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Two Improvements to C4 5 Algorithm
QIAO Zeng— wei', SUN Wei- xiang’
(1. School of Information Science and Engineering, Jiangsu Polytechnic University, Changzhou 213164,
China; 2. State Key Laboratory of Vibration, Shock & Noise, Shanghai Jiaotong U niversity, Shanghai
200240, China)

Abstract: As an important decision tree algorithm, C4. 5 still has two disadvantages. One is that it is very
time— consuming to find the optimal threshold of continuous attribute. T he other is that C4. 5 has no abil+
ty of incremental learning. Based on the boundary point theorem given by Fayyad, an improvement method
of selecting the optimal threshold is proposed to overcome the first disadvantage. Also, after the modifica
tion of tree structure of C4 5, an incremental C4 5 algorithm is put forward to solve the second problem.
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C- IL (Class— Incremental Learning) : Subltems, (Node
R , Type= 0) Subltems R
, ) typedef struct _tree _record * Tree;
s typedef struct _tree _record
{
A- TL ( Attribute— Incremental Learning): short NodeT ype; |l
, s ClassNo Leaf; |
ItemCount Items, |
s s * ClassDist, |
, Errors; |l
Attribute Tested; |l
3 , E-1IL short Forks;
R E- IL C- IL float Cut, |
A-IL , Lower, |
C45 E-1IL Upper; |l
Set * Subset; |
32 G455 Tree * Branch; |
C4 5 s Tree Father; | ;
C4 5 NULL
: Description * Subltems; |l
typedef struct _ tree _record * Tree; , NodeType= 0
ty pedef struct _ tree _record }
{
short NodeT ype; |l 33 €45
ClassNo Leaf; | , C4. 5
Item Count Items, |
* ClassDist, | ,
Errors; | Step . ;
Attribute Tested; |l Step?2. ,
short Forks; , DN ( Decsion
float Cut, |l Node )
Lower, |
Upper; |l If ,
Set * Subset; | Step3;
Tree * Branch; | Else , Step5;
} Step3. DN
, C45 , DN
Items ClassDist;
s , Step4. DN Subltems s
Father, Stepl0;

, Father (NULL) , StepS. DN ,
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C4. 5 ;
Stepb. DN s
Node= Leaf (ClassFreq, BestClass, Cases, Ca
ses— NoBestClass),
Father DN, OriginalTree— > Branch [ i]
= Node; OriginalTree— > Branch [i] — > Father

= OriginalTree;
Step7. Leaf
Items ClassDist
Errors Subltems;
Step8. DN
Items Class
Dist;
Step9. DN ,

1

Subltems, free

(OrigmalTree— > Subltem );
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Table 1 The diagnoss resudt of frequency features

C45 1000 900 820 1000 825 88 5 1000 885 8.0 992 820 8720 1000 8 5 88 5 998 832 885
BPNN 880 770 750 925 8 0 920 940 85 9B.5 84 0 805 80 8 5 80 85 88 820 856
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