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Abstract. 'The concopt of compulational theary ol peeceptions (C10),
its characteristios and Lhe relation wiily fzsy-granulanion (granalidaon)
arc explaimed Role of fgranulation te machine and Tonoan mitelhgence
and its modeling through rough-Mzzy integiation are discussed. The Sig-
wficance of rongh-Twzy synergestic integration s highlighted through
three examples, naely, vongh-Towzy case generation, rongh-fussy
c-weans and rough-fuzzy c-medoids along with the vole ol fuazy gran-
ular cotnputation. Their superiority, in terms of pafornince and com-
putation time, is llustrated for the tasks of case genceration {inining)
in targe-scale case-based reasoning syslemns, scgmeniing brain MR in-
ages, and analyzing protein scquences Dillerent quantitabive measnres
fur rough-fuzzy clusteving are explained. The offectiveness of rongh scts
in constructing an ensemble elassificr s alsoallustrated i a part of the ar-
ticle along with its perfonmance for web service classification 'The article
includes sote of the existing results published elsewhere wnder different
topics related to rongh sets and attenipts o integrate them with TP
i a umfied framoework providing a new direction ol rescarch,
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1 Introduction

Rough set theory [33] is a popular mathiematical framework for gramnlar cow-
puting. The focus of vongh st theory is on Lhe mumbignity cansed by linited
discernibility ol objects in the demain of discourse. Grannles are fonned as ob-
Jects and are drawn togecher by the thiled discernibility among them. A rongh
set represeits a set in Lerms of lower and npper approximabtions. The lower ap-
proximation containg granules thal completely belong in Lhe set and the upper
approximation contains granules that partially or completely belong in the set.
Rough set-haged techniques have been used in the fields of pattern recognition
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(25,41}, image processing [38], data mining and knowledge discovery [5,31] pro-
cess from large data sets. Recently rough sets were found to have extensive
application in dimensionality reduction [41] and knowledge encoding [2,19] par-
ticularly when the uncertainty is due to granularity in the domain of discourse.
It is also has been found to be an effective machine learning tool for designing
ensemble classifier.

Recently rough-fuzzy computing has drawn the attention of researches in ma-
chine learning community. Rough-fuzzy techniques are efficient hybrid techuiques
based on judicious integration of the principles of rough sets and fuzzy sets.
While the mermbership functions of fuzzy sets enables efficient haudling of over-
lapping classes, the concept of lower and upper approximations of rough sets
deals with uncertainty, vagueness, and ncompleteness in class definitions. Since
the rough-fuzzy approach has she capability of providing a stronger paradigm
for uncertaingy handling, it has greater promise in application domaius e.g.,
pattern recognition, image processing, dimensionality reduction, daia mining
and knowledge discovery, where fuzzy sets and rough sets are being cflectively
used. Tts effectiveness in handling large data sets {both in size and dimension)
is alse evident because of its “fuzzy granulation” characteristics. Some of the
challenges arising out of those posed by imassive data and high dimensional-
ity, nonstandard and incompleie data, knowledge discovery nsing linguistic rules
and over-fitting problems can be dealt well using soft compuiing and rough-fusy
approaches.

The World Wide Web (WWW) and bioinformatics are the two major fore-
front research areas where recent cdata mining finds significant, applications. A
detailed review explaining the state of the art and the futwre directions for web
mining research in soft computing framework is provided by Pal ot al. [21].
One may note that web mining, although condidered to be an application arca
of data mining on the stockticket WWW, damands a separate discipline of re-
search. The reason is that web mining has its own characteristic problems (e.s.,
page ranking, personalization}, because of the typical natwe of the data, cow-
ponents involved and iasks to be performed, which canuot be wsnally handled
within the conventional framework of data mining and analysis Moreover, be-
ing an interactive medivm, human interface is a key component of most web
applications.

Bioinformatics can be viewed as a discipline of using computelional methods
to make biological discoveries [1]. T3 is an interdisciplinary field mainly involv-
ing biclogy, computer science, mathematics and statistics to analyze biological
sequence data, genome content and arrangement, and (o predict the function
and structure of macromolecules. The ulfimmate goal iz to enable the discovery
of new biological ingights as well as to create a glebal perspective from which
unifying principies in biology can be derived. With the need to handle Large het-
erogeneous data sets in biclogy in a robust and compuiationally efficient manner,
soft computing, which provides machinery for handling uncertainty, learning and
adaptation with massive parallelism, and powerful scarch and imprecise reason-
ing, have recently gained the attention of researchers for their efficicut mining.
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The significance of soime of the sott compnting tools for biojuforinatics research
15 reported in different surveys {22,35].

While talking about pattern recognition and decision-making in the 2ist cen-
tury, it will remain incomplete without the mention of the Compuiutional The-
ory of Perceptions (CTFP} explained by Zadeh [44,45], which is governed by
perception-based computation. Since the bonndaries of pereeptions (e.g., per-
ception of direction, time, speed, age) are not crisply defined and the attributes
it can accept are granules, the concept of rough fuzzy compnlting scems Lo have a
significant role 1o modcling the fgranulation (e, fuzzy-granules) characteristics
of CTP. In the present article, we mention sowme of the results published else-
where 1n the areas of rough-fuzzy approach and fuszy granutar conputing with
application to Lasks like case generation. classification, clustering/seamentation
in protein sequence and web data, and integrate then with Lhe concepl, ol (-
granulation of CTP in a unitied framework; thereby showing greator promise of
its research.

The organization of this paper is as follows. Seclion 2 introduces the basic no-
tions of computational theory of perceptions and f-granulation, while Seclion 3
preseits rongh-fuzzy approach to grannlar computation, in general. Svetion 4 ex-
plains the application of rough-fuzzy pranulation in case based reasoning whoere
the problem ol case generation is considered. Sectious 5 and 6 detnomstrate the
concept of rough-fuzzy clustering aud some of the quantative measures [or eval-
uating the performance of clustering. The problem of segmenting brain MR
images is considered as an example. Scction 7 demonsirates an application of
rongh-fuzey clusiering for analyzing protein sequence lor determining hio-hases.
Seciion 8 deals with rough set theoretic ensemible classilior with application o
web services. Concluding remarks are piven in Section 4.

2 Computational Theory of Perceptions and
F-Granulation

The computoteonol theory of pocepbions (CUP) PLEASL is tuspired by the re-
markable human capability to porforn a wide varicly of physical and mental
tasks, that include recognition tasks without any wcasurements and any cawn-
putations. Typical everyday examples of such tasks are parking o cor, driving
in city traffic, cooking wmeal, nonderstanding speech, and recognizing sinilaritios.
This capability 15 due to the cracial ability of nunan brain to manipulate per-
ceptions of time, distance, force, direction, shape, color, taste, wober, intent,
likelihood, and truth, among others,

Recognition and perception are closely related. b a lindamental way, o recog-
nition process may be viewed as o sequence of decisions. Decisions are based on
information. In most realistic sehtings, decision-relevant inloriation is a mix-
ture of measurements and perceptions; e.g., the car is six year old bt looks
almest new. An essential difference beltween measurement. and  perception is
that in general, measurements are ensp, while porceptions are fnzsy. In existing
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theories, perceptions are converted into measurements, but such conversions in
many cases, are infeasible, unrealistic or counterproductive. An altarmative, sug-
gested by the CTP, is to convert perceptions into propositions expressed in a
natural language, ¢.g., it is a warm day, he is very honest, it is very unlikely that
there will be a significant increase in the price of oil in the near future.

Perceptions are intrinsically imprecise. More specifically, perceptions ave -
granmular, that is, both fuzay and granular, with a grawule being a clump of
elements of a class that are drawn together by indistinguishability, similarity,
proximity or functionality. For example, a perception of height can e deseribed
as very tall, tall, middle, short, with very tall, tall, and so on coustituting the
granules of the variable *height'. F-granularity of perceptions reflects the Auite
ability of sensory ovgans and, ultimately, the brain, to resolve detail and store in-
formation. In effect, fgranulation is a human way ol achieving data compression.
It may be mentioned here that althougl iformuation grannlalion i which the
gramues are crisp, Le., fgranalay, plays key roles e both Innnan and maclhine
intelligence, it fails to reflect ihie fact thab, in mnch, perlups wost, ol huien
reasouing aud coucept fonuation the gravules are fuszy (Fgranalar) rather than
crisp. In this respect, generality increases as the mformation ranges (o sing ular
{age: 22 yrs}, cgranular (age: 20-30 yus) to Fgramdar {age: “young” ). i means
CTP has, in principle, higher degree of gencrality than qualitabive reasoning and
qualitative process theory in AT [12.40]. The types ol probiems that {all wder
the scope of CTP typically include: perception based hinction modeling, peree)r-
tion based system modeling, percepiion based tive series analysis, solution of
perceplion based equations, and computalion with perception based probabili-
ties where pereeptions are doscribod as a collection of dilferent, linguistic 4f-fhen
rules. .

F-granularity of perceptions puls them well beyond Uhe wcaning reprosent a-
tion capabilitics of predicate logic and othier available mcaning representalion
methods [44]. In CTP, meaning representation is based on the wse of so called
constraint-centered semandics, and reasoning, with pereeptions is careied out hy
goal-directed propagation of generalized constrints, Lu thig wiy, the CFT ads
to existing theories the capahility to operate on and reason with pereeption-
based information.

This capability is alveady provided, to an extent, by fuzey logic and, o pur-
ticular, by the concept of a lnguistic variable and the calculus of vay i-then
rules. The CTP extends this capability wuele further and in new directions. o
application to pattero recognition and data mining, the CTF opens the door (o
a much wider amd iore systewatic use of nabwral languages in the deseription
of patterns, classes, perceptions and methads of recognilion, organization, il
knowledge discovery. Upgrading a scarch engine to a question- answering systei
5 another prospective candidate in web mining, for CTD applicalion. However,
one may note that dealing with perception-hased infornation is more complex
aid wore effort-intensive than dealing with measurenment-hased inforuation, and
this complexity is the price that has to be paid to achicve superiority.
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3 Granular Computation and Rough-Fuzzy Approach

Rough set theory [33] provides an effective means for analysis of data by svu-
thesizing or constructing approximatbious (upper and lower) of sel. concepts from
the acquired data. The key notions here are those of “indormation grannle”™ agud
“redicets”. Information granule formalizes the concept of Bnite precision repre-
sentation of objects in real life siiualion, and reducts represent the core of an
inforination system (both in terins of objects and fealures) in a granidar uni-
verse. Grenular commputfing {Gre) refers to that domain where computation ad
operations are performed on information granules {chungy of shnilar objects or
points). Thercfore, it leads 1o ave hoth data cotnpression and gain in compita-
tion time, and finds wide applications [29]. Au iuportant use of rough set theory
and gravular computing in data mining has heen in gonerating logical rules for
classification and association [33]. These Togical rules covrespond to dilferent in-
portant regious of a featwre space. which represent data elnsters roughly. 1For
example, given the objeel region in Figure 1) rough sel theavy can, whcether
supervised or nusupervised, extiact bhe vule Fap A Faag (e Tfeadare £ 18 N
AND fealure 7, is M} Lo encode Lhe objecl vegion, 'Vhis rode, which vepresends
the rectangle (shown by Lold line), provides a crude deseription of {he ohjecel or
region.

ohject region

I A

B ~ _
4 &
- ( _ !
- ](H' s Rough sl cule
T — Fin A Fay
| N T
L | J_____‘_ *—Lb
Lo Mo H B

Fig. 1. Bongh seu theoretio vales for an object

D wiany situations, when a problem involves incomplele, uncertain and vague
information, it may be ditficnll to differentiale distinet elements aud one s foreed
to cousider grandes. On the other hand, in some situations thongh detailed in-
[ormation is available, i way he sufficient to use granales i ovder to bave an
efficient and practical solution. Gratmlation is an bnportant siep i the lounan
cognition process. From amorve practical point of view, the simpheity derived
from granular compiing is usctul {for designing sealable data mining algorithins.
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There are two aspects of granular computing: one deals with formation, repre-
sentation and interpretation of granules {algorithmic aspect) while the otlier
deals with utilization of granules for problem solving (senuantic aspect). Sev-
eral approaches for granular computing have been suggested in literature in-
cluding fuzzy set theory, rough set theory, power algebras and interval analysis
[43,47]. The rough set theoretic approach is based on the principles of set ap-
proximation and provides an attractive frammeworl for knowledge encoding and
discovery.

For the past few years, rough set theory and granular computation has proven
to be another soft computing tool whicl, in various synergisiic combinalions with
fuszy logie, artificial neural networks al genetic algorithms, provides a sfronger
framework to achieve tractability, robustness, low cost selution and close resein-
bles with human like decision naking {27,29,31,46}. For example, rongh-fusgy
integration can be considered as a way of emulating the hasis lor {-granulation
in CTP, wheve perceptions have fuzgy boundaries and grannlar altribate val-
ues. Similarly, rough neural synergistic integration Lelps in extracting eride
domain knowledge in the forw of rules for describing differeni concepts/classes,
and then encoding thent as network parawcters; therehy coustituting the ini-
tial knowledge-lase network for officient learning. Siuce, in gransar compnting,
computations/operations are perforined on granules (clunp of similar objocts
or points) rather than on the individual data points, the compitation time
is greatly reduced. The results on these investigations, bolh theory and real
life applications, are being available in different journals and conference pro-
ceedings [32,42]. Sowe special issues and edited volnmes have also come out
[23,24,25]. Rough-fuzzy computing is one of the lybridization Lechnignes Uhal.
has drawn the attention ol rescarchor in recent times as they promise Lo pro-
vide a much wore stronger pavadign for uncertainly handling than the indi-
viduals ones. Recenily a goneralized rongh set is defined by Sen and Pal [39)
tor nicertainty handling arnd defining rough cutropy hased on the four eriteria,
namely, (1) set is crisp and granules are cvisp, (ii) set s Mzey and grandes are
crisp, (i) set is crisp and granvles are fzsy, and {iv) set is fissy and gran-
ules are fuzzy. The Fgranudation preperty of CTP can therelore be modeled
using the rough-fuzzy computing framework with one or more of the aforesaid
criteria.

Two examples of rough fuzzy computing in case-hased reasoning and cluster-
mg are explained in the following two sections together with Lheir charactoeristic
features. In the forner case granules are fuzey and the classes are crisp, while the
cases are fuzey and granules are crisp in the latter case. Application of tough-
fuzzy clustering in bioinformatics is wentioned in Scetion 7, as an example of
amino acid sequence analysis for determining bio-bases.

4 Rough-Fuzzy Granulation and Case Based Reasoning

Case-based reasoning (CBR) [10], which is a vovel Artificial Intelligenee {(Al)
problem-solving paradigm, huvolves adaptation ol old solutions to weet new



112 S K. Pal

Fig. 2. Rough-fuzzy case generation for a two dimensional data

demaneds, explanation of new situations using old instances {called cases), and
performance of reasoning from precedence to interpret new problems. It has a
significant role to play o today’s pattern recognition dnd data mining apphi-
cations involving CTP, particularly wheu the cvidence is sparse. The signifi-
cance of soft computing to CBR, probleins has been adequately explained in a
recent book by Pal, Dillon and Yeung [26] and Pal and Shin [27]. In this sce-
tlon we give an example [28,29] of using the concept of fgranalation, through
rough-fuzzy computing, for performing an important task, namely, case genero-
fion, in large scale CBR systems,

A case may be defined as a contextualized picce of knowledge represeuting ev-
idence that teaches a lesson fundamental to achicving goals of a systow. While
case selection deals with sclecting informative prototypes from the data, case gen-
eration concerns the construction of ‘cases’ that need not necessarily include any
of the given data points. For geucrating cascs, linguistic representation ol pat-
terns is used to obtain a fuzzy granulation of the featwwe space. Rough set theory
18 used to generate dependency rules corresponding to informalive vegions in the
granulated feature space. The fuzzy mwembership functions corresponding to the
informalive regions ave stored as cases. Figure 2 shows an cxamnple of such case
generation for a two dimensional data having two classes, The granulated feature
space has 3% = 8 granules. These granules of different sizes are characterized by
three membership functions along each axis, aud have ill-defined (overlapping)
boundaries. Two dependency rules: clasg, «— Ly A Hp and class, «— Hy A Lg are
obtained using rough set theory. The fuzzy membership functions, marked bold,
corresponding to the attributes appearing in the rules for a class are stored as
its case.

Unlike the conventional case selection methods, the cases, illustrated in
Figure 2, are cluster granules and not sample points. Also, gince all the original
features may not be required to express the dependency rules, cach case involves
a reduced number of relevani features. The methodology s therefore suitable
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for mining data sets, large both in dimension and size, due to its low time
requirement in case generation as well as retrieval.

The aforesaid characteristics are demonstrated in Figures 4 and 4 [28,29]
for two real life data sets with features 10 and 649 and number of samples
586012 and 2000, respectively. Their superiority over IB3, IB4 [10] and random
case selection algorithms, in terms of classification accuracy (with one nearest
neighbor rule), case generation (fge,) and retrieval ({0 tines, and average
storage requirement (average feature) per case, are evident. The vumbers of
cases considered for comparison are 545 and 50, respectively. Recently, Li el al
reported a CBR-based classification system combining ¢ficient feature reduction
and case selection based on the concept of rough scts {13].

5 Rough-Fuzzy Clustering

Incorporaling both fuzzy and rongh sl a new clustering algovithin is desceribed
here. This method adds the concept of Mzsy wenbership of fuzsy scts, and lower
and upper approximations of rough scts inio a clustering adgoritha thai vesults
i ¢ number of chusters. While the membership of fuzzy sets enables cfficient
handling of overlapping partitions, rongh sets deal with wicertainly, vaguenoess,
and incompletencss in class definition [15]. In other words, luzziness is involved
here not in determining granules (unlike the case-based wethod of Section 4),
but in handling micertainty arising frow overlapping regicus.

Here each cluster is represented by a centroid, a crisp lower approximalion,
and a fuzzy boundary. The lower approximation influences Lhe [ugziness of o final
partition. According to the definitions of lower approximations and bhoundary of
rough scts, if an object belongs to towor a{)pl'(fxi]‘u;,113‘1011:4 of a cluster, Lhen the
ohject does not beleng to any other clusters. That is, the object is conlained in
that cluster definitely. Thus, the weiglits of the objects in lower approximalion of
a cluster should be indepeudent of other centroids and clusters, and should not

o - P - [ - ‘

Cluster B

Crisp Lower Approximation
A i) with Wi = I

Fuzzy Boundary B([})

wilth p i [0, 1

Fig. 5. Rough-fuzzy c-means: each clustor is represented by aisp lower approximations
and fuzzy boundary
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be conpled with Ueir similarity with respect Lo other controids. Also, Lhe objects
in Jower approximation of a cluster should bave shimilar influence on the corre-
sponding ceniroids and cluster. Whereas, if the objeet belongs to the boundary
of a cluster, then the objoect possibly belongs Lo that eluster and potentially
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Results on large datasets
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Fig. 7. Comparison of 4 index of HOM, FCM [3], ROM {AL, REFCMMBLE {18, and
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Fig. 8. Bowme orviginal and segmonted images of HOM, FOM [3]. RCM [14], RUCGMMBE
(18], and RFCM

belongs to another cluster. Hence, the objects in homndary regiows should have
different influences on the cenireids and clusters.

So, in the case of rough-fuzzy c-means algorithim (RFCM). the membership
values of objects in lower approxitation are 1, while those in boundary region are
the same as fuzzy c-means. In cther word, REFCM Hrst partilions the data into
two classes - lower approximation and boundary. Qnly the objects in houndary
are fumsified. The uew centroid iy caloulated hased on the weighting average of
the crisp lower approximation and fuxsy bowndary. Computation of the centroild
is modified to include the eflects of both fuzzy wmomborships and lower aned
upper bounds. In essence, Rough-Fuzzy clustering tends Lo comprmpise delween
restrictive (hard clustering} end descriptive (fuzzy clustering) partitions.

The effectiveness of the algorithun s shown, as an example, for classificalion
of Iris data sel and segmentation of brain MR images where the centroid of a



118 S.K! Pal

At st lteration

o8

0f e

st 0w

et T

04|

02

Second Highest Membership Value

P ma 1 e e
a4 of u '
Thgkest Memhersbip Value

After 20th esation
O
GO “-

[

Second Highest Membership Value

e
I R 0 1 bbb e

L L 1 . . r—

Y A 03 ' 1
[lighest Menibership Value

Fig. 9. Seatter plots of two highest mewbership values of all ihe objects in Lhe data
sel of hnage

cluster is meant for clusier mean, i, ronghi-fugay c-mcans (RFCM). The tris
data set is a fouwr-dimensional data sel containing 50 samples ol each of three
types of Iris HBowers. Oue of the three clusters (class 1) is well separated from
the other two, while classes 2 and 3 have some overlap.

The performance of other differeut c-means algorithios is shown with respect
to DB and Dwun index [3] in Fig. 4. The vesuits reported estahlish the fact that
RECM provides best resuli having lowest DB index and highest Duaon index
with lower execution fime.

For segunentation of brain MR images, 100 MR inages with difforent sizes and
16 hit gray levels are tested. Al the MR images are collected from Advanced
Medicare and Researcl: Institute (AMRE), Kolkala, India. The comparabive por-
formance of different e-ueans is shown in Pig. 7 wilh vespect to /1 index [30]. £
index is defined as the ratio of total variation to clustier variation of inlensity in
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an image. Therefore, for a given number of clusters in an image, higher F-value
is desirable.|

Some of the original images along with their segmented versions with different
c-means are shown in Fig. 8. The results explain that the RECM algorithin
produces segmented images more promising than do the conventional methods,
both visually and in ferms of J index.

[igure 9 shows the scatter plots of the highest and second highest membership
of all the objects in the data set of image at first and final iferations respectively,
considering w=0.95, (+hy = 2.0,} and ¢ = 4. The diagonal line represents the
zone where two highest memberships of objects are equal. From Fig. 9, it is
observed that though the average difference between two highest wnemberships
of the objects are very low at first iteration 4 = 0.145), they hecome uliimately
very high at the final iteration ¢ = 0.652).

6 Quantitative Measures

Iz this section we describe some quantibative indices Lo evaluate the performance
of rough-fuzzy clustering algorithm incorporating the concepts of rongh sets [15].
The o hndex is defined in (1)

where
‘ wA,
= = L
Z wA, 03, o

where

Z (o)™ =1A(5)]: and B, = Z ()™ (2}

CA(f e 3(E)

T (2) i, represents the probabilistic memboerships of object g, n cluster 7,
The parameters w and w correspond o the relative importance of the lower and
bhoundary regions, respectively.

The e index represents the average accuracy ol ¢ clusters. It is the average
of the ratio of the mumber of objects in lower approximation to that in upper
approximation of each cluster. In effect, it captiwes the average degree ol coni-
pletencss of knowledge about all clusters. A good clustering procedure should
make all ohjects as similar to their centroids as possible. The a index inercases
with an increase in similarity within a cluster. Therefore, for a given data set and
¢ value, the higher the sinmilarity values within the clusters, the higher would he
the a value. The value of o also increases with . In an extrome case when the
number of clusters is maximun, i.e., ¢ = n, the tolal number of ehjecls iu the
data set, the value of o = 1. When 4 {3,) = A {3,),¥i, that is, all the clusters
{1} are exact or definable, then we have v = 1 3. Whereas if A () = B (3,) ¥
the value of @ = 0. Thus, 0 < o < 1.
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The p index represents the average 1oughness of ¢ clusters and is defined in
(3) by subtracting the average accuracy « from 1.

-

1 wA,

=l-a=1-= —_— 3

P ¢ ; wA, + wh, @

where A, and I, are given by Equation 2. Note that the lower the value of g, the

better is the overall clusters approximations. Also, 0 < p < 1. Basically, p index

represents the average degree of incompleteness of knowledge about all clusters.
The o* iudex is defined in (4)

o = %’ where O = Zu:/l,,; and D = Z{'m/l.t + w03, } {4}

=1 =

where A, and I3; arc given by Egnadion 2, The o index represents the accu-
racy of approximalion of all chisters. IL captures the exactuess of approximate
clustering. A good clustering procedure should make the value of o® as high as
pussible. The o * index maxiinizes Lhe exactness of approximate clustering.
The 7 index s the rabio of the total mnber ol objects in lower approximations

of all clusters to the cardinality ol the universe of discourse U and is given in (5)

? .
= % where =Y [A(A; and § = (U] = (5)

“ =1

The 7 index hasically represents the quality of approximation of a clustering
algorithn.

7 Rough Fuzzy C-Medoids and Amino Acid Sequence
Analysis

I most pattern vecognition algoriths, symbolie representation of amnino acids
cannol be used direetly as npat sinee they are non-numerical vawiables. They,
therefore, need cucoding prior Lo input. In this regard, a bio-basis fuuction waps
a non-nwerical sequence space to a nuerical fealure space. Tt uses a kevnel
function Lo transfonn biological sequences to feature veciors divectly. [Bio-bases
consist. ol sections of biclogical sequences that code for a feature of interest in
the study and are responsible for the transformation of hiological data to o high-
dimensional feature space. Transformation of input dala Lo a high-dimensiona)
feature space is performed based on the similacily of an inpul sequence Lo a
bio-basis with reference to a bilological similavily matrvix. Thuas, the biologicad
coutent in the sequences can be maximally utilized for accourafe modeling. The
use of similarity matrices to map featwres allows the bic-hasis funciion to analyue
biological sequences without the vesd for cocoding.

One of the important issues for the bio-basis funclion s hiow Lo select the
mangmam seb of bio-bases with mozonwm informaelion. Here, we present an ap-
plication of the rough-uzzy clustering algorithins where the e centroids mean
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for ¢ medoids, i.e., we use rough-fuzzy ¢-medoids (RFCMdd) algorithm [16] to
select the most informative bio-bases. The objective of the RFCMdd algorithm
for selection of bic-bases is to assign all amino acid subsequences to different
clusters. Each of the clusters is represented by a bio-basis, which is the medoid
for that cluster. The process begins by randomly choosing a desired number of
subsequences as the bio-bases. The subsequences are assigned to one of the clus-
ters based on the maximum value of the similarity between the subscquence and
the bio-basis. After the assignment of all the subsequences Lo various clusters,
the new bio-bases are modified accordingly.

The performance of REFCMdd algorithm for bio-basis selection i presented
using five whole human immunodeliciency virus (HIV) protein sequences and
Cai-Chou HIV data set, which can he downloaded fromn the Natioual Center for
Biotechnology Information [20]. The performance of different c-medoids algo-
rithms such as hard c-medoids (HCMedd), luzzy c-medoids (FCMdd) [, rengh
c-medoids (RCMdd)[16], and rough-fuzzy c-medoids (RECAMdd) [16] is reported
with respeet to 4 index and v index i [16]. Some of the vesnlts (shown in Fig. 10)
establish the superiority of RFCMdd with Towest v imdex aud highest 2 index.
Here /7 index signifies the average normaltized homology aliciment scores ol apud
sub-sequences with respect to their corresponding medoids or bio-bases. 1zl is,
3, providing a weasure of homology alignmient score within a cluster, should he
as high as possible. v index, on the other hand, provides maxinuon normalized
homology aligment score between all bio-bases, aund Therefore a low value is
desivable. Note that homology alignment score hotween o pair ol lwo sequences
of amino acilds neasures the sinilarity between them in terms ol probability
of nmitation of two amino acids, as cowputed ronr 20 x 20 Dayholl mtation
matrix [4].

8 Rough Ensemble Classifier for Web Services

I the previous sections we have explained the concept of kunowledge encoding
using rough scts, rough-fuzzy approack for modeling the concepl of fgranulation
of CTP, and have showi, as an example, how fuszy granular computation pro-
vides a casc generation wmethod for decision making which is eflicient in terms of
classification performance, vetricval time and feature storage. Apart from gran-
lation, the capability of vongh sct= (in terms of lower and upper approximations)
for determining exactness in class definition for ambiguous regions is explained.
I[ts merits for both hard aud fuzey clhastoring are also illustrated for hrain image
segmentation ad determination of bio-hases from protein seguences. 1 s shown
that incorporation of rough sets wake rongh-fussy clustering fastor that fusey
clustering.

Tu the present section, we describe another application of rough sets as an
ensemble classifier with characteristic fealures. Here the prohlenn of woeb service
classification is cousidered as an example Lo demonstrate its ellicieney treugh
various experimental vesults. (The concepl may be extended Gother into rough-
fuzzy bramework considering the classes and granular fuzzy either singly or to-
gether depending on the problem donain)
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! Gamma Value of Different C-Medoids
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Fig. 10. # and v values corresponding to dillerenl e-suedoids (e, c-hinbases) ko elil-
ferent data hases -

Rough Ensemble Classifier

Tt the problem of clagsification we train a learning algoritlin and validaice the
trained algorithun This task is perlormed, wsing some wesk-train split on a given
labeled dataset. It the notion of rough set, let & be the given categorized dalased
and P =, Cp, ..., Cp wheare O, < pfori=1,23 ...k, U':‘ (O U
and Gy Gy = ford # jand 4,75 = 1,2,3,... &, be a partition on {7 which
provides the given k categories of U, Outpul of a clasgifier detennines a new
partition on . In rough set terminology each class of the given partition P is o
given concept abont dataset and outpuit ol a classitiers determines new concepts
aboul the same dataset. The given coneepla can he expressed approximalely hy
upper and lower approximalions constructed by pencrated concepls.

The rough ensentble classifier is designed Lo extract deeision vules rom frained
classifier ensenbles that perforin classification tasks [36]. The classilication
method (RSM) utilizes trained ensembles to generate a number of instances
consisting of prediction of Individual ¢lassificrs as conditional attribute values
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and actual classes as decision attribute values. Then a cecision table is con-
structed using all the instances with one instance in each row. Once the decision
table is constructed, rough set attribute reduction is performed to determine
core and minimal reducts. The classifiers corresponding to a minimal reduct are
then taken to form classifier ensemble for RSM classification system. From the
minimal reduct, the decision rules are computed by finding mapping between
decision atiribute and conditional altributes. These decision rules obtained by
rough set technique are then used to perform classification tasks. The following
theorems exist in this regard.

Theorem 1. The rough sct based combrnation of classifiers promdes an optimaol
classtfier combination techniquef36],

Theorem 2. The performance of the vough set bused ensemble classifier Is ol
least same as that of every onc of ils constituent single classificrs [36].

Some of the experimental results are shown in Fig. 11 to evaluate the perlor-
mance of REM, especially in comparison Lo other methods for combining clas-
sifiers, such as bagging, boosting, voting and slackiug. Five learning algorithns
have becn used in the base-level experiinents: tree-learning algorithm C4.5, the
rule-learning algorithim CN2, the k-uearcst neighbor (k-NN) algorithu, support
vector machine (SVM), and naive bayes method. Data scts used are Reulers [6],
20NG, webKD [7], Dmos (8], and Looksmart [9].

On each of the five text corpus, RSM as shown in Fig. 11, is found Lo per-
form better [36] than the other three classification techiniques, wamely Adahoost,
Bagging and Stacking.

o

Percentage accu: acies

20MG WebHB

Dala sels

Fig. 11. Aceuracy comparison ol rough set based ensemble classifier with other enseim-
ble classifiers on large dalascts
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Web Service Classification

The transition of the World Wide Web from a paradigm of static Web pages to
one of dynamic Welr services raises o new and challenging problen: of locating
desired web services. With the expected growth of the number of Wel services
available on the web, the need for mechanisms that enable the antomatic cate-
gorization to organize this vast amount of data, becomes important.

A major linitation of the Web services technology is that finding and com-
posing scrvices require manual effort. This becomes a serigus burden with the
increasing nuntber of Web services. Describing and organizing this vast aunount
of resonrces 15 esgential for realizing the web as an eflective information resource.
Web Service classification has bhecome an tmaportast tool for helping discovery
and integration process to organize this vast amount of data. For instance, for
categorisation in the UDDI (Universal Descriplion Discovery and lidegration)
registry, one needs to divide the publicly available Web Services inlo awmmber of
categories for the users to limit the searcl scope. Maorcover, Web Services clas-
sification helps the developer to build integiated Web Services, Traditionally,
Web Service classification is perforined wannally by domain cxperts, Howoever,
humau classification is unlikely to keep pace with the rade ol growth of the -
ber of Web Sevvices. Hence, ag the wely continues to increase, the nnportance of
anlomatic Web Service classification hecomes nocessary.

We treat the deteruination of a web services calegory as a tag-bascd text