en ob ject recognizes the rule if its attributes v alues satisfy the premise of

the rule. The ob ject supp orts the rule if it recognizes the rule and the decision

giv en to the ob ject is the same as a decision from the righ t side of the rule.

3.1 F eature reduction

Usually among all attributes that describ e ob jects there are attributes irrele-

v an t or redundan t with resp ect to kno wledge represen ted b y the whole data set.

The pro cess of remo ving these attributes is called feature selection or reduction.

Apart from reduction of the time of further computations and reduction of the

amoun t of ac hiev ed data the most imp ortan t b ene�t of feature selection is that

obtained kno wledge is b oth more structured and more compact and therefore

easier to understand. In the rough sets theory , the pro cess of feature selection
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is considered as a computation of the subset of attributes called the reduct. F or

a giv en information system S = ( U; A) and its indiscernibilit y relation IND (A)
with resp ect to the whole attribute set A , the reduct is a minimal subset B � A
suc h that IND (A) = IND (B ) . In other w ords, the reduct is a minimal subset

of attributes that preserv es the same abilities of discerning ob jects as the whole

attribute set A . More than one reduct ma y exist for an information system.

Concerning the decision table DT = ( U; A [ f dg) there is a notion of the

relativ e reduct, that is a minimal subset B � A suc h that IND (B ) � IND (d) .

The set of all relativ e reducts in A is denoted b y RED DT (A; d) . The problem

of �nding a minimal reduct has b een pro v en to b e NP-hard [15], hence, the

heuristic algorithm is alw a ys emplo y ed to �nd an appro ximate reduct.

In [14] Nguy en and Nguy en prop osed an algorithm for computing an appro x-

imate reduct of the information system, based on the equiv alence relation, suit-

able for large data-size problems. Let S = ( U; A) b e an information system and

X � U . F or an y attribute a 2 A there is an indiscernibilit y relation IND X (a)
o v er ob jects form X determined b y an attribute a. This relation determines the

partition of the set X in to equiv alence classes denoted b y [INDX (a)] . Assuming

that there is a partition of the X suc h that [IND X (a)] = f X 1; : : : ; X m g and

cardinalities of the sets X; X i ; : : : X m are resp ectiv ely x; x 1; : : : ; xm . The n um b er

of pairs of ob jects from X discerned b y an attribute a ma y b e computed b y the

follo wing form ula:

W X (a) =

P
i 6= j x i x j

2
=

x2 �
P m

i =1 x2
i

2
: (7)

The n um b er of pairs of ob jects discerned b y an y attribute can b e computed us-

ing the follo wing pseudo co de [14]:

Require: an information system S = ( U; A)
Ensure: a minimal reduct R , L = [ IND U (R)]

R = ; , L = f Ug
rep eat

for all a 2 A do

for all X i 2 L do

searc h for [IND Xi (a)]
coun t W Xi (a)

end for

W U (a) = W X 1(a) + : : : + W Xm (a)
end for

c ho ose attribute a with max v alue of W U (a)
A = A n f ag; R = R [ f ag
L = [ IND X 1(a)] [ : : : [ [IND Xm (a)]

un til A = f;g or W U (a) = 0

F or the decision table DT = ( U; A [ f dg) , the imp ortan t information from

the feature selection p ersp ectiv e is the information ab out attributes that discern
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ob jects only from a di�eren t decision classes. In other w ords there is no need

to discern ob jects with the same v alue of the decision attribute. Hence, this

pap er in tro duces mo di�cation to the original algorithm that allo ws computing

the reduct relativ e to the giv en decision table. The algorithm searc hes for the

attribute that discerns the maximal n um b er of pairs of ob jects, but only from

the di�eren t decision classes.

Assuming there is a subset X � U , t w o decision classes that split the X in to

t w o subsets X di and X dj and n um b ers of ob jects b elonging to these classes are

resp ectiv ely xdi and xdj , all pairs of ob jects discerned b y these decision classes

can b e simply computed b y m ultiplication of xdi b y xdj . Th us the attribute

discerning the most ob jects from di�eren t decision classes can b e computed as

follo ws:

W X (a) =

P
i 6= j x i x j

2
�

P
i 6= j;d (x i )6= d(x j ) x i x j

2
: (8)

Assuming that card(U) = n and card(A) = k the time complexit y of the whole

algorithm is O(k2n logn) . The space complexit y of the algorithm is O(n) .

3.2 Sequen tial co v ering algorithm for rules generation based on the

relativ e reduct

After the relativ e reduct is computed, the next step of the algorithm in v olv es

generating decision rules with the use of the sequen tial co v ering metho d. The

metho d is based on a simple idea: learn one rule for a giv en ob ject, searc h for

the ob jects recognized b y that rule are remo v e them from the pro cessed data.

The decision rules are induced using the prop erties of minimal relativ e reduct

suc h that for an y R 2 RED DT (A; d) the set of reduct attributes determines a

decision v alue d.

Let DT = ( U; A [ f dg) b e a decision table. The co v erage of the decision sys-

tem denoted as [RUL(DT )] is a set of decision rules that for eac h ob ject u 2 U
there is at least one rule supp orting that ob ject. Computing the set of decision

rules can b e describ ed b y the follo wing pseudo co de:

Require: DT = ( U; Af dg); R 2 RED DT (A; d)
Ensure: RUL(DT ) - set of decision rules for S

RUL(S) = ;
while U 6= ; do

r = 8a i 2 R ai = ai (u) ! d = d(u) {create a decision rule r}

if r =2 RUL(DT ) then

RUL(DT ) = RUL(DT ) [ f r g
U = U n [RUL(DT )]

end if

end while
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4 Statistical signi�cance of the decision rules

Ha ving the clustering of genes obtained in DNA microarra y exp erimen t, and

the decision rules, the next task is to assess the statistical signi�cance of the

rules. Decision rules are statistically signi�can t if the n ull h yp othesis of purely

random comp osition of clusters of genes can b e rejected. Statistical signi�cance of

decision rules con�rms a non-random comp osition of gene clusters and supp orts

dra wing further biological conclusions.

A common metho d to v erify the statistical signi�cance of the decision rule D ,

giv en the gene cluster Gi in v olv es comparison of the attributes (decision rules)

in gene sets Gi and U n Gi . F or ev ery rule D there is a con tingency table:

T able 1. Con tingency table describing the application of the decision rule D to parti-

tion of the univ erse U in to clusters Gi and U n Gi

Decision rule D G i U n Gi

T rue NGT NUT

F alse NGF NUF

where NGT and NUT denote n um b ers of genes, resp ectiv ely in Gi and U n Gi ,

NGT + NUT is the n um b er of genes recognizing the rule D and NGT is the n um b er

of genes supp orting the rule D . NGF and NUF denote n um b ers of genes, for whic h

the rule is false.

T reating genes in Gi and U n Gi as ha ving t w o di�eren t �colors� the n ull

h yp othesis is stated as �the decision rule D is color blind�. Under the n ull h y-

p othesis the probabilit y of obtaining the con�guration NGT ; NUT ; NGF and NUF

follo ws the h yp ergeometric distribution:

p(NGT ; NUT ; NGF ; NUF ) =

� N GT + N GF
N GT

�� N UT + N UF
N UT

�

� N GT + N UT + N GF + N UF
N GT + N UT

� : (9)

whic h, in the case of testing for the o v errepresen tation of NGT , leads to the

follo wing p-v alue of the Fisher exact test [16]:

pF ET (NGT ; NUT ; NGF ; NUF ) =
N UTX

k=1

p(NGT + k; NUT � k; NGF ; NUF ): (10)

Fisher exact tests lik e the ab o v e, or their appro ximations, c hi-square tests for in-

dep endence, are t ypically applied in the GO bro wsers. Since tests are p erformed

for large n um b er of rules, corrections for m ultiple testing are applied [3, 4].

The construction of the con tingency table, in T able 1, is the same for the

single attribute rules (3) and for the m ulti-attribute rules (4). Ho w ev er, there is

a quan titativ e di�erence b et w een single attribute rules (3) and m ulti-attribute
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rules (4). F or m ulti-attribute rules the n um b er of genes recognizing the rule is

t ypically v ery small. The extreme case NUT = 0 and NGT = 1 is often encoun-

tered in the data. In suc h case the calculated p-v alue of the test in (10) can b e

v ery lo w, y et there is nothing improbable in the random c hoice of a single gene.

In order to obtain a statistical mo del for the small n um b er of genes rec-

ognizing the computed rules, more realistic than (9)�(10), there is considered

conditional probabilit y of obtaining the con�guration NGT ; NUT ; NGF and NUF

giv en that the decision rule D has already classi�ed one gene as b elonging to Gi ,

giv en b y the expression:

pc(NGT ; NUT ; NGF ; NUF ) = p(NGT � 1; NUT ; NGF ; NUF ); (11)

where p(:) is giv en b y (10) and the p-v alue of the corresp onding v arian t of the

Fisher exact test is:

pc
F ET (NGT ; NUT ; NGF ; NUF ) =

N UTX

k=1

pc(NGT + k; NUT � k; NGF ; NUF ): (12)

When (11)�(12) is used to the case NUT = 0 and NGT = 1 , pc
F ET = 1 is

obtained whic h is in accordance with in tuition.

5 Application to the DNA microarra y data set

The elab orated metho dology w as applied to the data set obtained in the DNA

microarra y exp erimen t related to observing the transcriptome dynamic resp onse

of the h uman melanoma cell line ME45 to ionizing radiation [17]. Gene expression

pro�les of the cell line w ere measured with the use of the A�ymetrix c hip U133A

[18] con taining appro ximately 22000 sp ots corresp onding to kno wn h uman genes.

Based on the expression pro�les of the cell line measured at sev eral time instan ts

genes on the U133A A�y c hip w ere divided in to 48 gene clusters [19].

5.1 Computing the decision rules

The annotations of A�ymetrix DNA microarra y prob e sets with GO terms are

pro vided and up dated on regular basis [20] and are a v ailable on the NetA�x

w eb site: http://www.affyme tr ix. co m . F or the computations the annotation

�le from Marc h, 2007 w as used. GO terms b elonging to three on tologies: biolog-

ical pro cess, molecular function and cellular comp onen t w ere used to describ e

eac h gene. Some of the genes had no GO term assigned so they w ere remo v ed

from further in v estigations. Ha ving remo v ed these genes the decision table w as

generated including 12050 ob jects (genes) describ ed b y the 5171 attributes (GO

terms). F or eac h gene its attributes v alues w ere set in the follo wing w a y: if the

gene had a GO term assigned the attribute v alue corresp onding to that GO term

w as set to 1 otherwise the v alue w as set to 0. Then the minimal relativ e reduct

w as computed that decreased the n um b er of attributes to 627.
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Using the sequen tial co v ering algorithm based on relativ e reduct 11522 deci-

sion rules w ere obtained. F or eac h rule the statistical signi�cance w as calculated

and only 46 rules with p-v alue lo w er than 0.05 w ere considered as rules with go o d

descriptiv e features that could b e used for further description of gene clusters.

5.2 Comparison of the statistical signi�cance of decision rules

obtained b y using t w o di�eren t metho ds

The statistical signi�cance for 48 gene clusters G1; G2; : : : ; G48 of the partitions

Gi , U n Gi assessed b y using the GO in ternet to ol F atogo+ [6] w as compared

with the statistical signi�cance of m ulti-attribute decision rules presen ted in

the previous subsection. F or the GO term the GO lev el de�nes the distance

from that term to the most upp er no de of a D A G. F or three GO lev els: 3, 5,

and 7 the lo w est (most signi�can t) v alue of all statistical tests p erformed w as

recorded. Statistical tests p erformed b y the applied in ternet to ol w ere based on

expressions (9)�(10). Multiple testing corrections w ere not tak en in to accoun t.

F or m ulti-attribute rules (4), expressions (11)�(12) w ere used for computing

p-v alues of the statistical test and, as previously , for eac h of the partitions Gi ,

U n Gi the lo w est p-v alue w as recorded. Figure 1 presen ts comparison of the

statistical signi�cances of the decision rules analyzed b y the F atigo+ in ternet

to ol and the decision rules obtained b y presen ted metho d.
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6 Conclusions

The analysis of the con ten ts of gene clusters p erformed b y GO bro wsers [6]

ha v e b een in terpreted b y de�ning a single-attribute rule (3) and assessing its

statistical signi�cance b y (9)�(10). A c haracterization of clusters of genes b y

m ulti-attribute rules of the form (4) ha v e b een considered. An example of a

m ulti-attribute rule computed on the basis of the analyzed data set [17] is:

a1304 = ``binding'' AND

a1312 = ``iron ion binding'' AND

a1316 = ``protein binding'' AND (14)

a1950 = ``transport'' AND

a3485 = ``oxygen binding'' AND

a4710 = ``metal ion binding'' => class is 23 ,

recognized b y 4 and supp orted b y 3 genes.

Multi-attribute rules, suc h as (14), are t ypically recognized b y only small

n um b er of genes. In order to assess their statistical signi�cance a v arian t of the

Fisher exact test based on probabilit y (11) w as emplo y ed conditioned on the

ev en t of one gene already supp orting the rule.

Comparing statistical signi�cances of single- and m ulti-attribute rules for

the same gene clustering, leads to some conclusions. F or one group of clusters,

roughly half of the data, p-v alues of b oth tests are w ell correlated. F or another

group there is no correlation. This ma y suggest di�eren t mec hanisms b ehind

forming of the detected gene clusters.

Statistical signi�cance of some of the obtained m ulti-attribute rules suggests

the existence of the biological meaning b ehind them. Information prop erties of

m ulti-attribute rules, small n um b er of recognizing genes and man y GO terms in

one rule, pro vide a new to ol for the c haracterization of gene clusters b y their

GO terms, whic h can b e useful for biologists.

A c kno wledgemen t. This pap er w as partially supp orted b y the Europ ean FP6

gran t, GENEPI, lo wR T, Genetic P ath w a ys for the Prediction of the E�ects of
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References

1. Baldi P ., Hat�eld G. W.: DNA Micr o arr ays and Gene Expr ession, Cam bridge Uni-

v ersit y Press, Cam bridge (2002)

2. Sp eed T. (ed.): Statistic al A nalysis of Gene Expr ession Micr o arr ay Data. Inter dis-

ciplinary Statistics, Chapman & Hall nCR C, Bo ca Ration (2003)

3. Allison D. B., Gadbury G., Heo M., F ernandez J., Lee C. K., Prolla T. A., W ein-

druc h R.: A Mixtur e Mo del Appr o ach for the A nalysis of Micr o arr ay Gene Expr es-

sion Data, Comput. Statist. Data Anal. 39, 1�20 (2000).

4. Storey J. D., Tibshirani R.: Statistic al Signi�c anc e for Genomewide Studies, Pro c.

Natl. A cad. Sci. USA. 100, 9440�9445 (2003).



102 Aleksandra Gruca

5. Ash burner M., Ball C. A., Blak e J. A., Botstein D., Butler H., Cherry J. M.,

et al.: Gene Ontolo gy: T o ol for the Uni�c ation of Biolo gy, The Gene On tology

Consortium. Nature genetics. 25, 25�29 (2000).

6. Al-Shahrour F., Minguez P ., V aquerizas J. M., Conde L., Dopazo J.: BABE-

LOMICS: A Suite of W eb T o ols for F unctional A nnotation and A nalysis of Gr oups

of Genes in High-Thr oughput Exp eriments, Nucleic A cid Researc h. 33, W460�W464

(2005).

7. Subramanian A., T ama y o P ., Mo otha V. K., Mukherjee S., Eb ert B. L.,

Gillette M. A., et al.: Gene Set Enrichment A nalysis: A Know le dge-Base d Ap-

pr o ach for Interpr eting Genome-Wide Expr ession Pr o�les, Pro c. Natl. A cad. Sci.

USA. 102, 15545�15550 (2005).

8. Lee I. Y., Ho J. M., Chen M. S.: vCLUGO: A Clustering A lgorithm for A utomate d

F unctional A nnotations Base d on Gene Ontolo gy, In: Pro c. of the Fifth IEEE In t.

Conf. on Data Mining, pp 705�708. IEEE Computer So ciet y , W ashington, DC

(2005).

9. Lee S. G., Hur J. U., Kim Y. S.: A Gr aph-The or etic Mo deling on GO Sp ac e for

Biolo gic al Interpr etation of Gene Clusters. Bioinformatics, 20, 381�388 (2004).

10. Midelfart H., K omoro wski H. J.: A R ough Set F r amework for L e arning in a Dir e cte d

A cyclic Gr aph, Rough Sets and Curren t T rends In Computing. 144�155 (2002).

11. W ang H., Azua je F., Bo denreider O., Dopazo J.: Gene Expr ession Corr elation and

Gene Ontolo gy-Base d Similarity: an Assessment of Quantitative R elationships, In:

Pro c. of the 2004 IEEE Symp osium on Computational In telligence in Bioinformat-

ics and Computational Biology . 25�31 (2004).

12. Sv ensson J. P ., Stalp ers L. J., Esv eldt-v an Lange R. E., F rank en N. A., Ha v eman J.,

et al.: A nalysis of Gene Expr ession Using Gene Sets Discriminates Canc er Patients

with and without L ate R adiation T oxicity, PLoS Med. 3, e422 (2006).

13. P a wlak Z.: R ough Sets: The or etic al asp e cts of r e asoning ab out data, Klu w er A ca-

demic Publisher, Dordrec h t (1991).

14. Nguy en S. H., Nguy en H. S.: Some E�cient A lgorithms for R ough Set Metho ds, In:

Pro c. of the Conference of Information Pro cessing and Managemen t of Uncertain t y

in Kno wledge-Based Systems, pp. 1451�1456, Granada (1996).

15. Sk o wron A., Rauszer C.: The Disc ernibility Matric es and F unctions in Informa-

tion Systems, In: Slo winski R. (ed.): In telligen t Decision Supp ort: Handb o ok of

Applications and A dv ances to Rough Sets Theory , pp. 331�362. Klu w er A cademic

Publisher, Dordrec h t (1992).

16. Rice J. A.: Mathematic al Statistics and Data A nalysis, 2nd edn. Duxbury Press,

Belmon t (1995).

17. K onopac k a M., Rogolinski J., Herok R., P olansk a J., F ujarewicz K., Hanco c k R.,

Rzeszo wsk a-W oln y J.: R adiation Induc e d Genetic Changes in Dir e ctly Exp ose d and

Neighb oring K562 Cel ls in Vitr o, Man uscript submitted for publication.

18. A�ymetrix, GeneChip Expr ession A nalysis, Data A nalysis F undamentals,

A�ymetrix Man ual (2002).

19. P olansk a J., Widlak P ., Rzeszo wsk a-W oln y J., Kimmel M., P olanski A.: Gaussian

Mixtur e De c omp osition of Time-Course DNA Micr o arr ay Data, In Deutsc h A.,

Brusc h L., Byrne H., de V ries G., Herzel H. (eds.): Cellular Bioph ysics, Dev elop-

men t, Biomedicine, and Data Analysis, series: Mo deling and Sim ulation in Science,

Engineering and T ec hnology , pp. 351�359. Birkhäuser, Boston (2007).

20. Liu G., Loraine A. E., Shigeta R., Cline M., Cheng J., V almeek am V., Sun S.,

Kulp D., Siani-Rose M. A.: NetA�x: A�ymetrix Pr ob esets and A nnotations, Nucleic

A cids Res. 31, pp. 82�86 (2003).


