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Executing N/2 crossover operations
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First crossover Second crossover .ee N/2 crossover
- -
Finding two best chromosomes from these N+2 chromosomes as the result of crossover
K2 X HeE

Fig. 2 The crossover operation of this paper

Parent1 | V, | Vo |V, | Vg C, |
Parent 2 Vo | Va Vs | Va C;
Random crossover sites *
offspringl | V,, | ¥, A c |
offspring2 | V., | V, Va Va Cs

B3 207 R AR B

Fig. 3 Illustration of essential crossover scheme
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First mutation Second mutation eoe N mutation

i

Finding the best chromosome from these N+1 chromosomes as the result of mutation

B4 R

Fig. 4 The mutation operation

Parent: | Vi | Vi | Va | Vu | G |

Random mutation site: #

Offspring:l v, I Vi [ HCTI
BS ARRIr REA R A

Fig. 5 Illustration of essential mutation scheme
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(DMin_cases_per rule=10; (user-specified threshold)
@Max_uncovered cases=10; (user-specified threshold)
(BNo_rules_comverg=10; (user-specified threshold)

@ 2=1.0; (weight of sustaining index)

®) p=1.0, (weight of creditable index)

®)y =1.0;, (weight of inclusive index)

(@ £,=0.6, (mutation rate)

®) 7,=0.8; (crossover rate)
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Prim itive Graphs of Extram al Local Exponent

WEIFuyi ZENGWar awi LU Mu huo
(Deparment of Applied M athem atics South China A gricu lural Universite  Guangzhou 510640 China)

Abstract LetG be the prinitive graphs of odern andk(G) be the totalnumberof local exponentwh ich is equal
to the exponent of G A1l the prin itive graphs of ordern forwhich k(G) achieve the largest and he second largest
valie are chamcterized canpletely.

Key words exponents primitive graphs associaedmatris bcal exponent

Research on M ethod of Text C lassification Rulk Extraction Based on
Genetic Algoritm and Entropy

TANGHua ZENG Biqing
(Canputer Engneering Deparment ofN anhaiC anpus South ChinaNomalUniversity Foshan 528225 China)

Abstract A ined at the text classification problm s in datam ining a text c hssification rule extracton method is
poposed based on genetic akorithm and entropy for mle discovery called GenetieM iner (GM ). The goal ofGM is
to discover classification rules in data sets It produces population w ith the entropy and then extract classification
wle w ih genetic akoritm. Canpared the perfomance of GM w ih other wo well known algorilms Antm iner and
CN2 in six public danain data sets the results showed thatGM has a better perfomance in both predictive accura
cy and mle list smp licity criteria than AntM ner and CN2 Itican also mosty mpwove he canprehensb ility of the
discove red know ledge

Keywords,  extelassification rule daia mmning discover know kdge infom atbn entropy; genetic algorithm



