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Abstract Along with the rapid development of Internet and the rapid growing group of users, many Internet services
companies have to manage TB size or higher amount of data every day. How to find useful information in this big data
era is becoming an important problem. The data mining algorithm has been widely used in many fields, and finding fre-
quent itemsets is one of the most common and primary applications of data mining,and Apriori algorithm is the most
typical algorithm for finding frequent itemsets from a big transaction database. However, when the dataset size is rather
huge or a single host is used, the memory would be quickly exhausted and the computation time would also increase dra-
matically, which make the algorithm performance inefficient. Parallel and distributed computing based on the MapRe-
duce framework has been proposed. An improved reformative MMRA (Matrix MapReduce Algorithm) algorithm which
should convert the blocked data into matrixs to find all frequent k-itemsets was proposed in this paper,and the proposed
algorithm was compared with current two existed algorithms(one-phase algorithm and k-phase algorithm). Adapting
Hadoop-MapReduce as the experiment platform, parallel and distributed computing offer a potential solution for pro-
cessing vast amount of data, Experimental results show that the proposed algorithm outperforms the other two algo-
rithms.
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class FirstMapper{

/B EBAEE

List tSet;
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BRiE&ENTFRERITT ISR

public void transMatrix(tSet) {

//5E X—~ BigInteger 28 &I #4745 & matrixSet, Fl T 770t 18 %
FTE;IE—MEM TR AE— 1 String 8§46 M matrix-
Array H1

Biglnteger matrixSet;
String matrixArray[ |;
For each matrixSet in matrixArray[ |
//IERFIAEMALE, H M AR matrixArray[ ], XEEELH
HiEER1
local(matrixArray{i]);
matrixArray[ |. add(matrixSet ) ;
count=1;
//HTR BT EMNEREN L
1=local(matrixArray[i]);
End;
}
map(keyl, valuel) {
/R R AR B T AR
Map localCI;
//# 7 matrixArray
For each value in matrixArray
/ /% matrixArray F f)—1T value 1 F135 —17 value 2 EER
ZE G R EELE temp B, temp = genMatrix (va-
luel | value2);
/W kIR R k+1 ERE RS, IR temp H 1 894
A% T matrixArray 1 1 BA500 1, WA R k+
1 4R, ¥ BT 2 AR 20 k+ 1 TEFEE lo-
calCl
if(temp. count(1)! =matrixArray. count(1)+1){
delete(temp) ;
Yelse{
localCl. add(temp); }
End;
For each item I in localCl
Qutput (I,1);
End;

@%—4~ Reducer KK AR .
class FirstReducer{
/AR SRR T
reduce(keyZ2, value2) {
Int sum1=0;
Map localFI;
/ /% key {HAH R B9 SRR IR RETF AL 1
For each value2 in localCI
suml—+=value2;
End;
/ /BRI BB/ T
minLocalSupport==(num/n) * Apriori. supportRate;
/ /1% R R A BT R
If (suml >=minLocalSupport)
output(key2,suml);
}
localFl. add(key2,suml);
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class SecondMapper/{
map(key3, value3) {
Int sum2=0;
/IR R T 4
Map globalCI;
/BT R R R EIRE A & 74 2 RN R S T4

sum2 + =count;

}
globalCl. add(key3, sum2);

@5 — 4 Reducer ML .
class SecondReducer{
reduce(key4 , value4) {
/ /18 2R RN TR
minGlobalSupport=num % Apriori. supportRate;
If (sum2>>=minGlobalSupport)
output(key4,sum2) ;

}
globalFl. add(key4,sum2);
}
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