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Abstract Association rule mining is a method of showing the relationship between patterns hidden in
several tables. These days, granulation logic is used to add more detailed meaning to association rule
mining. In addition, unlike the existing system that recommends using existing data, the granulation
related rules can also recommend new subscribers or new products. Therefore, determining the
qualitative size of the granulation of the association rule determines the performance of the
recommendation system. In this paper, we propose a granulation method for subscribers and movie data
using fuzzy logic and Shannon entropy concepts in order to understand the relationship to the movie
evaluated by the viewers. The research is composed of two stages: 1) Identifying the size of granulation
of data, which plays a decisive role in the implications of the association rules between viewers and
movies; 2) Mining the association rules between viewers and movies using these granulations. We
preprocessed Netflix's MovieLens data. The results of meanings of association rules and accuracy of

recommendation are suggested with managerial implications in conclusion section.
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Table I. Many-to—many entity—-relationship system
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&8 E 1: Fuzzy entropy discretization

Input: attribute data(x), band width(2./h=c-2)
Output: discretized granules of attribute data
1. Construct the membership uy for the fuzziness of data
X

for x; in RangeLmim, Lmax)

for x; in Range(Lmut+ b, Lnax-b)
nylx, a x, o =9S%x; a x;, 0

2. Compute the histogram A(x) of data X
3. Compute the different entropies with the different 4 = x;

for x; in Range(Lmint b, Lma-Ib)

L,
L e .
HX)|, = mj;; S, (py (@,0,2;,0))*h (z)

4. Select x; = by, local maxima of entropies which satisfies
HX)Ib, < (HX)b, > HX)Ib,

2&312]& 2: Association rule mining algorithm
Input: £S= (U, A, V. B, R, ms, mt, tc
Output: Source granules, Target granules and the rule set
1. Fuzzy entropy discretization algorithm
2. SGms) ={ (A", z)E24 % UNEy (2)l/IUI < ms}
3. TQmd ={(B,x)E28x UllEy (2)I/|U] < mt}
4. for gre SG(ms)
5. for gr'€ TG(mt)
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7. sconf(GR,tc) = LH(CR)]
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9. GR= (rep(gr)=>rep(gr’))
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Fig. 2. Association rule mining algorithm
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