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Cancer is becoming a leading cause of death ameogl@in the whole world. It is confirmed that
the early detection and accurate diagnosis ofdisisase can ensure a long survival of the patients.
Expert systems and machine learning techniquegaingéng popularity in this field because of the
effective classification and high diagnostic capshilThis paper presents the application of rough
set theory for clustering two cancer datasets. ldesasets are taken from UCI ML repository. The
method is based on MDA technique proposed from R&f.To select a clustering attribute, the
maximal degree of the rough attributes dependergiestegorical-valued information systems is
used.Further, we use divide-and-conquer method to partition/cluster ebjects. The results show
that MDA technique can be used to cluster to tha.daurther, we present clusters visualization
using two dimensional plot. The plot results previdser friendly navigation to understand the
cluster obtained.
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1. Introduction

In the last years there has been a considerabietiyraf the amount of biological data
available in several domains. The use of clusteaiggrithms to discover new and useful
information in biological data is getting increasiattention lately. Clustering algorithms
are considered a powerful tool for the identifioatiof groups and sub-groups in
biological data. Clustering algorithms aim to gralgia consistently, in such a way that
the most similar objects belong to the same graupluster and dissimilar objects are
assigned to different clusters. The use of thegerihms allows to detect similar objects
in a dataset that could not be easily or efficiegtiouped by humansClustering a set of
objects into homogeneous classes is a fundamep@iation in data mining. The
operation is required in a number of data analysisks, such as unsupervised
classification and data summation, as well as setatien of large homogeneous data
sets into smaller homogeneous subsets that caiadiy enanaged, separately modeled
and analyzed. Recently, many attentions have baenrpcategorical data clusterfiy
where data objects are made up of non-numericalbaits. One of the popular



Tutut Herawan

approaches is based on rough set tHedryrhe main idea of the rough clustering is the
clustering data set is mapped as the decision.tdliiis can be done by introducing a
decision attribute and consequently, a divide-aomgoer method can be used to
partition/cluster the objects. In previous papels we propose a technique for selecting
a clustering attribute in categorical data clusiggriThe proposed technique, is based on
the maximum degree of dependency of attribdfeWe have succeeded in showing that
the proposed technique is able to achieve lowerpcoational complexity with higher
purity as compared to baseline techniques. Casceedoming a leading cause of death
among people in the whole world. Expert systems raadhine learning techniques are
gaining popularity in this field because of the efifee classification and high diagnostic
capability’. This paper presents the application of roughtisedry for clustering two
cancer datasets. The dataset are taken from UQiedasitory®. The method is based on
MDA technique proposed B%'* The rough attributes dependencies in categorical-
valued information systems is used to select dumgeattribute based on the maximal
degreeFurther, we usa divide-and-conquer method to partition/cluster dbjects.

The rest of this paper is organized as follows.tiBec2 describes fundamental
concept of rough set theory. Section 3 describesMhximum Attributes Dependency
(MDA) technique. Experimental results of MDA on lgu€ancer and Wisconsin Breast
Cancer (original) datasets are described in sedtidfinally, the conclusion of this work
is described in section 5.

2. Rough Set Theory

2.1. Information System

The observation that one cannot distinguish objeotshe basis of given information
about them is the starting point of rough set thebr other words, imperfect information
causes indiscernibility of objects. The indisceilitiprelation induces an approximation
space MDA of equivalence classes of indiscernilligeats. A rough approximating a
subset of the set of objects is a pair of dual @xpration operator, called a lower
approximation and an upper approximation in ternthekse equivalence classes. Rough
sets are defined trough their dual set approximatin Pawlak approximation spdce
Here, we use the concept of rough set theory im @frreasoning about data containing
in an information systeth The notion of information system provides a camegt tool

for the representation of objects in terms of thdtiibute values.
The syntax of information systems is very similarrelations in relational data
bases. Entities in relational databases are afa@sented by tuples of attribute values.

An information system'’ is a 4-tuple (quadruple) S= (U,A,V, f), where
U :{ul,uz,u3,~~-,u‘u‘} is a non-empty finite set of objectsA:{al,az,ag,m,%} is a
non-empty finite set of attributey, :UaDAVa , V, is the domain (value set) of attribute
a, f:UxA-V is an information function such thatf (u,a)DVa, for every
(u,a)DU x A, called information (knowledge) function. An imfoation system is also
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called a knowledge representation systems or aibw@#-valued system and can be
intuitively expressed in terms of an informatiohléa(see Table 1).

Table 1. An information system

VA a a, a, a,

u  flwa)  flua) t.a) flu.a,)

u  flua)  flua) t(u,a) flu.a,)

Yol f(“\u\'al) f(“\u\'az) f(“\u.\’ak) f(“\u\’%)

The time complexity for computing an informationstgm S:(U,A,V,f) is
U|x|A since there are|U|x|A values of f(u,a) to be computed, where
i=123- U] and j=123--|A. Note that tinduces a set of maps
t= f(u,a):U xA V. Each map is a tuplet, :(f(u,,ai),m,f(u,,aw)), where
i = l2.3~--,|U|.

Note that the tupléis not necessarily associated with entity unigysbe Table 1).
In an information table, two distinct entities cdulave the same tuple representation
(duplicated/redundant tuple), whichnst permissible in relational databases. Thus, the
concept of information systems is a generalizadibtihe concept of relational databases.
The starting point of rough set theory is the indisibility relation, which is generated
by information about objects of interest. The iodimibility relation is intended to
express the fact that due to the lack of knowleitlge difficult to discern some objects
employing the available information. That meansgémeral, it is unable to deal with

single objects but clusters of indiscernible otgenust be considered. Now the notion of
indiscernibility relation between two objects candefined precisely.

2.2. Set Approximations

Definition 1. Two elements X, yOU are said to be B-indiscernible (indiscernible by the
set of attributes B 0 A in S if and only if f(x,a)= f(y,a), for every a0l B.

Obviously, every subset ok induces unique indiscernibility relation. Noticeathan
indiscernibility relation induced by the set ofrattite B, denoted byIND(B), is an

equivalence relation. The partition dfinduced byIND(B) is denoted by /B and the

equivalence class in the partitidd /B containing xOU , is denoted by[x]B. The
notions of lower and upper approximations of aasetdefined as follows.
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Definition 2. The B-lower approximation of X, denoted by E(X) and B-upper
approximations of X, denoted by E(X) , are defined by

B(X)={x0U | [, 0 X} and B(X)={x0U | [x], N X # &}, respectively.

The accuracy of approximation (accuracy of roughnes$ any subsetX OU with
respecttoB 0 A, denotedaB(X) is measured by

a,(x) :|§(x)|/‘E(x)( ,

where |X| denotes the cardinality oX. For empty setg, we define a, (¢) =1.
Obviously, 0< aB(X)sl. If X is a union of some equivalence classes, thg(*x):l.
Thus, the seX is crisp with respect tdB, and otherwise, ifaB(X)<1, X is rough with
respect td.

Another important issue in database analysis isodexing dependencies between
attributes. Intuitively, a set of attributBsdepends totally on a set of attribu@sdenoted
C = D, if all values of attributes fror® are uniquely determined by values of attributes
from C. In other wordsD depends totally of, if there a functional dependency between
values ofD andC. The formal definition of attributes dependencygiigen as follows.

2.3. Dependency of Attributes

The notion of the dependency of attributes in infation systems is given in the
following definition.

Definition 3. Let S:(U,A,V, f) be an information system and let D and C be any

subsets of A. Attribute D is called depends totally on attribute C, denoted C = D, if all
values of attributes D are uniquely determined by values of attributes C.

In other words, attribut® depends totally on attributg, if there exist a functional
dependency between valugsandC. Since an information system is a generalizatioa o
relational database. We would need also a genatialiv concept of dependency of
attributes, called partial dependency of attributes.

Definition 4. Let S:(U AV, f) be an information system and let D and C be any

subsets of A. Degree of dependency of attribute D on attributes C, denoted C =, D, is
defined by

(1)
Yl
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Obviously, 0< k <1. Attribute D is said to be (totally dependent) depends totally
(in a degree ok) on the attributeC if k =1. Otherwise,D is depends partially o@.
Thus, attributeD depends totally (partially) on attribu if all (some) elements of the
universeU can be uniquely classified to equivalence clasdeth® partition U /D,
employingC.

3. TheProposed Technique

3.1. The MDA Technique

In the proposed technique, the rough attributesed@pncies in categorical-valued
information systems is used to select clusterimgbate based on the maximum degree.
We have succeed in showing that the proposed tgeénis able to achieve lower
computational complexity with higher purity as caamgd to the baseline metH6d"
The proposed technique for selecting partitionittgitaute is based on the maximum
degree of dependency of attributes. The justificatihat the higher of the degree of
dependency of attributes implies the more accufacgelecting partitioning attribute is
stated in the Proposition 1.

Proposition 1. Let S= (U,A,V, f) be an information system and let D and C be any
subsets of A. If D depends totally on C, then

a, (X)< ac(x),
for every X O U.

Proof. Let D andC be any subsets éfin information systens = (U VAV, f). From the
hypothesis, we hadeD(C)D IND(D). Furthermore, the partitioning) /C is finer
than thatU /D, thus, it is clear that any equivalence classmedlbyIND(D) is a union
of some equivalence class induced WD(C) Therefore, for everyxO X OU , we
have [x]C O [X]D. And hence, for ever OU , we have

D(x)oc(x)o x oc(x)ob(x).

Consequently

The generalization of Proposition 1 is given below.
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Proposition 2. Let S:(U,A,V, f) be an information sysemand let C,C,;--,C, and D
be any subsets of A. If C, =, D,C,=, D,,C =, D,where k, <k, <---<k, <k,
then

for every X OU.

Proof. Let C,C,,--,C, andD be any subsets & in information systens From the
hypothesis and Proposition 4.1, the accuraciesujhness are given as

Sincek <k , <---<k, <k, then

. Ol
e Ol

[x]e. O -
Obviously,

aD(X)s Uc,,(X)S acm(X)s-~-sacz(x)sacl(x).

Figure 1 shows the pseudo-code of the proposechitpedr The technique uses the
dependency of attributes in the rough set theorinformation systems. It consists of
four main steps. The first step deals with the catafion of the equivalence classes of
each attribute (feature). The equivalence clasééiseoset of objectt) can be obtained
using the indiscernibility relation of attributea, 1A in information system
S= (U,A,V, f). The second step deals with the determinatiomefdependency degree
of attributes. The degree of dependency attribates be determined using formula in
equation (1). The third step deals with selectihg maximum dependency degree.
Finally, the attribute is ranked with the ascendsagiuence based on the maximum of
dependency degree of each attribute.
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Algorithm: MDA
Input: Dataset without clustering attribute
Output: Clustering attribute
Begin
Step1.  Compute the equivalence classes usingnthiscernibility relation on
each attribute.

Step 2. Determine the dependency degree of atriutwith respect to alla,
,Wherei # j .

Step 3.  Select the maximum of dependency degreaddf attribute.

Step4.  Select a clustering attribute based on rheximum degree of

dependency of attributes.
End

Fig. 1. The MDA algorithm

In the proposed technique, it is recommended tok lad the next lowest
dependencies degree inside the attributes thdiearand so on until the tie is broken.

3.2. Example

The dataset is an animal dataset front°Hin Table 2, there are nine animals with nine

categorical-valued attributes; Hair, Teeth, EyeatRer, Feet, Eat, Milk, Fly and Swim.

The attributes Hair, Eye, Feather, Milk, Fly andi®vhave two values. Attributes Teeth

has three values, and other attributes have fduesa

a. To obtain the dependencies degree of all attribthesfirst step of the techniques is
to obtain the equivalence classes induced by induggility relation of singleton
attributes, i.e., disjoint classes of objects whach contain indiscernible objects.

b. By collecting the equivalence classes, a partitibrobjects can be obtained. The
partitions are shown in Figure 2.

c. The dependency degree of attributes can be obtaisad) formula in (1). For
attribute Hair depends on attributes Teeth, Eyather, Feet, Eat, Milk, Fly and
Swim, we have the degrees as shown in Figure 3.

Table 2. Animal world dataset frdth

Animal Hair Teeth Eye Feather Feet Eat Milk Fly  Bwi
Tiger Y Pointed Forward N Claw Meat Y N Y
Cheetah Y Pointed Forward N Claw Meat Y N Y
Giraffe Y Blunt Side N Hoof Grass Y N N
Zebra Y Blunt Side N Hoof Grass Y N N
Ostrich N N Side Y Claw Grain N N N
Penguin N N Side Y Web Fish N N Y
Albatross N N Side Y Claw Grain N Y Y
Eagle N N Forward Y Claw Meat N Y N
Viper N Pointed  Forward N N Meat N N N
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a. X(Hair=yeg={1234}, X(Hair=no)={56789},
U /Hair={{1234}.{ 56789} .
b. X(Teeth: pointe() :{12,9} , X(Teeth: blunt) :{34} ,
X(Teeth=no)={5678},
U /Teeth={{129},{34{ 5678}}.
c. X(Eye=Forward={1289, X(Eye=Sidd={ 34567},
U/Eye={1289}.{ 34567}} .
d. X(FeatheF no) :{ 12,34,9} , X(Feathev: yeé :{ 5,6,7,8} ,
U /Feather{{ 12349},{ 5678} .
e. X(Feet=claw)={ 12578, X(Feet= hoof) ={34},
X (Feet= web)={6}, X (Feet=no)={9}.
U / Feet={{ 1257,89},{34}.{6}.{9}} .
f. X(Eat: Meat) :{ 12,8,9} , X(Eat: gras%z {34} ,
X (Eat=grain ={57}, X (Eat = fish) ={6}.
U/Eat={{1289.{34{s7}.{e}}.
9. X(Milk =yeg={1234, X(Milk =no)={ 5
U /Milk ={{1234},{ 56,789} .
h. X(Fly=no)={ 1234569, X(Fly =yeg={
u/Fly={{ 123456},{78}} .
i.  X(Swim=ye9={1267}, X(Swim=no)={ 34589},
U /swim={{126,7},{ 34589}} .

6789,

78,

Fig. 2. The partitions using singleton attributes

%, mfTeet(X) _ {34 +[{5678)] _6
Ul 9 o

Teeth=, Hair, wherek =

Yo |FeathefX) [(5678) 4

Ul 9 9
ZU/Hair|Fee(X)| — |{3'4}| +|{6}| +|{9}| —
i 9

5. lEa(X) _ {34+ 57} 6} _

Yl 9

Feather, Hair, wherek =

Feet=, Hair, wherek =

ol o|ls

Eat=, Hair, wherek =
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Milk =, Hair, wherek = 2o | Milk (X)| = |{ ]’2’34}| +|{ 5’6’7’8'9}| -
i 9
«ir[FIYIX
Fly =, Hair, wherek = Lo _y( X = |{78}| :E.
i 9 9
Swim=, Hair, wherek :%\’rlm(x)' = % =0

Fig. 3. The attributes dependencies

Similar calculations are performed for all the ibtites. These calculations are
summarized in Table 3.

Table 3. The dependencies degree of all attritfubes Table 2

Attribute Degree of dependency
Hair Teeth Eye Feather Feet Eat Milk Fly Swim
0.666 0 0.444 0.444 0.555 1 0.222 0
Teeth Hair Eye Feather Feet Eat Milk Fly Swim
0 0 0.444 0.444 0.555 0 0.222 0
Eye Hair Teeth Feather Feet Eat Milk Fly Swim
0 0.555 0 0.444 1 0 0 0
Feather Hair Teeth Eye Feet Eat Milk Fly Swim
0.444 1 0 0.444 0.555 0.444 0.222 0
Feet Hair Teeth Eye Feather Eat Milk Fly Swim
0 0.222 0 0 0.555 0 0.2222 0
Eat Hair Teeth Eye Feather Feet Milk Fly Swim
0 0.555 0.444 0 0.333 0 0 0
Milk Hair Teeth Eye Feather Feet Eat Fly Swim
1 0.666 0 0.444 0.444 0.555 0.222 0
Fly Hair Teeth Eye Feather Feet Eat Milk Swim
0.444 0.555 0 0.555 0.444 0.333 0.444 0
Swim Hair Teeth Eye Feather Feet Eat Milk Fly
0 0.222 0 0 0.444 0.333 0 0

With the MDA technique, the first maximum degreedependency of attributes, i.e.
1 occurs in attributes Hair (Milk), Eye and Featfier., 1) as Table 4 shows. The second
maximum degree of dependency of attributes, i@® occurs in attributes Hair. Thus,
based on Table 4, attribute Hair is selected astanling attribute.

3.3. Objects splitting

For objects splitting, we use a divide-conquer mdth-or example, in Table 2 we can
cluster (partition) the animals based on the degisittribute selected, i.e., Hair/Milk.
Notice that, the partition of the set of animalgiuioed by attribute Hair/Milk is

{{ 12,3,4},{ 5,6,7,8,9}}. To this, we can split the animals using the highgal tree as

follows.
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Tiger, Cheetah, Giraffe, Zebra, Ostrich, The objects
Penguin, Albatross, Eagle, Viper
I
v v
Tiger, Cheetah,  Ostrich, Penguin, )
Giraffe, Zebra  Albatross, Eagle, Viper 1% possible clusters

|
v v v v
Tiger, Cheetah  Giraffe, Zebra ~ OStrich, Penguin. - yiner - 5nd possible clusters
Albatross, Eagle

Fig. 4. The objects splitting

The technique is applied recursively to obtain Hart clusters. At subsequent
iterations, the leaf node having more objects iected for further splitting. The
algorithm terminates when it reaches a pre-defmaudber of clusters. This is subjective
and is pre-decided based either on user requireonetdmain knowledge.

4. Experiment Test

In order to apply MDA, we use two datasets obtaiftech the benchmark UCI Machine
Learning Repository. We use Lung Cancer and Breast Cancer datasetsal@iorithms
of MDA for Lung Cancer and Breast Cancer datasetsimplemented in MATLAB
version 7.6.0.324 (R2008a). They are executed sigilg on a processor Intel Core 2
Duo CPUs. The total main memory is 1 Gigabyte dn&ddperating system is Windows
XP Professional SP3.

4.1. Lung Cancer Dataset

The first experiment was conducted on Breast-Cawisconsin datasé&t The data
described 3 types of pathological lung cancers. Atihors give no information on the
individual variables nor on where the data wasinally used. The number of instances
is 32, number of attributes is 57 (1 class atteb&6 predictive), where attribute 1 is the
class label. Meanwhile all predictive attributes apminal, taking on integer values 0-3.
Applying MDA on this dataset, we get the valuesnoéximal dependencies among
attributes are given in Appendix (refers Table JAppendix A.1). Therefore, we obtain
the following clusters.
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[1,23456,7802,1011,12,13,14,15,16,17,18,19,2021 22 24 26 36,27,20,30 31,32, |
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[162631,] [3.46.788,10,11,12,17,18,18,22,2530, |

Fig. 5. The lung cancer clusters obtained

4.2. Breast-Cancer-Wisconsin (Original) Dataset

The second experiment was conducted on Breast-G#liseonsin (original) dataset
The aim of the dataset is to diagnose the breastecaaccording to Fine- Needle
Aspirates (FNA) test. The dataset was obtained faorapository of a machine-learning
database University of California, Irvin. It wasnepiled by Dr. William H. Wolberg
from University of Wisconsin Hospitals, Madison, 8dson, WI, United States. It has 10
attributes and 699 records (as of 15 July 1992h W8 benign and 241 malignant
classes, respectively. Applying MDA on this dataseé get the values of maximal
dependencies among attributes are given in Appefndfers Table 2 in Appendix A.2).
Therefore, we obtain the following clusters.

iiiiiiinuiiii

Fig. 6. The breast cancer clusters obtained
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The following sets are related to each node infeigu

Node 1 is the set of all objects

Node 2 is the set consist of
1,2,3,4,5,7,8,9,10,11,12,14,17,18,20,23,24,26,227%80,31,33,34,35,37,44,46,47,60,63,
65,68,69,71,74,75,76,77,78,79,80,81,82,87,88,89]1982,93,94,95,96,101,107,109,113,
114,115,117,118,119,120,124,126,128,129,130,132,333.35,136,137,138,139,141,14
2,144,145,147,150,151,153,154,157,158,159,160,683.,65,166,167,171,173,175,176,
177,180,184,187,188,189,190,191,192,193,194,197,298202,203,204,207,211,212,21
4,215,220,223,227,229,234,235,236,237,238,239,283225,249,250,251,252,258,262,
264,267,268,269,270,272,273,279,282,283,286,2872992(295,296,298,299,300,302,30
3,306,307,309,311,312,314,318,319,322,324,325,29830,332,333,334,337,338,339,
341,342,349,350,351,352,355,356,357,358,359,36(B881363,364,365,366,367,369,37
0,371,372,374,375,376,377,379,380,381,382,383,884386,388,389,390,391,392,393,
394,395,396,397,399,401,403,404,405,406,408,409142(114,415,416,417,418,419,42
0,423,424,425,427,428,429,430,431,432,433,434,33(138,440,444,445,446,447,448,
449,450,454,455,456,457,458,459,460,461,462,4631866/67,470,471,472,476,478,48
0,481,482,483,484,485,486,487,488,489,490,491,993195,496,497,498,499,502,503,
504,506,507,510,511,512,513,514,515,517,518,51%32(522,523,524,525,526,527,52
8,529,530,531,533,534,536,537,538,539,540,541,83584,545,546,547,548,549,550,
552,553,558,559,561,562,563,564,565,566,569,57(5%35H75,579,581,582,583,584,58
5,586,587,588,592,593,595,599,600,601,602,603,606466,607,608,609,610,612,613,
614,615,616,617,619,620,622,623,624,625,626,62689%30,631,632,634,635,636,63
7,638,639,640,641,642,644,645,646,647,648,649,6%(662,656,657,658,659,660,661,
662,663,664,667,668,669,670,671,672,673,674,67%88,/679,680.

Node 3 is the set consist of
6,13,15,16,19,21,22,25,32,36,38,39,40,41,42,4384%9450,51,52,53,54,55,56,57,58,59,
61,62,64,66,67,70,72,73,83,84,85,86,97,98,99,120103,104,105,106,108,110.

Node 4 is the set consist of
1,5,8,9,10,11,12,17,18,20,23,24,26,27,28,29,303334335,37,44,46,47,63,65,68,69,71,7
5,76,78,79,80,81,87,88,89,90,91,92,93,94,95,96]1001119,124,126,128,129,130,132,1
33,135,136,137,138,139,142,145,147,151,153,154,%871,63,164,165,166,167,171,173
,175,176,177,180,184,187,188,189,190,192,193,1941,98,199,202,203,204,207,211,2
12,214,215,220,223,227,229,235,236,238,242,24230951,258,262,264,267,268,269
,270,272,273,279,282,283,287,290,292,295,296,209861,303,306,309,311,312,314,3
18,319,322,324,325,328,329,330,332,333,334,337333&842,351,352,355,356,357,358
,359,360,361,362,363,364,365,366,367,369,370,321334,375,377,379,380,381,382,3
83,384,385,386,388,389,391,392,393,394,396,39%4893105,408,409,410,412,414,415
,416,417,418,419,423,424,425,430,431,432,433,484433,438,440,444,445,446,448,4
49,450,454,455,456,457,458,459,460,461,462,463166/467,470,472,476,478,481,482
,483,484,485,486,487,488,489,490,491,494,495,49(198,499,502,503,504,506,507,5
10,511,512,513,514,515,517,518,519,520,521,52532%25,527,528,529,530,531,533
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,534,536,537,538,540,541,542,543,544,545,546,58//89,550,552,558,559,561,562,5
63,564,565,566,569,570,571,573,575,579,581,58 53883%85,586,587,588,592,593,595
,599,600,601,602,603,604,605,607,608,609,613,65466,617,619,620,623,624,625,6
26,627,628,629,630,631,632,634,636,637,638,63%84(542,644,645,646,647,648,649
,650,651,652,656,657,658,659,660,661,662,663,68468,669,670,671,672,673,674,6
75,677,678,680.

Node 5 is the set consist of
3,60,74,82,109,115,118,120,134,144,160,234,23%B9%6404,429,526,606,622,679.
Node 6 is the set consist of 14,77,113,117,1503889349,350,401,406,428,471,553.
Node 7 is the set consist of 4,390,427,493,610,635.

Node 8 is the set consist of 114,141,237,286,293430,480,539,612.

Node 9 is the set consist of 191.

Node 10 is the set consist of 252,420.

Node 11 is the set consist of 2,7,245.

Node 12 is the set consist of 16,36,42,43,56,1@3]1%2,301,335,422,576,589,621,653.
Node 13 is the set consist of 58,62,64,70,231,403597,633.

Node 14 is the set consist of 13,40,49,59,102, 5¥42®7,343,443,474,574,618,681.
Node 15 is the set consist of 50,73,84,213,2612886315,345,398,451,475,682.

Node 16 is the set consist of
32,51,54,99,100,140,149,201,210,217,222,280,468088535,555,654,676,683.

Node 17 is the set consist of 55,97,441,611.

Node 18 is the set consist of 22,25,39,123,22532A1,

Node 19 is the set consist of
48,52,53,61,85,112,143,181,183,185,206,218,2263R58/317,336,591,655.

Node 20 is the set consist of 15,45,67,83,108, BX)2211,387.

Node 21 is the set consist of
6,19,21,38,41,57,66,72,86,98,105,106,111,116,12112%,127,131,146,148,152,155,15
6,161,168,169,170,174,178,179,182,186,195,196,26(228,209,216,219,221,223.

5. Conclusion

Expert systems and machine learning techniquegiaireng popularity in the field of
computational biology because of the effective gifamtion and high diagnostic
capability. In this paper, we explore MDA techniepre alternative technique for
categorical data clustering using rough set thd@sed on attributes dependencies- for
clustering two cancer datasets. These datasettakea from UCI ML repository. To
select a clustering attribute, the maximal degreth® rough attributes dependencies in
categorical-valued information systems is uskdrther, we use divide-and-conquer
method to partition/cluster the objects. The rassittow that MDA technique can be used
to cluster to the data. Further, we present clasté&ualization using two dimensional
plot. The plot results provide user friendly naviga to understand the cluster obtained.
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Table 1. Dependency degrees values for Lung Cdbaiset

1 2 3 4 5 6 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
0.03| 0.03] 0.000 0.00 00D 000 0.00 O0pO 003 0Q.03000 0.00|] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00| 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
059| 059 0.88 084 0.72 081 05 O0[2 009 0.38410 053] 063 0.8] 081 028 0.13 0.3 025 0(.50250.0.19| 0.25| 025 04 063 031 0B1 O
0.00| 0.03] 0.000 0.0 0.0p 0.00 0.00 00 009 0.03000 0.06] 0.00f 0.0 0.00 0.03 0.13 0.p0 0j03 Q.00000.0.00] 0.00f 0.09 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 00D 000 0.00 O0pO 003 0Q.03000 0.00] 0.00f 0.0 0.00 0.03 0.00 0.3 0j03 Q.00000.0.00] 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.2 0.0p 000 0.00 O0pO 003 0.03000 0.00|] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 013 O0.0p 000 0.22 0p0 009 0Q.030900.19| 0.000 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.19| 0.000 0.09 0.06 0.00 0.00 o0.13 O
0.00| 0.03] 0.03 0.0 0.0p 000 0.00 O0pO 003 0.03000 0.00] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.09 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 0.00 0.00 00 003 0.03000 0.06] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 000 0.00 O0p0O 009 0Q.03090 0.06] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 (.41000.0.00| 0.00] 0.0 0.0 0.00 0.00 o0.p0 O
0.31| 0.03] 0.03 053 038 000 0.9 044 044 0.66000 0.06| 0.28/ 0.19 0.00 0.03 0.00 0.3 0f25 (.59000.0.00] 0.25| 0.2§ 0.0 0.00 000 O0B1 O
0.00| 0.03] 0.03 0.00 O0.0Op 000 0.00 O0p0 000 Q.03000 0.06| 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00| 0.00f 0.1 0.06 0.00 0.00 0.0 O
0.00| 0.03] 0.03 0.2 0.0p 000 0.00 O0pO 000 0.03030 0.00] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 O0.0Op 000 0.00 O0p0 000 Q.030300.00/ 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00| 0.00f 0.0 0.06 0.00 0.00 0.0 O
0.00| 0.03] 0.03 0.0 0.0p 0.00 0.00 O0pO 0}16 0Q.03030 0.00] 0.00f 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00| 0.00] 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 000 0.00 00 000 0.03030 0.00] 0.06/ 0.0 0.00 0.03 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 O0.0p 000 0.00 O0p2 000 0Q.030300.00] 0.06f 0.0 0.00 0.03 0.00 0.p0 0j03 Q(.00000.0.00| 0.00f 0.0 0.06 0.00 0.00 0.0 O
0.00| 0.03] 0.03 0.13 0.0p 000 0.00 O0p2 000 0.00030 0.00| 0.06f 0.00 0.00 0.00 0.00 0.p0 0j03 Q.00000.0.00] 0.00f 0.09 0.0 034 000 049 O
0.28| 0.03] 0.44 034 00p 000 0.38 0p2 000 Q.030300.09| 0.06f 0.28 038 041 0.03 0.p0 0j03 Q(.00000.0.00| 0.00f 0.09 006 034 031 o019 O
0.00| 0.03] 0.03 059 0.1 000 044 O0pR2 0[28 0.00030 0.09| 0.19] 0.3 0.00 0.19 0.3 0.p0 0f25 Q.09000.0.19| 0.00f 0.09 0.0 0.00 000 0.9 O
0.28 | 0.03] 0.03 0.2 0.1 000 0.00 O0pO 0}56 0.09030 0.09| 0.06/ 0.24 0.38 0.00 0.3 0.p0 0j00 Q.4100 0.0.00| 0.00 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 000 0.00 O0pO 0j16 0Q.09030 0.00| 0.06f 0.0 0.00 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00] 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.13 0.0p 000 0.00 O0pO 0}28 0.03030 0.00| 0.06f 0.3 0.00 0.00 0.3 0.p0 0j00 Q.0309 0.0.00| 0.00f 0.0 0.0 0.00 000 0.9 O
0.00| 0.03] 0.03 0.00 O0.0p 0.28 0.00 000 000 Q.09030 0.00] 0.06/ 0.0 0.00 0.00 0.03 0.p0 0f13 Q(.03000.0.00| 0.00f 0.09 0.06 0.00 0.00 0.19 O
0.28| 0.03] 0.03 013 0.1 000 0.00 O0pO 000 0Q.09030 0.00| 0.00f 0.0 0.00 0.00 0.3 0.p0 0j00 Q.03090.0.00| 0.00 0.1 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 00D 000 0.00 O0pO O0j16 Q.09030 0.09] 0.06/ 0.0 0.00 0.00 0.03 0.p0 0j00 Q.03000.0.00] 0.000 0.0 0.06 038 0.00 0p0 O

00
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00
00
00
00
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0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 0p0 000 Q.09030 0.00| 0.06/ 0.09 0.0 0.00 0.03 0.p0 000 Q.03000.0.00| 0.00f 0.0 0.16 000 0.00 0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 00O 000 0Q.03030 0.00] 0.00f 0.00 0.0 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00{ 0.0 o0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 0.13 0.1 0.00 0.00 O0pO O0O{16 0.03030 0.00| 0.00f 0.00 0.1 0.9 0.03 0.13 0j00 (d.0309 0.0.00| 0.00{ 0.00 0.0 0.06 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.0 0.00 0.0 000 Q.09030 0.00] 0.00f 0.0 0.0 0.00 0.03 0.p0 0j00 Q.0300(0.0.00| 0.00] 0.0 0.0 0.06 0.00 0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 0.00 0.00 00 000 0Q.03030 0.00] 0.00f 0.00 0.0 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 013 0.0p 0.00 0.00 O0p0 000 Q.09030 0.00| 0.00f 0.09 0.0 0.00 0.03 0.p0 0j00 (0Q.03000.0.00| 0.00; 0.00 0.0 0.00 034 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0pO O0O{16 0.09030 0.09| 0.06/ 0.00 0.0 0.00 0.03 0.p0 013 (J.03000.0.25| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 00D 0.00 0.00 O0pO O0O}16 0Q.09030 0.09| 0.06f 0.0 0.0 0.00 0.03 0.p0 013 (0.03000.0.25| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.28| 0.03] 0.03 013 0.1 0.28 0.38 0p0 0}16 (Q.0903 0 0.09| 0.06] 0.2§ 0.3 0.00 0.03 0.p0 013 0.03410.0.25| 0.00; 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.0 0.00 0.0 000 0Q.09030 0.00| 0.00] 0.00 0.0 0.00 0.03 0.p0 0j00 Q.0300 (0.0.00| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0p0O 000 Q.03030 0.09] 0.06/ 0.0 0.0 0.00 0.03 0.p0 000 (Q.03000.0.00| 0.00; 0.00 0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.0 0.00 0O 000 0Q.09030 0.00] 0.06f 0.00 0.0 0.00 0.03 0.p0 013 (J.03000.0.00| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0p0 000 Q.09030 0.00| 0.06f 0.0 0.0 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00; 0.00 0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.0 0.00 00 000 0Q.09030 0.00] 0.06f 0.00 0.0 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00{ 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.2 0.1 0.00 0.00 0.0 000 0Q.09030 0.00| 0.00f 0.00 0.0 0.9 0.03 0.p0 0j00 Q.0309 0.0.00| 0.19] 0.00 0.0 0.06 0.00 o0.p0 O
0.69| 003 0.03 013 0.1 0.00 0.38 04 056 0.09030 0.09| 0.06f 0.2§ 0.3 0.00 0.03 0.p0 0j00 (0.03410.0.00| 0.00; 0.0 0.0 0.00 000 0B1 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0pO 000 0Q.03030 0.09] 0.06f 0.00 0.0 0.00 0.03 0.p0 0j00 Q.03000.0.00| 0.00{ 0.0 o0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0p0O 000 Q.03030 0.09| 0.06f 0.0 0.0 0.00 0.03 0.p0 0j00 0.03000.0.00| 0.00; 0.00 0.0 0.06 000 o0.p0 O
0.69| 0.03] 0.03 0.2 0.1 000 0.38 0p4 056 0.09380 0.09| 0.19] 0.28 0.3 0.9 0.03 0.p0 0j00 (.78500.0.00| 0.19] 0.00 0.1 0.00 000 081 O
0.00| 0.03] 0.03 0.00 0.0p 000 0.9 O0p0 000 Q.09030 0.09] 0.13] 0.0 0.0 0.00 0.03 0.p0 000 Q.03000.0.00| 0.00; 0.00 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 013 058 0.00 0.19 0p0 0}28 (Q.03380 0.31| 0.06f 0.2§ 0.0 0.00 0.03 0.0 013 (.03000.0.00| 0.00f 0.0 025 006 028 0.0 O
041| 0.03] 0.03 0.2 0.1 0.00 0.00 00 000 0Q.09030 0.09] 0.06/ 0.00 0.0 0.00 0.03 0.p0 013 (J.0300(0.0.00| 0.00{ 0.00 0.0 0.00 0.38 0.p0 O
0.69| 0.03] 0.44 025 058 000 056 O0p6 056 0.09380 0.09| 0.19] 0.2§ 05 059 0.28 0.3 0§13 (.78500.0.00| 0.19] 0.0 025 006 0.66 0.0 O
0.69| 0.03] 0.44 025 058 000 056 O0p6 056 0.09380 0.09] 0.19] 0.28 0.5 059 0.28 0.3 0§13 (.7800.0.00| 0.19] 0.00 025 006 066 0.0 O
0.00| 0.03] 0.03 013 0.1 000 0.19 O0pB4 028 0.03380 0.31| 0.00f 0.3 0.0 0.00 0.03 0.p0 013 (0.03090.0.00| 0.00 0.0 025 006 028 0.0 O
0.28| 0.03] 0.03 0.2 0.1 0.00 0.38 0p6 056 0.09030 0.09| 0.06f 0.28 0.3 041 0.03 0.0 013 (.78410.0.00| 0.00[ 0.00 0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 0.13 0.0p 0.00 0.00 O0p2 000 0.09030 0.09| 0.06/ 0.00 0.0 0.00 0.03 0.p0 013 (J.0300(0.0.00| 0.00{ 0.00 0.0 0.06 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.0 0.00 0.0 000 Q.09030 0.09] 0.06f 0.0 0.0 0.00 0.03 0.p0 0j00 (Q.0300 (0.0.00| 0.00] 0.0 0.0 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.0 0.0p 0.0 0.00 00 000 0Q.09030 0.09| 0.06f 0.00 0.0 0.9 0.28 0.3 0{00 @.03000.0.00| 0.19] 0.0 0.1 0.00 0.00 o0.p0 O
0.00| 0.03] 0.03 0.00 0.0p 0.00 0.00 O0pO O0}16 0Q.03030 0.00| 0.00f 0.0 0.0 0.00 0.03 0.3 013 (.03000.0.00| 0.00f 0.0 0.0 0.06 000 o0.p0 O
0.00| 0.03] 0.03 013 0.0p 0.28 0.00 O0pO O0O{16 0.03030 0.00| 0.47/ 0.00 0.0 041 0.03 0.p0 0j00 Q.03500.0.00| 0.00f 0.0 o0.0 006 034 o0.p0 O
0.28| 0.03] 0.03 0.0 00D 000 0.00 O0pO O0j16 Q.09030 0.09] 0.19] 0.2 0.0 0.00 0.03 0.p0 000 Q.0309 0.0.00| 0.00f 0.0 0.16 0.00 0.00 0.p0 O
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Table 1. Dependency degrees values for Lung Cdvatase(Continued)

30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 | 45 46 | 47 48 | 49 50 51 52 53 54 | 55 56 | MDA
0.00| 0.00f 0.000 0.09 0.0p 0.00 0.03 0p3 009 Q.09900.06| 000 013 0.0 006 0.06 0.p6 006 (.0806 (0.0.00| 0.03] 0.03 0.00 0.00 0.0@.19
0.88| 041 041 019 056 050 0.38 0p6 044 Q.2290053| 066/ 013 025 016 0.19 O0.p6 006 (.1330.0.25| 0.22] 024 056 0.19 0.1D.88
0.00 | 0.00f 0.000 0.09 0.0p 0.00 0.03 00 009 Q.0M900.00] 0.09] 0.03 0.0 006 0.06 O0.p6 006 (J.0806 (0.0.00| 0.03] 0.03 0.00 0.00 0.0w.13
0.00 | 0.00| 0.00f 0.0 0.0p 0.00 0.03 000 0j03 0Q.0M000.00| 0.00f 0.03 0.00 0.00 0.00 0.0 0j00 (Q.0m6 (0.0.00| 0.03] 0.03 0.00 0.00 0.0@.13
0.00| 0.13| 0.13] 0.0 0.0p 0.00 0.03 00 0j09 Q.0MO0OO0O.00| 0.00f 0.03 0.06 016 0.06 O0.p6 006 (J.0806 (0.0.00| 0.03] 0.03 0.00 0.00 0.0@.25
0.00| 0.00f 0.000 0.19 0.1p 0.00 0.03 00 003 Q.0MO0OO.00] 0.00f 0.03 0.00 0.00 0.00 0.p0 0j00 (.06 0.0.13| 0.03] 0.03 0.00 0.19 0.0@.22
0.00 | 0.00f 0.000 0.0 0.0p 0.00 0.03 00 003 Q.09900.06| 0.09] 0.03 0.06 006 0.06 0.p6 0j06 (J.08€6 (0.0.00| 0.03] 0.03 0.00 0.00 0.0@.09
0.00 | 0.00f 0.000 0.0 0.0p 0.00 0.03 0p3 009 Q.09900.06| 000 013 0.06 006 0.06 O0.p6 006 (¢.1330.0.00] 0.03] 0.03 0.00 0.00 0.0w.13
0.00 | 0.00f 0.000 0.09 0.0p 0.00 0.03 00 0j09 Q.0®M0QO0.00] 0.00f 0.03 0.06 016 0.00 0.0 000 (J.136 (0.0.00| 0.03] 0.03 0.00 0.00 0.0w.41
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A.2. Dependency degrees values for Breast CandasBa

Table 2.Dependency degrees values for Breast Cancer Dataset

At 1 At2 At3 At4 At5 At6 At7 At8 At9 MDA
0 0 0 0 0 0 9 9 0
0 0 0 0 0 0 9 0 0
0 0 0 0 0 0 9 0 0
0 0 0| 0.00292§ ( ) D 0 0.002928
0 0 0 0 0 0 9 0 0 0
0 0 0 0 0 0 0 0.00439p 0 0.004392
0 0 0 0 0 0 9 0 0 0
0 0 0 0| 0.00292¢ ) D 0 0.002928
0 0 0 0 0 0 9 o 0 0
0.121523| 0.178624 0.095168 0.061493 0.002928 03MD00.086384  0.10981  0.042460.178624

Rough clustering for cancer datasets



