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Abstract
frequent item sets, BM-Apriori takes advantages of Bigtable and MapReduce together to optimize Apriori algorithm.

BM-Apriori algorithm was designed for big data to address the poor efficiency problem of Apriori in mining

Compared with the improved Apriori algorithm simply based on MapReduce model, timestamp of Bigtable is utilized in
this algorithm to avoid generating a large number of key/value pairs. It saves the pattern matching time and scans the
database only once., Also, to obtain transaction marks automatically, transaction mark column is added to set list for
computing support numbers, BM-Apriori was executed on Hadoop platform. The experimental results show that BM-
Apriori has higher efficiency and scalability.
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BB P A BRI TR4E , R E T B3R Apriori B85 MRS )
B, B EEL¥EN Apriori BUAEEH A SGER T
T MapReduce B # Apriori BBt — 20 .

A 3¢B B & i B o Bigtable 5 R 4E A MapReduce 18
RIBRESE St JF 5 Apriori B ik FH AT AL I8, 4% 7K MapReduce
RIS, FIBS 8 A Bigtable £AR =48 & 4 LASc i, £
R T k3R Apriori B3k ) B (8] 9 #E 49 8] &R (2) 5 R RE (3).
BS B MEIETE Hadoop & LHTER, LHEF
9 Bigtable B ARMBA , f#15 Apriori BHEBEITHEAE TR
B KER .
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WA EEFBERE D, B/ 3TFHESR M minsuppport
B .DIRESERMFETEES L
TR
1. Ly =f{ind_frequent_1—items (D);
2. For(k=2;Li—1 1 =05k ++){
3. Cy=1apriori_gen(Ly—1);//H(k— DTSR ETE Li—1 4R k Wi
KIREIEE
4. For each transaction t D{//## D #1734

5. countCt=subset(Cx, t)//18 Bl BRI E N T4 , BIRE T E
6. For each candidate c€ Ct
7. c. countt++1}
8. Ly ={c€ Cxk|c. count=minsupport };}
9. return L=LULyg;
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xR2 B 1-TE G
Items  Sup TID

A 2 1,3
B 3 2,3,4
C 3 1,2,3
D 1 1

E 3 2,3,4

®3 FEIL-TEL
Items  Sup TID

A 2 1,3
B 3 2,3,4
C 3 1,2,3
E 3 2,3,4
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WA BB IR BE4% inputdatapath, B/N £ E minsup
Bt K-TUR EEEABRE k_outputpath
Setup()
k=1;
outputpath= GetFirstFreq (inputdata-path, k, trans_ num, minsup) ;
/BB —TRERERE , FHHERMA B outputpath
candidatesetlist/ /3B k-RER B4,
Map(keyl={requent(k—1) _itemset, valuel =support_count)
P={renquent(k—1)_itemset;
output(key2=(p[0],p[1],+,p[k~2]),value2=plk—11);// i
BT E TR BT k—2 TR RBE, BJ5 —TMEN{E, b Map BH#
B
Reduce(key2=(p[0],p[1], -+, p[k—2]), iterable(value2) =iterable
(value2))
Item[ ]=iterable(value2) ;
sort(item) ; / /St L RATHF
for i;0 to item. length do
for j:i+1 to item. length do
itemset=( p[0],p[ 1], -, p[k—2],item[i],item[j]); // & 7= ¥F
Y (k+ 1)~ 4E
TIDlist={oreach(linkitem in ItemsList)
{linkitem[i]. timetamp= linkitem[j]. timetamp}
suppot_count = count { TIDlistset) ; //f [B] B 48 [F] 44 & H 3k
£ BEYFI, YR, R E
k_outputpath(key3=itemset, value3=suppot_count);
end

end
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