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3 1.
Iris 12
2.
k C, C, - C( C = (, 1
C2 : Ck ) 1 =1 MIN MAX Cluster]l Cluster2 Cluster3
1 x < c SpelLength 4.3 7.9 5.0723 6.1862 7.2350
T](x) — (62 _ x) /( ¢ - cl) ¢, <x <o SpelWidth 2.0 4.4 2.6404 3.178 7 3.844 4
0 PetalLength 1.0 6.9 1.4640 4.3397 5.688 1
=
TEo PetalWidth 0.1 2.5 0.2440 1.3370 2.073 9
l <i<k
2 Iris
M x=cy,
a / ID SpelLength SpelWidth Petall.ength PetalWidth ~ Class
T(x) = 0 Cint = %) (ci” B ci) G <Y< Gy (1) 1 5.1 3.5 1.4 0.2 setosa
g x=cy) / (¢, —¢;y) ¢ <x <cg¢ 2 4.6 3.1 1.5 0.2 setosa
Q) 3 4.9 3.1 1.5 0.1 setosa
¥y 4 5.8 4.0 1.2 0.2 selosa
i =k 5 7.0 3.2 4.7 1.4 versicolor
6 5.2 2.7 3.9 1.4 versicolor
1 x=e, 7 6.0 2.9 4.5 1.5 versicolor
Tk( x) = X —c / ¢ — e . < x < e 8 5.5 2.4 3.8 1.1 versicolor
( ) /e =) ey e 9 6.3 3.3 6.0 2.5  virginica
0x<c. 10 7.7 3.8 6.7 2.2 virginica
. 11 5.6 2.8 4.9 2.0 virginica
ucI I ? Spel— &
s pe 2 6.7 3.3 5.7 2.1  virginica
Length.SpelWidth . PetalLength ~ Petal Width | (1)
8
K=3
2 3
3 K-means ’
3.
3 Ims
SpelLength SpelWidth PetalLength Petal Width Class
ID Spel- Spel- Spel- Spel- Spel- Spel- Petal-  Petal-  Petal-  Petal-  Petal-  Petal- fos: versico— . . .
Lengthl Length? Length3 Widthl Width2 Width3 Lengthl Length? Length3 Widthl Width2 Width3 “C0  lor vigiica
1 0.97 0.03 0 0 0.52 0.48 1 0 0 1 0 0 1 0 0
2 1 0 0 0.15 0.85 0 0.99 0.01 0 1 0 0 1 0 0
3 1 0 0 0.15 0.85 0 0.99 0.01 0 1 0 0 1 0 0
4 0.35 0.65 0 0 0 1 1 0 0 1 0 0 1 0 0
5 0 0.22 0.78 0 0.9 0.1 0 0.73 0.27 0 0.91 0.09 0 1 0
6 0.85 0.15 0 0.89 0.11 0 0.15 0.85 0 0 0.91 0.09 0 1 0
7 0.17 0.83 0 0.48 0.52 0 0 0.88 0.12 0 0.78 0.22 0 1 0
8 0.39 0.61 0 1 0 0 0.19 0.81 0 0.22 0.78 0 0 1 0
9 0 0.9 0.1 0 0.82 0.18 0 0 1 0 0 1 0 0 1
10 0 0 1 0 0.09 0.91 0 0 1 0 0 1 0 0 1
11 0 0.47 0.53 0.7 0.3 0 0 0.42 0.58 0 0.1 0.9 0 0 1
12 0 0.5 0.5 0 0.82 0.18 0 0 1 0 0 1 0 0 1
12 --n) k A, . Shannon
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P(c) ¢, e C 1( Ug., A;)
D H(C) = - p(C)logP(C). I(BA1U.,) =HBU_,) -HBA 1U_,). (5
A L HC1A) = A, MAX(I(B A, 1U,.) A,
;P(AU)H(C | 4,) = ZP i ZP : !
A;) logP(C) 1 Ay). A; C tbuildEDT( U A B U, Auyies)
“I(C A) =H(C) —H(CI A) A, U A B
A, CI(A; A) = H(A) - U,
H(A I A) =1I(A A). Uit = D Asivuse
2.2 : B..
3 1045 (1)
D3 = A Ay 0 A
. ID3 A Amun € Aritutes
(B U_IA4,,:;
(i) A
(i) A,,,
A Assrivites = Asributes = A’
(V)g++ U, =U,_, UA,,
1 FIS = (U A U U,;
D) VYA, eA (v) A
M(Ay) = 3 (). (2) . buildfFDT(U A U B U, _,
2 - q A tiribues) -
q -1 2.3
Ug_, ={A,;, Ay, g U, = 3 Iris
{A, Ay, A H(B U,.,)
H(B U, = _
- 2,'-"'113( B, U,.,)log,P(B, U,,) (3) (i) U, =30 (3)
", H( Class)
P(B, U_) = M(B, x U_)/ > M(B, x 3
i=1 H( Class) P( Class) log( P( Class,)) =
U,.) . J=1
3 Ug, = {A,, A, _ i 3M( Class;) log 3M( Class)) -
A} q A, a ;M( Class)) ;M( Class,)
B A=) —%log( %) - ;log( %) - log( %) = 0.477 1.
H(B AU, = ,2. P(A,,)H(B U) (4) (i) (2)
i H(BI A) SpelLength
P(A,,) = M(4,,)/ };,M( A H( Class SpelLenth| U, ,) =
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log( P( Class; Spellength;)) = 0.326 1 c={cC C, Cc.} =
P( SpelLength,) = M( SpelLength,) / R" =n e={e e " ey}

2 M( SpellLength;) P( Class; SpellLength,) = N e CR" x C. D,

M( Class; x SpelLength,) / M( SpelLength,) . € Vi N
H( Class SpelWidth | U,.)) = 0.265 0 H( Class vi ={n v oywid D,
PetalLenth | U,) =0.1411 H( Class PetalWidth | ey =1 ¥ =0.

4

U,,) =0.095 8.
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(i) I=1 +1
(a) I R, (b)
Q R, R, r
(e¢) (r>A) S l
W, W R, R,
R=wR,+wR;, r<A D=0D +
D =S + 1
; R.
( 1ii) R
ucI Iris+ Pi-
ma-~ Wine. lonosphere. Glass.  Letter 6
12 1445 5
~ID3 N D3
Iris\ Pima. Wine lonosphere ~ Glass 5
Letter
5
Iris 150 4 3
Pima 768 8 2
Wine 178 13 3
Tonosphere 351 34 2
Glass 214 10 7
Letter 20 000 16 26
Iris\ Pima\ Wine. lonosphere ~ Glass 5
N D3
. ID3
6.
3.
6 ucIs
1D3 ID3
Iris 0.9551 0.9213 0.9531 0.967 8
Pima 0.7519 0.6924 0.7636 0.7405
Wine 0.6214 0.5791 0.6017 0.6532
lonosphere 0.6059 0.6482 0.6506 0.723 6
Glass 0.4635 0.5301 0.6460 0.658 4
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Fuzzy Decision Tree Based on Mutual Information and Incremental Learning

ZHANG Wei NIE Jin TENG Shao-hua

( School of Computer Science and Technology Guangdong University of Technology Guangzhou Guangdong 510006 China)

Abstract: The fuzzy decision tree used to determine a candidate tree classification attributes based on mutual infor—

mation has bcen introduced and then construct fuzzy decision trees. It corrects classification model to achieve better

classification results through incremental learning. Finally experimentally validated.

Key words: fuzzy decision tree; conditional information entropy; mutual information; ensemble learning; incremental

learning



