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Mining dynamic association rules in databases
RONG Gang, LIU Jin-feng, GU Hai-jie

(National Key Lab of Industrial Control Technology and Institute of Advanced Process Control, Zhejiang University,
Hangzhou Zhejiang 310027, China)

Abstract: Association rules may discover the relations between variables, but are unable to reflect the variation between
relations. Consequently, dynamic association rule is introduced in this paper. In our method, the entire database is divided
into a series of subsets in time field, and each rule from a subset has a measure of support and confidence. As a result, there
are a vector of supports and a vector of confidences for each rule. It not only helps us discover the rule variation with time
by analyzing the two vectors, but also predicts the future of a rule. Two algorithms for mining dynamic association rule are
proposed in this paper, and a comparison of such two algorithms is also made. Subsequently, histograms and time series are
described as ways for analyzing the two vectors. Finally, the effects of dynamic association rule are shown in an instance.
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2.1 F)ARBA N ) 2 X (Definition of dy-
namic association rule)
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Table 1 Pseudocode of the first algorithm

BN BUESEDS T4ED, ~ D, min_sup
Bt L LLRON L PR SRR R 1) o ST
L=Association-mining-algorithm;
for(j = 1;5 < m;j + +){
for eachl; € L {
scan D; for frequency f;;;
sij = Jij/Ms } }
for eachl; € L {
SVi = {si1, -+
n

5i= Y, S5 }
j=1

9: return L with support vectors
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3.2 H¥k2(The second algorithm)
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Table 2 Pseudocode of The Second Algorithm
WA BEDS T4 Dy ~ Dy, min_sup
i b LA ROT N P SR 1) o 5 SRR

1: for each D; {
2: C'1;=Scan-support-1-itemset(D;); }

3: Cj=Join-support-vector(D1 ~ Dp);
//find candidate with support vectors

A

n
Ly ={c e Ci] ) c-frequency; > min_sup};
i=1

/lc - frequency; is the frequency of ¢ in D;
5: for(k=2;L;_1 # ¢; k++) {
6 Cj=Apriori-gen(Lj_1,min_sup );
7:  foreach D; {
8 for each transactiont € D; {
9 C'y = subset(Cl, t);
10: for each candidate ¢ € Ct
11: c¢-frequency; ++; } }
12:  Lg ={ce Cyl i ¢ - frequency;

i=1
> minsup}; }

13: return L = Uy L, with support vectors;
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to use dynamic association rules)
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5 5241 (Application case)
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Table 3  Attributes of analyzed data

i ik
Time X Gy 1)
Class AW 2
Customer B 1D
Month x5 Ay

A 4 BhAREEAN

Table 4 Dynamic association rules

Rule cv c
99=61 3.18%,3.86%,3.18%,2.5%, 34.3%
3.18%,3.41%,3.41%,3.18%,
2.73%,2.5%,3.41%
58=61 3%,3.67%,3.33%,2.67%, 33.7%

2.33%,3.33%,3.33%,3.0%,
2.67%,2.67%,3.67%

HTTITTT

Ao

B2 Bm99=61CVALIKE
Fig.2 Histograms of C'V on rule 99=-61
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Fig.3 Histograms of C'V on rule 58=-61
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6 = 45(Conclusion)
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