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Step 1 Frequent Pattern finding :
L; = { frequent 1-itemsets };

for (k =2; Ly_1 #@; k++) do begin
Cy= apriori-gen ( Ly ); // New candidates

forall transactions t € D do begin
G = subset ( Cy, t);//Candidates contained int

forall condidates ¢ € C; do

c.count ++;
end
Ly = { ¢ e Cy|c.count > minsup }
end

Patterns = U g Ly |

Step 2 Rule Generation:
Rules = rule-generate( Patterns )

1% 1 Apriori Algorithm

TID | Items Bought

1 acdfgimp
2 abcflmo

3 bfhjo

4 beksp

5 aceflmnp

1% 2 Sample Database

1% 3 (a) 2-size Hash Tree, (b) 3-size Hash Tree, (c) 4-size Hash Tree
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Procedure FP-growth(Tree, @ )

if Tree contains a single path P
then for each combination (denoted as ﬂ ) of the nodes in the path P
do

generate pattern U @ with the support = minimum support of
nodesin f;
else for each @, in the header of Tree do {
generate pattern 3 = a, U a with support = @, .support;
construct /3 ’s conditional pattern base and
then f3 °s conditional FP-Tree Tree, ;
if Treey 0
then call FP-growth( Tree,;, ) }

}
13 6 FP-growth Algorithm
item
£
b
m
P
448
. ¥ 1 Concept Comparison{ n=i;)
Concept A A 2F Support A 7}
Hash Tree O(n?) O(n* | D))
Lattice 0o(n?)
FP-Tree O(n) l O(nx| D|)

E 12 7479 AaTxdd g B4 A2 supportA] 1H]
sl Al Rolth A7) 19 Z7] §IE &5 43 Dol o
£ tolg 9] EAd et 2429 Concept2 th- 1 A 5 A}
o] & ¥Rt} |D| gto] A 11 sparsedt 7§ Lattice2! Support
A Z¥o] FP-Treeoll 8] 8] W& & o] 4= gt} o] = Lattice
Support®H ©] vertical data® €] 9] TID-liste] nFP g A4te
g o]Fo] X7] tfFoltt. 18} po] & H ol T
d4tal 8147} Aol Wi &l F71517) mE o) FP-Treeoll 1]
& Aol Hojxd

T@A42} space complexity7} LG A9 9Qloa
4 W A4 AT e BA4HE Conceptd Iv|E
Lattice>Hash Tree>FP-Tree= ¥ & 18] 8 oF &t} Lattice]
BS BE FRYEL 51 laticeol] A A2 E WS A

102

e QR st AFY 874 A HF5HT Densedt
dolze] H¢ Ee Y dolHodM AAEE WA Hst
9= FP-Treed] Aol O g 729 ARt

o}

L5 B 4 9} FP-Tree:= £ RG2S MM A gx
%2 @ Datasetd Bl 2 Concept2 74317 W&o AF &
3 A8 Sxdd A EYsig, Mg EY 71 ¥n
Dense?t H o] ¥} = 53] Bioinformatics & 2] Z 9] ¥ Biodata
(DNA, RNA, Amino Acid@5)dlA A+ B % o}, FP-
Treeiz A& WIAFE g AFFL F47]%0] Holvt
7 o] & AYLFE 278 biodata A gl &=
axHo|t},

I

4. Fxe=k

[11 R.agrawal,T.Imielinkski,A.Swami”Mining Associations between
Sets of Items in massive Databaes”Proc. Of the ACM-SIGMOD
1993 Int’l conference on management of Data,Washington
D.C.,May(1993)

[2] R.Agrawal, R.Srikant “Fast algorithms for Mining Association
Rules”, Proc. Of the 20* Int’] conference on Very Large Database,
Santiago, Chile, Sept. (1994)

[3] Jong Soo Park, Ming-Syan Chen and Philip S. Yu, “An effective
Hash-Based Algorithm for Mining Association Rules,” Proc. of the
ACM SIGMOD Int’l Conference on Management of Data, San
Jose, CA, (1995).

[4] J. S. Park, M. S. Chen and P. S. Yu, “Efficient Hash-Based
Algorithm for Mining Association Rules,” Proc. Int'l Conference
Information and Knowledge Management, Baltomore, Md., Nov.
(1995).

[5] D. Cheung et. al., “A Fast Distributed Algorithm for Minng
Association Rules,” Proc, 4™ Int’l Conference Parallel and
Distributed Information Systems, IEEE Computer Soc. Press, Los
Alamitos, Calif, pp. 32-42, (1996).

[6] R. Agrawal, J.C. Shafer: "Parallel Mining of Association Rules",
IEEE Transactions on Knowledge and Data Engineering, Vol. 8,
No. 6, December (1996).

[7° Han, E.-H.; Karypis, G.; and Kumar, V. “Scalable parallel data
mining for association rules,“ In ACM SIGMOD Conference
Management of Data, (1997).

[8] M.J. Zaki et al., “Paralle]l Data Mining for Association Rules on
Shared-Memory Multi-Processors,” Proc. Supercomputing °96,
[EEE Computer Soc. Press, Los Alamitos, Calif, (1996).

[9] A. Savasere, E. Omiecinski, and S. Navathe, “An Efficient
Algorithm for Mining Association Rules in Large Databases,”
VLDB 95, Zurich, Sept. (1995).

[10] M.J. Zaki et al., “Parallel Algorithms for Fast Discovery of
Association Rules,” Data Mining and Knowledge Discovery: An
Int’tJ., Vol. 1,No. 4, pp. 343-373, Dec. (1997).

[11] S. Brin, R. Motwani, J. D. Ullman, S. Tsur, “Dynamic Itemset
Counting and Implication Rules for Market Basket Data,” SIGMOD
97, AZ. (1997).

[12] M.J.Zaki and C.Hsiao. Charm:An efficient algorithm for closed
association rule mining. In Technical Report 99-10, Coputer
Science, Rensselaer Polytechnic Institute (1999)

[13] J.Han, J.Pei, and Y.Yin. Mining frequent patterns without
candidate generation. In Proc. 2000 ACM-SIGMOD Int. Conf.
Management of Data(SIGMOD'00), Dallas, TX, May(2000)



