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Abstract:Feature selection is a crucial problem
need to be effectively solved in knowledge discovery
in databases because of two basic reasons: to
minimize cost and to accurately classify data.
Feature selection using rough set theory also called
attribute reduction have attracted much attention
from researchers and many results are gained.
However, attribute reduction in dynamic databases
is still in the first stage. This paper focus on develop
incremental methods and algorithms to derive
reducts hiring a distance measure when adding,
deleting or updating objects. Since not re-implement
the algorithms on the varied universal set, our
algorithms significantly reduce the complexity of

implementation time.
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1. INTRODUCTION

Feature selection is a common technique in the
data mining process of knowledge discovery in
databases (KDD). Rough set theory by professor
Zdzislaw Pawlak in 1982 right after itsstart-up has
been regconized as a mathematical tool for data
analysis. In the field of KDD, rough sets have
numbers of applications such as discretization,
feature selection, data reduction. Feature selection or
attribute
appropriate subset of attributes that can preserve the

reduction means to determine an
ability to classify the set of objects. The subset is
called a reduct.

In recent years, there are rapid growth of interests
to attribute reduction based on rough set. Many
advanced techniques have been proposed and the
common points of those methods are to give a
definition of reduct and a heuristic algorithm for
finding the best reduct with criteria is classification
quality of features (also
significance). In the works [4 , 11], the authors

referred to as feature
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summarized and categorized feature reduction
methods in decision tables into three groups: (1)
region method (including
reduction methods based on positive region); (2)
Shannon entropy method (including the method
using Shannon’s entropy and method using
relational algebra); (3) Liang entropy method
(including the methods wusing Liang entropy,
methods using information entropy and methods
using discernibility matrix). In the context of static
database, those techniches are quite
However, the number of researches on dynamic
databases is still modest.

Positive attribute

rational.

In the real world, data usually is updated and
changed with time. It can vary from adding or
deleting objects or features to updating existing
objects. As a natural solution, users can
carryrepeatedly the exist algorithms to finding new
reducts. As a resultthe time spent for re-
computation is quite huge, especcially when the
number of objects being added, deleted or updated
is large.

Recent researches on incremental methods to find
reducts on dynamic decision tables have employed
different measures. In [2, 3, 12], authors used
positive region and discernibility matrix when
adding new objects. In [6, 9], authors constructed
formulas for three entropies (Shannon’s entropy,
Liang entropy and combination entropy) when
adding or deleting objects. In [10], using entropy
method, an attribute reduction algorithm is proposed
for decision tables in case an object is updated.
However, proposed formulas are quite complex and
the methods mentioned above have not yet
completely dealt with dynamic decision tables. To
deal with the variation of the decision tables and
complex formulas, we use distance measure — a
major classic approach to understand the different



between two objects in many fields, such as algebra,
geometry, set theory, ...

Some distance measures were hiring to construct
algorithms for finding reduct such as in [7], author
used Jaccard distance. In [16], authors used a variant
of Jaccard distance to work out the reduct and
proved that their methods belong to the group of
Liang entropy methods. However, these reasearches
are not completely different from entropy methods -
in [16] authors proved that the metric used in their
algorithms is equal tothe Liang conditional entropy
[5] — and for the case of updating objects, these
methods are not yet to deal with.

Here in this paper, we employ a different distance
measure and gain advantages of better complexity as
well as simplicity and understandability of the
formulas in the algorithms.Even better, we prove
that our method is in Shanon’s entropy group and as
in [4] the authors pointed out that reducts finding in
this group are better in terms of the number of
attributes than the reducts finding by Liang entropy
methods.

Using the metricsuggested by authors in [7], we
first work out the incremental formulas to derive the
metric from the original one. Then we propose two
incremental algorithms for finding reducts of
decision tables in cases of adding, deletting and
updating objects. Our algorithms are theoretically
proved better in terms of computing complexity in
comparison to the case of re-implement the
algorithms for the varied object set. More over, the
formulas using in algorithms are not too complex as
they are in other techniques.

This paper is organized as follows. Basic concepts
of rough set theory and attribute reduction are
recalled in section 2. Section 3 presents the attribute
reduction method based on distance measure in [7].
In section 4, we work out the incremental formulas
for the new metric after one object is added, deleted
from the object set. Also in the section, base on the
metric we propose algorithms for finding
reduct.Similarly, in section 5 we proposed the
mechanism for update the metric in case one objetc
is updated and the algorithm for finding the reduct.
The conclusion of the paper and further researches
are presented in section 6.
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2. PRELIMINARY KNOWLEDGE ON
ROUGH SETSAND ATTRIBUTE REDUCTION

In this section we summary some basic concepts
in rough set theory [8] and an overview of rough set
based methods for attribute reduction in decision
tables.

An information system is a couple IS = (U, 4)
where U is a finite nonempty set of objects and A4 is
a finite nonempty set of features. Each a e A
determines a map a:U — V, where V, is the value

set of a.

Given an information system IS = (U,A), each
P c A determines an equivalence relation:

IND(P)={(u,v)eUxU|vaeP,a(u)=a(v)}

IND(P) defines a partition of U. Let
U/IND(P) or briefly U/P denotes a family of all
equivalence classes of the relation IND(P) and [u]p =
{ve U] (uv) € INDP)}. Then, U/P = {[ulp | u €
U}.

Given an information system IS = (U,A), Bc 4

anngU.gX:{ueU‘[u]B gX}and

BX = {u € U‘[M]B NX # @} are respectively called

lower approximation and upper approximation of X
respect to B.

A decision table is an information system (U, A),
where A includes two separate subsets: condition
attribute subset C and decision attribute subset D. So
that, a table DS =(U,CuD)where

CnD=0

decision

Let DS =(U,CuD)be a decision table, denote D;

as an equivalence class of partition U/D, then U/D
={D;}. POS,.(D)= U (QD[)is called C-Positive
D.eU/D

region of D. One can easily obtain that POS.(D)is

a set of objects belonging to U which are partitioned
by IND(C) right into decision classes of U/D. A
decision table DS is consistent if and only if
POS,.(D) =U ;other wise, itis inconsistent.
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In an information system, not all the features are
necessary for recognization or classification. The
concept of attribute reduction was first introduced
by Z.Pawlak in [8], [15] which target to eliminate
irrelevant or redundant features in such that the
discernible ability of the attribute set is preserved.
The remain feature set after elimination is called a
reduct.

Given an information system IS = (U, A), BC A is
a reduct of IS if it satisfies two folowing conditions:

1) UB=UA
2) Ya€B,U/(B—{a}) # U/B

There are usually more than one reduct in an
information system, the intersection of all the
reducts is called the core.

In the next section, we briefly present the attribute
reduction method based on the metric in [7]. The
method is proved that it belongs to Shannon entropy
method group.

3. METRIC BASED ATTRIBUTE
REDUCTON

Given a decision table DS=(U,CUD), for
each PcC, K(P):{[ul.]P|ul. eU}is called a
knowledge of P on U [8]. K(P) includes |U|

elements where each one is a class in U / P, also
referred as a knowledge granule. Let denote family
of all knowledges on U by K(U)

U/C={C,C,....C,} U/D={D,,D,,...D,} For any

and

K(P),K(Q)eK(U), the metric  between
K(P),K(Q)eK(U)is defined as folow
Definition 3.1
n m
D;nC|?
d(K(O),K(CUD) =1= Din Gl
e £ 1197

Based on the metric, the author in [7] proposed a
metric based attribute reduction method. The
method consists of steps: Define a reduct based on
the distance;Definethesignificance of an attribute
based on the distance and constructthe attribute
reduction algorithm to find the best reduct.
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3.2. Given decision table

DS=(U,CuD),RcC.1If

Definition a

1) d(K(R),K(R U D)) =d(K(C),K(C uD));

2)vr € R, d(K(R—{r}),K(R — {r}uD)) #
d(K(C),K(C u D));
then R is a reduct of C based on metric. This

reduct is proved equivalence to the reduct based on
Shannon entropy.

table
The

Definition 3.3.
DS=(U,CuUD)s;

Given a decision
BcC and beC-B.

significance of b is defined by
SIGz(b) = d(K(B),K(B U D))
—d(K(B U {b}),K(B U {b}
uD))

It is easy to see that S/G,(b)20andSIG,(D)is
caculated by the changed amount of the distance
between B and g {p} and the greater SIG, (b)is,

the greater changed amount is or the more
significant b is and via versa. This significance is
the attribute selection criteria of the heuristic
algorithm for finding reducts of decision tables.

Algorithm 3.1. Heuristic algorithm for finding a
reduct based on metric

Input: Decision table DS =(U,CuUD).

Output: The best reduct R .

//Finding the core set CORE(C);

1. CORE(C) = @;

2.ForceC

3. Ifd(K(C — {c},K(C — {c}u D)) # d(K(C),K(C U D))
then CORE (C):= CORE (C)u{c};

//Finding the reduct R based on metric

4. R=CORE(C);

5. While d(K(R),K(RUD)) # d(K(C),K(C U
D)o

6. Begin



7.For a e C—R calculate SIG, (a);
8. Select a, € C—R such that

SIG, (a,,) = Max{SIG,(a)}:

acC-R

9. R=R\U{a,};
10. End;
11. Return R ;

Given a decision table DS= (U,Cu{d})

(suppose that decision set D includes only one
element D={d}), according to [13], the time

complexity (hereinafter referred to as complexity)
for getting condition partition U / C'is 0(‘U |c ),
so that the complexity for computing the metric

d(K(C), K(C u{dD)is

of e+ $03:c,|-ofplclsr) ad th
=l =l

complexity for computing the core set CORE(C)
from instructions 1 to 3 of algorithm 3.1 is
o(cl{jvllcl+uF)) = oicf [ul+[cljuF). The

complexity for computing the reduct from

instructions 4 to 9 is 0(‘@2 \U\ +‘cHu‘2). Hence, the
complexity of algorithm 3.1 is O (\c\z U] +|C] \U\z) .

In case of dynamic decision tables, algorithm 3.1
could be re-implemented to get reducts. However,
here in section 4 and section 5 we propose
incremental algorithms which use calculated metric
before the decision table be changed to work out the
new reducts. We prove in theory that our algorithms
arebetterthanre-implement
complexity for computing.

algorithm 3.1 in

4. PROPOSED ALGORITHMS FOR
FINDING THE REDUCT BASED ON METRIC
WHEN ADDING OR DETETING ONE
OBJECT

The main points of our algorithms are to derive
the metric after object set varied from the original
one without re-calculating it. At first, we consider
the case that only one object is added or deleted. If
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multi objects

implement the algorithms.

are varied we can repeatedly

4.1 Incremental formula for metric when adding
one object

Given a decision table DS =(U ,C UD),
Bc CDenote U/B={X,X,,.X,}
U/D=1{Y,Y,,...Y }. The metric between two
knowledges K(B) and K(BUD) on U is

d(K(B),K(B u D)).

and

Proposition 4.1. Suppose that object x is added
to U, the metric between K(B) and K(B UD)

on U is dy(K(B),K(B U D)). Then one can

obtain:

) Ifx €X; foranyi=1.m and x & Yfor
any j= 1..n then

dy o (K(B),K(B U D))

1
T Ul+1 (1
—|Ul.dy(K(B),K(B uD)))

2) Ifx&X; foranyi=1.mand x €Y, for
q <n then

dy ey (K(B),K(B U D))

- m(lUl.dU(K(B),K(B

U D)))

3) If xe X, for p<m and x €Y} for anyj =

1..n then

dy i (K(B),K(B U D))
1 - 1
Clul+1 | X

+|U|.dy(K(B),K(B U D)))

4) If X€X for p<m and X€Y, for qg<n
then
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dy o (K(B),K(B U D))

1
= 0TF1 |Ul.dy(K(B),K(B

21X, Y, +1
X, + 1

Py et )
j=1 (|Xp| + 1)|Xp|

uD)) -

Proof.

1) Suppose that Xm+1={x} and Y,

We have
dU u{x}(K(B): K(B U D))

m+ln+1

—1_ z
|U|+1

] |‘( |
| |
=1

Xl
N |Xi nle )

1X; N Y;|?
Xl

T ul+ 1(1 - |U|-du(K(B),K(BuD)))

2) Suppose that Xpn1={x} and xeY,

We have:
dy U{X}(K(B),K(B uD))

m+1l n

—1- Z
|U|+1

IX;nY
|X|

={x}.

for q <n.
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1X; NY;|?
|X;

|U|+1 ii

i=1j=1

Z [Xm+1 N Y|
£y o]

=——|U]|.dy(K(B),K(BUD

o1 (U1 du (K B),K (B U D))

3) Suppose that X€X, for p<m and
Y,M:{x}.Wehave:

dUu{X}(K(B) K(BUD)) =

n+1|XL”Y1|
|u|+1 =121 gy
iip{ Ny
IUI+1 |X;1
i=1j=1
m
Z|X N Ypiql?
& Xl
iip{ nY|2 1
|U|+1 = |xp|
L (-2 +|Ul.dy(K(B),K(B U D))
T Ul +1 1X,| U ’

4) Suppose that X € Xp for p<m and X € Y;
for ¢ <n.We have:

dy g (K(B),K(B U D))
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Proof. We have

1 Z o [X; N Y2 Z|(x L u{d)ny? dy i (K(B),K(B U D))
UT+1 Xl %]+ 1 =1
#Pﬁtq 1==q /
AR IICARED] 1 | o Xy
[Xp| +1 -1 ZS. X
=1 j=1
D jq
m
1X; 0 (Y — {xDI?
1 [Ny = 1Xil
SRR TE 190 e
i=1 j=1 ‘ - (X, — {x}) nY;|?
2lx,nY,|+1 4 |x,| -1
|Xp|+1 j#q
X, 0 G = &) 0 ¥y = BHI°
_Z|X|(|X|+1) [%p| — 1
=——-1I\ |Ul.dy(K(B),K(BUD
U1\ 1U-du(K(B), KB U D))
22X, nyl+1 . 1 i S X NY2 <o X N Y
[ Xp| + 1 [UT-1 Xl L 1Kl
+i X 0¥ Pz
-~ J n 2
2,0%, |+ DI X O K0
=1 |Xp|_1 |Xp|_ 1
j#q
4.2. Incremental formula for metric when (lXpanl_ 1)?
deleting one object |Xp| -1

Proposition 4.2. Let x €U is the object to be
deleted from U. Suppose that xeX, for p <m and
xeY, forq<n. We denote dy (K(B),K(BU

D))as the metric between knowledges K (B) and 1
) ges K(B) = ——| 1v1d,(kK(®), k(B UD)) -1

K (Bu D) on U. One can obtain: |U| —1
dy —x}(K(B),K(B U D)) Zn: X, NY;|?
_ m(lUldU(K(B),K(B / _|§|z;l(|il | 1)
U D)) - 4) _ |X|p_1q)
p
Where A = 1 + — |2|:|””1y‘7 + I 1%

31
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Ul -1
—A)

(IUldy(K(B),K(B U D))

1-2|XpNnYy|

|Xp|-1

2
n |XpﬂYj|

Where A =1+ P
=1 x| (| xp-1)

+2
4.3. Algorithms for finding reduct when adding or
deleting one object

At first, we construct an incremental algorithm for
finding the reduct after adding a new object. Here
proposition 4.3 is the fundamentals for constructing
the algorithm.

4.3.Given decision  table

DS=(U,CUD), Bc C is a reduct of DS based

Proposition a

on metric and x is the new one added to U. Let
U/B={X,,X,,..X,}. Then one can obtain:

1) xgX, for any j=l.m  then

If
dy g (K(B),K(BUD)) =dy (K(C).K(CuD))
) IfxeX, for p<m then

dyupg(K(B),K(B U D))
# dyupy(K(C),K(C U D))

Proof.Proposition 4.3can be directly drawn from
proposition 4.1 and definition 3.1 of a reduct based
on metric.

Proposition 4.3 shows that if x does not belong to
any equivalence class in y/p then the metric

dyo (K(B),K(BuD))= dy (K(C).K(CuD))
, 1.e the reduct is unchanged. From that, we
construct the incremental algorithm for finding
reduct as follow:

Algorithm 4.1. The incremental algorithm for
finding reduct based on metric when adding a new
object.

Input: Decision table DS = (U ,C UD) , reduct

R, on U and new object x.

Output: Reduct R, | . on Uu{x}.

{
R=R,

1. Assign calculate

26

U/R=1{X,X,,..X,}.

X

21t x€ X, X, €U/ R then

3. Begin

4. While
dyo (K(R),K (RO D)) #dy ., (K (C).K(C D))
do

5. Begin

6. For a e C- R calculate SIG, (a) according to the
incremental formular in

Proposition 4.1

7. Select a, € C—R such that

SIG, (a,,)= Max {SIG, (a)};
8. R=RU{a,}’
9. End;
10.  End;
11. For aeR do
12.  Begin
13. Calculate
oy (K (R={a}). K (R~ {a}) v D)):
14. If
dy (K(R—{a}),K((R—{a}) uD)) =dy 1 (K(R).K(RUD))

then R =R—{a};

15. End

16. Return R.

Similar to the case of adding one new object, the
fundamentals for constructing an algorithm for
finding reducts when deleting one object is
proposition 4.4.

4.4.Given decision  table

DS =(U,CUD), B c Cis a reduct of DS based
on metric and xeU . Let U/B={X,X,,..X },

then we have:

Proposition a

dy ,(K(B),K(BUD))#d, ,(K(C),K(CUD))

It is easy to see that the algorithm for
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finding reducts in this case is worked out as the
same way to algorithm 4.1.

dy(K(B),K(BuD))

=dy(K(B),K(BUD
4.4. Advantages of proposed algorithms U( (B), K( ))

According to [13], the complexity for calculating 1 2|X nr. | +1

partition U /Cis O( ), so that the complexity |U| |Xp| -1

of the incremental formula for calculating metric in ” 1X, NY; |2

proposition 4.1 is v 11 v N
) |Xp|(1 - |Xp|)

(\CHUHm\C\+\U\+‘XﬁHYq‘):O(\CHUH‘XpHYqb
. The complexity of the loop While from 7 to 12 is

0(‘C‘(‘CHU‘+‘XFHYCI‘)) The complexity of the loop 2 Ifx’ eX, r<mandx’gY, Vj=1, ..,n then,

For from 15 to 19 is 0(‘C‘(‘CHU‘+‘X})HY‘,‘)) So that, dN(K(B),K(B U D)) = dU(K(B),K(B U D))

the  complexity  of algorithm 4.1 is L < 1
o(|cf U] +c|, ||t,]) - Obviously.  |x,[|7;] is much [UI\IX,] + 1
2 1- 2|Xp n Yq|
less than ‘U ‘ so we can say the complexity of |X|——1>
algorithm 4.1 is much less than algorithm 3.1 (the
original one). z < X, NY,
o] X1 (X, |
5. ALGORITHM FOR FINDING REDUCT
BASED ON METRIC WHEN UPDATING IXT nY;|?
ONE OBJECT 1X- 101X, + 1))

5.1 Incremental formula for metric when updating

one object. )
NIlfx'gX, Vi=1,.. mand x €Y, s <nthen,

Given a decision table DS=(U,CUD), d (K(B) K(BUD))
N )

BcC, U/B={X,X,,.X } and :dU(K(B),K(BUD))
U/D=1{Y,Y,,...Y }. The metric between two
1 1-2|x,nY,|
knowledges K(B) and K(BUD) on U is + ﬁ |Xp|——1
dy(K(B),K(B U D)).
Proposition 5.1.Suppose that object xe U is z X, 0 Y )
updated to x’ andx e X, xe Y, (p <m; ¢ < n. Name |X |(|X | -1

the metric between knowledges K (B) and

K(BUD) on {U -ix}} v X} s 4)Ifx’eX,, r<m and x’€Y,, s <n then,
dy(K(B),K(B U D)). Then the new metric can be
obtained from dy (K (B), K(B U D))as following:

D ifx'eX, Vi=1, ... mandx’eY, Vj=1 ...n
then,

33
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dy(K(B),K(Bu D))
= dy(K(B),K(BU D))

L1 1-2|x,NnY,|
U |Xp|_1
1+ 2|X, NnY

X, | +1
n

+Z< X, N Y2
S\IX, (%[ - D

| X, N Y;|?

)

T AITCAESY

Proof.

1) Since x’¢ X;, Vi=1,..., mand xX’¢Y;, Vj =
1,.., n partitions of updated U on B and D can be
presented as follows:

(U -ix}}AX /B = {X), X,
KXoy X1 ={x}}

(U -{x}} A )/D = {Y), 1,
Yo Yo={x"}}

Then we have

s )(p_{x}x )(p‘*-[

dy(K(B),K(BuD))
=1

m+1n+1

2.

i=1 j=1

1

|X; nY;]?
|U|

|X;

veey Yq—{x}, K]+1, veey

26

m n

2.

i=1j=1
I#D j#q

1

1X; nY;|?
|U|

| X; ]

X0 (Y, — ()
[X;|

i=1
i#+p
m !

1X; n {x'DI?
= 1Xi
i#+p
n

(X, —{x}) nY;|?
|Xp| -1

j=1
J#q
_Jog—&nnoz—wnﬁ
|Xp| -1
J%—mhww
|Xp| -1
1{x'} 0 (Y, — (xDI?
{x'}]
[{x'} 0 {x'}|?
TS

Because for anyi=1 ..., m and i # p we have

2 2
m 1 Xin(¥g—{x})| m |XinYg|
Xin, SO Zi:1q—: izl—q. For
= [X:l ; [X:l
14 l#p
IXin{xrPI® _

anyi=1, .m, since x’¢X; then M.jv, 0

i?‘-’p |XI.|
|(Xp—{x})n{x}?
|Xp|-1

1 _ 2
Y, thenl® 100D
Ieg]

and

= 0. For any j =1, ..n, since
0

Note that for any j =1, .n and j # q since X ¢ Y;
so {x} NY;=¢.

Consequently, we have



dy(K(B),K(B U D))
=1

1/m

Z O X N Y2
Ul &4 Xl
i#p j#q
X N Y2

o |Xi
i#p
n
2
X, Y|
j=1 |XP|_1
Jj*q
X,NY,|—1)2
(X, nY,| = 1) 1
|Xp|_1

= dy(K(B),K(B U D))

S 2lx,nY,|+1
U] |Xp|_1

+ LT —1)
=1 1Xp1(1 — |Xp|)

Q) If x’eX,, r<mand xX¢Y;, Vj=1..n
Partitions of updated U on B and D can be presented

as follows:

(U -{x}}Ax)/B = {X), Xo ooy Xolx} Xy, oo,

XX e, X}

U\ fx )ID = 1Y), Yo, ooy YN Yoor, oo,
Yo, Yoo ={x'}}
Then we have
dy(K(B),K(BUD))
=1
1 i n+1 |Xl- n Y]|2
U\ &4 Ixil
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|Xi n (Yq - {x})lz
| X; |

i#p;i#r
m
i=1

i#p;i#r

(X, — (X)) n Y2
|Xp|_1

1X; N {x'})|?
| X; |

j=1
Jj#q
N |(Xp — {x3) N (Y, — {xDI?
|Xp| -1
|(X, — {x}) n {x'}|?
+
|Xp| -1
O (X U XD n Y2
X, U {x'}]

J#q
L&Y ') n (¢t — P2
X U {x'}]
|(X- U {x'D) n {32
X, U {x'}]
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X, NY;|?
1% 11X+ 1)
1-2|X,nY,| 1 )
|x,| — 1 X1+ 1

=dy(K(B),K(BUD))

+i<_i_
JUI\IX- [ +1
1-2|X, nY,|
W)
1X, N

|szxmx|

X, nY;|?
1% 10X+ 1)

HIxeX;, Vi=1,...,mand X’eY,, s <n We
present the new partitions as follows:

(U - Ax )/B = (X, Xo ooy X\h Xhs .,

)(m: {x,}}
({U-{x}}Ax")/D = {Y), Yo, oy YoliX), Yy,
Yuiix’).., Y

Then we have

dy(K(B),K(B U D))
=1

m+1l n

| | i=1 i=
= ]_1

1X; N Y;|?
| X; |
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(X, —{xH nY;|?
+
;2; |)94 -1
JEQj#s
I(X —{xP n Yy — &DI?
|Xp| — 1
KX—&Dan&»F
|Xp| -1
i|wmjﬁ
=R
Jj#q;j*s
1{x}n (Y, — {xDI?
|{x"}
[{x'}n (Ys U (x'PI?
[{x"}|
X0 (Y, — ()
= | X
i#p
X0 (% U D)
+; Xl
i#p
=d,;(K(B),K(B u D))
1 1-2|X, nY,]
o\ T

n
+z_|Xp”Yj|2 )
S 1% |(1Xp| = 1)

4HIfx’eX, r<mand x’eYy, s <n. We present
the new partitions as follows:

(U -Ix}}AXY/B = {X), X, e,
XX e, X}

X\ X,



(U -{x}}Ax)/D = {Y), 1>, ..,
Yuix’).., v}

Then we have

dy(K(B),K(B U D))

=1 j=1
/ m n
|U| | X

=1 =1
I£EDLET j£q;j#s

o (X, — ) N Y2
+
2,

ATTED AV

|Xp| -1
JEQj#s
I(X =) n (¥, — DI
x| — 1
KX—&DHWU&DF
|Xp| — 1
n
Z (X, U {x') nY;|?
= X +1
JEQj*s
N |(X- U {x'D n (Y — {xDI?
X, | +1
N |(X- U{x'DH n XU {xDI?
X, | +1
m 2
Z |Xi N (Yq - {X})l
- | X1
i#p;i#r
m N2
N Z 1X; 0 (Ys U{x'})|
- | X
i#p;i#r
Because x¢ Y| for any j #q, j =1, ..., n we have
n |Gp—{xD0Y 12 o |XpnY ;|2
T N e N R PR
j£q;j#s j#q;j#s
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|(Xp—[x})n(Y5U[x'})|2: |XpﬂY5|2

|Xp|-1 |Xp|-1
Xin(Yg— 2 XiNYgq|?
And Zmi:1 [Xin(Yg—{x})| :Zmi:1 |XiNYq|
i#p;i#r 1Xil i#p;i#r Xl
Similarly, xX’¢Y; foranyj#s,j=1,..,nand x ¢
X, so we have
n
Z |(X- U {x') nY|?
£ X1+ 1
J#EQj*s
n
Z X, nYj|?
4L X+t
Jj#a;j*s
|(Xru{x'})ﬂ(}’q—{x})|2 _ |Xrnyq|2.
X +1 X1
m XN (Ysu{xrPI? m 1X;nYs|?
AndY i1 T T 4L iy
LFD;L#T l#:p i#r
Consequently,
dy(K(B),K(B U D))
=1
i i 1X; NY;|?
ol o Xl
z X, NY;|?
TACAEE)
1 —2|X, n Y]
|Xp| -1
X, N2
ADATAEEY
21X, nY,| +1
X+ 1
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=d,;(K(B),K(B uD))
1
il
1+ 2|X, NY,]
1X,|+1

N Cres

X0y
|XA (X | + 1)

1-2|X, nY,]
|Xp|_1

)

X, N Y]

1Xp I(>

|—1)

|2

The proof is completed.

5.2. Algorithm for finding reduct when update
one object.

Algorithm 5.1. The incremental algorithm for
finding reducts based on metric when updating a
object.

Input: Decision table DS = (U ,C UD) , reduct

R, on U and the object x is updated to x’

Output: ReductR ;g3 o0 {U — {x}} U {x'}.

1. Assign R=R,, calculate
U/R={X,X,,..X,};

2. While
g,y ) (K(R)>K(RUD)) id\wlx};ux‘} (K(C)>K(CUD))
do

3. Begin

4. For qeC-Rcalculate SIG;(a) according to the
incremental formulas in Proposition 5.1

5. Select a,eC—R such that

SIG, (a,) = Max {SIG, (a)};

6. R=RuU{a,};
7. End;
8.Forae R do
9. Begin

10. Calculate

26

1.  If

dy, u”(K(R—{a}),](((}e {a)) uD))
then R=R-{al;

d{b% AU}

12. End

13. Return R .

Similar to algorithm 4.1, one can prove that the
algorithm 5.1 isO(|C|?|U]| +
max (|Cl|X,||Yq], ICIIX:I1Ys)). Obviously,

max (|Cl|Xp||Yq|, ICHX IYs])<  [C|[UPand  this
means that the complexity of our algorithm is much
better than that of the original one (algorithm 3.1).

complexity of

6. CONCLUSIONS

In the real world of today, databases have being
gradually got increased, changed and updated. To
propose effective methods in order to optimize
consuming time for carrying algorithms finding
reducts is a goal of researchers. In this paper, we
construct mechanisms for updating the metric used
in fingding reduct algorithms and propose
algorithms to work out the reducts in the case of
adding, deletting and updating an object from the
universal set of a decision table. Since our
algorithms do not reimplement to the varied
database so that we increase calculating time for
finding the reduct. Also we point out that our
method are better than technique used in [16] in
of the of
reducts.Besides, employing distance in difference

terms number attributes  in

measuring is known for its simplicity and
effectiveness and we gained that in this work.

At the first stage, we limit the number of the
varied objects for one. To develop our research to
construct algorithms finding reducts when multi
objects varied is completely capable. Our next
research could be using metric to constructing
algorithms for finding reducts in case of multi

objects or attribute set varied.

(K(R).K(RUD)
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