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Mining of Classification Rule Based on Immune Algorithm

Wang Zigiang , Feng Bogin

(School of Electronics and Information Engineering, Xi'an Jiaotong University, Xi'an 710049, China)

Abstract: To efficiently mine the classification rule from databases, a novel classification algorithm based
on immune algorithm was proposed. The core of the immune classification algorithm is as follows. The
rule antecedent is encoded as fixed-length chromosome; The fitness function is calculated according to mi-
nor misclassification ratio, simplicity and consistency of rules, and coverage ratio of training examples; A
vaccination is accomplished by modifying genes on some bits in accordance with minimal fitness function
which serves as prior knowledge; Immune selection is accomplished by testing whether a serious degenera-
tion has happened in the evolutionary process and annealing selection. Meanwhile, a rule pruning proce-
dure based on information gain was designed for improving the comprehensibility of classification rule
mined. The algorithm has been compared with RISE and OCEC algorithms with five benchmark datasets
from UCI data set repository. Experimental results show that the proposed algorithm not only has faster
convergence speed, but also can achieve higher prediction accuracy with less number of rules.

Keywords: data mining; classification rule; immune algorithm ; information gain

[3-5]

. . ; : : GA ,
o, "

: 2004-03-12. : (1973~>, : ( )s s
(2003AA172610).



112 39
1 1A
4 ,
1.1 s
s (IF )
. LA, U P+ [UN;
i V. A j fo=1—— N : D
s Vi i s tr
(), A, / ;Fr :P),Jr ’
7 ] ;NT
1 0, F,-: Ai 9
,F.,=0 A, ,
f=E+ i+ o+ 1 (5)
3 : 1.3
A OV} VE oo AOAV o0} e AO V) L F,
| | (D R
1 (2)
1.2 ’
s 75%.
(3)
(D 2.
X 4)
’ v
Nmftr ’ v
. R ).
: Nm—lr H N\r ( ) ( k—
1 ) ( )
(2) y C &k
»” , , . v , U 1
. V:(T}l,'l)zg"','z},,p)a V
\% N,=
=" (2) ‘ e
n ’
N, sn ’
. f‘l 2 ( )5
(3) H ’ /3
’ ’ Vk - ( Urs Vgs *°°» 'U,,p ) /)('U;)
n,
e/ @ IT, o/ v,
Pe ( ) , S () v
(Lo
’ (T} 0 \ T —1n< . +1)_
_ — plbp. — (1 — pOIb(1— po) 1.4
[ = (3)
j\[lr N ’
fZ , s [7]



2 113
, 8: 1 )
’ ’ 2
1 n ( ) 5
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’ . , C4. 5-Disc (7]
1, Min_ Cond=1. , 10
2 for i=1 to n do (9]
Info Gain[{]. RISE™ . OCEC™ 2
3. Info Gain[{] X RISE i
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id Sort_ Cond[7]. OCEC 2 (s,
5: 1-id=1, 10]. , po=0.75;
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Num- Cond. i
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—Cond) and (z-id<<m), 1 3
(D 0 1 Rand - ’ 5 ,
Num; 3 1
(2) Rand  Num << Info  Gain [ Sort_
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Cond[¢-id]] . ) ’
Info_ Gain[ Sort_ Cond[ ¢_ id]]
8: while i ’
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] 11 OCEC ,
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, 8, . s
1, k A, : /%
B,. RISE OCEC
Iris 92.6740.06 98.00+0.02 99.0140.01
or B ’ Ce. Dermatology 91.47£0.45 93.4240.12 95.4740.03
6: G : D. Pima  65.6340.30 75.00%0.04 77.26740.02
7. D, s Breast 91.854+0.07 95.4240.02 96.38+0.01

Aper s 2.

Hepatitis 91.24+0.73 95.53+0.02 96.8640.02
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