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A Fast Algorithm Based on Trans-Tree for Mining and Updating Frequent Itemsets

RUAN You-Lin LI Qing-Hua YANG Shi-Da
(Department of Computer Science and Technology,.HuaZhong University of Science and Technology, Wuhan 430074)

Abstract Mining frequent patterns is a key problem in data mining research. Although mining based on FP-Tree
achieves better performance and efficiency than Apriori-like algorithms because of avoiding costly candidate genera-
tion,it still have problems such as update of FP-Tree and require two scans of the database. Therefore,this paper
proposes a new method that designs a new structure called Trans-Tree,which stores all of the information in a highly

compact form and updates easily. Thus,mining requires only one scan of the database and updating Trans-Tree needs

one scan of the new data only without scanning the existing data.
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FEEMNEH Agrawal FA B RREXH —ITEEMN
KDD B8, ERM T KB HIB T E Z A B E X B8
RBEEAEESBRPR BETFENTHEEENEERORT.
Bt E BB KT EEXBERMBE P LREANE TR
EX AN FETENSTEALRTT KB EANTER
THE.EARZHE S, L Agrawal & A8 ) Apriori # LM
BANER ZAERBRETEEER-TFEE. LAFRER
KB AGEMEE KHRETE £, F LA ZRAHYN
BE NBREFEEETHE. HIEH Apriori HEMF X
Y ANB 28 E TiFZ Apriori HEMBED  BETF
BHER MBPTETEFFHES. S ARG B IR
R . A% Apriori XHEBRAEEES T REEH KN,
BRRABEFEAREEE HEREEFAMBEE.B
It , $t %t Apriori X R L F M M E ,Han FARM T FP-
Tree MABR A FP-Growth™ Wk X HE LB ARBRETH
#H ETEKSEETEEMNRBREREEPEE - LERAK
FHE RERERERL. CHEARTARKOTFEERR RH
THHERE. B, XV EEERSESNTRESH. HHH
BETAHAASBESEIEABRE. X FP-Tree F kM #
REFEER N TEEKMNEHHERS, THEAEM N
{4589, H B K# H Apriori Bk — MM B . H FP-
Tree GHRHFEISEPER FHTHERTENER . LA

WRARBBESR S hilt, AXREH —FET Trans-
Tree W HFRE. ZHEEEAASIA—FFAEH—FSH
Trans-Tree EE B HEHBEHARXIEEWE S T EH FP-
Tree T2 T Ll & F Trans-Tree 8 3L, i1 Jo & % 4018 B it
Tak. EREEAEAEMNEEAE K . TEEHRE
AR HFREEAR - KT ATAREGHE  KARRT
BEMEH TP RE.
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2.1 HEWEE

W I={i1sizs i} Em AFRATENES LA EFFH
{EFE DB, M THEHE XCSI,X % DB FHIHHEE D i
EXMESE,CH X count, X #7£ DB X HE T DB
FEET X BHENTHH.TH X sup . MR X HXHELR)
FHPASHBANZIFERE minsup, WEK X 5 DB HH54
STEE.MEXEEEATE RAXKIFER -THE.
FEEFFHEHNMEHEATE EHEREKE . BEI-RAE
HEAKRETH.

2.2 X%HH Trans-Tree

H %M Trans-Tree ST FP-Tree JEH XML R
ARt Trans-Tree igR#E DB FFANFFH Trans PHHH
1,7 FP-Tree Ric® DB G AF F Trans FHFER.
A A FP-Tree S 3 5 o 8 370 8 32 £ 5O $0E 7 HED
¥ % # Trans-Tree 1 E 5 R IRHE X/ FHES . B,

DELWE BRERHEESHE (60273075 FhH WIHRE FEFRFTENRELR T EAMANN.EHE HR.BI.E
ERRTRHHT AR LSRN B LR IE. ERHRT R I . SRR,
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AERBICZM I RHMIFAE. € Trans-Tree &, &4 ¥

SRAMEAN . D E G ctemname. T 5T count F 5
5§ nodelink J 375 S 485 parent.

MR FHEHEEDBHEREFCREESM
Trans-Tree f4—& B2,

MH2 FFEB Trans-Tree PEEBBEHHTRERESF
¥UEFE DB P MEFHFHIM.

B33  Trans-Tree i35 B 040 5 A9 3 %5 538 % DB &
EHMmAKE.

3 WEBMELEHE

BHEZET FP-Tree WEEBHERNETESRA . (DAE
DB —E S5 &0 B 8950 . IRER /DN TIFE minsup 1S58
ETB;MEETBIRERERKBNETIRE LR L
T (OHRA/ DB F—EFXHPHFERETR &K
L $HR 716 AP FP-Tree #; (3)18 B FP_Growth ® k3¢
FP-Tree #ATH . Bt . JHHETF FP-Tree Y\ HELH
X RO TR A8 T R R R SRR R AL PR
Ky MBE. . EHi, ATRE TR S FRTERSH
EEATERM. B R XRE—FRE R ERfE—K
92 48 8 & TFP-Growth. % B ¥k @ it 5| A ¥ % # Trans-
Tree EEHHFHMBER I ARENHXEEMANRRA
ERBETENE R FP-Tree T2 WL EF Trans-Tree &
ST BB ER TR B, 2\ BTS00
TE4MSRK.

1. A ESFHAERE DB —K . 3 B % Trans-Tree, [§
BEEREMNES F REHEG

2. BT HHH Trans-Tree MEL/N T B minsup
5 FP-Tree;

3. & FP_Growth BT,

3.1 HEHEP Trans-Tree RIHIEH

WA B HRIEE DB

Wit 5 Trans-Tree MIMES F RETHH

HE W Trans-Tree YHZEEEMT .

(D f)E Trans-Tree BRY &, L “root” R E.. JHE &
FBUEFE DB —K, 5B &5 Trans-Tree R4 FrE T
e F RHHY

(2)%F DB BN B Trans EM T L EE.

OEF Trans PHFIRK/DKFHR R HEFEHTF
FH(2|IPLEH p BT B .0 P RAKTBHIK;

@ B H insert—tree [p|P].T) - MBETEFLNEE
N.node-name= p. item-name, W] N 891F 88 hn1; & 0j¢)
BTV S N BEHLBIE node-name. 8 node-count Fi 4y

FIREAR p M1, LV = I5E node-parent BERB THRX T
AT, HEGT S node-link GHERPREHRE LK
rode-name 1V 5. MB P IEE,BIH A insert—tree (P,
N,

3.2 SR P FP-Tree MU NE

A 35 FP-Tree 7B & Trans-Tree 89580 I 6z
MARETEFYPIEE DB, § THEHH Trans-Tree FHF
ABBRERTHEFBEEDB R FEHREFMAIRENE
% HILTEST FP_Tree it T — R M BB,

BAHEW Trans-Tree LS F RETHR

i AR FP-Tree
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BN FP-Tree B ERMT.

(1) FP-Tree SR W&, ULl ¥FiBE 3 THE F
WFHFHBEFHES AR AFETE L,

(2)3¢ Trans-Tree Y F LB RN TR,

CHRBMTRHZBERREY S 65

QEBBBEFHTET, Hik L PORFHN. &RHF
EHBEINRNp|PLH P p BBINFB.T0 P EMER
B 5k

G VR insert_tree ([p|P1, T) MBTHEF L NHEE
N. node-name= p. item-name, ] N 11235 A p. count (T A
ZL; ENEB—4PHFHE N BHLEK node-name . it
node-count WY BB N p M pocount (TARD . HRY S
4t node-parent BEIHBIE M X & T, 38 55 5 & node-
link ¥R ELFI R F B E B node-name ¥ 5, MP P 3
F BV insert_tree(P,N).

3.3 FP_Tree NN

FP_Tree ¥ W B S 3@ 118 B FP_Growth (FP_

Tree,nulD) LM . ZEBILEHEHR. IR T .

Procedure FP_Growth(Tree,a)
if Tree &A% P then
for $542 P 5 SMEMAE GEE B) do
FPERAERX AU L FHFE sup=B8FH AR/ I F

else for each a; 7 Tree (43L& do
{ = — M f=a Ua, X HHE sup=ai- sup;
Hyﬁ BB RAMAE,;
ik B R4 FP-B Trees;
if Tree®® then #IHHH FP—Growth(Trees,B);

}

4 RIFSEH

X RIPTRBI S DB, $IBE 4 I={ I1,12.13,
14,15 ) QB DX E U2, M B Trans-Tree fais Bk ]
3 H B Trans-Tree, MEIHT R, HEREF &£ L=[12.7,
11:6,13:6,14:2,15:2]; 8% J5 R 3% Trans-Tree B[ & 37 FP_
Tree, ME 2P R ; B /GETF FP_Tree i | FP_Growth Bk
A8 FT A BB B, IR 2T R .

&1 X H%4EADB

x5 g R
T1 11,12,15
T2 12,14
T3 12,13
T4 11.12,14
T5 11,13
Ts 12,13
T7 .13
T8 11.12.13,15
T 11,12.13

K1 ZH %M Trans-Tree
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5 MMMEMNBEHRE

B F FP-Tree (UMM ETENF L, HF BB MA R
XRHEREREN, TREANFEENTELHRESRAY
ERETERNRENE H. WL TRLFH FP-
Tree, BME S BB ER A . MBI H A9 FP-Tree {13424 Z1X4 R
BAEEMFEBEEARFAR EFEREAEHRT KEY
B ARAKORM KK, BMEEAE T FP-Tree B H
BEOBERERAE FHHOEF FP-Tree WEFH WK
8 J5 K [0) BB FE o 0% IR B4R B AT A A 1 L 3 R
ITRBEENERZE, A XGIAFHM Trans-Tree E
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BEBRBEETREYHENHXGEEMANRNRTRE RS
BiER.HFELEH Trans-Tree SHEMEMIEE ST H Y
PR ER  BHIUL RF X S Al — K {E S MR
AFH F 8 Trans-Tree 1, RE BT 5 04 3 K Trans-Tree
#33& FP-Tree 1T E 1R

EH Wik UTFP-Growth U5y W =4S\ . E—$ K. 8
HEMESHEEdD — K. G4 EE Trans BT inseri—tree
(Trans TYEANFEHFHFB Trans-Tree, FEFHTEF R H
R EFAL SR TFP-Growth #[H .

6 MESISLER

#A1H VCtt 6.0 F A 7 256M, CPU ¥ Pentium III-
733MHZ, $%% £ & % b Windows 20008541 L L& T TFP-
Growth 1 UTFP-Growth gk i 7 7 # £t 8 £, A B
http://www. ics. uci. edu/~mlearn/MLSummary. html {8
{4 B9 BE 25 BB FE (mushroom database) B 4TE R . X MR E
FB124KICRIOR THBENBH R A3 B RTERR
B/ R T M YERE LB . 8 F TFP-Growth Mk R
FABRMEE— K, B it TFP-Growth ¥ 3k i $h 47 8 ] t
FP-Growth W B/ B3 (DO WIRA T — 5. 0 T BibHE
3E ¥ Mk UTFP-Growth B9 % 20 ¥ . R 1R i BL8000 1 g
. 5 K E IS IR & DB (4000412 ) F T ¥ db (40004
B F) sminsupPPU® = = minsup®?=2%, ) db P B A [ 84
R FB(500,100,2000,3000, 40004k % db # 7R [E 18 BIFH .
%t € #i Wik UTFP-growth {7 ML, SR ME3 (L) PR . iy
F UTFP-growth Wik R\ Hiil db S — KM A ®BXE

B DBAM . FHENERKRES.
= 2
Z 20
T s
o0
5 \\
4000 3000 2000 1000 500
HIie KW (n)
—— UTFP-Growth 8 i:-8—FP-Growth | i
(b)

M3 FEERITH

EHIE  HX) FP-Tree S AIAK AR BIEE. ST
B AH TR RN E TSRS AR Y —FHiRE
BRSEHAE ZHESIAN—FEFH Trans-Tree FES
FRENHELER FURBMSEEQH—K . WHEHR
AR FHEBRAM - KT TE AR BEE, KX
BT HETENTIE Mg RE.
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