a2k Hoel it 2N HL 5 Eire Vol. 42 No. 6
2019 4FE 6 H CHINESE JOURNAL OF COMPUTERS June 2019

XEMMEFHENST M ITHEIESR

é E} % D) Tﬂz 57 1.2) gj& ﬁgl)-Z) % ﬁ&l).Z)

V(MR EREER TEER BMal 210003)
D(HEMAERFILHERTHSELNLRE MR 210003)

OE ORI AR R TE R R S5 0t o )2 R R T B — AT A W LA R 2 AR T Wiy
Pl v 5 R OU] o AR T RS . SR T S I ML DU Ak B DR o LD P O 4 ) T 8 A A i B 2 DG TS T 0
T S TSR TR R D) 3¢, S T Ak 70 2 P 0 77 A T S I A A o) 249 S TR O D 3 R 7 I AT S FL T 5 IRk A A 1Y
FEL R O I AR SO 58 S TR0 4 7 9 200 25 )L i ) R 55 17 8 280 5 Tk L U e 7 ) A 50 B AE 2 o MU 42
B 5 A TS AR A e BRI L AR S S B A B R T T A i B s SR U A A
e BRAR b 0 B AR R R T BT I 4 Hh R 2800 LI A AR 0 5 0 R e O R 5 g s 2 ) SR ] A G 2 A
SR AZ 055 4 7 3 5 Hh AT 55 J B 52 RN 8] 2 3 A4S T B 4 1) 52 96 45 SR e W1 2 T P s ZR MR A 2 1T
FU A% G 55 2% DT I SR W B 6 A% LA IF Il ) s BT £ o #) 2 Af S S HE 2 T B TR R AR I BT e

KR HMEAE ARG R 5 1 A FP-growth 873k 5 Spark; £ 2k 24 fliy
FEESES TPIS DOI & 10.11897/SP. J. 1016. 2019. 01218

An Efficient Distributed-Computing Framework for
Association-Rule-Based Recommendation

LI Chang-Sheng” WU Zhi-Ang"”'? ZHANG Lu”? CAO Jie"?

D (School of Information Engineering . Nanjing University of Finance and Economics, Nanjing 210003)

» (Jiangsu Provincial Key Laboratory of E-Business . Nanjing University of Finance and Economics, Nanjing 210003)

Abstract  The association rule based recommendation model is one of the most widely used
commercial recommendation engines in e-commerce websites. A variety of techniques, mainly
including eligible rule selection and multiple rules combination, have been developed to create
effective recommendation. Unfortunately, the efficiency of the association rule based recommendation
has been paid for little attention. In real-life online shopping sites, the concurrency traffic is usually
very high, that is, there are a vast amount of users visiting sites simultaneously and persistently
adding commodities into their baskets. In the meanwhile, the volume of frequent patterns are
usually very large and thus the number of association rules derived from these patterns is much
larger because a pattern is able to generate several rules. As the large amount of the association
rules and the concurrent access of users, how to match the browsing histories of users with the
large set of rules efficiently in order to offer nearly real-time recommendations for massive online
users, has become a vital concern which restricts whether the association rule based recommendation
model could be used on the real-life e-commerce websites. To address this problem, this paper
focuses on the efficiency of the association rule based recommendation and develops a distributed

computing framework for improving the computational performance of rule based recommendation,
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which seamlessly fuses the association rule mining and the recommendation computing. Firstly,
based on the summarization of existing rule-based approaches, a tree-type structure called
Ordered Patterns Forest (OPF) is designed for the compact representation and storage of frequent
patterns, without missing any basic information that will be useful for the subsequent recommendation
such as support of a pattern and its nested patterns. Secondly, we transform the two-step rule
based recommendation to a series of operations on the data structure, and then develop the
corresponding efficient algorithms for these operations which are responsible for mining eligible
patterns as well as computing recommendation scores. Specifically, we transform the candidate
rules mining into a path searching problem on the OPF and thus present a path searching algorithm
running on the single machine, Finally, the real-time recommendation is impossible to be completed
in a single machine. Hence, in order to handle the ever-increasing of online customers and patterns,
we devise a distributed computing framework in which a novel load balanced strategy for data
partitioning is also proposed to reduce the running time of the task that finishes lastly and thus
further improves the overall performance. At last, we implement the proposed framework and
algorithms on Spark, a widely used memory-based distributed computing engine, and evaluate the
framework and algorithms on three real-world datasets, i.e. , Accidents, Webdocs and Amazon.
The experimental results demonstrate that the efficiency improved by the proposed OPF with the
path searching algorithm is more than six times that of the traditional brute force method. Moreover,
the proposed load balanced strategy is effective to further improve the performance of the proposed
distributed association rule based recommendation framework, which can achieve nearly linear
scalability along with the increase of computational nodes.

Keywords recommender systems; association rules; frequent patterns; FP-growth; Spark; load

balancing
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R, E IR H AR B A2 5 6 i B 2k B8 A 5 e i 1L
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T.WMEE IR V., € VAR — R0 B
pr. T ERIEAANET T, HI p ™= — 500
R A= R4 E TR, & T, 5 fe e JLu, RP
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PrERAREE G R R — 45 AR BEAZ A XS . X5 R, i)
PR — 4 N R, : A — 4, BT 7 4E I 45 1
P A B p, W DR A AE A T B AR AR — 2%
eV, B XA A —ADTH L& T,,
AR 4 5B RE T — 4 Hirigia, 1)
Vu€V,.

i b LT BARER AR R R e LN 4 5 2 —
— % B Y. HEEE.

Hi g B 1] A A% H bR B AR AR B — % i ik
FUO, A A R T, 00 1 H bR B& A T AR5
T, Jit A 1 A 36 R0

By M3 gl TR T, BB 2L G W
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TREEAL e Iy (B 2 55 1~10 47, i HEAR S #52HD
Ho 3 3 FE BT BB color AR R 15 Wb i [X 4y 48
FORA. BAKH, color 78 5 WUAE 2y : white, gray Fl
black . HI MG AL I T A 97 s white 4, 4 i§ 12 I &
WRRAE T T Wiy G 3 45 1~2 47)
Bk 355 2 478 DeepenColor BREUEE color 7% Nl
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T, B E B H AR H L black K78 AR F B —
ANRALE T T I, X R A R AR R ] L
P51 L 2 55 5 47).
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Bt . FIEER VAT RAE T 0 B i 4

1. QlgEHEsR S, S.PUSH (v,.child_list,white)

2. WHILE S+# & DO

3. v<-S.POP()

4 V.<PathOperator(v,T,) /% WHEH 3 %/

5 IF v.color #black THEN

6 FOR wvv in v.child_list DO

7. S.PUSH (vv, v.color)

8 END FOR

9 END IF

10. END WHILE

11. RETURN V,

&% 3. PathOperator R%K.

B 1R oo I PR T

i G VA TRE TN EIRRES

. IF vv.item & T, THEN
DeepenColor(vv.color)
IF vo.color=gray THEN

i, = vv.item, Update(V,[i,]) /*i, /& BIrIH %/

END IF

END IF

IF vv.item & T, AND vv.color =gray THEN
Update(V,[i, 1) /= 5 i, [0 HIREEAR «/

9. END IF

10. RETURN V,

Sk SV I b 156 B H B AR A R A AR AT
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Y EFKIE(A.B,D,E), A & AR IV A1k
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Wi 7 De T, H D B color fH N gray . 248 5
— kLA B O3 HARIUH i) H AR B2 (AL B. D). E 4kK
AT R color ARGTE E iR h T EE T, E
(4 color {HBEMIE R black , Wl % 5 B, 7% |36 5 45
W25 56 RS 22 SR K AR B AN &L 3 TR A A
TR H b Oy HE bR TR R R AR AR
R H BRI .

oo ~ » wl =~ w DO —

3 HtrBARi =Rl
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supp (A, i), 8RR A BIN] 315 statinfo 8
() suppCAD . TR L 453 2508 A i 42 X 1 0 ] 19
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R]/I

RUUTF U 1. Update s BH SEiTH H bR A2 T
o7 MR DN F) S8R B A0 A B V. L, T S AR 4, HE

1538 K BB A I B i O I #) v, L, ]
L Hi .

B TE S Gl R G R Update 95
A DOREHER o (BT S Rl A B H bR B AR i R
ST T A 110 S IR I 4 77 J7 ik o A B S A SO 2 4
THEEAE S O R
4.4 AHHEIEFE

5345 2R G R 1B 4T I TR PR T IR R 58 A 451
S TSR ] DRt A A AT Y B AR AR
BRI T I () A AL 1 I R 43 A XU A
HE Z 0, 35 A B A2 4 5 TSR A B B PRt 3R
I E —> 6 HE Y 771 28046 8 (load indicator) , fig
[Fi) B 221 0 44 i B 1 60 28K, 7R G R At B 4 s 22 R
18 70 2 4 A 0 Bk

TER AR A7 A o B P, 3 KO S i
FList 43> T00 H X8 45 4 FP R A R, B 7E 20
AP N H RS E - DIE KA A
20 1) 5 R O A R B R R L R A B S I H AR
M BEAE AR AR BCA IH 7, 2 BORE BRI
SEALIAL T (i} IS5 55 B 5 D FE 4 {0 ) 1)
BB R TN = [ Dl supp G ZBUHE 4R, 2
2 [R) Ao B R A SRR 0 AL B SR B R T ()
3T $ 5 10 s AR W] A 0 (O A 5

LkZZSup[)(iq) (2)
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Dy | =N, |L.=|Dlsupp i) suppi,) (3)

t 20 (3O P FList W0 H 1 3 F5 8 I T3
P50 B s AL ML, B 45 1F FP AR RUASE , BRI OGS SC 4
F R H S FFBEAE 67 28048 Bl T A i 2R 4
I 1A 00 4R R 45 U AE U R AR S A Y
02K 359 A7 43 ) ) R e Ak Sk o FList ol H i
SR RERN Sy 12 A A A A o A H A R Y SR
JERL #H FList BT 50 H 78 K 4041 E 1 32 5
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PR Ao Al 8, S NP 5S¢ 4 [a] f8. SR . i A8
S 2 AR A3 #) FList BSR4 T
L I H R B SRR BE HE P K FList A
P K Ao FE X R IR B R T L il DL i 2
T 2K B[] B8 A 4 e 4 A8 FList 1934 45 43 %0, P4t ig
sk 4 Fs.

ik 4 BRI

Hi A : FList #4343 K

i K AN almE s

Lo 38 K A0 8 SRR BE i SF (S

2. S8'<0,S<0,k<1,5<1,q<1

3. FOR #2081 F %5 % F 4845 B i, € FList DO

4 S’ <S.,S< S+ suppli,)

IF S=>S THEN

5

6 IFS'=0 OR | S—S|<|S’—S| THEN

. Bu<{iireriyhs s<qt1, k4, S<0

8 ELSE

9. Br<Aissrsig 1 tss<qskt+ . S<suppli,)
10. END IF

11. ENDIF

12. END FOR

13. RETURN {8, ++++ .8 }

55 5 AT HYHE FRAF B IR RS 15— UG
P S 8.k T 5 S R84 % ] ge7e
Sy <<S itk B, [, AT ST A AR A I > —
AT S HF R R IR B 6 ~ 10 1738 i A
1S —S[5|S" =S|y K/NkpeE i g — 434, S

THMAT /T4l BRI 4 38— Flist
5 T 5 A IR ) 52 2% B O ©C| FList ).

T 0 BRI A e FList 0 43 B S 45 1B 422 30 A
S5 K 4L A8 5y A5 X FP-growth 248 45 K » 4>
TR R B A P B R PR T U SRR 2
AR LA H 55 X FAL R — A e R MR
Tk 139 SR B T e 4 AR AR Y o 303
JEE N B R R DR B S TR A R AR
SR L B L (A5 23 O B 1 25 A AR X
AR R X M. b FRIFER T, 503k 2 %R
RO BT AR R DA R T S8 B2 A O 172
A BV BE 20 im0 A 2 i L AT R AR OO
Y 0 2.

5 KWERMOH

ATAE 3 A ESHAE A Ik T4 0 iR X
R T S H R ) 77 R OR A R
5.1 XWEE

AR, A SCHE T 3 Aok B A [a) 45048k %) Hic 4 4
Accidents®, Webdocs® LI M Amazon®, Accidents
1l Webdocs %4l 5 oy < 1K 73 A 508 ) 32 18 T 19 b
ER A 4R 5 Amazon BOHs 4 % W 1 3 1 ) 0L 45 4
PR IC R o B AR il R R R LR PR 1 B AR AR
BR3P TR EURE LN EEAGIHE B

®3 ZHRBHEERITER

Bdatk FE TEH % 3155 I fi KR Pk KE HETHRE w6
Accidents 340183 468 18 51 34 7.22391
Webdocs 1692082 5267656 1 71472 177 0. 00336
Amazon 8026324 2330066 1 43201 3 0.00012

PR FEAR. A SOR FHPRAT IR (8] AN BE (S peedup)

P IGUHS B A D i 500 0RO 98 B o PAT IS (] WL
b SR T BE R T I L A 20 1 AT R ) Y 4
THE R, d 65

Speedup =T,/ T, (6)
Horp Ty 0 T, 53 590 227 W AN [6) 7 125 58 B[R] —4F: 55
A TE RS ). B Ah  FRATT T A BB OR H  e 4C Gid
o Dz B v RE L TR A

I=Tn/ T —1 D)
Horp s T RN I 5 58 AT 55 B A6 2% 19 i (8] T, 3R
7N A1 RS RS B AT 55 197 I Ta)L B K A
T8 BB B A . TR R S A30RA 25 A B 67 288 1 5
I 2

SCEG PR EE. AN SCHE Spark SEHE b 52 OC AL
et 1 A S HESL, BRI 16 A9 A, 9 A
B ] T- I M 48 FLBR. B B 19 AR TC &2 « Intel 4 #%
E5-2650v2 Y CPU(E4i 2. 6 GHz), 128 GB N 7,
240 GB SSD fifi #% L & 600 GB SAS fifi #%. sz 16 {15
K Java 1B S Y5 , Spark IliA N 1. 6. 2, BRIAK 16
AR SR T o LA
5.2 HWHEUTEERHOBESHT

AR 55 41E Y 5 IR Bk 4 B S TR R AR
TR A2 FH P B %) 2 DG JC 11 5 R0 . B S 30 E PR AL

BT A B AR MO HERE T ORI R T R A

@  http://fimi. ua. ac. be/data/accidents. dat
©@  http://fimi. ua. ac. be/data/webdocs. dat. gz
@  http://snap. stanford. edu/data/web-Amazon. html
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— AR SR AT 2 7 58 By i sk AT UL S L X
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ER L X 4. (1) ¥ 55 53 F) (Equal Partitioning,
EP), Bl FList #4308 & % 4y , X /& Mahout, Spark
MLIib S #1257 > P 38 3 >R AT 1 23 2 BL T 5 (2) %)
B AR 5 4 ) (LBP O™ AT AE FList HHE ¥ 47
X B S TR A

B 5 sy S IR T 5 Bl A U0 B
FE48 7 2 AT B[R] (UL 5 26y Bl 6 0 Y 45 48D DU
Lo 3 FP-growth 288 24 4 5 W 1) £ 24 34 i 45
O (54 y itk iz i 9T 40 . 8 58 AR TR 26
RYY A SO EAE A2 8 7 3% 1 . Apriori + 8%
A, Eclat + F 73 4 20 FP-growth g 22, iX 1)
FP-growth iy S & fe il 547 & 2 40 A 2B X K ¥4
B XA AT 55 19 7 s U N 3 M A L FP-
growth "N X6 o3 HI KM FE A A S B
L EP g R I ik 25 B EP /Y AT I [] 0 67 28
VIR HE B0 e s SR B FRATTAY LBP, [ Zhou %
NPT LBP S AR R 7E S /N B E A SR
Accidents |-, LBP, #1 LBP, M 8e3z235, 1 78 Web-
docs I Amazon PI KREHE L I LBPo1E BT A SCHF
JE BRI T80T LBP.. %15 4% T LBPo £ & Al
7B EAE S AL T AR LBP $ 4l DL Flsit
K EEAE g FP-growth #2541 I [1] A9 - A v

l:]ApriorHr [JElcat+ COFP_growth+EP BEEFP_growth+1L.BP, BBFP_growth+LBP, —*FP_growth+EP -+ FP_growth+LBP, - FP growtthLBP”l

9000 (= 2.4 15 000 2.4 2700m 12
2000 205 5000 204 1200 L0 o
% 500 - | o 2600 I
= 1. M8 = 2000 6z = O [
= 100 T 2 E g0 125 = 280 068
& K & K b K<
> ‘ 120
N 20 Lol (08 M 400 085 1y 045
5 0¥ 180 04% 50 I —1' 02F
2 14 16 18 20 22 ° 70 75 85 0.0 05 " 00003 0.00035 00004000045 00005 0.00055
BN CRREE /% BRANSTRFRE /% AN CRFEE /Y

(a) Accidents

(b) Webdocs

(¢) Amazon

B 5 oA 5O SR A i 3800k 28R L

Bk B E o AR K XF Bk 3 it 42
o3 BR300, o3 R K X T2 5 00 A i
SRR AR K R GRS E AR 1y
i ) R B o™ WL X A SR R Amazon B dE £
minisupp B 0.0003 % . M AE /4K KL A
AR B AT I A R0 B L b 0% 28 S 3k BN b e X
H T aandatone/ Toaratiet s Fo o Tanteatone F1 T pavaie 73 3 278
FP-growth $53: 16 B ML 31 58 A1 o3 A 2030 55 b 1 R4 T
BFM]. &6 45 ) 7 32 g X L 45 R N 6 () AT LA
th L EP SR AK SR 5555 . 1 LBPofIt T LBPL. & 6(b)

“[—=—EP
24f—e—LBP,
-~ LBP, h

I b

=00

4 8 16 24 32
Sre%k Tk
(a) BT (b) Ik LL

P 6 g3 2 Hoxt B 8 A 23 ) SR 8 B9 B2 T (Amazon)
(1 T3 HE 48 AR W 0k o5 — AR B AR L 40 AR

R
S

8 16 24 32

@ https://github. com/YP-Liu/Apriori



6 4

2B BEAE - IR e 77 1 e A A S R 2

1229

R THEAT 55 A2 Z 0 LBP Z W] LBP, ) 25 JE 7
T R 3 U B 2 4R ROHE AR U S B A L AT R
FList fi & FP-growth iz 17 i ] {4 5 3 748 75 A K
. 3 S 3 o U B AR SCRT R i LBP, S mg A
SEUF R AT R BVBE R T A A e L
80 ok i B
5.3.2  HEFETI R B R 8 1 o b

A5 36 1 T O 56 DU 7 114 3 A1 2K A A HE
TEAE 7 1538 3 1) 67 48 3 Al k. 5256 16 B Amazon
s £ Webdoces Bl 46 . 3 il 45 4IE 3 Fh 1 2024
77 53 ) SR W AE A ] SR SRR SR R XA 2 B
Bt it B a2, et R e A P T8GR I
50 J3 4% Rl XE 2 A Hidl B 45 I 2 dH AN [a] 1) SR
BB HEE T T R O AR SR i vk TR RS

T FRLE G B A AT S R Y S A
FEAE B B A i A SR R A R R AR
S I < e I W o . o gl N 20 1§ U
fic T 4.

SEGLE R ANE 7 FrR, SR F L LBPo 5 i 5K
Z T HA 2 Fh S w E A T AR PR SR R I A
PERE. ZR1M , LBP, 5 LBP (44T i 5] F1AS 34 4 4 54
Pk SR R AR SCHR 9 43 A 28 OPFM R
Fic 1 R PR, G 5.2 TR, OPFM 78 B 7 4
AR L e — 4k T AT AT 10ms, R
B LBPL RIS FE 42 3 B B2 B0 A% S BIAEAS 138015
AR AR 25 e K H R 4 i X OPFM 5
TFR S5 T RO AN S B 22 L Xl
7% LBP, 5 LBP, A 4047 B 7] 22 B AR /8.

| COEPCOLBP, WM LBP, —EP - LBP,~ LBP,|

1.2

P 96 o

=
Bl2 8.0@ o 0.8 60@
=08 64 =048 18
0.5 18% =028 3.657
i 3 32& ‘\);0.18 2’4k
170 16% 190,12 128
0.2 0 & 0o ®
4 8 16 24 32 1 8 16 24 32
Faxaik:ie IrAE
(a) Webdocs (8.5%) (b) Webdocs (8%)

& 7

6 % it

AR SCAR H T 1] S IR LI 7 14 v 7 J o A 2K
PRMEZR AE 28 T 2040 5 0t SR 42 i B e i 3 e
B, I AE Spark SF- & | 52 B SR T 48 1T
e BARHD AR SCH 4R A TR AR SRR PR B B 45 1
PR s 4 A7 Bkt BT A 1 0 A58 0. EL g s s L DU 1
24 T A A D A P A R AR TP G A 1 R TR
It — A~ R H bR AR 1 AR B3k [ R
e FE AR 2 E AT RS F bR %A 118 R g R
H s LA 2 ) R ) O . i 4R Y B A8 A6 )
i FIHE WS L LR w2 A OB R 2 4 - 20 A X
TR 55 RO, SRR T 3 A A TF Bidie 4R
S0 UE A 3 B HE S 194 250 5 R S 2 A 1 )
S R R K T A e R AR 271 5 L AL 4
55 2% VC i SR W AR 6 A% A b i [l [ i 4 ) 43 A
AT HE B2 nT Bl 3 B39 a5 B 9 2 1 ik 3 3 2 1k
P RE.

w24

7R 4 1 S e T 53 A e AT R R

. 1.8
= :»,w 3
S 14 0.0 % 25% 9.0 i}ﬁ
20.72 128 o) 72 3
Z0.36 SAR Lo, 54 &
20.20 36K 5 3.6 K&
Mo12 1.8 % 1ol 18 &
A BN o, = N BiR 0 X
1 8 16 24 32 1 8 16 24 32
BTt Bk
(¢) Amazon (4.5%) (d) Amazon (4%)
5 £ X W

[1] Zhang Yu-Jie, Du Yu-Lu, Meng Xiang-Wu. Research on
group recommender systems and their applications. Chinese
Journal of Computers, 2016, 39(4): 745-764(in Chinese)
CRE . AEEE ., e, A RGN . HHH
MR . 2016, 39(4) . 745-764)

[2] Gan M. Jiang R. FLOWER: Fusing global and local
associations towards personalized social recommendation.
Future Generation Computer Systems, 2018, 78 462-473

[3] Adomavicius G, Tuzhilin A. Toward the next generation of

recommender systems: A survey of the state-of-the-art and

possible extensions. IEEE Transactions on Knowledge and

Data Engineering, 2005, 17(6): 734-749

[4] Liu Shu-Dong, Meng Xiang-Wu. Recommender system in

location-based social networks. Chinese Journal of Computers,

2015, 38(2): 322-336(in Chinese)

GRS, e, T B M R . iTH

24, 2015, 38(2): 322-336)

[5] Linden G, Smith B, York J. Amazon.com recommendations:

Item-to-item collaborative filtering. IEEE Internet Computing,

2003, 7(1): 76-80



1230 it

s

i 2019 4F

[6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

Nakagawa M, Mobasher B. A hybrid web personalization
model based on site connectivity//Proceedings of the 5th
International WebKDD Workshop Web Mining as a Premise
to Effective and Intelligent Web Applications. Washington,
USA, 2003: 59-70

Davidson J, Liebald B, Liu J, et al. The YouTube video
the 4th ACM

Barcelona,

recommendation system//Proceedings of
Conference on Recommender Systems.
2010 293-296

Sandvig J J, Mobasher B, Burke R. Robustness of collaborative

Spain,

recommendation based on association rule mining//Proceedings
of the 1st ACM Conference on Recommender Systems.
Minneapolis, USA, 2007 105-112

Zaiane O R. Building a recommender agent for e-learning
systems//Proceedings of the International Conference on
Computers in Education. Auckland, New Zealand, 2002:
55-59

Mobasher B, Dai H, Luo T, et al. Effective personalization
based on association rule discovery from web usage data//
Proceedings of the 3rd International Workshop on Web Infor-
mation and Data Management. Atlanta, USA, 2001. 9-15
Wang F H, Shao H M. Effective personalized recommendation
based on time-{ramed navigation clustering and association
mining. Expert Systems with Applications, 2004, 27 (3):
365-377

Li W, Han J, Pei J. CMAR: Accurate and efficient classifi-
cation based on multiple class-association rules//Proceedings
of the International Conference on Data Mining. San Jose,
USA, 2001: 369-376

Rudin C, Letham B. Salleb-Aouissi A. et al.

event prediction with association rules//Proceedings of the

Sequential

24th Annual Conference on Learning Theory.

Hungary, 2011. 615-634

Budapest,

Ghoshal A, Sarkar S. Association rules for recommendations
with multiple items. INFORMS Journal on Computing,
2014, 26(3) . 433-448

Ghoshal A, Menon S, Sarkar S. Recommendations using
information from multiple association rules: A probabilistic
approach. Information Systems Research, 2015, 26(3): 532-
551

Lin W, Alvarez S A, Ruiz C. Efficient adaptive-support
association rule mining for recommender systems. Data Mining
and Knowledge Discovery, 2002, 6(1): 83-105

Wang Y, Wu J, Wu Z. et al. Popular items or niche items:
Flexible recommendation using cosine patterns//Proceedings
of the International Conference on Data Mining Workshops.
Shenzhen, China, 2014. 205-212

Wickramaratna K, Kubat M, Premaratne K. Predicting
missing items in shopping carts. IEEE Transactions on
Knowledge and Data Engineering, 2009, 21(7). 985-998
Ren Z, Wan J, Shi W, et al. Workload analysis, implications,
and optimization on a production Hadoop cluster: A case
study on Taobao. IEEE Transactions on Services Computing,
2014, 7(2): 307-321

Agrawal R. Imielinski T, Swami A. Mining association rules

between sets of items in large databases//Proceedings of the

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

1993 ACM SIGMOD International Conference on Management
of Data. Washington, USA, 1993, 22(2). 207-216

Han J. Pei J. Yin Y. Mining frequent patterns without
candidate generation//Proceedings of the 2000 ACM SIGMOD
International Conference on Management of Data. Dallas,
USA, 2000: 1-12

Zaki M J. Scalable algorithms for association mining. TEEE
Transactions on Knowledge and Data Engineering, 2000,
12(3): 372-390

Parthasarathy S, Zaki M J, Ogihara M, et al. Parallel data
mining for association rules on shared-memory systems.
Knowledge and Information Systems, 2001, 3(1); 1-29
Grahne G, Zhu J. Mining frequent itemsets {from secondary
memory//Proceedings of the 4th International Conference on
Data Mining. Brighton, UK. 2004; 91-98

Li H, Wang Y, Zhang D, et al. PFP. Parallel FP-growth for
query recommendation//Proceedings of the 2nd ACM
Conference on Recommender Systems. Lausanne, Switzerland,
2008 107-114

Sparks E R, Talwalkar A, Smith V, et al. MLI. An API for
learning//Proceedings of the 13th
Dallas, USA.,

distributed machine
International Conference on Data Mining.
2013: 1187-1192

Zhou L, Zhong Z, Chang J,
FP-Growth with MapReduce//Proceedings of the 2011 IEEE

et al. Balanced parallel
Youth Conference on Information Computing and Telecom-
munications. Beijing, China, 2011: 243-248

Chon K W. Hwang S H. Kim M S. GMiner: A fast GPU-
based {requent itemset mining method for large-scale data.
Information Sciences, 2018, 439. 19-38

Chon K W, Kim M S. BIGMiner: A fast and scalable distributed
frequent pattern miner for big data. Cluster Computing,
2018, 18. 1-14

Song Y G, Cui H M, Feng X B. Parallel incremental
Journal of Computer

368-385
Zhang Jiang.

frequent itemset mining for large data.
Science and Technology, 2017, 32(2):
He Ming, Liu Wei-Shi, Association rules

recommendation algorithm  supporting recommendation
nonempty. Journal on Communications, 2017, 10: 18-25(in
Chinese)

PR AR SRV S 75 AR 2% 38 0 5C 15 0 U 4 7% 55
. lfE2AR. 2017, 10 18-25)

Grahne G, Zhu J. Fast algorithms for {requent Itemset mining
using FP-Trees. IEEE Transactions on Knowledge and Data
Engineering, 2005, 17(10) . 1347-1362

Zhang Peng, Duan Lei, Qin Pan, et al. Mining Top-£ distin-
guishing sequential patterns using spark. Journal of Computer
Research and Development, 2017, 54(7). 1452-1464(in
Chinese)

Gk, B, B4, JET Spark # Top-k X H SR IZ
T. PSR S K. 2017, 54(7) . 1452-1464)

Menon H, Kalé L. A distributed dynamic load balancer for
iterative applications//Proceedings of the International
Conference for High Performance Computing, Networking,

Storage and Analysis (SC). Denver, USA, 2013 1-11



6 4 2B BEAE - IR e 77 1 e A A S R 2 1231

LI Chang-Sheng. M. S. His research
interests include data mining and recom-

mender systems.

Background

The association-rule- based recommendation model is one
of the most popular recommendation engines in e-commerce
websites. Much efforts in this area mainly focus on the
selection of eligible rules or the combination of multiple rules
for effective recommendations. However, little attention has
been paid to the efficiency of the rule-based recommendation.
With the rapid growth of both online customers and rules,
the computational complexity of rule-based methods has
become a vital concern of the real e-commerce websites. To
cope with this issue, we propose a distributed-computing
framework for improving the computational efficiency of
rule-based recommendation. In detail, a tree-typed structure
called Ordered-Patterns Forest (OPF) is designed for the
compact representation of frequent patterns. Then, we
transform candidate rules mining to a path-searching problem

on the OPF, and present a path-searching algorithm running
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on single machine. Finally, a load-balanced strategy for data
partitioning is proposed to decrease the running time of the
task that finishes lastly. Experimental results demonstrate
that the effectiveness of the proposed framework.
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where the personalized recommendation is an important
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so on. The proposed framework is able to help make up the
inefficiency of traditional association-rule-based recommendation
methods and possess practical values to many real-life

e-commerce platforms.





