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IFAMR: An Efficent Frequent Itemset Mining
Algorithm Based on MapReduce

Liu Xiang-jia, Cheng Liang-lun
(School of Computers, Guangdong University of Technology, Guangzhou 510006, China)
Abstract: Considering that single host in the existing parallel computing framework is not efficient in accelerating
massive data mining frequent item, an improved efficient algorithm for mining frequent item IFAMR is proposed,
combining the advantages of the MapReduce parallel computing model according to the basic principle of Apriori
algorithm and based on the algorithm FAMR. This algorithm first uses AprioriTID algorithm to preprocess the raw
data, deleting all the low-frequency 1-itemsets, and then calculate the length of each transaction set (L) and
minimum support (V) to determine the maximum merger candidate Map sets of operations. IFAMR algorithm
reduces the Map function to generate a low-frequency item set, and the algorithms are proved by experimental
comparison to have greatly reduced memory footprint and effectively improved the efficiency of the mining

process.
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Tab.l New data record and length of transaction record

TransID Itemsets Length
1 {B, C} 2
2 {4, B, C} 3
3 {4, C, D} 3
4 {4,C, D, E, F} 5




88 J7 R Tk R IR

34 %

BRI (1) 4.

R LT, BRI 1 4R S K AR 2 AT DA
BT SR I MBUE BN SR AR 0.4, X TR
IEER, MRAFAE RPN G KE S KT
LT MK, A4 MG St 2 =i, 50,
{5 IR AT R ARA . TR AT, i 4L i KK
FE S, BRI S - Tk ik b e B s
(4Y, T R4-TE ik e B A5 (4, T R3- Tk i 42
HLE (2,3, 4}, TR s2-TifEiEE L (1,2, 3, 4.

DRI Ay 3- T fige 16 4R 58 5 B v LA oK 155 12113+
TiF-HEFN2- TG 2 , AER T R 13- T i 4R (122
Gy RV /NT2, BT AR - AR T 3- T 1 i
AR 4. W2 fT7R, IFAMRS 1% H
Map/ReducetE 42 AE i 5 G2 i, et T3 i e 4
(1 f KK FE 23, PRI AN R 75 2 AR pl2- T B2 13-
B IR BE. TT E BE 2 A 4- AN SR £, X Eb
FAMREEIE /D T MapBir Be4-fig e £ FH 51516 5 11
AR

F2 THEMRRE

Tab.2 Candidate itemset of transaction record

Trans ID
1 {B}{C}{B, C}

Candidate Itemsets

[\S]

{43 {B}{C} {4, B} {4, C}{B, C}, {4, B, C}
{4}{D}{C}{4, D} {4, C}{C, D}{4, C, D}

4 {H{CHDHE}F} {4, CH{4, D} {4, E} {4, F} {C, D}HC,
E}{C,F}{D, E}{D, F}{E, F}{4, C, D} {4, C, E}{4, C, F} {4,
D,E}{A, D, F}{4. E. F}{C,D.E} {C.D,F}{D, E, F}{C, E, F}
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Tab.3 Delete the first-order low-frequency itemset

First Task

Input : D=Database format, min=minimum support count
Output : T=Transforming the TID table into a Database format
Scan D and structure a TID table
For each item in TID table

If (transaction. size<min)

Delete the item;

Output (7);
End; End;

®4 BAHEHTURIEEM
Tab.4 Largest merged orderd candidate itemset M

Second Task

Input: 7=Database format, min=minimum support count
Output:M=the max merged ordered itemsets size
Scan D and compute everytransaction's length

For each orderded itemset
For each transaction in T
If (order.size<=transaction's length)
Count++;
If (Count<minmum support count)
Delete the ordered set;
End; End;
M=Max (order.size)
OutPut (M);
End;
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Tab.5 Executing Map task 31 iﬁﬁﬁﬂﬁ
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Input: S=split I, M
OutPut:<key, I>, key is all of candidate itemsets
C=candidate itemset, the itemset's size<=M
For each transaction i in /
Map (key, value (7))
For each item C in i

Output (C, 1);
End; End;
6 HITCombinet{E
Tab.6 Executing Combine task
Combine Task

Input:<Key1, valuel>, keyl is one of candidate itemsets
Output:<key1, value2>
Reduce (keyl, valuel)
Sum=0;
For each valuel in key] list
Sum+=valuel;

End;
Output (keyl, sum);
End;
%7 ReduceH AR
Tab.7 Executing Reduce task
Reduce Task

Input: <Key1, valuel>, key! is one of candidate itemset, minimum support
count
Output: <key1, value2>
Reduce (Keyl, valuel)
Sum=0;
For each value 1 in key]1 list
Sum-+=valuel;
End;
If (sum>=minimum support count)
Output (keyl, sum);
End; End;
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