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Abstract - The concept of classifying the records of the information system has been due to Two Way Approach [ ie, lower and upper approximations
] of Pawlak’s rough sets model. But the approximation does to take into consideration the degree of contribution of the basic categories. This
deficiency was eliminated in early nineties by Ziarko who has proposed VPRS model and later on various efforts were made in defining a new
Probabilistic Rough Set Model. In 2004, G.Ganesan et.al., have introduced the concept of classifying the records of the information system with
fuzzy decision attributes using a threshold. Later, G. Ganesan extended this algorithm for any information system with intuitionistic fuzzy decision
attributes. In this paper, we extended the work of G.Ganesan et.al., for the Probabilistic Rough Set Model to improve the efficiency of rough indices

in the information system with intuitionistic fuzzy decision attributes.
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1. INTRODUCTION

In 1982, Z. Pawlak defined a mathematical model namely Rough Sets
[6,7] which has applications in several areas, including the fields of
knowledge acquisition and discovery, information retrieval etc.
According to this theory, using either of the two ways of performing
union of Basic categories, a given input or concept can be
approximated. This limitation has been eliminated by Ziarko in 1993.
Later this model has further been extended by Bing Zhou, YY Yao,
Slezak and others.

Later, in 2005, G. Ganesan et, al., discussed the importance of
defining the threshold [3] in computing the rough fuzziness. In 2008,
G.Ganesan et.al., introduced the concept of rough classification [4] in
information systems using these threshold in any information systems
with fuzzy decision attributes. The initial approach of Naive Bayesian
Rough Set Model [10] was discussed in [9] by Slezak. Recently,
Yiyu Yao and Bing Zhou discussed the same approach. In this paper,
we extended the work of G.Ganesan et. al., on rough indexing to the
information systems with intuitionistic fuzzy [1] decision attributes
and functions with Probabilistic Naive Bayesian Rough Set Model.

2. DECISION THEORETIC AND
PROBABILISTIC ROUGH SETS

Pawlak’s rough sets theory defines two way approximations [6,7]
namely lower and upper approximations for a given input. For a
given finite universe of discourse U and an equivalence relation E,
we define the equivalence class of any xeU to

is a partition of the universe U.

For a given concept C, Pawlak defined the lower
approximation as  apr ¢ (C ) ={X eU/ [X ]E c C} and
upper approximation as

are(C)={xecU/[x]enCz}.

Some of the researchers quote this model using Three Way Approach
namely positive, negative and boundary regions which are defined as
follows:
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Positive Region: POS ¢ (C) ={x eU/[x]e c C}

Boundary: BNDg (C ) ={x eU/[x Je \C# ® A[x JezC}
Negative region: NEGe (C )={x eU/[x Je nC=a }

Since Pawlak’s model is restrictive, several researchers focused on
generalizing the approach towards parameterized rough set model,
probabilistic rough set model, Variable Precision rough set model

and generalized rough set model.

In 1994, Pawlak and Skowron [8] defined rough membership
function by considering degrees of overlap between equivalence
classes and a concept C to be approximated and is viewed as the
conditional probability of an object belongs to C given that the

object is in [x] (for simplicity, we denote [x]g with [X])
which is given as py (c/ \=le Al

|

AT £

Using the definition quoted above, in [10], the positive, boundary and
negative regions are defined as follows:

POS(C) ={x € U/PT (C/[x]) .
BND(C) = xe U/O < Pr(C/[x]) <1

NEG(C) ={x € U/Pr (C/[ ]) o
X

In 2009, Greco et.al [5] discussed the parameterized rough set model
by generalizing the above said definitions. In this model, two
thresholds namely o and B are used to define the probabilistic regions
and the positive, boundary and negative regions are modified as



follows:

POS(a,B) (C) = {x € U/Pr (C/[x]) .

BND(a,B)(C) =< xe U/ﬁ “pr (C/ ) <a
[x]

NEG(a,B)(C) ={xeU /Pr ( C/[x]) <5

These Probabilistic regions will lead three way decisions namely
acceptance, deferment and rejection respectively for any object x in
U. But, however, in several cases, it is easy to compute the
probability of the existence of a category [x] for a given concept C

g () - 2

Hence, by Baye’s Theorem, the Positive, Boundary and Negative
Regions are given by

NEGl (@ = sV [ 4
lOgT
( Pr(™Yce) )

C
where «a'=log Pr(C )+Iog a

Pr(C) 1
and  4'=log Prc) log £
Pr(C) 1-p

Now, Now, we shall discuss the conventional approach on dealing
the intuitionistic fuzzy sets to approximate under rough computing,
which was discussed in [2]

3. ANALYSIS OF INTUITIONISTIC FUZZY SET
USING A THRESHOLD
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Consider a set D, called IFR-domain [2], satisfying the following
properties:

a) Dc(0,1)

b) If a intuitionistic fuzzy concept C is
under computation, eliminate the values

ucc (x) and ncc(x) Vv xeU from the domain D,

if they exist, where puc and nc represent the
corresponding membership  and non-
membership grades respectively in the set C

with the property that 0< uc + nc <1.
c) After the computation using C, the values
removed in (b) may be included in D provided
C must not involve in further computation

Consider the universe of discourse U={x1,X2,...,xn}. Let a,a1,02,, B

1 and B be the thresholds assume one of the values from the domain
D, where D is constructed using the intuitionistic fuzzy concepts A
and B.

For a given thresholds and with + <1 and a intuitionistic fuzzy set A,
the Strong (a,B)-Cut is given by Ale, Sl ={x €U/ up (x) > e and
A (X) < S} ,
Further, in this paper, we use the concept of hedges [11] which were
introduced by Zadeh [12] with a modification for including non
membership grade.

Hedges are commonly used in fuzzy logic to emphasize the grade of
membership of any argument. Here, we use the hedge to both
membership and non membership values.

For example, for the linguistic variable ‘low’ with the membership
function o and non membership B, the hedges ‘very’ and ’very very’
emphasis the efficiency of the variable with the corresponding
membershif values o and o respectively and the non membership

1. 1/4 - .
values B~ and B~ respectively. They are called concentration,
whereas the hedges ‘slightly” and ‘more slightly’ dilutes the
efficiency of the linguistic variables with the correspondin
. 1/2 1/4 .

membership values o=~ and o~ * and the non membership values 3

and 134. They are called dilation.

3.1 Rough Approximations on intuitionistic fuzzy sets using
o, B

Let ¥ be any partition of U, say {B1,By,...,Bt}. For the given

intuitionistic fuzzy concept, the lower and upper approximations with

respect to o can be defined as

@p)C= (Cl[e, A]) and @Be= (Cla, ) respectively.

4. NAIVE BAYESIAN PROBABILISTIC ROUGH SETS
MODEL FOR AN INUITIONISTIC FUZZY
CONCEPT

Since, in the above both sections, the same thresholds o and B are
used, hereafter, we use (8,y) cuts on intuitionistic fuzzy sets.

Hence, for a given intuitionistic fuzzy concept F with the thresholds &
and vy, the probabilistic ﬁosmve, boundary and ne%atlve regions are
respectively defined on the approximation space U/E as



POS(s,)(F) = {xelU =1

BNDs,y(F) ={x eV \ <1

NEGs,)(F) = {xeV / =0
| FI6

For given parameters o and B,xwe regions of the

parameterized rough sets model are given by

POS(qp,5,)(F) = {xe u ( >a
FI8,7] \
i i /

BND (4 5,5 (F)

NEG(yp,5,)(F) = {xeV <pB

and the regions of Naive Bayesian Rough Sets Model are

given by

\

=JxeU <a
{ /B<Pr(p[5'y]/[x]) }

F[6,
pri
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B, = Y ,
POS(a B ,5‘},)(1:) =4XE€ PT([X]/F[(S)/]) =

[x]
P r( /(F[&y])f)

(
B, = Y ,
BND¢y' g7 5,9 (F) %xe Pr(®Yers ) =
U o)

log

B "T( /(F[&y])f)

(
[
B
NEGE, 5 5., (F) = ix € U/

log ——"—
P ’([x]/ (F[&y])f)

Cc
where a'=log Mﬂog —z
Pr(C) l-a

Pr(C®) B

and B'=log Pr(C) +log 1 -2

5. ROUGH INDICES

Algorithm Naive Bayesian_ rough index (x,A,a.,,3,y)
//Algorithm returns Naive Bayesian_rough index of x

1. Letx_index be an integer initialized to O
Pick the equivalence class K containing x.
3. If pa(y)=0 and ya(y)=1 for all yeK
x_index=-M goto 7
4. If pa(x)=1 and ya(y)=0 for all yeK
x_index=M goto 7
5. compute POS®(> >, 5.1)(A), and NEG B (o0 g 5.) (A)
6. Ifxe POS (o8 5,)(A)

L

Begin

x_index=M

while (xe POS® (o . 57)

(A)) begin
3=dil(3) /ldilation of &
y=dil(y) /ldilation of y

X_index=x_index+1 compute POSB((X,,B,, sy)(A)
end
end
end
else if xe NEG® (2 >, 5.1)(A) begin
X_index=-M
while (xe NEG®(> 7. 5.)(A)) begin
d=con(d) //concentration of &

y=con(y) //Concentration of y
x_index=x_index-1



compute NEGB(MB’, s1)(A)
end
end
end
else

a? + B == ResR B RE=8; 012107y
\6\/ehgii|§ (xe(POS™ (o, 11,01)(A)UNEG (o B, 72,02)(A)))
n1=Con(ny); 61=Con(07);
no=dil(n2); 02=dil(82);
X_index=x_index+1 end
if xe POS® (40 . r1,01)(A) X_index= -
X_index
end
7. return x_index

6. NAIVE BAYESIAN INDEXING IN  INFORMATION
SYSTEM WITH INTUITIONISTIC FUZZY DECISION
ATTRIBUTES

Consider an information system given by T=(U, A, C, D), where U
is the universe of discourse, A is a set of primitive attributes, C and
D are the subsets of A called condition and decision features
respectively [C and D may not exist in a few of the information
systems].

Let C={aj,az...,an} and D= {di,ds,...,ds} with the records
U={X1,X2,...,Xm}. For any index key ‘a’ in C, the

indiscernibility relation is given by Xj =~z X j (read as x; is
related to xj with respect to ax) if and only if ax(xj)=a(x;j). Clearly,
this indiscernibility relation partitions the universe of discourse U.

However, the procedure of selecting the appropriate minimal
attributes [reducts] for effectiveness is not discussed in this paper.

For example, consider the decision table with C={ab,c,d}
and D={E}.
b c

X1 1 0 2 1 1

X2 1 0 2 0 1

X3 1 2 0 0

X4 1 2 2 1 0

X5 2 1 0 0 2

Xs 2 1 1 0 2

X7 2 1 2 1 1

Let us consider the index key as ‘c’. As x1,X2,X4,X7 have the values 2;
x3,X5 have the values 0 and xg has the value 1. Hence, the partition on
U with respect to ¢ can be defined as {{x1,x2,X4,X7}.{X3,X5},{X6}}.
However, in real time systems we can find several information
systems with fuzzy or intuitionistic fuzzy decision attributes. The
Naive Bayesian rough indices algorithm discussed earlier can be
applied for any information system with intuitionistic fuzzy decision
attributes.
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7. EXPERIMENTAL ANALYSIS

Consider data table with C={a,b,c,d} and D={E} where E is of
intuitionistic fuzzy natured.

a c d HE(XD)  ME(Xi)
X1 1 0 2 1 0.45 0.54
X2 1 0 2 0 0.7 0.2
X3 1 2 0 0 0.65 0.3
X4 1 2 2 1 0.1 0.6
X5 2 1 0 0 0.91 0.03
Xg 2 1 1 0 0.6 0.31
X7 2 1 2 1 0.35 0.6

On considering ‘c’ as the index key, the partition obtained is
{{x1.x2, x4, x7}{x3,x5},{x6}}. Let 6=0.5 and y=0.39. Here,
E[3,v]={x2.X3.X5,X6}-
Let a’=0.999 and 3°=0. Choose the element x1.
Here, x1ePOS(E) where POS represents the Positive region as
quoted in the algorithm and hence, initially x_index will be assigned
M. On applying the dilation on & and vy, we obtain =0.7071 and
y=0.1541, and hence E[8,y]={xs}. As x1£POS(E), the algorithm
returns the index of x1 to be M+1

8. CONCLUSION

In this paper, by using the concept of Naive Bayesian rough sets the
approach of indexing the records of the information system is dealt.
These rough indices are useful to analyze and index a database when
the intuitionistic fuzzy information about the entire key values is
obtained.
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