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Parallel Mining Algorithm of Frequent Itemset Based on N-list and DiffNodeset Structure

ZHANG Yang"?,WANG Rui’ , WU Guanfeng'* and LIU Hongyi'*

1 School of Mathematics,Southwest Jiaotong University, Chengdu 611756, China

2 National-Local Joint Engineering Laboratory of System Credibility Automatic Verification, Southwest Jiaotong University, Chengdu 611756,
China

3 Aerospace Internet of Things Technology Co. ,Ltd,Beijing 100094 , China

Abstract Frequent itemset mining is a basic problem of data mining and plays an important role in many data mining applica-
tions. In order to solve the problems of the parallel frequent itemset mining algorithm(MrPrePost) in big data environment,such
as algorithm efficiency degradation,unbalanced load of computing nodes and redundant search, this paper proposes a parallel fre-
quent itemset mining algorithm(PFIMND) , which is based on N-lists and DiffNodeset. Firstly,according to the advantages of N-
list and DiffNodeset data structures,the data set sparsity estimation function(SE) is designed,and one of them is selected to store
data according to the data set sparsity. Secondly, the computational estimation function(CE) is proposed to estimate the load of
each item in the frequent 1-item set F-list.and the load is evenly grouped according to the computational cost. Finally, the set enu-
meration tree is used as the search space. In order to avoid combination explosion and redundant search problems, the superset
pruning strategy and the pruning strategy based on width first searches are designed to generate the final mining results. Experi-
mental results show that compared with the similar algorithm(HP-FIMND) , the effect of PFIMND algorithm in mining frequent
itemsets on Susy dataset is improved by 12. 3%.

Keywords Frequent itemset, Load estimation, MapReduce, Sparse estimation, Set-enumeration tree
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end for
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end if
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/AR 1 TRV N B 4 P A B AR
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end for
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if dense is true do
/ /3SR 2 WAL #Y DilfNodeset
dnsF2<—getF2(candl2, setF1,min_sup)
for eachijizin dnsF2. keySet() do
/ /B G B R
et<—createET(ijis ,dnsF2, F-list)
for each node inet do
//PRAE 2 YA IR

localF1=localF1U node. name

end for
end for
/ /28N BT A B 3 AT
else do

/B 2 T Y N-list
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for eachijizin nlF2. keySet() do
/ /B AE G HEE
et<—createET (i1iz ,nlF2, F-list)
for each node in et do
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localF1=localFI1U node. name
end for
end for
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return localFI
HF MrPrePost 532 R 7= A -IHA” 19 28 Apriori 5
5 1 SEUAEL R 42 4 990 5 T 4R, IR ot 3k b Oy A i e b o 7 R
R TURI R [, A3 RACR R RRIL. AR R,



ik BH L4 LT N-list Al DiffNodeset 4

AR BB B T T AT A R R 59

A SCR A 5 B0 WA D 18 R s (6] O 2 A 48 B R SR s ofe
WP TCARER . 55— Jr i, i T LR AR A B AR By A A 4
B HRE IR R PR 4R 1 T 9 R I S A R A BT B LIS
DAL A A AR 1 R R B AR T

B SGEENEIRNE) BRI b TE P =iy iri
G <ipy <o <ip <ig)  WWH PWFEP =iy v iviy M
PZ:ikik72“'7’2i17é\ Fiy ﬂ?ﬁfﬁ% k—1 Iﬁi%o 93[3/4\%[ P, &

Fo 80K P, & Fyo I BIAT 89 A 3 BE S HOE R 28R P Y
e

UE B < AR AR 0T 255 T 1 2 A9 1 JBAT A AE T AR Y
- RIEBEM.

EH 6O LR R M) LIS 2- i AR
MBI AL A R(e= D Rk AR ES BT AR B %
Y PRI BE e+ 2) - TUAR X LAY 35 055 26 b+ 1 A8 AR Z AT BR
BAREA S O R TH k- T (e==2) X B 1Y RO AF R 4540

EW] 2 BRI 7 - B R I e+ -
P AL 5 k- TR A O o TR UG N7 322 M) B4k I G 39T 48 X B 1) 0
P 45 79 (N-list 2% DiffNodeset) . 3 2> W A7 i . 5340, R il 4
20548 BRI A I B e I A G IR 1 B S A L L
HT T 2RSHQBENRE TER, Bk a5 HEM 2
AT I AR X L ) B

B 5 R 119 Az i K HG BT A e A B O AR AN s 3

AN BT S 58 S IR AT 55 B R AN T S BT AR Y R
I B IR RIP B A R B A

i3 EBBER AR

A HE 2 T ivie (i > i) B 2 TAR XTI Y FE 40 45 1 i 4 &

setF2. 451 % 1 Wi4E F-list
it B A B AR Y L root
root<—iyiy // FI UL A L2 B
B LB i, HTHE S
prefix,oo <—getPrefix(root, F-list)
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Return root
Function createTree(t, prefix,Set)
for each node in Set do
subset= {item,comm}
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for each item in prefix do

if subset not inSet. keyset()do
/ /B TR
continue
else do
ns={item,t}
node,s<—getNode(Set. get(t) ,Set. get(subset))
support=minsupdo
. child. add(ns)
Set. add(nodens)
end if
end if

if nodeys.

end for
for each item in this. childNode do
prefixiem < getPrefix(item, F-list)
createNode(item, prefiXiiem » Set)
end for
Return <
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Table 1 Node configuration
TRER EWA K IP 3 3k R
Master master 192.168.31.101 NameNode
Slaver sl 192.168.31.102 DataNode-
Slaver s2 192.168.31.103 DataNode
Slaver s3 192.168.31. 104 DataNode

4.2 EHBHE
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A B A A N FITURL 22 45 05 55 susy BUOIE R A0 500 T1 4%
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Mo X3 MEURE R R B 2 ol

Table 2 Datasets used in experiment
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Fig.1 Acceleration ratio of each algorithm on different data sets
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Fig. 2 Running time of different algorithms
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