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Abstract: Apriori algorithm is the classic method which used to detect frequent item sets. But due to the algorithm need to be repeated
scanning the database, it has less efficiency. The article for the traditional Apriori algorithm necessary to scan the database many times and
the resulting efficiency and performance bottlenecks, raising an improved method of mining association rules (AAC algorithm) , it only need

to scan the database one time to finish all the frequent item sets detecting, greatly improve the efficiency of the algorithm.
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FE 3 1:% % (transaction) : ENE P E—RX B+
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B X 2.5 & BE E (transaction database)
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C; = findFrequentOneltemSets(D);

L, = {X; € C; N TIDS(X;) = minsup}

EESWAET L, SEHEH#TER(LL O
Lyy) PRAEARE b~ R G, 3 B, AT
L, TTE K tids BB C, TTEM tids; BI: C, = L,
Q Ly, HHF

BYEL: KM C, PAAK tids TTEMRT
X F minsup; I/MF R EBEBIELR: L, = (X, € G N
TIDS(X,) > minsup}

3.2 AACHZHR(ERF)

@ Procedure main()

1)L, = find_ frequent_ 1 — itemsets(D);

/7 BTBIERE D, PSR 1 AR,

2)For(k = 2314 # D3k ++)]

3)C, = Apriori_ gen(L,_;,min_ sup) ; // Bk
R

4)L, = {C € C, | C.tids. count == min_ sup}

5

6)returnl = U,L,;

@ procedure Apriori. gen(L,_,:frequent(k — 1) —
itemsets; min_ sup: minimu support threshold)

1)for each itemset P; € L;_,

2){or each itemset P, € L,_;

3)if(Py[1] = P,[1]1 A Py[2] = P[2] A -+ A
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PlK-2] = P,[K -2] A Py[K - 1] < P,[K -
1])then{

4)C = P, & P,//join step; generate candidates

5)if has_ infrequent.. subset(C, L,_, )then

6)delete C;//Prune step: remove unfruitful cadidate

7)elsel

8)for each( K — 1) — subset S of C

9)C.tids N = S.tids;

add C toC,;

10)}

11)return C;;

@Procedurce has_ infrequent_ subset(c: candidate k
— itemset; L,_; : frequent(% — 1) — itemset)

1) for each(K — 1) — subset s of C

2)if s € Lg_qthen

3)return true;

4)return false;
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