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Approach for congructing decision trees based on disper sion degrees
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Abstract : In the process of constructing a decison tree, the criteriaof selecting partitional attributes will influence the
clasdfication accuracy of the tree. Therefore, the limitations of information entropy based approach and weighted
mean roughness (WMR) approach are discussed, and a concept of conditonal attributes disperson degrees in
information systems isproposed. Thisconcept is used to choose partitional attributesin the algorithm of decison trees
construction. This approach can overcome the limitations of WMR approach. The results of experiments on the UCI
datasets show that the precison retios of the decison trees constructed by usng disperson degree (DSD) are
approximate to that of the ones constructed by using entropy-based approach. However , the time complexity of DSD

approach is lower.
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WM R (Weighted Mean Roughness)
1 S=(U,AV,f) A=
C D, C={a,e, ,a},U/IND(D) ={X1,
Xz, , Xm} X Ccu,B €A, X B
WMR DSD
- 3.2
Be(c) =1- WH s (X))). (4)
¢ (,Z ) S=(U,AV,f),
A=C D :
w; = card(X;)/card(U) , D ={d,
Me (X;) = card(B(X;))/card(B(X;)). Vd={d,c, ,du}. B CA,
Bz (c) ¢ U Ve = {Vf,v2, ,va} B .
Bs(c) ; Bs(c) U/IND(B) = {Yi,Yz, ,Yu}, (5)
=0, o U ; Yi={yly U f(y,B) = W};
Be(c) =1, U/IND(D) = { X1, X2, ,Xu}, (6)
WMR Xi={x|] x U f(x,D) = d};
WMR, WMR U/INDBD) ={Zu,Z2, ,Zi, ,Zw}, (7)
Zy={z|z U f(z,B) =w f(z,D) =
WMR d}.
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’ 7 2 1 1 3 2
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9 2 2 1 2 1
’ 0 10 1 3 1 1 1
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WMR
DD WMR
C4.5 DSD
1 WMR 2 3
(1
WMR
| % / | % /
Monk1 124 6 1 83.9 18 - 84.1 17 -
Monk2 169 6 1 76.3 31 75.9 35
Monk3 122 6 1 93.4 8 94.1 8
IyCr):ph 112 18 1 69.6 46 71.3 41
Soybean 683 35 1 96.3 95 41.2 91.3 109 49.4
connect-4 67 557 42 1 87.5 6 457 3296 82.6 6 725 4128
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3 (2
DSD =0.01 DSD =0.05 DSD =0.10
! % / ms ! % / ms ! % / ms
Monk1 124 6 1 80.5 21 83.9 18 - 73.2 13 -
Monk2 169 6 1 73.8 37 77.4 27 - 68.1 22 -
Monk3 122 6 1 91.1 10 93.4 8 - 80.9 6 -
lymph 112 18 1 75.3 52 68.9 48 - 60.4 43 -
Soybean 683 35 1 94.2 101 58.7 96.5 91 33.5 82.5 89 30.6
connect-4 67 557 42 1 83.5 6572 4153 87.8 5 387 2659 78.7 5104 2375
1) 4.5 http :// cerium. raunvis. hi.is/  tpr/ courseware/ ml/ source/ c4_5/ Windows
2) Windows XP,Pentiuml.6 GHz ,256 M
) 0.05 ,DSD , DSD
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