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This article presents an adaptive decision tree algorithm for dynamically
reasoning machine failure cause out of real-time, large-scale machine status
database. On the basis of experiment using semiconductor etching machine,
it has been verified that our model outperforms previously proposed decision

tree models.
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Precondition:
new attribute is inserted at 7th position in
ascending order AV_List of size N

Procedure:

Case 1 7 = 1
If CAV_Lis{2)[+AV_Listf{2)[i+1] )
Then - create new threshold 6

g=-AV List[l][i]+§4V Lis{11[i+1]

- update DM_Array for 6
Case 2 71 = N+1
If CAV_List{2i—11+AV_Lisf2]1[4] )
Then : create new threshold 6
o= AV Lzlst[l]fi—-12]+AV Lisf11[ 4]

- update DM_Array for 8
Case 3 1< < N+1
Case 3.1 AV_List21li—11+AV_List{ 2][i+1]
IFCAV_LisA2)i—1]1=AV_Lis{2][4 )
Then - update threshold &
0= AV Lz'st[l][i]-%-é‘lV Lisf11[:+11]

* update DM_Array for 6
If (AV_Lis2)[i+11=AV_Lisd 214 )
Then * update threshold @

o= AV Lz'st[l][z']+§lV Lisd 1i—1]

- update DM_Array for @
Otherwise
* create new thresholds 61,8,
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- update DM_Array for 61,62
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