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Sp-Eclat: A Big Data Parallel Association Rule Mining Algorithm

LI Chengyan  XIN Xue  ZHAO Shuai  FENG Shi-xiang
( School of Computer Science and Technology Harbin University of Science and Technology Harbin 150080 China)

Abstract: Aiming at the problem of inefficient data mining of association rules in a big data environment the
Eclat algorithm is used to use a vertical database to convert the merging of transactions into collective operations.
We researched a big data parallel association rule mining algorithm-Sp-Eclat ( Improved Eclat algorithm on Spark
Framework) . The algorithm is based on the Spark framework of memory computing reduces disk input and output
reduces 1/0 load and uses bitmap operations to reduce the time of intersection and CPU usage. The pruning
technique of prefix division is used to reduce the amount of data in the intersection operation to reduce the operation
time. The mushroom dataset and the webdocs dataset are used to test under two big data platforms. The
experimental results show that the time efficiency of the Sp-dEclat algorithm is better than the Eclat algorithm under
the MapReduce framework and the FP-Growth algorithm and the Eclat algorithm under the Spark framework. The
value obtained from the performance monitoring of the cluster shows that compared with the FP-Growth algorithm
and the Eclat algorithm under the Spark framework the CPU usage and 1/0 cluster load of SpdEclat are smaller.

Keywords: big data; association rule data mining; frequent itemset; Spark resilient distributed dataset
( RDD) ; MapReduce framework

12020 -05 -11

: (12541142) .
(1972—) ;
(1997—) .
(1998—) E-mail: 1043620988@ qq. com.



FP-Growth o 15

110 26
0
o 16
FP-Growth FP-Growth
1 2
} o reduce o Ma-
Apriori * FP-  pReduce Ma-
Growth ° Eclat ° o Apriori pReduce
Apriori o
I/0
: FP-Growth 2
Spark MapReduce
: Eclat 1/0
o 17 Spark
o Apriori FAFIM
Eclat 10 18 Apriori
Eclat R-Apri-
o 7 Eclat - Eclat” ori
« Eclat” o 19
Apriori
; 8 Eclat
Minwise o 20
; 9 Spark FP-Growth DFPS
Eclat Eclat_growth, FP-Growth Ma-
Eclat pReduce o 21
Spark FP-Growth. 22
CPU o FP-Growth
Spark
MapReduce Spark Apriori
o 10 Apriori MapRe- FP-Growth
duce ; 11 170 CPU
MapReduce DistFclat BigFIM. Spark
DistEclat k-fis Eclat
- BigFIM I/0 o 7
12 Eclat MapReduce 9 13
o 13 MapReduce CPU o
13 14
o 14 15 16
MapReduce  Apriori



4 . SpdEclat: 111
. 2 Sp-Eclat
1)  Eclat 2.1 ECLAT
Eclat
CPU o {item: TIDSet} o
2) Eclat Spark
1/0 Spark o o
—Sp-KEclat o
3) MapReduce o Eclat
Eclat Spark
o Eclat
2 2.2 SPHECLAT
;3 SpdEclat ;4 Eclat
;5
; o o Sp¥iclat
Spark
1 Spark o SpEclat 2
K- o
1.1 o Spark
p={T, 1,7 - T}
n ( HDFS)
m I1={1, L, I -1} K HDFS o
K- K o 0
X D X o
o o : 1 -
X={i 1, i o 1 -
iy Y={i i, i - i} k TID 1
{7, i, - 1} X Y K- o o
{A B C D} {A B E F} K- o 2 -
{A B}. 2 - K(K>2) -
1.2 SPARK o 2 - itemID
Spark TID TID
MapReduce 2 - o
/0 2 - o
o Spark Spark RDD 2 -
2 o 2 K-
o MapRe—- shuffle K-
duce Spark N N 2 - SpEclat
o o SpdEclat 1 o



112

BHUESE
FlB/NK
F§ B mins

wmmn |,/ EEE
ﬁﬁ%$7/ﬁﬁﬁ

SRR
ETFmi

$HR AL IR = 7

TG

1 Sp-Eclat
Fig. 1 The flowchart of SpdEclat algorithm

2.3
Eclat K -
(K-1) -

CpPU

 HERImE- Rk
“ | TiEfrel2 e
A - e
. 4 [REG-2) | JHAWES
s i>2? N MgE e
Y N
Y
i
IS _Y
R BRATER SR
K-Tiie 2-TfifEset2

i e [€

26
item | TIDSet N
item | TIDSet
i A 123
TID | itemSet A 123
B 123 fishyly
1| ABD fyﬁ% T 10
) C 3
2 | ABE D1 13
ABCD D 13
31 E| 23
E 23
2 1-

Fig.2 Examples of frequent 1-item sets for

database-form conversions

TID itemSet
TID TIDSet
o 2 A
TID 123 A TIDSet
{1 2 3},
o 2
2
C TIDSet {3}
C 1
C
Spark RDD filter
A BCE
o 1 -
1 -
K- CPU
TID
0 1 TID
1. BitSet 64
BitSet
64 TIDSet TID
64
o 2
I - { A} {D}
3 o
6441
ka0 [ o[ 0 [~ [0 ]

A:{IM [ To|

D:{1,3} \1|0] 1’ ‘0‘

3 TIDSet
Fig. 3 The BitSet storage form of TIDSet



4 . SpHEclat: 113
2.4 2 - K-
o K
1 - o 2 - - (frek) s
SpdEclat Eclat frek ={fre-k, frek, -+ fre-k}
2 - o 2 -
Eclat o 2 - Jred, =2 frek, =2 -+ frek,
TID -2 2 -
(K+1) - 2
o 4 2 1 - - -(K+1) o
2 - o
itemSet) TIDSet itemSet | TIDSet 2
item | TIDSet| =~ o K-
il AD | 13 BB 3 ° Jrek,
B | 123 P» AE | 23 | ] e ” I1<is<s 2 - Jrek, =2
PP BD | 13 BD 13
E| 23 BE ” . . K- o K-
DE | 3 2-
K- o
4 2- Spark map( )
Fig. 4 The example of getting Frequent 2-itemset RDD
4 2 1- 2 - (K-1) o
{A B} {AD} {AE} {BD} {BE} RDD
{D E} 2 - {D E} TIDSet {3}
1 2 - 2 - ID. reduce—
{D E} 2 - o ByKey( )
2- key RDD
2.5 Sp- RDD RDD
IEclat Spark key value
Dirver Program .
Cluster Manager 5
2 - 4 2 -
2.5 ’ itemSet AB AD AE
14 TIDSet| 123 | 13 | 23
o 14 | \4/
map
1: D S {A{B:(1,2,3)}},{A,{D:(1,3)}}.{A,{E:(2,3)}}
D =D, D ... D) v |
FI, FI, ... FI.
(AL{B:(1,2,3),D:(1,3),E:(2,3)}}
D FI. FI
FICFI, UFI, U 5
e Fig.5 The example of prefix division

K- (K-1)



114

26

4 2- A
2 - {{A B}:(123) {AD}:(13) {AE}:
(23)} {A{B:(123)}}
{AA{D:(13)}} {A {E: (2 3}}
Spark map( ) o
{A{B:(123) D:(13) E(23)})}
Spark reduceByKey( )
2.6 K(K>2) -
K-
K- (K+1) -
-2
2- K-
3- 2 -
7 _
2 - 3 - o 5
A
(B:(123) D:(13) E(23))
2 - {{B D}: (1 3)
{BE}:(23) {DE}: (3)}-
2 - {D E}
2 R 2 _
{{BD}:(13) {BE}:(23)}
A {B D} {B E}
3 {{ABD}:(13) {ABE}}:(23)}.
K -
(K-1) - (K-2)
2 _
2 - K- o
3
3.1
TIDSet .

1 -

3.2

TID

path

minsup

fre_1
1. javaRDD<«—sc. textFile( path)
. map<—new HashMap
. for row € javaRDD do
. count<—1 //

. setl «row. split( )

.if setl i e map. key then//item

. map. put( setl i setl i .values + count)

2

3

4

5

6. for i e set. length do
7

8

9. else //item

10. map. put( setl i count)

11. count + +

12. for i € map do

13. s<—s + 1. key +i. value + "\\n”

14. fre_l<—new HashMap( )

15. for i in map. size( ) do

16.if s 11 . size > minsup do // 1-

17. fre_l.add(s O BitSet(s 1: ).size) //

18. return fre_1

2 —
2 _
K - o
2 o
2 2 -
1- Jre_1
minsup

fre 2
1. fre_2<—new HashMap( )
2. while i e fre_1 do
3. bitset2«— 1. values( )

4. while jefre_1 and i <j //i



4 . SpdEclat: 115
5. bitset3«—j. values( ) value reduce
6. bitsetd«—bitset2 & &bitset3 map Aggregator
7. 1f bitset4. size() =minsup do // 2 - HashMap Aggregator
8. fre_2. put( fre_1. get(i) + “7 +fre_1. get( ) I/0.
bs4) K- K
9. return fre_2 1/0
3.3 K- (K>2) o
K- (K-1) - 3.4.2
reduceByKey shuffle 1 .
o (K-1) - 1
Tab.1 Define symbols and meanings
HDFS o
k= 3 ° Ic, |
3 K- (K>2) "
(K-1) - fre_k -1 K (K-1) (o
minsup ' »
: K- fre_k NET
1. map = new HashMap() DIS*KWM 0
K peed 1
2. while fre_k — 1. key hasNext R
3.pre=fre_k —1.key 0:K-2 // K-2 Spark
par
) 1/0 o
4. suf = new HashMap( )
5. suf. put( fre_k — 1. key —pre fre_k — 1. get( fre_k /0
—1. key)) // (1)
6. map. put( pre suf) CPU_(K) NET..(K)
7. javaRDD = sc. parallelizePairs( ( List) map) Time,,,(K) = CPU(M (K) + NET(M (K) +
8. mapl = new HashMap() DISK._(K) v v
9. mappreadd < javaRDD. reduceByKey ( i. suf + m (1)
. speed
J- Suf) // CPU
10. fre2 «— Getfre _2 ( mappreadd. value. key min— CPU (2)
sup) ) cPU .
11. fre_k = mappreadd. key + fre_2
12. return fre_k
3.4
IC,1 x K:(K-1)
3.4.1 1/0 CPUL(K) =D (2)
Spark I/0 1/0
170 170 ° 1/0 shuffle Spark  shulffle
K(K>2) - .10
° 3 1/0 4 o
k- NET () = K(K=1) (3)
reduceByKey cost NET,,,,
shuffle 1/0 o DISK_(K) = |K: (K -1) (4)
Spark  shuffle map key o DISK,,,..



26

116
FP-Growth Spark MLIib FP-
4 Growth o 7 o
4.1 RRMELRIBITHH LK
° 2000 Eclat on MapReduce
2 3T 128 G 1793 sy Sp-IEclat
Intel o Ubun- 1500
tul6. 04 Hadoop 25 Go =
&
Spark  executor 25 Go % 1000 946
Java o IntelliJ] IDEA( COMMUNI- ’
TY 2018.2) . Hadoop ha— 200
doop -2.5.1 JDK jdk1.7.0_71 Scala
0 15 e———— 5
scala —2.11. 8 Spark spark —2. 1. 0 - bin-ha-
d 5 7 400 800 1600
oop= : NI
4.2
FIMI Mushroom 6
21 Webdocs 9 Fig. 6 efficiency comparison on different frameworks
o 2
5000 PRI —&— Sp-IEclat
2820 —a—Fp-Growth
2 e=@= [clat
Tab.2 Parameters of dataset é 2000
=
Mushroom webdocs E o
23 177.2 o
S 512
119 5268 000
0 47
8124 1 690 000 250k 300k 400k
/kB 570. 4 1468 006. 4 BN
4.3
2 7 Spark
2 Fig. 7 Algorithm’s efficiency comparison on Spark
5 o Sp-Eclat
MapReduce Eclat SpdEclat FP-Growth
Mushroom 6 Eclat .
° SpdEclat o
6 FP-Growth Sp-Eclat
Eclat MapReduce o Eclat
o SpdEclat
SpdEclat K-
o 4.4
Spark SpdEclat webdocs. dat
FP-Growth Eclat o 250 K 8 ~10
Webdocs o Spark Ganglia CPU



4 . SpEclat: 117
100 10000
g %0 .. 8000
¥ &
90 & 6000
A B
. 144000
S =)
20 =
2000 ‘
0 I
Eﬁi‘j&ﬁ 0 ‘ s A‘AA‘ a
BT
8 FP-Growth CPU
11 FP-Growth I/0
Fig. 8 CPU utilization of FP-Growth algorithm
Fig. 11 1/0O utilization of FP-Growth algorithm
15
300
S o 250
?ér g 200
it B 50
. 3
o 100
0 50
BT 0 L
BT
9 Eclat CPU
Fig. 9 CPU utilization of Eclat algorithm 12 Eclat 1I/0

15

CPU 5 F%/%

BT

10 Sp-Eclat CPU

Fig. 10 CPU utilization of Sp-dEclat algorithm

3 CPU
o CPU SpdEclat
Eclat CPU FP-
Growth FP-Growth CPU
80% SpdEclat Eclat CPU
15% SpdEclat
Eclat
SpdEclat
CPU : FP-Growth
CPU o
11 ~13 Ganglia
/0 o

Fig. 12 1/0 utilization of Eclat algorithm

1/0 &5 F /KB

Fig. 13

9 000 kB

- Eclat

20 kB

I/0

4 -

13 Sp-Eclat
I/0 utilization of SpdEclat algorithm

40
30
20
10 |
0
BT
1/0

I/0
I/0 FP - Growth I/0
1/0

250 kB
5 - TIDSet
I/0 o SpdEclat

7 -
1/0



118

26

1/0

CPU

1

Spark

CPU

I/0 o

MASUM HOSEYNI Z. Mining Stock Category Association on
Tehran Stock Market J . Soft Computing 2019 23(4) :1165.
LEUNG KH LUK CC CHOY KL etal A B2B Flexible Pri-
cing Decision Support System for Managing the Request for Quota—
tion Process under Ecommerce Business Environment J . Inter—
national Journal of Production Research 2019 57(20) : 6528.
GUAN VX PROBSTY C NEALE E P et al. Identifying Usual
Food Choices at Meals in Overweight and Obese Study Volunteers:
Implications for Dietary Advice J . British Journal of Nutrition
2018 120(4) :472.

HAN J PEI J. Mining Frequent Patterns without Candidate Gen—
eration C // Proceedings of the 2000 ACM SIGMOD International
Conference on Management of Data May 16 — 18 2000 Dallas
Texas USA. ACM 2000: 1.

ZAKIM ] PARTHASARATHY S OGIHARA M et al. New Al-
gorithms for Fast Discovery of Association rules C // Internation—

al Conference on Knowledge Discovery and Data Mining. AAAI

Press 1997:283.
PHILIPPE F V. JERRY CL BAY V etal. A Survey of Itemset
Mining ] Wiley Interdisciplinary Reviews Data Mining &

Knowledge Discovery 2017 7(4):1.

LIZF LIUXF CAO X. A Study on Improved Eclat Data Min—
ing Algorithm C //Advanced Materials Research. Trans Tech
Publications Ltd 2011 328: 1896.

ZHABG CK TIANP ZHANG X D etal. Fast Eclat Algorithms
Based on Minwise Hashing for Large Scale Transactions J . IEEE
Internet Of Things Journal 2019 6( 2) :3948.

MAZY YANGJC ZHANGTX etal. An Improved Eclat Al-
gorithm for Mining Association Rules Based on Increased Search
Strategy J . International Journal of Database Theory and Appli-
cation 2016 9(5) :251.

VERMA N SINGH J. An Intelligent Approach to Big Data Ana—

16

17

18

19

20

21

22

Iytics for Sustainable Retail Environment using Apriori — map Re—
duce Framework ] . Industrial Management & Data Systems
2017 117(7) : 1503.

CHAVAN K KULKARNI P GHODEKAR P

Itemset Mining for Big Data C // International Conference on

Noida

et al. Frequent

Green Computing and Internet of Things ( ICGCloT)
IEEE 2015:1365.
SUVALKA B KHANDELWAL S PATEL C. Revised ECLAT
Algorithm for Frequent Itemset Mining M // Information Systems
Design and Intelligent Applications. Springer India. 2016:219.
CHON KW KIM M S. BIGMiner: A Fast and Scalable Distribu—
ted Frequent Pattern Miner for Big Data J . Cluster Computing
2018 21(3):1507.
WANG L. An Efficient Algorithm of Frequent ltemsets Mining
Based on Map Reduce J . Journal of Information & Computa—
tional Science 2014 11(8) :2809.
Hadoop

I 2018 45(S2) :419.
DING Yong ZHU Changshui WU Yuyan. Association Rule Min—
ing Algorithm Based on Hadoop J . Computer Science. 2018 45
(1S2) :409.
LIH WANGY ZHANG D et al. Pfp: Parallel Fp-growth for
Query Recommendation C // Aem Conference on Recommender
Systems. ACM 2008 : 107.
QIUH GU R YUAN C
Ttemset Mining Algorithm with Spark C // Parallel & Distributed
Processing Symposium Workshops. IEEE 2014: 1664.
RATHEE S KASHYAP A KAUL M. R-Apriori: An Efficient
Apriori based Algorithm on Spark C // Proceedings of the 8th

et al. YAFIM: A Parallel Frequent

Workshop on Ph. D. Workshop in Information and Knowledge
Management. ACM 2015:27.

WENH KOUM HEH etal A Spark-based Incremental Algo—
rithm for Frequent Itemset Mining C // Proceedings of the 2018
2nd International Conference on Big Data and Internet of Things
October 2018: 53.

SHI X CHEN S YANG H. DFPS: Distributed FP-growth Algo—
rithm Based on Spark C // 2017 IEEE 2nd Advanced Informa—
tion Technology Electronic and Automation Control Conference
(TAEAC). IEEE 2017:1725.

GASSAMA ADD CAMARA F NDIAYE S. S¥PG: A Paral-
lel Version of FP-Growth Algorithm Under Apache Sparkk™ C //
IEEE International Conference on Cloud Computing & Big Data A—
nalysis. IEEE 2017:98.

LI C HUANG X. Research on FP-Growth Algorithm for Massive
Telecommunication Network Alarm Data Based on Spark C //
IEEE International Conference on Software Engineering & Service

Science. IEEE 2017:857.



