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Abstract

Computing decision accuracy is an important step in making and choosing decision in information
system. Most works in this direction does not use the concepts of topology. This work is to use pre-
topological structures generated from weighted similarity classes to find accuracy of decision sets.
Example is given to indicate the approach and comparison between weighted accuracy and other
types of accuracy.
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1. Introduction and Preliminaries

In this era which data overlap the issues of uncertainty increase, this affects decision-making in a
particular field, Pawlak developed what is called the information system which used to analyze them
the topics of induction rough set [1, 2, 3] that depend on equivalence relations in which the equiva-
lence classes are represented to find the decision set that are described by the upper approximations
and its lower. The most important concepts of this theory [4, 5], although many generalizations of this
theory appeared were used, but there are some cases that do not lead to an important distinction in
decision-making. In the first part of this research, we use pretopological [6—-8] concepts to calculate
approximations for the decision sets and its accuracy applies in the reduction of attributes. We know
the symmetry matrix for the elements of the information system [9, 10] that are effective pre-closure
using the weighted similarity classes, we know the effects of pre-closure and pre-interior with weights,
we get from them the accuracy of the decision for the pretopological resulting from all the attributes
as a basis, we compare it with the result using the subsets of attributes [4, 11-14], the second part we
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present the concepts of pretopology and examples of it, the third part explains the method that was
used, and the fourth part presents the illustrative example.

2. Preliminaries

Let P(E) contains all subsets of a non-empty set of E.
Definition 1: [15] A map d(-) from P(E) is known as a Pseudoclosure satisfy

L. d(p)=9,
2. VDeP(E), Dcd(D).
A pair (E,d) is defined as a pretopological space where E has been granted with a pseudoclosure
d(-) [15].
Tflze [sugset d(D) is named as pseudoclosure of D, d(-) can be applied as set D [9].
3. VDeP(E),VY e P(E).
In [15], named as D-pretopological space.

Definition 2: [15] (E,d) is pretopological space satisfied.:
1. VDeP(E),VYeP(E), DNnY = d(D)cd(Y).

3. Data Mining

Huge amounts of data are collected daily [12]. Analyzing of it is important. We are living in the data
age [16]. Classification of it is an important part. Scientists must specified data based on various attri-
butes to reduce their complexity.

3.1 The Type of Information

Data have been collected, from measurements of complex information.

e Medical data: Large amounts of information are constantly being collected about individuals
and groups.

e Surveillance video and pictures: there is a trend today to store tapes and this is overcome the
lost of contents.

4. Data Selection in Data Mining

Data selection means data type and source that . It precedes the actual data collection. This definition
explains the difference between data selection and selective data

The process of identifying relevant information is called attribute selection [15] and remove as
much duplicate information as possible [17] from the set of features native to a given dataset.

The steps of information system analysis:

1. Construction of stationary matrix

m; = [,uij]zj:p/-l(ij) = 251']',
1

_ 1 v@)=v0),
0 (i) #v(j).

ig

2. Construction neighborhood
Choosing a value A for classes limits arrounding expert opinion

[p;]=1ip;:u@,j) > A5
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3. Weights of every objects

w(p,) =Y 8(p,):p; €lp): j=(1,-,n).
4. Computing pre-closure (P - cl(A)), pre-interior (P -int(A))
p-cl(A)=Alp;Lp; € A},
p-int(A)=(p-clA)°.
5. Accuracy of A

These concepts are defined without using weights.

[p:], = (B0 :u >~ A},
pel(A) =u{p{ v u - 2},

The following are the corresponding definition with weight.

Example 4.1: The weather problem [12] is a small data set frequently. It’s completely fictional, pre-
sumably about the right conditions to play some unspecified game. Generally, cases in data set are
described by four attributes: (Temperature), (Windy), (Humidity) and (Outlook). Play (Yes (Y) or Not
(N)) are the outcomes. In Table 1, Outlook (sunny (S) overcast (O) rainy (R)); Temperature (hot (H) —
mild (M) — cool (C)); Humidity (high (G) normal (L)); and Windy (weak (W) strong (1)), of which 13
objects are present in the following example.

Form a relation

my = p(2) = numberofsimil.arities .
: ' numberofattributes
Table 1:
Out look Temperature Humidity Windy Play

X S H L w N
A S H G T N
A 0 H G W Y
Ay R M G w Y
. R C L w Y
g R C L T N
A, 0 C L T Y
g S M G 1% N
Ao S C L w Y
Mo R M L w Y
Ay R M L T Y
Ay 0 M G T Y

0 H L w Y
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Table 2:

I I T T T T T T T e T T

A 1 1 1 1 1 1 1 1 3 1 1 0 3
2 2 4 2 4 4 2 4 2 4 4

2, 1 1 1 1 0 1 1 1 3 1 1 0 3
2 2 4 4 4 2 4 2 4 4

2 1 1 1 1 1 0 1 1 1 1 0 1 3
2 2 2 4 4 2 4 4 2 4

Ay 1 1 1 1 1 1 0 3 1 3 1 1 1
4 4 2 2 4 4 4 4 2 2 4

2 1 0 1 1 1 3 1 1 3 3 1 0 1
2 4 2 4 2 4 4 4 2 2

Ag 1 1 0 1 3 1 3 0 1 1 3 1 1
4 4 4 4 4 2 2 4 4 4

A 1 1 1 0 1 3 1 0 1 1 1 1 1
4 4 4 2 4 2 4 2 2 2

Ay 1 1 1 3 1 0 0 1 1 1 1 1 1
2 2 2 4 4 2 2 4 2 4

Ay 3 3 1 1 3 1 1 1 1 1 1 0 1
4 4 4 4 4 2 2 2 2 4 2

Mo 1 1 1 3 3 1 1 1 1 1 3 1 1
2 2 4 4 4 2 4 2 2 4 4 2

A 1 1 0 1 1 3 1 1 1 3 1 1 1
4 4 2 2 4 2 4 4 4 2 4

Ay o o 1 1 0 1 1 1 0 1 1 1 1
2 2 4 2 2 4 2 4

A 3 3 3 1 1 1 1 1 1 1 1

4 4 4 4 2 4 2 4 2 2 4 4

We choose the classes for each element, and it is written with the degree of similarity

1
Let A > 3 We find the classes for each element grater than or equal —

1 2 3 5 8 9 10 13
}1 }{)li),li)’li),l()l()li ),}«é )},

2 2

2 2

2 4

[12 /'L(l) /11(2) 1(3) l§8),)v(9) A«SO),){(},B)},

2 2

2 4

4

2'3]— /1(1) 2,(2) 21(3) 1(4) 1(8) /lim),/lélg)},

2 2

2 2

4

[), ] 1(3) 21(4) 2‘55)’}“(8) lélo),lin),lﬁlm},

2 2

4 4

2 2

[l] {)L(l) /'L(4) 21(5) 1(6) 1(7) 1(9) /'L§10>,l§11),i§13>},

2 2

4 2

4 2 2

— 5 6 7 9 10 11
[6] Av())ﬁ()lé),l()li )’A’é )},

4 4

2 2

4

[17] 1(5) )‘(6) /11(7) 1(9) l(ll) 212) )dilS)},

2 4

2 2

2 2
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— 1 2 3 4 8 9 10 12
1= 121",2,,% 4,2 480, 200, 27 200, ),

2 2 2 4 2 2 2
1= {25",257, 28 40, 247 40 .27 40 A,
4 4 4 2 2z 2 2z 2 2
— 1 2 4 5 6 8 9 10, 11 13
Ul = A, A, A0 A, A9 A9 40 00,260,309,
2 2 4 4 2 2 2 4 2
— 4 5 6 7 10 11 12
[1’11]_{2’i)’2’i)72’é)72’i)71é )72‘1( )7A‘i )}7
2 2 4 2 4 2
(20217 8237, 207 407, 487, 20, 40,
2 2 2 2 2 2
=M @ 2B 4B 2 (D 79 4(10) 4(13)
[1’13]_{)"§ 7l§7 ,A’E ,A’l 721 721 7/11 92'1 }
4 4 4 2 2 2 2

These classes we consider to be effective preclosure each symmetry element upper approximation.
These weights for each element are attributed to the entire information upper weight

A(1) = {/11(1),/If)’xil)’lf)’lil),lél)’lin’lél)} = Aél)’

2 2 2 2 4 2 4 8
—_ 2 2 2 2 2 2 2V — 2
A@2) =242 A2 29,40 49,49 = 22,
2 2 2 1 2 4 2%
— 3 3 3 3 3 3 3\ — 3
1(3)_{l§)’li)akf)?Ai)’li)’li)aﬂ"é)}_z’ify),
2 2 2 2 2 4 21
— 4 4 4 4 4 4 4)y — 4
A4 =040, 20,287,280 20 A0y = 40,
3 5 1 1 2 2 2
—_ 5 5 5 5 5 5 5 5 5\ — 5
AGB)={AD AP 20 29 2D 29 29 AP 201 =28,
PR i 2 1 1 32 2 36
—_ 6 6 6 6 6 6)) — 6
1(6)_{2’5)72'1()7Aé)al§)al§)alé)}_l§7)’
7 i 2 2 1 21
— 7 7 7 7 7 7 Ny — 7
AT = A", AP 20, 40,20, A7 = A7,
R 2 2 2 2 28
— 8 8 8 8 8 8 8 8\ — 8
1(8)_{24)7/11,()’)Vi),lé))/ll’()aii)?ii)’li)}_lig)a
R 2 4 2 2 2 32
— 9 9 9 9 9 9 9 9 9\ — 9
A©9) = {9, 49,49 29, 40,20 29 A0, 401 = 2%,
1 1 4 2 2 2 32 32 3 21
— 10 10 10 10 10 10 10 10 10 10)y — 10
s 2 4 1 2 2 3 i 2 10
— 11 11 11 11 11 11 11 _ 11
s 2 4 2 4 2 28
—_ 12 12 12 12 12 12)y — 12
2(12) = {412,202 202 402 502 50208 = 202,
s 2 2 2 2 3 12
—_ 13 13 13 13 13 13 13 13)y — 13
2(13) = {A8P, 2, 1P 289 209 209 509 209 2091 =209,
1 i 2 2 3 2 32

A=(1D 2@ 1B 7@ 26 760 2D 1® 2 210 211 7(12) 5(13)
A={05 A M5 A s Agg A s Mg Arg s Aot s Ags Mg AT s Ag )

8 28 24 2 36 24 28 32 36 40 28 12 32

These classes we consider to be effective preclouser each symmetry element lower approximation.
These weights for each element are attributed to the entire information lower weight and take the
complements of it

A=A, 4525, 07, A, Ay Mgy Mg
A° :{Aq,/lz’lﬁ’/ls}’
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Ac
A1) = {AD, A0 20y =0
2 2 3

22)={AP 12 201=29,

2 92 3
23)={AP AP 20 =29,

2 2 2 2
M) =0y =2,

4 4
A(5)={AP 101 =20,

2 4 8

26) =117} =29,
28 =020 40 =20,

2 2 3
29)={AQ A0 A2, 401 =22,

i1 2 2 8

1(10) — {lilo)’lilo),/ulo)71510)} — A{lO),
2 2z 2 2 2

211 =80 =287,
4 1

2(12) = {21} = A",
2 2

2(13) = {87 A0y =09,
i1 1

A - {lél),Aéz)’kf)’l?)’l?)’}j(e),lg)’/158),129)’1?0)’1(311)’&;12)’/1:(313)}.

3 3 2 4 2 i 3 8 2 4 3z 1

Lower weight

=@ 2@ 1B 4@ 256) 76) 2(D 2B 709 410 211 4(12) 413
A_{/ll 7)'1 7//11 ,//{1 72’1 71’0 ?A’l ,A'l 72? ’/lg 921 7/1’1 721 }
3 3 2 4 2 4 3 8 4 4 2 4

Similarly, when making a reduction for each attribute, we find the following data

1. Outlook
Upper weight

A=,

15 6 9 4 12 4 4 4 15 18 4 9 15

11

Lower weight
_ 2) (3 6 8) 19 510 2
A - {A’él)ai(g )7/1i)a2'(()4)5lé5)5l(§ )71(57%}'(3 )7)~i)’)“é1 ):Aill)’lél )a}
3 6 3 6 3 6

2. Temperature
Upper weight

A=011D 2@ 213 7@ 16G) 26 2 (D 218 709 4(10) (1) ,(12) 4(13)
A=08,29,08,280 28,48 00, 20,28 280,280,282 2691,

3 3 4 4 12 4 4 6 3 5 9 9 15

@ 23 1@ 25B) 46) 2(D) 7 79 410 4(11) 2(12) 4(13)
29,290,280 ,29 8,40, 290 480,480, 480,282, 4691,
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Lower weight
— 1 2 3 4 5 6 7 8 9 10 11 12
A= 4740 4, 257 27 A0 287, 287 45 21 A0
6 6 3 3 6 3 9 6 6 3
3. Humidity
Upper weight
A — 1 2 3 4 5 6 7 8 9 10 11 12 13
A={L A7 29480, 49 29 A0 A8 A9 280 A8 202 A8y,
3 6 9 4 3 6 6 6 9 9 6
Lower weight
—D) 1@ 1B) 1@ 16) 16 4D 1@ 40 5,00 A1) 1(12) (13
A_{A’é)7l§)’li)7ﬂ"§)7l§)72’(§)9A’§)?)’§)’A‘;)7)'”1( )’Ai )7)"1( )?)’; )}'
9 6 3 3 3 3 6 6 3 3

4. Windy
Upper weight

A=00D 1@ 16) 7@ 16G) 76 2D ) 79 (10 411 5(12) 5(13)
A—{ﬂé ,/lg ,/lz ,/l§ ,/111,/111,&§ ,ﬂ.é ,/lé ”IE » Ao ,/1§ ,ﬂ.z )

6 3 9 4 15 15 4 6 9 12 12 6 9

Lower weight

— 1 2 3 4 5 6 7 8 9 10 11 12 13
A= (042,092,280 ,39, 40,29 29,200,409, 109, 209
6 9 3 3 3 6 6 3 3 3 3

5. Results

1. We compute the accuracy of decision without elimination of any attribute.

LowerA A
Accuracy =———==
UpperA A
Accuracy = 4.374 _ 0.552.
7.918

2. We compute the accuracy of decision after elimination of each attribute.

Reduction Outlook Temperature Humidity Windy
Accuracy 0.209 0.284 0.511 0.340

6. Conclusion

Topology can help us solve all kinds of mathematical problems where distances and size don’t matter,
only the structure of a shape. There are many problems in daily life and by using topological modeling
we can overcome these problems. In this paper we did the following:

. . ) — 0
1. Changing the upper by using the relation between A = (A® )“.
2. Finding equivalence classes using weights.
3. Calculating the accuracy in this way gave different results and improved the accuracy of the
decision.
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