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Abstract: The set of frequent closed patterns determines exactly the complete set of all frequent patterns and is
usually much smaller than the laster. Yet mining frequent closed patterns remains to be a memory and time
consuming task. This paper tries to develop an efficient algorithm to solve this problem. The compound frequent
item set tree is employed to organize the set of frequent patterns, which consumes much less memory than other
structures. The tree is grown quickly by integrating depth first and breadth first search strategies, opportunistically
choosing between two different structures to represent projected transaction subsets, and heuristically deciding to
build unfiltered pseudo or filtered projections. Efficient pruning methods are used to reduce the search space. The
balance of the efficiency and scalability of tree growth and pruning maximizes the performance. The experimental
results show that the algorithm is a factor of five to three orders of magnitude more time efficient than several
recently proposed algorithms, and is also the most scalable one. It can be used in the discovery of non-redundant
association rules, sequence analysis, and many other data mining problems.

Key words: knowledge discovery; data mining; frequent closed pattern; association rule

B OE: AEASEXEE—ATIAERENTEEF AR T IMF S ARITEINE A SAE XA K20 H 5 A

* Supported by Zhejiang Provincial Natural Science Foundation of China under Grant No.602140 (#i{L4 4R %}2:34); the
National Natural Science Foundation of China under Grant No.60272031 ([ 5% H 48 Bl %% 3£ 4>); the National Research Foundation for the
Doctoral Program of Higher Education of China under Grant No.20010335049 ([ 5 #( & #1# 1 3L 4); the Key Science-Technology
Project of the National “Ninth Five-Year-Plan” of State Development Planning Commission of China under Grant No.JGJ-1998-2077 (|
KR IV RBHIERIUE)

EZ B XIER(1962—), 55 WL B M A, 8 2, 2042, 32 SERF ST 0 N T2 e, B0 2 BV BR 3 (1963 — ), 20, YR, 2 S AJF
FUAR R A A B R G0 R (1965 —), 55, 19 b 308, 1 20 i, 2 S S0 A000A T SEPL DB 2 N LA i 7B = 88 (1946 —), 53, 8
B, A U, BRSO N LA B, U S B B



B F AR A AR X B Ak 95

T AR AR K G AE 5 3%t — A B A8 F R R i R X — X R A LA A AR XA R B SR X R AT 4K
BN BEERRELSTERARE ANEFELTHARATROEXIFFEAFTHX,BLKXEAELE
JE IR R AT IR R, RIS B SR R A e ik A R B An B BT By R R BN T R S ad g
A PR G BT R AR 69 B 2 ILAT 8] SR 5 T b 4 R K AL SR e R R Sk B R R e e 0k B 5423 3 A
HF R RN T AR G R AR E T A — 5 R B T A RIRMN LI, B 5941 5 iF S SRR AR F AL

KR iR R I AIE AT AR IR ) A A K R BEAL I

HREESES: TP311 SCHERARIRED: A

A AR IR AV 2 R A2 AT 45 vhol A T AR AR 2 R 15 B i 3K 5 IR ) i) B A A R AR N,
A LR AR 538 H AN [ R ER ERE T 2-1 M TR FER R Y BRI 28R
LRI T CPULIM AN /O HAE AR, 5 B N 28 75 B2 45 ke 5K (KBS, i DNA 7 9145

Pasquier 25 A3 H T A9 A1 A B 3 (A T B e — 1t vk 52 T A 00 R o PR M S 5 o, 0 LR ST B A A
AN LB 2% Pasquier 25 A\ BT HISEVE A-Close!'),LL Aprioril 2y Befitll R B 10 b 58 B 26 i3 & 5
5, 8 e A 3 AR R B I 2 SR T A U PR G A L I B A > T R R A R R S LR R
FE N AE R R T EC i = CPU JF A5 A TR &2 F 4 25008 122 10 0 /O 185 1) ) f.

Pei %5 AJ2 1530 CLOSETPILL FP-Growth b 56, 5K FP-Tree 3K ¢ A6 2 S0 5 42 0 ik o4 A0 2 48 %%
SR Y AT B PR A A L TR SR 3 VA A i < 4 2F FP-Tree” ) CPU JF45 FIA7 6k FF 89 1R K. IR ,CLOSET K A 43 %)
E A BRI B A 1 R 30 0 P X ) 4 R A MR R P () AR A A v Burdick 48 A $E HE VR BE AL 4
%L MAFTAMSR 28 7 0 07 B e oS R, 24 T H P 3 SR AR T 1732 I A7 28 3 M1 T 54l
FooRik It HE R T EORI AL BT Y 1R 5. Zaki 2 A48 H () CHARMPUE B 32 ok B 5 4 ). CHARM K
2 HA% 31 55 b R AR SRR IR B SRF AR 6 I H AR 5 3 5 A IR AR AT XU 48 2%, B B 24 1R = .CHARM. [ 1A
HMELE T H A AR R T tidset 162 diffset Fon, A7 fif FFA AR 5 K, IF AL R AR BOCR A a0 T 35 AL A sl
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Fig.5 Array based PTS representation Fig.6 Tree based PTS representation
Bl 5 ETHHAMEGE RS TERTR Ko JLTHMBESS THRER
BEESTERTHEASKEH EMIERE CROP HALM ] TVLA %R PTS,IA4 CFIST &)z 45 ni slifi i
3B PTS S S5 AL 2RI BEHL 2> A1 ), 8 UL A 235, TVLA £76f T8I BAR. 2 PTS B2 SR
& FN 45 EAE N ,CROP #51iii H) TTF.{E CFIST fI)2 45 sl sl % 240 B 1 PTS P9 JRh 3 B0t H 5220 I LA 3¢
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5 BB I R T 5 AT PTS W4 18 I8 ,CROP SR H J S 45 5% BRI SR 5050, B 15 48 A7 247 17) S8 4,326 )1
I PTS [ CPU JF, I H A% 5 T BV RO SE AN K.
43 EERMERAMERSHRK N TS
SEEEUREEARA TR E X 7 45 W CFIST MOy FRdER BAR 4 i BTR T T & mi B 22 1 A 1
IFF 4 I <A TL B (top down left to right). S kx b, 45 i Al #2238 < 451,75 Y CFIST () 3 Fil Az
Table 1 Variants of compound frequent item set tree

F1 SR WA

Item ordering of nodes along any path (<) Item ordering of children of any node (<)
TL Top down Left to right
TR Top down Right to left
BL Bottom up Left to right
BR Bottom up Right to left

EIE 4. AL MA AT 5 R4 CFIST,:(1) % T TL %8 BR B! CFIST, &M= P, 56T P, A2k,
M) PizP,;(2) 5+ TR # ik BL & CFIST,##5%X Py 6 F Py 2E ), ) PozPy.

SRS PIAE BS 5 F R T4, TR B uk BL £ CFIST, ] 3 ) Rl Ak i ik B 352, A e e v,
A8 I A0 25 A B 5 40 B e, B 3 A% R SIS TL AL B BR 78 CFIST B8 A 1N ok Bk 40 25 1) Al B 20, B 0o
A8 A R AR .CROP SR A VR4 CFIST: i = TL U8k BR i k)2 TR A=k BL %Y.
4.4 EiLiiR

PR AR WS VE CROP #53i& U0 F . 3 B CROP B 5601 2 & B E R W CFIST BIMR S & T,
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SEAR RS L M Imost H S22 00 25 R A B L PR 455 748 PTS s R Hidli 4,285 I T ClosedBF 4% %5
JEAR 5648 22 4237 CFIST L3 #5-9 ] ClosedDF 4 ¥4 A 5648 R #E07 CFIST | .
CROP(0.1, < ,minsup)
create CFIST root T and let TPTS=0 and TIL=I,
ClosedBF(T7,0, < ,minsup);
ClosedGDF(T, < ,minsup);

PRI E ClosedBF 15 Je X AR 45 A3 S 95 74 TPTS IR 55 ( FESUEARAE A « WTBGE 10 = L5
TR R 45 R SR I H B0 SR R WA TPTS T MBR (4 05098 J5 % T L2 AN 45 /U SCRPE0R R B A 19
Jeg F8 0 A B I 2, 9 58 B N IR 95 B R AR o SRS (K) TPTS T Y A A7 4544 2 75 WU [, 753 D)

ClosedBF(7,L, < ,minsup)

for each t=(¢.tid,t.items)e T PTS
for each v at level L reached by projecting ¢
for each iev.ILNt.items
support(i)y++; tidsum(i)+= t.tid,
if (¢ cannot project to L) then remove ¢ from 7. PTS;
for each v at level L
for each iev.IL with (w=support(i))>minsup
MLPSC(v,i,w,tidsum(i),3,{jev.IL|i <j});
If (NoMem(T.PTS)) then ClosedBF(T,L+1, < ,minsup)

PRI & ClosedGDF X T+ 24 i 45 1 v ¥ Jai P8I0 H G v (R RN I 4,5 5 08 N2 PR A S R 25 4 S ik i g
IR v 1722 ¢ I8 U 5 05 5 B EERAE 0 T 1 2 ¢ i R AT IR

ClosedGDF (v, < ,minsup)

for each iev.IL
O=g({i})Nv.PTS; ts=SumOfTids(O); I={jev.IL|i <j};
If (w=|| O ))=minsup &&(c=MLPSC(v,i,w,ts,0,I)) then ClosedGDF(c, < ,minsup);

PR AL MLPSC 5S¢/ CFIST &5 si 7B R £ Jm S0 RO 2 ¢ SR A A 4 45 1 PTS IR i ik
PR B 2.

5 TEREMIT

PEBEIPE B4 4 & Pentium IV 800MHz CPU,512MB Memory #! 20GB HD () PC Ml ##:4F R4 &
Windows 2000 Server. %} bt 5292 5 31 I CHARMP IR H tidsets,diffsets(2. 3 By Beitg)ik I, i /F charm-t,charm-d2
F charm-d3,CLOSETPLE HRAK il , MAFTAM R Y 141 4 45 2308 150, T A FAE T A QA Eh i A 7 4 43

5.1 WMIELAEE

Table 2 Characteristics of datasets B B I AR IR 2,48 [ 5

F2 AR PR SR SR g

Data set # Items Avg. length # Trans. Max. pattern length (support) B, 90l ok i = ﬁ(:‘: /|\)71:/#1- i 5
T25120D100k 20K 28.4 100K 33 (0.10%) AN FE (T4 ). T25120D100k 27
CONNECT 150 43.0 67 557 29 (10.0%) T B 5 R il TR
BMS-POS 1657 6.5 515597 14 (0.01%) $£ F IBM Almaden 4 p % (71 gz
Gazelle 497 2.5 59 602 154 (0.01%) 1% .CONNECT® j& 4 % 5 45 11y % 40

4E BMS-POS 1 Gazelle 5 Blue Martini 23 7] #1245 1K) 52 br B 2.
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Fig.7 Complete and closed frequent item sets with different supports
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Fig.8 Runtimes of different algorithms on four datasets
B8 ARIHEIEIZH 4 ANERAE AT I )
CROP B} B3 ZF 2 CHARM Ry 2~5 {5 17K Gazelle, i/ 3L FF R AL T 0.06%,CROP A% /& charm-d2 [¥] 2~3
5238 CONNECT & T 50%, 4% charm-d2 [f] 2~5 ;3248 BMS-POS,{K T 0.16%,5Z charm-d2 1] 2~3 fi%42541
T25120D100k, {& T 0.4%, /& charm-d2 [#] 2~3 {f.charm-d3 5 charm-d2 423 T25120D100k 2% A [7],32 40 Gazelle,

BOS-POS, iif # 1% 7,72 4% CONNECT J5# mi15 £ .charm-t 2% Mt charm-d2 1 charm-d3 %{X.CROP 2 # Lt
charm-t & 1~2 NMEE 2.
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CROP A [E]%{Z tk CLOSET 5 1 MUELK. 15 Gazelle, &/ FF LT 0.06%,CROP % . CLOSET
1 ANBCE 54 CONNECT, KT 40%,CROP 2% # Ltk CLOSET & 2~7 £if;#2 4 BMS-POS, & T 0.16%,CROP
BE L CLOSET & 1 AN 244548 T25120D100k, 1% T 0.2%,CROP 244t CLOSET & 1 N4

CROP B B3 Z tk MAFIA 5§ 2~3 MER.JLT-10 0 A 2R 5 57 A d5 /D SCREF KA an k.

CROP HFHEFHFIK, AIEERNER/NZHFETHITIZHE 2 Gazelle, i/ X FFHALT 0.045%,CHARM
1 MAFIA DERE S B 771 I 38 47 A% T+ 0.02%,CLOSET %3847, 11 CROP 1J 7E 0.01%LL Fisf7;#254
CONNECT,{&F 20%/H, Hofth 3 Bl $T32: 0153847, 17 CROP AI4E 10%LL iz 47 ;3540 BMS-POS, & T 0.025%, HiAth
3 FHEETEIEIZAT, I CROP HI7E 0.02%LL FIE4T #2840 T25120D100k, (KT 0.175%MF,Ath 3 FhAVE TR ILIEAT,
1l CROP A 7E 0.13%LL FiZA7.

6 HRiIE

AR SR FRATIHE P2 AT A5 2 o 2 2 573% OpportuneProject Al [ $2 H T 2040 A0 11 45 452 2K 11 o
gL CROP.CROP K E & M S MW CFIST 44U BRI AR A7 TF 45 /N, 5 T 52 B 2801 Jd i R4 )
BI#,. CROP LASR A SE RN . LU 38 LD S 8 28 T & 1l P 3 1 B 4 A3 W (1 B s SRR ORI, B0
R i JF HA I A 1 B A S BT AR S 56 R W1 L,CROP R R0 5 m] A 4 1 de (.
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