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Abstract The authors propose an efficient algorithm, NB-MAFIA, for mining maximal frequent itemset using N-
List, which uses node list of prefix tree to represent itemsets. By using N-List, itemsets’ support can be efficiently
computed because of the high compactness of N-List and the efficiency of the method to intersect two N-Lists.
Meanwhile, the authors employ some search space pruning strategies and superset checking strategy to improve
NB-MAFIA. To evaluate NB-MAFIA, the authors compare proposed algorithm with two state-of-the-art algorithms
on a variety of real and synthesis datasets. Experimental results show that NB-MAFIA is efficient and outperform

the baseline algorithms in most case. Especially, NB-MAFIA is more efficient on dense datasets.
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Fig. 1 Lexicographic subset tree for four items
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DFS(Current node C)
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endif
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ke—C.head HH 2 T 54 BE TH 7 HE S HETE B i 14 501
for C.tail HFTA I i do
if (NL_cur==NULL)
NL_child[i] = NL1[i]
else
C tmp<«C.head U {i}—{k}
NL_tmp<«NLS Hitl5¢ C tmp FYICE
NL_child[i]=NL_intersection(NL_cur,NL_tmp)
endif
endfor

for C.tail I FTA I i do
C _extension.head<«—C.head U {i}
C_extension.tail«—{j € C.tail|i<(j}
C tmp<«C.head U {i}-{k}
NLS_child«-NL_child ¥ 7 # NL_child[i])7 M
TR
If (NL_child[i].support=minSup)

DFS_based NList(C_extension, NL_child[i], NLS

child)
endif
endfor
if (C M4 2 3F H MFT A7 7E Cohead [#E4E) do
MFI«MFIU C.head
endif
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Root.head<«@
Root.tail<—DB 5l Wi 5 &
Call DFS(Root)

DFS(Current node C)
//HUTMFI

If (MFI "1 77748 C.HUT RYAE4E)
return
endif
for C.tail HYFTA I i do
C_extension.head«—C.head U {i}
C_extension.tail«{j € C.tail[i<(j}
11 C_extension.support

//PEP
if(C_extension.support==C.support)
i M C.tail M4 mA C.head

else if (C_extension.support = minSup)

%t MFI " £ C.LMFIleft 1 C.LMFIright 2 [f]
IR EATHER, A5 1 RBCEA L, AN 1L
TEA N o ARBREE AL | IR SN T

C_extension.LMFIleft«1

C_extension.LMFIright<—C.LMFIright

DFS(C_extension)

JHE C.LMFIright {45 FrA # A MFI ()3

SEHRAE C (1) LMFI

endif
endfor
if (C 9 LMFI H254E) do

MFI<MFIU C.head

endif

2.3.3 NB-MAFIA &k {455
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®i% 4 (NB-MAFIA &%)
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i th: DB B PTA S KA BB UAE A& MFI
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Root.head<—®
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iz{T PPC-tree construction 5.7, 153 prAg S % 1-10
A N-List, ic i NL1

Call NBMAFIA (Root, NULL, NULL)

NBMAFIA (Current node C, C’sNList NL cur,
C.sibling+s’NLists[ ] NLS)

//HUTMFI

If (MFI 1 777E C.HUT Y 4E)

return
endif
ke—C.head 2 1 S 7 B TH P HES HEFE B A 93
for C.tail I FTA I i do
if (NL_cur==NULL)
NL_child[i] = NLI[i]
else
C tmp<«C.headU {i}—{k}
NL_tmp«NLS Hic 5% C_tmp HJICE
NL_child[i]=NL _intersection(NL_cur, NL_tmp)
endif
//PEP
If (NL_child[i].support==C.support)
i M C.tail #I#53 A C.head
else if (NL_child[i].support<minSup)
¥ 1 M\ Ctail 4
endfor
for C.tail "1i9 T A 5 i do
C extension.head«—C.head U { i }
C_extension.tail«—{j € C.tail| i<y j }
C tmp<«C.head U {i}—{k}
NLS_child<-NL_child H'fifH 7£ NL_child[i]/5
I ICR
¥ MFI H7£ C.LMFIleft #1 C.LMFIrigh Z [a] #Y
BUESATHY, & | MBEA R, A& T RETE
Feillo AR AL E | Y IEEARS 1
C_extension.LMFIleft«1
C_extension.LMFIright<—C.LMFIright
NBMAFIA(C_extension, NL_child[i], NLS_child)
% C.LMFlright {15 FrA # M A MFI 15
HHBLE C (1) LMFI th
endif
endfor
if (C By LMFI K25 4E) do
MFI«<MFIU C.head
endif

3 SCIg

5T B NB-MAFIA 5 HAth 9 A4~ 2 & 3 ik
MAFIAPYRT FP-growth Ve A [ 44 4 b 325 9 i i
AR AR T R), SRR A R . TR
H, 3 ANFIEE AT TR B B SR KA B AR S A AT,
RUET NB-MAFIA B35 09 IE 6 P A e et . F41T
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R MARBI ) 528 B2

2016 4F 3 A

AR 2003 445 B I 48 PE I L 38 )5 35 (http:
//fimi.ua.ac.be/experiments/fimi03/maximal) I~ $2 LAY
FE, TEEMEUEE FERIE &R/ T
W, [FIE, R T ORIER R A5 R A, FRATTHE R
—abldas Bzt 3 ADEIE, IR AR, el
b 75 LR 2R ok ) M R 22 5
31 ZWgE

FATE T 6 A BB S AP B AE 5ok
SERLS G, X BERE AR e A C AT YOG TR B A
ZH R b 2 SR R . 6 A B EUE 4R
& Mushroom, Accidents, Pumsb, Retail, Kosarak #M
Connect. P15 H A4 73 )& T10I14D100K #iI
T40110D100K . X LR HfaE#R iy 2003 AR5 ZEA
FE PR VE I L PE B 7 ™ (http://fimi.ua.ac.be/data/) 32
fit. T1014D100K F1 T40110D100K H ¥ ¥ Ak i #%
IBM Almaden . 4B T10I14D100K HbRHEN:
#4595 55 K ¥ (average transactions length, ATL) W
10, WTEM R KM EIAER P KR 4, F55
TN (44 424 100000 F1 1000, T40110D100K
HIBRIE S Z 210 .

% [ BN [F B VE AR A A RRAE A RiHt 4R b i 3R
22 SR, FRATTIR] i 8 45 % 1Y 50 A AR i 1) AR
PRAESAT LS . FE ESLHPEEEH, Accidents, Pumsb
Fl Connect #5240 9% 5G4, B 7RSS M 1Y)
B/NERET, BT S K a0y B
Mushroom AL LA, (H 2 H AR AR 4 /N
(R & —HmHZ N WAL T 55). Kosarak YK
/MUK TF Accidents, {H L Accidents ZEHi Hif3 £ .
Retail & -+ 73 i i 0 50908 48 o 9 4 07 B 5030 4R
T1014D100K #1 T40110D100K &+ /3 Figi il . %
2 Ny ST SO A 1 FE AT

F2 —EHESNEREE

Table 2 An overview of datasets in experiments

LICES #item #trans ATL
Accidents 468 340183 33.8
Mushroom 119 8214 23.0
Connect 129 675557 43.0
Pumsb 7117 49046 74.0
Kosarak 36842 990007 7.1
Retail 16470 88162 10.3
T1014D100K 870 100000 10.1
T40110D100K 942 100000 39.6
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SIS RRE ] C/CH+4mE . HirPh MAFIA
AIACHS N2 http:/himalaya-tools.sourceforge.net/
Mafia/, FP-growth™ [ {8 % & # A http://fimi.cs.
helsinki.fi/sre/. i G B SE 8 7E— 5 CPU L& K
Intel 15-3230 2.6 GHz, WNff 2 G i PC b7, 5
K 34 2248 M 32bit Ubuntu 12.04,

3.2 IBEfTHER LB FS

B 3 RRT 3AHEERE S MR L, TR
) ) /N SR E I AT ) . T 3 ANRRTE
B2 W B B 7 — 5 A B 2 A R R IR Bk I
W ARIEAT, PRk —5 43 B F A s ] 2 AN m)
ZAN) . TR R ERC B H AR, A
I T A E AT I AR A B, Htk,
WIS AT ] R A ER SR TR 7 38 47 1 B[]

Kl 3(a)h 3 NMEEBATIE Accidents B4R I
PTG TEPTA /NN, NB-MAFIA [ [H]
RORAE 3 ADNFIE PR IR 10 . B /N LR
B, MAFIA B3L RS 17 af R AR s . Y/
TIFEET 0.3 B, MAFIA BUSCEIL T FP-growth”,
I AE AR fie /NS REE R, FP-growth Il L. MAFIA
BT R B ) 20 3(b)/& 5% F Mushroom %UHEEE ) L
B AR, NB-MAFIA {ISRRIMEN A, JRETE
/N SCRFEARE] 4%)55 MAFIA RYiz 7 R A
FAAIE . FP-growth™ W& = 2 v it A B 0] i 2 19 .
3()B/R T 3 NAEIZITIE Connect PR 11
1. NB-MAFIA #88 BA et sl B, I BT H
i [ AN 1) 5 Al 95 S 5595 9 — 2 . MAFIA #1 FP-
growth" I [RICR 343 . ] 3(d)S2 % X) Pumsb
B MR g RN . RN, TETE
HNEFEE T, 3 AMEEN R iE, A —1
B WAL T HAL =5 . IR NB-MAFIA Bk
R B AR ZEWN . B 3(e) &3 MHRIEE
Kosarak (¥4 FEN . ol LLE 3], NB-MAFIA
()35 47 B (8] 76 BT A3 B /N SCHRFEE N R [ MAFIA 7
HATER/NTHFE N 0.25%1F, NB-MAFIA HJ3%
W& ih {4 F FP-growth 581 . K 3(H2 3 INEEAE
Retail Fdla4E ERIs T EN . TEXDMEHRE b, FP-
growth” Y SR Fefa g, Lt %5 . FP-growth” Lt
NB-MAFIA R 3~5 5. MAFIA ORI 2, M
INEFEBERARET, EMRCREEE L FP-growth 2K
—ANECE R MR RAEE 3 KT
T1014D100K #i#a L& R n] IE R, KB 3(h)
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Fig. 3 Runtime of three algorithms for eight datasets
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