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Sequential_Covering( Training_Dataset) {
LearnedRules={} ; '
Rule=Learn One Rule(Training Dataset) ;
While (not Terminating condition) { cancer non-cancer.
L earnedRules=L earnedRules + Rule; 90 % )
Training_Dataset = Training_Dataset-data covered by Rule 3% 4% cancer, cancer

Rule=Learn_One_Rule(Training_Dataset) ;
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s yes  no.

yes , no

1
Tab.1 Different outcomes of a two-class prediction

yes no

yes True False
Postive Negative
no Fase True

Posdtive Negative

, True positive( TP) yes
; Fal se positive(FP) yes
no : Fal se negative(FN) no
yes ; True negative(TN)
no ) 4 ,
: TP rate,FP rate,Precison F
Measure.

_T1pP
TP+FN’

—FP

TP rate= FP+ TN’

FP rate=
Precison = TP+EP’

2. TP
2- TP+FP+FN’

FPrate , 3 ,

Fmeasure =

F-measure ,

2.2.2

Learn_One_Rule(Training_Dataset) {
Randomly Generate a new generation;
While(current generation < max generation) {
Sdlect k individual s out of population to add to new pop-
ulation;
Crossover (p - k)/2 pairsof individuals to producep - k
individuals to add to new population;
Mutate m individualsin new population;
Save the fittest individua ;
population = new population;
Solve Conflict (population) ;

}
Output the fittest individua ;

, k
; (p- k/2 ,
, p- K : :
: m ;

2.3
1.2

Rl RZ, : D R1

D1, R2 D2,D1 D>
D2;Rl R2 T1 T2, T1#
T2. 1

Fg.1 Distribution of categoriesin dataset

R1 , A2 + B2
D1 D>D2, R1 ,
R2
R2, R1 ,
Al+ B2+ A3+ B3.
, Al>A2 | 1
; , 2 . R2

P A2
TP+FP ™~ A2+ (Al+A3)’

+ A3+ B3.

Precison =

Precis'0n>':L

o Al< A2,
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Tab.2 The resultsof GA ,

TPr FPr  Precison FM Class
1.00 0 1.00 1.00 diaporthe stem-canker 3
1.00 0 1.00 1.00 charcoal-rot soybean , J4.8
1.00 0 1.00 1.00 rhizoctonia root-rot

vybean 35
1.00 0 1.00 1.00 phytophthore rot
1.00 0 1.00 1.00  brown-stenrrot 19 ' 14
1.00 0 1.00 1.00  powdery-mildew '
1.00 0 1.00 1.00  downy- mildew ’ !
0.75 0.05 0.78 0.76  brown spot ’
1.00  0.003 091 0.95 bacteria-blight 6. : 115%,
0.80 0 1.00  0.89 bacteria-pustule 40 %, :50%, / 150 %,
1.00 0 1.00  1.00 purple seed-stain 6, 1100, :500.
0.875 0 1.00  0.93 anthracnose 2 J4.8 3
0.60 0 1.00 0.75 phyllostictarleaf- spot ,GA J4.8,
0.76 0.05 0.76 0.76  aternarialeaf- spot GA
0.75 0.01 0.95 0.84 frogeyelesf- spot
:TPr  TPrate;FPr  FPrate;FM F-Measuer.
4
3 J4.8
Tab.3 The resultsof J4.8

TPr FPr  Precison FM Class '
1.00 0.002 0.952 0.976  diaporthe stem-canker ’
1.00 0 1.00 1.00 charcoal-rot +(1) '
0.95 0.004 0.905 0.927  rhizoctonia root-rot ! '
0.6  0.004 0.6 0.6 phytophthora rot :(2)
1.00 0 1.00 1.00 brown- stenrrot '
1.00 © 1.00 1.00  powdery-mildew :(3) ,
1.00 0 1.00 1.00  downy-mildew 1 , if-then
0.913 0.013 0.933 0.923  brown spot )
1.00  0.006 0.87 0.93  bacteria-blight ; 2 : TP
0.85 0 1.00 0.919  bacteria-pustule rate ,FP rate, Precison FMeasure 4
1.00 0 1.00 1.00 purple seed-stain , FMeasure )
0.955 O 1.00 0.977 anthracnose : ,
0.65 0.008 0.765 0.703 phyllostictaleaf-spot , '
0.934 0.042 0.817 0.872  dternariaedf- gpot ,
0.769 0.029 0.843 0.805 frogeyeledaf- ot ,

:TPr  TPrate;FPr FPrate;FM  FMeasuer.
GA
,Solve _Conflict
R, R2 '
, , R2 <.
R1 0, R2 !
1 R2 0, R1
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Cenerating a Sequence of Classification Rules with a Genetic Algorithm

LIU Ha-we' NI Enzhi® ,ZHOU Changle*”

(1. School of Software,Xiamen University ,2. Department of Cognitive Science ,Xiamen University ,Xiamen 361005 ,China)

Abstract : compared with common classification algorithms, genetic algorithm ( GA) had more powerful flexibility and global

searching capability. However ,there were many conflicts among classification rules discovered by GA. In this paper ,classfication

rules were represented by binary codes. Fmeasure was used asfitness eval uation. We a so0 designed efficient crossover ,mutation oper-

ators. Moreover ,solving conflict function was integrated with GA and sequential covering algorithm was combined with GA to get a

sequence of classfication rules. This approach turned out to be a solution to conflicts among rules and formed a complete classifying

method. As could be seen in our experiment ,the result of the algorithm designed in this paper could be proved to be better than that
of J4.8.

Key words: classfication; data mining; genetic agorithms



