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Abstract

This thesis presents a description of data mining applied in the marketing. It aims at assisting
humans in extracting useful information (knowledge) from the rapidly growing volumes of data.
Data mining and knowledge discovery techniques are more important to understand user behavior
better, to improve the service provided, and to increase the business opportunities. In response to
such a demand, it is valuable to research how to apply data mining techniques to marketing.

With the increasing of sales transactions, the database is dramatically large. In order to mine
valuable information in the vast database, the algorithms of data mining should be efficient. So our
research group mainly studies how to improve to mine and update association rules and how to
apply these algorithms to marketing. We are making efforts to implement a data mining application
system.

The mining and updating algorithms in this thesis have been implemented in simulated
databases. The experiment result shows that the presented algorithm is of great efficiency.

The whole thesis is made up of the following five chapters:

Chapter One is the preface. It shows the importance of data mining and gives the brief
introduction of the process and means of data mining. And then it shows the data mining’s
application in marketing. At last this chapter gives the topic of the thesis.

Chapter Two puts forward an incremental algorithm based on time window for updating
frequent cyclic association rules. The algorithm supposes the minimal support and conference
degree is changeless. It aims at how to update frequent cyclic association rules through re-using the
results acquired in the previous process when new data adds. Then we compare the updating
algorithm with the direct mining algorithm on efficiency.

Chapter Three proposes an interactive updating technique in order to deal with the
maintenance of discovered cyclic generalized sequential patterns resulted from the change of
minimal support and minimum frequent confidence. The main idea is to reutilize the results
acquired in process with the old minimum support and the old minimum frequent confidence.

Chapter Four describes the application of data mining in marketing, which concerns not only
purchasing frequency, but also recent purchasing time and profit. Then considering these factors,
we bring forward valuable algorithms to mine and update association rules.

Chapter Five is the concluding remark. It summarizes the work of this thesis and gives some
ideas of further research.

Key Words data mining, frequent cyclic association rules, cyclic generalized sequential patterns,
time_window, incremental updating, time-weighted, profit-weighted
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1. 1 3|5

BEHE D NS S Internet FOIVHEUA JiE, Ak 2 45 SR BOR
tero NATHE H 3 2B 3 R R R DN R A S e, P A2 S 8 SR (1 1
O BT K28 5 A B e L 25 LA IR e s b 2t B 1R 3 2 ) 5EATIA T 0
UG A IS A s R et s ORI 28wl ARURIE A S DR B P )70 — B L AT MR AIE s P2
SEWTITEN LA BN CAT 1T _E 7998 P vb ) B RBR I AN KRR, A
A B MO R — Le B 4645 . X TS il IiAT(A S B RGP 4
Yoo M T RICVES R g k. BAREE A B AR S (DBMS) w Ly 24 s LA
SR KRR MNYES S5 PLIDRE, (HANBE AL ) SCIRAT R, AN BEAR S 3
A1 BT AK A e a . prik, 8Y)T 5P RES R et A Zh it Bl #e
B AUE BAEIREARM LR . TR R B, Bl AR S LA
REHHLES 52 ST AR BOR IR RN Sl 15, AR 1 AR5 122 R B ANR. CKDDD 3K
BORMUEE . 1989 4 8 1, EREREFHAITHIE 11 i N LR RG2S EL
AR By B IRGEH T KDD. B [ ISR, W R bLas A 2] L B
geitae BREEEA . JUGRIG B el e, mrERETHRL. LRARGE UL,
PR )2, BARRIBORXEAR K, M {3 AL 5l 122 1) KDD R — ik
HMELA R N 722 T, 1995 4RI (38 wHENLAEs (ACD il T 8
298 (data mining) W, EBGHIC KL H BORABAT O EAS ST
MR R R BLSAR,  W A Z I BRI R

P, A7 E R B SUER Bea AT O A SN AR e, IRt
TR OB A LR R T, KR R R B A B A A L RAT GRS 21
Mplas 2]y BRI GUTh A 25 U AN R PRI 7 ik, (HRAA sk
5 7 FH P ) e el 5 ke R, AR KRR B R X S0 s ml o RIS A HE A Y
HAnfzd (DataMining) M— B EOR B FEBOAR . FLEsa2 >0 Gevt 22254
ARG LA, MERIZ IR RS AL T 800E NI R . BB . HAT AR
FR )y 22 fe 2 m] B R AR

1. 2 HAREUEEZE
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WA — L SCERIE B2 IEFR A 1R E (knowledge extraction) #(#&2% 12~ (data
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P L B LR ED.
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KDD i &
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Tike ARGEEE o THRAT IS TR 7775, BRI & 2e X e 30 o< R/ 1E
s, SRS 20 B T i\ a5 8 IX B i . XM VA A A 2 2 2
DRI 22 R BRI, dn$ ) ) RN TS AR B 5 Gl 5 . i LR &, Bdi 29
ST R T, e R RN SEAR R v e B 2 TR LR . i
FZHACEE AR R e, T AR AU, DRI S SR O A2 H e P
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SURCHIE T YRS s 22 B RN, B A W Hb 1) 2008l 22 o B,
BIREI A LT B . A T A R S S AR AN, A A A BE DL R AT
LTTRIAT SRS A WA IR L, Bk, A LUR UM 3 E RS T
i

1D RIGEHL I

i RS, A2 GBI T 5l A i I B AT K i A o () S IR M R DG k. B
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(3>, 735 (Classifiers)
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ZE AR T, AE R A A IR R DR &R R ANIA SR, IFARYE
FEERE Grid), BRERADMME=28: REf, %, BE. X BEEbr 2
FERANICFARE N =K R IERE XL R, RG4 H—DAHE 50T
IS jiBaY

CAFE AR R IR ARSI NAE 25000 LA, FERSAE 45 B 55 % 208, JE
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(4) FH5r#r (Clustering)

SR WEAR, REDIER AN Z AR E Rl %, W2 vt
IS AN L SO WA AT AR 2028 0 L H IR — 2 B0, 75 BRI 40l
S, AR BB TERIR AR R0 . TR Hr vl UR AR
Bk, PO AR e sk A v R AR 4o i, 5z F 3 SEsE e o A
JNEHR ) LRE LW B, AT RGN it A% T R R S
KA o 32 R Mridkimlin] DA HH H AT 1 P = L R D) S 14
Fo ABATT, SR TSN AT B U R

(5). PRI TT

PSR TR ARG B P I EAE B O B 5D S EA B oK E
SERFE, @TYSER AN R, P 7 BORAS R B SR 1) 93 30 7R
BN PP RGN )T 285 SO Ay Sk R, B el r s s PR B
BRI IR A S R E R 772 Quinlan $&H 1) ID3 ik, EX K 15K
s PR AR BT

TEEARIZ I A R A I N F N T e e R A7 R 4 % 7775 (Nearest
Neighbor Method). 2451147775 (Rough Set) FUHERE (Rule Induction) .
BB % (Fuzzy Logic). mEH LA, AL, Bayesian W£5555% ., LA ik
LA BORIZIE R ORI RN TR RE. Mlds2a ). gl aE, He e MR
MRS, TR R, EFEILEH AR SCEE, A RIZHH 4
F P R 1 45 R
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LR AT LU Bl 5 (105 s s Al 22 ) s s 3
FHURVEA: CREACBL AT BT P RE B A7 A2 DL, A2l R, AR 4 5
s 1 XS SR VR IR v ) B AR A BB Bedb AT e A, B AL P 23K

1. 4 SiEEERRR

£ G/E ok i o S [TDE | B 8T PN DT R P = W TRTET] Y LT e S i
PR AR T A, SRR T RN ]« Bz )z Y i E
B MATE, A . &l R BE2ilk. HE LS & AN
JrTals Ferp bR B F 2 3 ) BN A, X2 A T L AR R T KR
T, BT Sl BTEE, AR SRS DS, AR, FEdERAEA
WA, A o BEIZ R O TR R B, T Bl AT B T
PUM B W AT N s BB ) SRS R &y, UGtk IR 55 e, A B e R 25
OREFRR R REEE, SEmbt i s bR, B A M BT s 5 o kg, b
P MV AR o DR et 42 AR N ] T T 3 AR el b BAT B2 R 3 AR
A AT R A T A e S DGR U (1 472 R 52 o e L 0t P28 v ) Y 2B TR
55 I3 SEDL A BAT SE B N B 1 B 12 0 R

1. 5 RXHIEETAE

ARSI I E R N, BASRN TRE R, A
B AE R (VB R Kl AR PR B B AR T SO SRR . AEBRGE T S
RErf, R LU LA AT R

L B H kIR T B (R 2 1 o S S B L oy 18 SRR ik, JF S AT 10
FAAZ IR PERERCR L (R RIS )

2+ St AR SO SRR A I b A B A FT SR, TR P R AT B
B

3. K RO MHZ S R N ] T e f B e, K ity & S e b =N
B R W SRR TE) s SRR RTRE 4 2% 18 HE R BEAT R I g2, SR AT
S B N AN 2 IS

4R IR 1T 2 v iR ST AR A SRS IS T R 20 A SR IR )
A, O AT R U
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FE RECHUIN B9 9 & B

e R L S PN S WL PR €/ P B e S R | S o < AR DI AN
o st H Agrawal RAE N HETRIAT, H K2 AL S E P RIS IH 2
IR R . A — AR 542 9096 I ) ) K 1A 1Y [F) B4, 25 T S
A4y, T EDULRE SO U A e S HE SR it R I A7 22 KB ) 25 W 3K 5 A28
e RICRE I A B SR FR A I 0 Ay H vk i) A ey oy 18
A O ) 2 s 40 BT 45

SR I P R i) s ] T AR G

W I={iia,. . i) 22 D m DANEIIH AR . 6w — D F5EdEE D,
HrA s —AFE TR TP 4B HNES, B Tcl & PHESsam 14
PRIRRT, BRAE TID. W A 2 —DIUE, FHE TUE A SN AT, RN
B AcB Zima, i Acl, Bel, JFH ANB=®. MW A=B {EF 554
D AL IR E s OB B SR s, BPFS 0 D 204 s FH4-a A
UB (BRI AFIB =3, QEAEFE co MAEFLSHERED T A MFELER D
A chlFR A B o] AR F &R

support(A=B)=P(AUB)
confidence(A = B)=P(B|A)

SRIBRAI I PR AR i) e A0 A A 55 28 P2 D o e [l B i 2 FH P 48 7 1 e /D 52
FFE BE (min_sup) 15/ BT S B{E (min_conf) 1 SR .

IH SRR ADUE . 05 kANTUH BIEERRY k-Ti4E . S5 {7FY), THf)
A 2-AS . TAR IR HH IR S AR IR 3 25 2, TR AR A% . SCHy
T W R IR AR K T 855 T min_sup 55 D 55 BRI,
DI A2 Fe /D SCHF . min supo W RIAR T L de /N SCHRRIE, IIRRE A ST H
£E (frequent itemset), 13 IHFRZ A KT H 4 . % k-1 H A 10512 Lo

2.1 KB REEAN B — e 5 IR

Agrawal R.AFATE 5G4 H T ICIHRI ) 9 SR A 1] 850 45 HA M e skt 1) 70 e J 4y
M AIS Z )5, 1% ) A5 2 1 [ B N L REANEH e 2545 2 3 1R s ) e
BT ZMEL. TAERXEEEAR T XA A, LR, &
AN, EANTERRT LA A R LA B

O TALEL RAEAT55AG DB AR LA ) 750 P 2 SR £ R dEA T A Y. 1)
EAE, TS BSCREAS AL 1 s 2 D



o ORI (92530 L% S

@ X D, SR AL /NSRRI, BURIER . b B oL B3R
ATl PR Kt P AR EE ORI AP R SR A%

© B R AL /N EAR LR, 2 R R

@ RIS R

2.1.1 Apriori Hik: ERIRETERMETBE

AR EREIA Agrawal R.AEASEH -3 T A 0L J& M7 21417 Apriori 5.
PNy vl b & SR AT vt TN R TS IR T 926 ShE ra it A e DR R CVIE
BT [ T AT AR 27 A L U A ) o B2 k UOEAUE (k>1), BRI
K-JAE, TE RS (k+1)-TU AR ik, IR e — I, $RH S8 BRI (k+1)- 20
.

4 Fre[k] A% K-TUEMAE A, 1 CIKA %L k-T4e CRIATREM AR T4
I A o Apirori B35 T3 0 Bida FEAE 22 YR 1y, ROk D 22) B AN BER) e 26—
A CH k-1 10 D A9 2 I (k-1)-F04E Fre[k-117E Bifsik k-TU4E Clk].
{3 2 5% Apriori-gen fRAIE CIK]/E P AT M EE k-IUARf 4 . o — . X EAE
— AT, RS ST E B SCHE CIK] TP B MRES L, JFAEAH A Y
count B BV SCRFE. WIIAAR )R, KifrpekdE Ck], e MRSkt 2 A i),
ML A k-T08E Fre[k]. 12505 E 34T, H3 Fre[k] =S A1k,

CLAIANE (k-1)-T04E Fre[k-1], {70k 4E 5478 Apriori-gen 1R 1] FTA A% k-Tii4E
(R o i figede A2 ) S0 AT BE T IR A — AN ot A IR 1) 1 AR I e A
Mo 1ZAiE A S Apriori-gen 50 AU F P20

(1) 8% Goin), B Fre[k-115 A 854 5 C[K]
insert into C[k]
select p.itemy, p.itemy, ...... , p-itemy.;, q.itemy.;
From p € Fre[k-1], q € Fre[k-1]
Where p.item;=q.itemj,p.itemy=q.itemy,...,p.itemy.,=q.itemy_,,
p.itemy_<q.itemy_
(2) 1B8Y (prune), MER CIK]EATAT—AMKIL co AR ¢ PAAAE—DKJE
k-1 JBHETFIEAIE T Fre[k-1], RIARZIER.
Apriori HARFEMT:

Algorithm Apriori

Input: 5 E Dy Fe/ SCHFFEBIE min_sup;

Output: D FHIE L H 4L Fre.

Begin

Fre,={frequent 1-itemsets};
For (k=2;Frey. 7= @ ; k++)
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{ Cy=apriori_gen(Frey.;,min_sup);
For each transaction t€ D
{ Cg=subset(Cy,t);
For each candidate ¢ € C;
c.count++; }
Frey={c € Cx |c.count=min_sup}
}
Fre=U (Frey;
End;

Bl 2.0.1: CFnlnr NRPIRIE S BEEE D, a4 5555, HID=4.

TID Ttems
T100 1,3, 4
T200 2,35
T300 1,2,3,5
T400 2,5
Wi/ NSCRR TR 2, WAl DLARSE Apriori B9 S-4kH D i o H 48
o
GHY | SR b
1 5 THAE | SCREETHE
Fiii D, i1 ) 3 et SR ) 2
AL ) Sl /N R T 12) 5
{3} 3
0 1 {3} 3
5) 3 5} 3
Cx
p—— — Lo
HHSE | Sk
w1 N 12 ! WA | SRR
e, 2| (13 2 >
BAREIE | . {2 3) 2
{2 5} 3
{2 3} 2
{3 5} 2
{2 5} 3
{35 2
Cs Ls
bpe T | e | sopbnty | CETESEETHE | i | ot
JEHD, x| {2 3 5} 2 {2 35} 2
A
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