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Abstract

Combining k-means algorithm, association rule and naive Bayesian algorithm, this paper proposes
a naive Bayesian recommendation algorithm based on store loyalty and store relevance. First, the
k-means algorithm is used to cluster the store loyalty. Second, the association rule algorithm and the
user’s historical payment information are used to infer the store relevance. Finally, the naive Baye-
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sian algorithm is used to train the user, and the training result is used to predict the store. In this
paper, the fifteen-month Alipay payment logs and browsing logs provided by Tianchi Data were used
to test the algorithm and verify its feasibility.
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1. 518

B LR AT 280 K, JEAR OSSR T Bl RAT RT3, A RO E. 5
SE TR T e AR SC R R X A SO 5 SO IS A BEAT TP RBIBUEE 20 M, TR AR P £ A
VRPEEREAT R AR HERE . DA (1166 ) k-means 320651 52 AT REAT I B A0 MR 20 2K, IFARAE 1273 FERIAN R
U373 068 P REAT B b T, 5 SORHZ A TR AR KBS (HSCHR[1]HAAAE LR . — 7 k-means
SRERIH P Rk H, fREEEN 3, HRA S MR k oy 3 MRt — R DU 20 S50
JHP 5 15 D S e it ISR P PRSI, S5 R8T P R B A« TS e A PR R 97 7 i PO B8 DA S
R EAY, A F BRI RO = REERBON R, RIS — (e AT S
PREE AT PO B TR LSS, TovA UL k-means BEEHUNRAR . ik, ASCHEH—Fh ST 154
SR 3 JEANRE Bl SR IR (R AR 2R DU ST R B0, LR B TE N AR — 2 R R M R i 32 £ 1) 2000
ANV SO S S AHC SR AT P B 528 IR E ] k-means BEI256 HP I A AR BEHEAT 24> K E
I =RAEAE T DU a3 ST o 75 0 SRS R N R R, S NI SR i AR T REDA S
K, RIEE SR e A B SRR K7 fh 8 .

2. AREHBIRERRE

B 2 [ K FH A0 2 NALA B2t ik 44 )5 (Ja TH A% NL) 2009 42 2016 4F 6 H 30 HA i M
2271 958 44 P A . X P Sl R AT k-means 2SI SR 14 40 R AE A A T s S A UR
FEASIE « BROE— O AN = A I REIRCT Y B AR R — IR AN . AR SO
SR HHE R F R R s H2 I 1 19CALLT_data Hidis 5, 8085 A & S AT H 7 A 2015 4E 7 H 7 H 3 2016
fE 10 H 31 HARSZ A HERA P HE LR )EE S, B BARE B LT 3.1, MR¥ESCHR[2] [3] [4] [5]
RSB0 B0 A5 B DA F P U, XS S, 1 SEIRE 4 FRE E B # 1 R

Table 1. The classification characteristics of the loyalty of customer U, instore S,
F 1l AR U G S, BRI 5 2HHE

k-means JER4FE BHUE Vi
/1D U, 1D
JE4H 1D S; JE4 1D
A A I VB(Cy) C,=c(ceN¥). R U, FERESH S SOAS Bl vt A K
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Continued
Cz = C21 - sz
F P98 U F 6 N _ pay_time, 1 U, 1555 K I A5 F 2 RE 4 S, 1
Co)SIEMTAEMER |, o _ 2 Perpay«PRyUMe, v, N T U, E AL R AR S
(C22) 1 Z4E1(Co) o N ' EEaitie
C,, = per_pay .
- n _ ) n AR U, FEAN RN ) 2R AE R B S, SRR
?Q%Agggfuﬁﬁ C:gywﬁmwﬁwﬂmml %, pay_time, Frf U, 45 K AMEIEH S, 3
n ARF BRI ] A5
JEER TR RO (C,) C, =comment_cnt . comment_cnt FEUEBOCARPFIL SRS
JE R IESN(Cs) C, =score (score € {0,1,2,3,4,5}). score [KIEE R AT 70 bl
JE 7Y (Cg) C; =cate_id . cate_id (¥R ARSIk ML E A 3.1 K Tl Ab 2
JEHRR(C,) C, =shop_level (shop_level € {1,2,3}). 1R, 2 2o, 3 R s,

Hrp, C BARTRIEE k MFAE, pay_time FoRSZATHS ], per_pay 3R b T35 34+ &40,
score R on JEHIVESr, comment_cnt Ron B BIF IR IR EL, cate_id R A ID, shop_level 37w ki 4l
K.

ACEFELTH MATLAB B 71 k-means SR SCHLA] S8 SR SRS, BB IRITT[6]:

1) WHER 1 AT EIE AT, JEfEANASE user_data 1, Hr, user data fU%E j AT EIEE R N
user_data( j,:) = {user_id,shop_id,C,,C,,C,,C,,C;,C,,C, } ;

2) JJaFHHATIEH parpool;

3) fori = 3:6;

a) W H k-means %%, [idx,C,sumd,D] = kmeans (user_data(:,3:end), i,'MaxIter', 10000, ’Display’,
‘final', 'Replicates’, 100), -, idx FxH P EEEWERR, CRR i RKMHLEHE L, sumd Rk
WA s 5 ZR 0SB E 2 M, D RoanBA SR FUL I EEE, user_data(:,3:end) 3R 7~ HUR 46
K HE R FH 1D R RS 1D 2 A AT FH PO Sl Ay RARRAE, T RN ZRAIEL,  ("MaxIter’,10000) %
TN E RIEAR RN 10000, (7 Display','final) % os EoR e KB4 R, (‘Replicates', 100) % 7~ ia B HE E Ik
%4 100.

b) 4% MR A B O Sl P e s B P A5 L, 4 3 user_shop_class, H:H1, user_shop_class
(f5% j 77 B R% 5U . user_shop_class = {user_id,shop_id, user_class} = {user_data(:,1:2),idx] -

4) end;

5) KHIFFATIBH .

3. BETEHBINENINE UHEEERE

SCHR[L]H T 23 75 0 7= A IR 75322 R DU 307 73 R VA THBRLAE als a2 i a3 ix = /MFFME
TSP S ARG SR S A BIREER, 2506 K77 5 A BIRREE R T AN S, D0 T3 o 2 23 0 K7
A, RZMAE L5 A, H, al 2R 2086 NL JE LI, a2 FoRBLik NL JE 25077 5 B (1%
&, a3 R/ AH NL ERTH . fEE 1 s i8did, AasIEmEeSa 9, (B SCHRL]
WA 2 T EARSON, DR, P S A ) DL o RRRIE A 2 FTOR
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Table 2. Bayesian classification characteristics of consumer U, instore S,
F2 ARV MLEDHS; 89 DIET 5 3E451E

DU 43 2R AE B S|
D U, /1D
JE4H 1D S, JE4 1D

FHFT U, 5SS, ¢ I EAAME S k-means FVETREFMEE R, Hrb 0 Fox ) U, fE)E

C,=c(ce{0,1234,5,6})

A (Cy) s, KA LA,
WIKIEHRS, LRI s (s s, 0.8,,8,} S RASIBEHIIAY L5745 g AL S, 2 1T REN 4 n A
F%%gffmﬁ C, = (G GG, ) B o MR KRR

H L2
Mgﬁjfﬁmﬁ C,=c(ce N¥) TES IR S, AR B AR DR — M
2(Ls

DU 53 8T Cy ISl DGRV 1 55D SR a0 R [7] [8]:

1) HHEAL T 25 2 )5 A7 A2 S A SE RSO0, AESR I 7 R — RO S A RN 2 I S 22 A )
1D S5 B I /NEGIEAT X 43, dnd AR 2016 4E 5 H 10 HAS[FEI 8] 2 78 M A 156 S0AF =R, B4 % H
J72016 45 H 10 H S AHE B 9(156, 156.1, 156.2);

2) WG B/ INSZHE B min_Sup Flf/NBAZE min_Conf: BRI /7 2k — RAUE ] — RS2 A€ S
S R0 S R /N B L, min_Sup (A& E Y 0.001, min_Conf # & Jy 0.5 [9] [10];

3) S FE KT min_Sup 1 1 T4 Lys

4)for i=2:L,=null;

a) R L, , TR SR E KT min_Sup AR L, idk.

5) end;

6) THRRARINEIUE L A2 TENEMERE, JFEEEEXRT min_Conf M5B

7) ¥gJEEE 1D UL JF A FUG)EE 1D, R EE RN, WO 156 => (156.1, 156.2) F1CECHLI
156.1 => (156.2, 156), XI4EHE1THUEE )y 156 => (156, 156) Al 156 => (156, 156), #§MHLIUIE R AIESH 156
AR 88 IR B =k, L EJG RN 156 => 156, Ko )k4l 156 4 4 8 2 L m] REd: .

Horp, SRR (Support) i 5 A R an=R(1) Frar, B A5 E (Confidence) i 5 A s an=0(2) Fror:

Support, _.s, =P(S,US,) €))

Confidences .., =P(S,[S,) @)

AR DA EAS 20 P AT D7 4 SRR T 55, FRaEAT FE P DU S0 5 F00in, 7 DL e S0 i 9
IR0 R [11] [12] [13]:

1) oAb B MR L 2 H3EAT UL A RARRAE SR B, FERE I 2R E e AT E A 2 o0 A N B
Bayes_train_data 11 Bayes_test_data H, ¥ 01T 47 A\ F| Bayes_train_class £ Bayes_test_class
41, Fith, Bayes train_data i1 Bayes_test data (55 j 17 rI % RJv: {user_id,shop_id,C,,C,,C,} »
Bayes_train_class /1l Bayes_test_class 15 j 1745~ Jy: {user_id,shop_id,action_type} , action_type #’r
FPHEIESRIAT N, AT RS P RESEAIAIG L5375 1 A1 0 7%

2) I5 Bayes_train_data i SIS P(V, ) FIARIGSEREZE P(V,), Hirdr, P(V,) =V, A EY
Hlm o, P(V) =V, A BB S
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3) ARAE DU e B U5 Bayes_train_data HdE TN S S AF FRIE B ERRI MR P(C,L |V, )
He, m=123n=01;

4) WAL IR 3) KB YR )R ZRES KA 3(3) 73 7l it 5 Bayes_test_data "I U, LA S, J& T 2851
V, IR P(V, | ) FUR T30 V, R P(V, |S) ), AR@) W Tz

PV, 18,)= 2P (C, 1V,)+P(V,) ©
5) LLAELP(V, |S;) FIP(V, IS ) KN, 5 P(V,y [S))>P(ViIS;)» MIBEHIHIF U, ASEERE 'S T SK 7

Rz, MBI U fEREHE S, K dh . PR H 545 RORAF BIZ2 & prediction_results 1, Hor,
prediction_results ) j 17 ##i 7137~ {user_id,shop_id, prediction_class}

4, SWHRRERDh
4.1. SCIREIRTALIE

AR SC ISR R F RV B S LK) 1JCALLT_data Btk 8RB &AM 2015 4: 7 H 1
H 21 2016 4 10 H 31 H #3245 H A0 U H & L& 2000 A REHHE B, HAEWR 0 3.5 4 F 5 fivs.

Table 3. Customer payment log
3. APZfFAE

user_id shop_id pay_time

12152353 1894 2016-09-18 09:00:00

Table 4. Customer browsing log
F4 RAPAREEE

user_id shop_id view_time

171893 1894 2016-08-26 19:00:00

Table 5. Store information
5. [EHER

shop_id per_pay score comment_cnt  shop_level cate_1 name cate_2_name cate_3_name
846 17 4 0 1 T T A5 T
847 11 3 3 0 By NGRS LUPS

Horb, user_id F < 7 1D, shop_id &7 JE4# 1D, pay_time #3245 18], view_time 2701 % i 7],
per_pay o JEH 3T 440, score KRS, comment_cnt FRJEE B IEIR I KEL, shop_level
FoRIEHIRSIK, cate_1_name —ZKJI 4 FK. cate_2_name —ZKRI A FRA cate_3_name =ZHRuIZFK,
Hrp, score. comment_cnt 1 shop_level [1JEE B RARK VP4 BUE S SE S m . PRISIREIRZ .

el 2016 4 1 A 1 H #2016 £ 9 H 30 H 34 H SR HEAE I ZR%iedE, 2016 4 10 H 1 H
#2016 4F 12 H 31 H 8934 H SR H BAE R , Forh 45 453,412 44 P I SRR BEAE
JEEE BT EEZEA 1D, (N E AN AR, BT EX cate_1_name. cate_2_name #I
cate_3_name HEATEUFALACEE, AbEETTVEN: DL cate_1 name Fl cate_2_name 432K catel, cat_3_name
RSP cate2, MIZEJ)) IDcate_id=cate1*100+cate2, #1)E4H 847 ML NER - KNI, kN
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UhEe, ¥ catel=10, cate2=4, NI AEE - RHBIR - T12ER02551 ID cate_id=1004.
4.2. ¥EM %

SR e 43 DU S0y FR0I0 25 SR ) HE R 22 A 9 SEG IR AR, THERLA K an(4) o
prediction_results © Bayes_test_class

N (4)

accuracy_rate =

Hor, N %7r Bayes_test_class (F 740 BI G B 4, prediction_results©Bayes_test_class & it
BTN 245 RN SR 48 A ] B

4.3. WERZEIHREROH

AR SRR 45 R 5 SCIR[1] f SEREAT X B, JRRASCIR I S KBR R A EEHHEEZ
KA k-means S35 PR P AEOMUSESR T AICE ORI SRR it A\ TP AT AT BEDE ST (0 KR C2. THERLES RN
1% 6 PR

Table 6. Comparison of the results of the KBR and KBS algorithms
7 6. KBR B3AH1 KBS B AR HL RN

k-means %% H KBS B2 1 iR 2 KBR HEHIHER R
3 0.723058824378503 0.921133256108519
4 0.700246830715268 0.921129647472331
5 0.690220235066561 0.921138669062801
6 0.709820542522364 0.921140473380895

MR 6 it E A5 R n A, KBS BERIHER 2 #E k-means 5 H MR gk b, Miki#E k-means
RRHH N KBR BIEMHER I LR B 4 k-means R H —FHF, KBR HIE M %
W KBS FER R &, Rk, KBR Bk A AT H .

5. &5ip

ASCHR T — 52 B SR 43 RN Bl DG PR P AN 25 DU TR VR o AR AR R i 4
A1) 1ICALL7_data 2dE 4 AR K G, @ik SQLServer 2008 #4527, i#id MATLAB #7845
S EG o BT S0 F P b A R R AT SRS, FAR R P B S SAHE B AT R ORI T B,
Jei o AR R SRS TR DA R Bl DGRV AT AN 2R DU G R SeaG g AR, ARSCHR
H BT KBS S i st A 201 FEASSCH,  k-means 1))k 4 i R SR R AN DL 3743 S5 AE AR
LT 5 CHIE S, DRI, TERFAE B B KR AR I FU E A

E&WE

IR RHL T H (2016A070708002, 2015A070706001, 2014A07070 8005); i 7t 4 # & 1l 1%l 33
(2016SFKC_42, YJS-SFKC-14-05, YJS-PYJD-17-03)¥tBh; # B “ Bt & . B AGH " £ &0 H
(2017B02101) % Bl

SE
[ SRR, ST MRS HOR (R SR A 7 J S B 0BT D (AL (i), S S k2%, 2016,
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