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Abstract Aiming at the problem that none of current researches on the WMFI  weighted
maximal frequent itemsets over data stream emphasizes the WMFI mining on the condition that
the frequent threshold is not equal with the weighted frequent threshold the concept of FWMFI
full weighted maximal frequent itemsets was firstly promoted in this work. In order to reduce
redundant operations existing in the naive algorithm which is used to handle the FWMFI mining
based on sliding window over data stream the FWMFI — SW FWMFI mining based on sliding
window over data stream algorithm was proposed. The mining optimization strategy was adopted
based on the frequent character to reduce the unnecessary call about the MaxW optimization
strategy in the naive algorithm. In addition the edit distance ratio was taken as reconstruction
judge function to decide whether the updated WMFP — SW - tree should be reconstructed as the
window slides. The extensive experiments showed that the FWMFI — SW algorithm is effective
and outperforms the naive algorithm in running time.
Key words data stream sliding window edit distance ratio weighted maximal frequent
itemsets reconstruction judge function

2015 -05 -11
60903159 61173153 61402096
N110818001 N100218001 N130504007 N120104001 1091176 -1 -00
2015AA016005 .
1984 — 1954 -



932 37
02 EW SW = EW,
Yun ¢ EW, EW, EW, EW, EW,
Lee '’ SW i j Vij
i#j EW,NEW, = J. SW
WMEFP - SW SW EW [ SWI
IEWI .
4 0T S= 1
1, I, W= w w, w, S
> w/l xSUP S
FWMEFI full weighted maximal frequent itemsets WSUP S Wi Osw,<l.
w;
naive FWMFI - SW S - S
full weighted maximal frequent itemsets mining § Super §'
based on sliding window over data stream ¢ Osesl A 0sAsl S
(DSUP § =¢ WSUP S =A
1 @V S €Sy WSUP S° <A
SUP §* <e.
WMFP - SW Lee 2.2
FWMFI 7 DS & A
WMFP - SW - tree  WMFP - SW — IEWI  ISWI.
array WMFP - tree . WMFP - SW
SW - tree
FP-tree 3 FWMFI - SW
WMFP - SW - tree
WMFP - SW - tree 3.1 naive
WMFP - tree 5 6 -7
WMFP. WMFP - SW - FWMFI
array WMEFP - SW - tree WMFP - SW
FP - growth
WMFP - SW
2 WMFP - SW - tree WMFP - SW - tree
WMFP -
2.1 SW naive
IS= 1, I, 1, m  item 3.2 FWMFI -SW
TS= T, T, T, T, 1S naive prefix
1 DS. DS max W
DS = 2
T, T, T, T T, i
2 S TS naive naive
TS S TS WMFP - SW - tree
TSI SUP § SUP S
e O=sex<l S 10
3 EW SW vy 0sy<l . naive
EW 2
EW= T, T, T, 0<i<j. SW D



7 933
@ WMFP - SW - tree ©)
ON) naive d,=pos, k —pos, k 2
FWMFI - SW M
301 ;maxk—lM—k = MM-1/2 +
N WS floor M*/4 . 3
WMEFP - SW - tree wy 3.2.3 FWMFI - SW
w, item item. count
item. weight S, =A/w, S, =A/w,. WMFP - SW - tree naive
1 e<S O item. count < N x FWMFI - SW
S, prefix @ item. count =N X 1 FWMFI - SW
S, prefix @) N x S, <item. count < DS ISWI IEWI & A y
NxS, max W item P
prefix. 1 T=Order=H= N=IEWI| xISWI| //
@  item. count <N X S, S, =Aw,  w, T WMEFP - SW - tree
xSUP item <A. item. weight <w, item. 2 While there are transactions to be processed
weight x SUP item <A item prefix. in DS
@ item.count=N x S, S, =A/w, 3 Ir =g
w, x SUP item =A. item. weight=w, 4 naive. Create_Window 7 Order
item. weight x SUP item = A. item. 5 naive. Restructure_Tree T Order
count=N x §, >¢ item prefix. 6 H = Order
@ N xS <item. count <N x S, item. 7  Else
count=N xS, > ¢ maxW 8 Order T <«—naive. Update_Window
prefix. T Order
2 Si<e<S, @O item. count < 9 If RIF Order H >vy
NxXxe¢g prefix @ item. count = 10 naive. Restructure _Tree T
NxS, prefix 3 N x g < item. Order
count <N X S, max W 11 H = Order
prefix. 12 Else
3 e=S, @© item. count < N x 13 Order = H
e prefix 2 item. count=N X & 14  prefix=P=
prefix. 15  get the upper and low bound of the
23 1 weight about 7 w, w,
1~ 3 naive 16 S,<A/w, S,«A/w,
OSF2C 17 IFMine_WMFP T prefix P N ¢ A
optimization strategy based on frequent constraint S, S,
condition . WMFP - SW —
3.2.2 RJF reconstruction judge tree 3~6
function WMFP - SW - tree
naive 2 8 RJF WMFP - SW - tree
10 edit distance 9 ~13 WMFP - SW - tree
proportion EDP WMFP - SW - tree prefix P S, S, IFMine_ WMFP
WMFP - SW — tree FWMFI 14 ~17 . IFMine _ WMFP
RIJF v 0 naive Mine _ WMFP
sy<l . RJF M @ WMEFP - SW - tree
OSE2C
M max W ©)

M
RIF=EDP=) abs d, /Y max k -1 M -k
k=1

k=1

IFMine_ WMFP



934 37
S, S, 10
3.2.4 FWMFI - SW 1~3
FWMFI - SW  naive 2 ) naive .
FWMFI - SW WMFP - SW - tree 1 FWMFI - SW .
(@IFMine _ WMFP 7 A=0.3 £=0.25 y=0.2.
naive
! {} { *}
\ tid | fransaction | [itemn veighfoount| fink 7 " [fom Weighoomt] Tk B:4
! W, {Loo—2E& B 07 3[--+ B3 ¢t [Blo7] 4] -+ PN
| SW, o0l aBcha] LC 108 3 [ -+ o+~ > clog[3[-4 _C3 El
Stréam sz{ 00 BCF E[04] 2 [ --+EI10) C2E100) [E [04] 2 [-—+p] O)Atl 1 _V
flow | bw, {PRHEBCDEF 4 TosT 1T+ Afos[ 2 U Ty EOD
ISW, W00l _BEE (D T10[ 1] - Fl10) 41 D[1.0] 2 |-+ D1 Al
- R ] I e ! Fl09] 3|+ Pt
i D:1 D:1
| EW5{9 O BCET [ G |06] 1| -+ G|06] 1 |-+ G:1(1,0) 7}
' G:1(0,1) F:1(0,1)
(a) (b) (©)
1 FWMFI - SW
Fig. 1 A FWMFI — SW algorithm example
a — b —SW, WMFP - SW —tree ¢ —SW, WMFP - SW - tree.
la 1b 88 162 3.97 MB 16 470
FWMFI - SW SW, item 13. 2
WMFP - SW —tree. S, =0.3 S, =0.75 OSF2C IEWI 500 1000 item 0.5~0.8
GFDA max W .E 10.
max W true prefix. E 4.1 FWMFI-SW
WMEFP - SW - tree S, =0.375 §,, = SNt SFequre naive
0.42.  OSE2C B C FWMFI - SW | SF, .y |
WSUP E =0.2 <0.3 E . ISN, | Va2
B C BC . IC . SFresult
SW, WMFP - SW - tree RJF  0.182 < A SN_.. B
0.2 A B
FWMFI - SW naive
4 recall precision
RFWMFI -SW PFWMFI -SW
Intel R core TM i5 Riwonrr -sw = Vequal/ TSN qurc |
4 GB PC java Pryurr-sw = Vegua” I SFequ | - 5
mushroom retail WMFP - SW naive
mushroom 8 124 RWMFP—SW P WMEFP - SW  * 2
0.54 MB 120  item 23 retail mushroom
% .RFWMFI—SW -RWWP—SW DPFWMFI—SW DPW'MI’P—SW .RFWM:FI—SW -RW'MTP—SW DPF’WMFI—SW DIDW’M:["I’—SSW'
@ 1.0, 1.0 b
ool B 0.0
& 0.8 u 0.8} B M —
ﬁon - _ ] 0.7} ]
1 0.61 0.6
0.5+ 0.5r
HMo.af 0.4
“@ 0.3¢ 0.3t
'80.2F 0.2
Fo0.1- 0.1}
B
Z o 10 20 30 40 50 0 0.1 02 03 04 05
Ax10° &
2 naive

Fig. 2 Comparison of recall and precision of different algorithms over the naive

A e=0.1 ISWI=8 y=0.2

b —

e A=0.05 ISWI=8 y=0.2 .



7 935
2 Rewwiri-sw = Prwwri-sw = 1- 3 2 WMEFP - SW
FWMFI - SW  naive [SWI 7
Ry _sw = 1. FWMFI WMFP - SW
& WMFI naive naive WMFP -
WMFI SW — tree WMFP - SW - tree
Pyvirp_sw <1 naive ~ FWMFI - SW
WMFP - SW FWMFI. ISW I
4.2 FWMFI -SW WMFP - SW - tree
ISWI 3.
0.8 4.
(@) -= WMFP-SW 0 (b) = WMFP-SW
0.7f —e—naive 3.5 -e-naive
. 0.6F ~FWMFI-SW 3.0 < FWMFI-SW
7 0.5k 2.5-
ﬁ 2.0
04 1.5}
0.3 :’/é/e/e/4 1.0
0-2 W 0.5 ;////4)
0.1 - - s - - - s 9 : : : : : : :
2 3 4 5 6 7 8 9 10 0 25 30 35 40 45 50 55 6.0
ISWI ISWI
3 ISWI
Fig. 3 Comparison of the execution time about different algorithms when ISW| changes
a —mushroom A=0.05 £=0.1 y=0.2 b —retail A=0.001 £=0.1 y=0.2 .
A 4. 4 naive max W
WMFP - SW A
A max W naive
naive  FWMFI - SW & 5. 5
A WMFP - SW e
max W . FWMFI - SW &
0.8 4.0;
(@) -5 WMFP-SW o ~
0.74 o naive 3.5¢ & 8
E L f | -6-naive
g 03 2.5 ~ FWMFI-SW
T 0.4} 2.0f
% 0.3 1.5¢
0.2 1.0p
Ol 5 20 25 30 35 40 45 %0 03 4 5 6 7 8 9 10
Ax 10° Ax 10
4 A
Fig. 4 Comparison of the execution time about different algorithms when A changes
a —mushroom ISWI =8 £=0.1 y=0.2 b —retail ISWI =5 £=0.1 y=0.2 .
0.60 3.5
L (@) = o a (b)
0.50 F 3.0
Fo40! = WMFP-SW 25 = WMFP-SW
i -e-naive 20 L -e-naive
Z0.30 - FWMFI-SW ' - FWMFI-SW
2 1.5 t\e\\ﬁ_<
0.20 \_,\ 1.0 | |
. . . h I . I
0.5 : : : - : : :
.10 0.15 0.20 0.25 0.30 0.35 0.40 045 0.50 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
&

5 €

Fig. 5 Comparison of the execution time about different algorithms when ¢ changes

a —mushroom ISWI =8 A=0.05 y=0.2

b —retail ISWI =5 A=0.001 y=0.2 .



936 37

WMEFP - SW naive WMEFP - SW - tree
naive WMFP - SW - tree y 0~0.2
WMEFP - SW - tree 2 FWMFI - SW naive
& . & 0% . RJF 0%
WMEFP - SW - tree WMEFP - SW - tree
FWMFI - SW .oy 0.2+~1
naive FWMFI - SW . FWMFI - SW . y
vy 6. 6 RJF WMFP - SW - tree
WMEFP - SW naive
naive WMFP - SW - tree
0.60 .
@ i i i RS
0.50 - - T 3.0 -8 WMFP-SW
" -~ WMFP-SW - -e-naive
@0.40 L -e-naive ﬁ2-5 i -+ FWMFI-SW
= ~FWMFI-SW | £,
=0.30 =
= =15
0205\\\\\*/////w/,,,4ﬁf o ?\\\\\e—#__ék’//,)e///’”(////a
0.10

0 0.1 02 03 04 0.5 0.6 0.7 0.8 0.9 1.0 0.5 0702 03 04 05 06 07 03 09 1.0

Y 7
6 Y
Fig. 6 Comparison of the execution time about different algorithms when y changes
a —mushroom ISWI =8 A=0.05 £=0.1 b —retail ISWI =5 A=0.001 £=0.1
v 00.2 0.2 1 3 Yang S Y Chao CM Chen P Z et al. Incremental mining of
FWMEFI — SW closed sequential patterns in multiple data streams J .
Journal of Networks 2011 6 5 728 -735.

y=0.2 FWMFI - 4 LiHF Zhang N. A simple but effective stream maximal
SW . frequent itemset mining algorithm C // Proceedings of the

7th International Conference on Computational Intelligence
and Security. Piscataway IEEE Computer Society 2011
5 1268 - 1272.

J. 2009 21 4 1134 -1139.

Ao Fu-jiang Yan Yue-jin Liu Bao-hong et al. Online
mining maximal frequent item sets in sliding window over
FWMFI - SW. naive data stream J . Journal of System Simulation 2009 21 4

1134 - 1139.
WMEP — SW — tree 6 Yun U 'Lee.G Ry1'1 K H. M.il?ing maximal frequent patterns
. by considering weight conditions over data streams J .
naive Knowledge-Based Systems 2014 55 49 —65.

FWMFI - SW 7 Lee G Yun U Ryu K H. Sliding window based weighted
maximal frequent pattern mining over data streams J .

Expert Systems with Applications 2014 41 2 694 —708.
FWMFI . 8 Wang J Yu Z. DSWFP efficient mining of weighted frequent
pattern over data streams C //Proceedings of the 8th

naive

International Conference on Fuzzy Systems and Knowledge
Discovery. Piscataway IEEE Computer Society 2011 942 —
946.

9 Yun U Shin H Ryu K H et al. An efficient mining

algorithm for maximal weighted frequent patterns in

2008 19 10 2585 —2596.
Li Guo-hui Chen Hui. Mining the frequent patterns in an
arbitrary sliding window over online data stream J . Journal
of Software 2008 19 10 2585 -2596.
2 Gao C C Wang J Y Yang Q Y. Efficient mining of closed

sequential patterns on stream sliding window C //

transactional databases J . Knowledge-Based Systems
2012 33 53 -64.
10 Yun S K Gillian D. Efficient single pass ordered incremental

Proceedings of the 11th IEEE International Conference on pattern mining - C//Proceedings of the 13th International

Data Mining. Los Alamitos IEEE Computer Society 2011
1044 -1049.

Conference on Data Warehousing and Knowledge Discovery.
Berlin Springer 2011 265 -276.



