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Data Mining Using Genetic Network Programming
with the Use of Acquired Information

KAORU SHIMADA,t KOTARO HIRASAWA' and TAKAYUKI FURUZUKIt

A method of association rule mining using Genetic Network Programming (GNP) is pro-
posed to improve the performance of rule extraction. The proposed system evolves itself by
an evolutionary method and measures the significance of the association via the chi-squared
test using GNP. Extracted association rules are stored in a pool all together through gener-
ations in order to find new important rules. These rules are reflected in genetic operators
as acquired information. Therefore, the proposed method is fundamentally different from all
other evolutionary methods in its evolutionary way. In this paper, we describe the algorithm
capable of finding the important association rules and present some experimental results.
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Table 1 An example of database.
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Table 2 The contingency of X and Y.
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Fig.2 Gene structure of GNP (node 7).
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Table 4 Conditions of crossover and mutation.

Type-M Type-L
P, 15/78 10/78
Py 1/3 1/5
P 1/5 1/6
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Table 5 Number of association rules in the pool (Simulation 1).

25" generation 100" generation 1000*" generation
Type-M Type-L Random Type-M  Type-L Random Type-M Type-L Random

Max 63 527 — 1,404 2,267 — 4,029 3,637 —
P;) Ave 29.9 160.4 — 588.1 1,369.3 — 2,960.2 2,943.6 —
Min 7 15 — 78 199 — 1,039 568 —
Max | 1,250 1,437 — 3,428 2,747 — 5,054 4,012 —
patt Ave 770.4 921.0 — 3,077.6  2,125.6  — 4,223.9  3,303.8  —
Min 233 398 — 2,711 711 — 3,521 912 —
Max 1,225 1,161 — 3,650 2,950 — 6,010 4,761 —
P? Ave 726.6 705.1 — 3,431.8  2,148.2  — 5,363.6  3,704.5  —
(g =5) Min 46 266 — 3,229 791 — 4,887 976 —
Max — — 44 — — 107 — — 939

Random Ave — — 25.5 — — 97.0 — — 903.6
Min — — 14 — — 84 — — 855
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Fig.7 Fitness curves (Type-M, Simulation 1).
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