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A Customer Transaction Data Clustering Algorithm Based on
Shared Nearest Neighbors

LI Yao,XUN Ya-ling
(School of Computer Science and Technology, Taiyuan University of Science and Technology , Taiyuan 030024 , China)

Abstract : By clustering analysis of customer transaction data, better customer segmentation effect can be obtained , which is helpful for en-
terprises to have a more detailed understanding of consumers and develop accurate marketing strategies. As a new clustering algorithm for
customer transaction data, PurTreeClust defines a new measurement method,PurTree distance,which can analyze and process transaction
data with hierarchical tree structure. However, without considering the influence of neighboring points,only the purchase tree is allocated
to the class cluster belonging to the nearest cluster center,so the wrong purchase tree allocation is prone to occur. We propose a clustering
algorithm for customer transaction data using the shared nearest neighbors information among purchase trees. The algorithm makes full
use of the shared nearest neighbors to achieve cluster allocation. Firstly,the subordinate purchase tree of the cluster is allocated,and then
the possible subordinate purchase tree of the cluster is allocated to realize cluster allocation. It can find more compact and clear clusters,
avoid the wrong allocation of the purchase tree, and improve the effect of customer segmentation. Finally, experiments on six real
customer transaction datasets verify that the proposed algorithm is more effective.

Key words : clustering ; transaction data;customer segmentation ; purchase tree ;shared nearest neighbor

0 51 &

% P A SR TR 45 A G T N A
Z— FU A AR B R P 58 5 B | A HT P AT
S HEATA BRI % P A4 AT B Al B R T A 2
H AR T b 5 G oh BT 0 % P A 1
Ge ) 3R P AR M 1 46— s U e HE AT 2 7 4
S0 (BRI B, AN AU AN AR B4
T2 o 1 Ty e 22— ] — A o i o
SRCAT RE ML, AR 7] #2211 9 %4 G R AT Rig AR 55

75 B 8:2021-02-08 &8 B #9.2021-06-09

FI P 22 5 8l R0 B, 4 2 [R] — D b ) % P
AT SEARALA 9% > 158, B AT T SO0 57 1 20 20 0 K
R AR P Z [ AR U B R P RS A LA
B A Ty AR RS e M i i ) B R
BRSP4 43 BRI HT, Kuo S N 4R — Rl &
PR RIET R D 2 52 5 et A1 % P i oy (R
Ao ROR I A HAE ; Tsai % A1 42— Fh 3L Tt 4 3
LR AT KIS S S AT R oy R I 4
ARSI B R Lu TR L R T 4 ) 2

EE&UH . BEEERFIETH (61602335) ; ILTH4A H AR F R4 (201901D211302) ; KRR K -HRHIFE 315415 H (20172017)

EEET. 2

T (1993-) , 55 (1) LBF S A W5 05 1) B2 98 5 R AT A B RS 1, R0, BF 5 05 1l B2 R S5 AT A



<74 - HEPLH AR &R

SRRkl =RV BVS Awa s R S S g
B PNy s Hsu S5 N AR I —Fh & P 38 B B R 26
B B P 28 G B L USRI S5 4 IF R 2 R
FAATE A5 Yu S5 N R —Fh IR T R AL T A
[ F AR5 7 28 5 B8 R AL AT T HRER 1Y
S5 s Holy % N AT 245 58 5y B e 4 1h — Fh 36 T
WAL I T B B Sk Chen 25 A B —Fb A
P38 G B v Al 53 % PR PurTreeClust 2B 8507k
PR IS G il sk H S — A G i, I L —
b B 5 4 7 20 PurTree P 55, 5T U iy 5 Wl 1 9 AL
5B Z ] B R S (A AE R ek R (0K 32 5 B
SRR RIS P s TR 2R OF R % R AR AN
BYSZI 75 5 AR I SRS 45 R

FIF % 7 28 2 Bt B2 43 M, TE W Mgk A7 SR 2K 4
Bie, B AR AT SRR 1Y RIS 15 B Rl — AR i &
FAYRAT SEARARLR T 9% 158, A 1 T Al i S inoRS o
MR SIS (B PurTreeClust 78 B 284y it it e o
V28 1 4 T 380 e U 1) SR 2 b BT B 280, 5 5
IR IR I RIS X 12 SR — e T 3
TSR A8 G B R . BRI AE R
1 2 v el TN RS 5 3 i U ) SO A 'l
Gy B L2 5 B 28 53l SR 28 v T s 2858, A 400 M i o
R R e W CTE S i = -G R Y & M = =1
K FARA B % P38 Ty B B2 04T 5200, B0k 1%
SR B A IF AT DA ST 0 M R R 7 A 4y

Kt

1 BERHSMBELRSH

P U SRR A ML AR A 2 P 2 T] AR AL R
W% R0 3 A TR RS TR AR PN 04 25 1 T 9 5 oK
AT AR RIBHARN I E PIE SRR E R ERR, 5%
o358 )y AR LG, R 5 28 2 Bs R 253, Be 8
TR UMl s AN ) 7% P AR 14 T 2 75 5K, A R T E
N G2 SR E I 7 SR 4R T g . 2 IR
B[ 14,16 ] BAHDCHE & AT .

7E 1 (PurTree BEE) & — 1 K/INH n B9 5 W
BE, HO) RRZHMEE, C () KRG
R v 1YL A WA 5 5SS S B 2 R Y
PurTree ¥ 255 3L .

H(®)

d(e,,¢;) = ;w, >

veN(e,) UN'(¢)

1C(0) N Ce) |
B =T ey Ucion]

Horr, B, A v B, A 50N
B, =

(D)

5532 %
1 if v = root( D)
P, where v e C,(¢,) UC,(¢)
1C,(¢) UC(g) | !
(2)
H, o, 52 LR AN
" l_;F?(/(p)'yH for ¥y >0 and 7y #1
Y for =1
“ T H(D) ’e
1 for y=0 and [=1
0 for y=0 and 1 << H(D)
(3)

FE X2 (FEERGILAR) T RAESE D P E A
AL, Wi B kAR R TG , s 1Y kISR
() TR Rl j AL s e e SR B AT A 2L 43
&SN

SNN(i,j) =I'(i) N T() (4)

TE 3 (LT ARAILEE ) AR AT @ AR R A
82 D AR BN ) A5, e AT S = AR A BB
SUH
[SNN(i,j) |”
> (d, +d)

peSNN(i,j)

,if i,j € SNN(i,j)

Sim(i,j) =

0, otherwise
(5)
Horr, d AT R R,

& A (JRHRE ) AR B SE D P RERE R
L(i) = {x, 0,2, =55 i HPUE RS kD325
WS B2, i IR B SR

den(i) = Y, Sim(i,j) (6)

jeL(i)

FESCS (ArESHE R ) AR R R REAE D
AR BN A, 5 R R B R T 0 R R
SIS B IR LN

sdis(i) =min[d,( >, d, + 2, d,)] (7)

P> Pi pel(i) qeT())

Jr i P B e 4 T 23 I R R 2 A A v
TR o B REE

FE 6B ) AR L T BCEIFE AT
RPN, AR T A i A8 USZ H) 4 2
A B ME R

|SNN(i,j) |= k2 (8)

FESCT(ATREMNE D) R BEA | E B BRI A,
A& G j I A AT, NS i R i R A 9,
SRR AT BE R AR

0 < [SNN(i,j) | < k72 9)

PurTreeClust kMR 6 2 (1) 1HE A 5 B 2 [
A PurTree B )5, S5F) ] CoverTree -3k 2S00 fr



%513 =

1 A T I RO AR B 2 oy Bl Rk 75 -

TERIFTA T RES 0 s RFHHHRES Q P Am )R
VREEEE B RN O3 B R LR e RS 0 P
P B A KT K NS 5 A D9 RS R foe e K A
AR B B e a0 ) SRS R I R B IR R, 58

2 HERIEPERESBRE

J24E PurTreeClust AJ DL H 388 i R 58 L& P 38 5
B 32 {H PurTreeClust 72 R 50 mf, H 2%
PGB oL a1 B B M R B D TR 2R, 5 )
SRS DA BC A B0 . AR IR 1 B, 1 LR 3 43 )
JEARTFZEHE Y 2R 26 Pty , 4% B PurTreeClust ) 43 it &L
AL AR A 2 BEES  3 HT, P & i 2 A1 B4R A5 3
Jr @ e AEARBA S, 0 2 MR BE 4G 1 BT IR 2R,
I TR LR IS

.. "
1. Loa
12 [} Ada,
S '
A
A A
Aa
AN A
10 WBta, M2t
Aadms ‘u
A A A
BN AL ab A
ahoa, A
8 AA‘A:
Lha A
A
A ‘A“A
A A
6 i O S

10 12 14 16 18 20 22

B 1 PurTreeClust 4% 4~z 69 1 51

I PurTreeClust #1543 i 1Y 5 2 5 BUE 7R R 26
SITCIT K25 7 28 5 i L4 4 TBC 465 B B8 A B i) SR 2 v
T B R 75 IR A8 5y M I AR5 e, TR
Pan W -S| E SR T i 1 HPE w8 = ST (Y =Y S
AN % P AE Gy B B 4y BC 46 B R 2L TR
Heti

e X 4 a5, /&l % 2 XK den(i) =
> Sim(i,j) , Ho S HESCHR13 ], 25 3 4 AR 0L 1]

el
ESLWT .
1

| SNN(i,j) |
e & (dywdy)
‘SNN(l,]) ‘ peSNN(i,j)

if i,/ e SNN(i,j)

0,otherwise

(10)
Horb, [ SNN(iLj) | Fn i i 5 AL B AL,
szﬂd vd) FoRM G R
LRI FE B BIY [ SNN(i,j) | KR, sl 55
M Z ST AT AR AR 2 | o5 i R R R A | 0 Y

N 1 ;
BT LY (4 ) M,
8 ™ ‘SNN<L9.]) ‘/765’\21“(1',/)( " !P)

R ISWRSP =S o Sl DR S oSy o =W B s o
A IR N O R O SO S AR, A S R
E XK sdis(i) = min[ d,( 2 d, + Z d,)] , 515
;2P pel(i) qeT()
SYBSBEE A LML 2 S AU ERIEBS d, %140
FEES A sE 2 B R T kAR ] A FE B 52 M, B Y

(D d, + Y, d,) BRI &R BT ki

pel(i) qel ()

AR, T A R 7 A A R DX, R % DX Y A
A ARAS T A SN2 b AR v T R X
3 B B R 1

REITBEET, B BRI NG . e X6
AL R B AR [SNN(iLj) [= k2, Bl gL
FAEj 25 FEY kAR A —2FLh E o 2 Y e = e i
A, WAy ot i RO 8 TR — 2 i — 2 S8 TR
i B AEHE . HE 7 W AR AT RE & R R
0 < [SNN(i,j) | < k72, BIFERSIIC AL j SRS D
T HC s i i dR i A0 2 A2 (9) I, Ay
ARG A AT REJE TR — R B R AR LA 2 2
SYTCaL i BT JE 2 P RE DUJE . 43 TE RT BE M AR
B 2 A 53 TE A 0 22T AT 0 43 L 3 [ — 2 R
LAAS T AL R Z Y 53 Bl 2R

3 HERIABEERZSHERELE X

WHE b — A R BR R, AT
PurTreeClust J&y %5 B 17058 5 25 i 18 vk, it fe T
PurTreeClust #1573 lic (1 )2, H A VAR . & Je F
FE X4 FGE L5 THE R B ANy B R B SRR R
Ferbule R AR AR AF B P 1 I s 28 2 1
R FC SR AT BE M B 2 5 . Snn—PurTreeClust 3
AR ONACRS  TE L 1~ Fk 3,

ERE L W, H eI 22 5 W 2 [E] 1Y PurTree HE
B ARIGTHER P 38 Gy B Ry B 43 B I B R A
W B TR R A L, SR AL G
B, WA 22 5y B A A0 R 43 O o0, R R ARCE 2 Rk 3
STELE P A

FESTE 2 v el TR RS A AR
Ferput & FIWNZ R I 0 1 k3 AR J 15 R A 5K
|SNN(i,j) | = k/2 256 R WKL 200 48 528 5y 44 43 T 2
IR I ZIE A8 22 G W R BRI, Bk 2 JE A R
bl [ AR, $R B & RS IA  NE 2 2 1, IF
e N ITE I POPANE S IR E P D S A O

FESA: 3 v ISR A — A oK 43 L 52 5 W 18 30 40
BCAF O, A e IR 24~ I &R 1 43 e 3] W] — > SR
2% A B A Ty B A AT BEBY 3 Tt 25X A A%



<76 - HEPLH AR &R

532 4%

S — N M AERE M R TR R AL )
IR, i — OGP, FRBNFEFE M iy
HRORAE, 1Z s KA A9 A7 3R 2 i e 7 EE 0 0 B Y 22 5
B IR FALA 53 BC 52 T A8 1) i S 2672 g L A B 21 3%
WD, ARG 5 AR B I s 2o By 28
S IO B k3 R FRIEH

B9 1. Snn-PurTreeClust R 2EE 1

BB LHMER Q TBE L FEE m

B RERER O = {C,,C,,,C}

AL

T2 5 Z 8]/ PurTree B

THE3E Gy 22 ) 1 2 T2 SR AR B

for eachq e Q do

TR ¢ )RR den( ¢ ) 5

T ¢ A ESIEES sdis( ¢ ) ;

TR ¢ BB % sden( ¢ )=den( ¢ ) #sdis( ¢ );

end for

TR EPFOLES U = (g € Q:Vq ¢ U,sden(q) >
sden(q) | B | U] = m

AssignSubTree( Q,U,k,m );

AssignPossSubTree( Q,U,k,m ) ;

kg

B¥k 2 AssignSubTree (K P X G WES Q , BREPOLES
U ESRECE % m )

il WEREER O = (C,,C,,,C, ]

GRS

WAL NG P K T 2RO EABNS P

while P JE%5 do

HH SISO E p

for all p FY4FJEZEZ M n do

if n AR B BL BT AT AR B R A ISNN(p,n) 1 = k/
2 then

1 n ST IR p FTEIHE 5

B n FRABNG

end if

end for

end while

X7

B9k 3 AssignPossSubTree (& ' XS HER Q , R4
B U SRR R m)

A RESR O = (C,,C,,,C,

BTG

while 722G A C do

ST AP HCHL R M, R BEATRCER R A A8 & B, JE BB A3k
RAHE

for all RAFELAEZ B p do

for all p IS IESE AW ¢ do

fHREREAT R ¢ RSN p M1 +1;

end for

end for

R RE M PR E max;

if max > O then

105 max FTAERIHEREAT row FIAEFEF col;
455 row DG WA ELE] col RASHE

else

k=Fk+1;

end if

end while

CRSAT

RBA n BRE& P A AR ECN k  RIEHEECH
m o B FRE AR A, 28 5 W Z 8] 1Y PurTree #E
BRFRIE A2 B 0(n®) | Hem2 3 SR BLRE | JR 3 %
FG3 B0 5 0 B (] 52 2 BE 43 02 O (kn) | O(kn) I
0(n®) | FRERIHLEAIEE 22 E R 0(nlogn)
A2 5L 3 M E 2R EE 4 O(mn) I
O((k +m)n*) , Xt Snn—PurTreeClust 35 3% & B9 i 8]
HIREHR O((k +m)n®) .

4 IWERSH

HEGIE Snn —PurTreeClust ( SPTC ) 5. 3k ) 2 2554
SR 6 A B S B A2 0 S AR AT I G AN
PFfr, JF 5 PTC™ DBSCAN''' 2 Fliifh 553
3 FiE R Z R BL P AT T AT

TER 1 PRy 6 D ESAL S B4 rh D1 D2 D3
& 3 AT B AR A3 AL 795 A% PR 9 995
EEAS HIC SR 795 K9 995 £ A2 Syid sk 1 179 4
51200 238 S iRk, D4 D5 D6 2 M kaggle H
FE—AF 1 P S A8 Ty B s A Y 3 A4 B AR
— A8 30 ZH K 3.49 (LR Sl %,

K1 6 MNAERGHME

Data Size Customers Attribute
D1 9 995 795 3
D2 9 995 795 3
D3 51 200 1179 3
D4 1 595 600 1753 4
D5 1 967 800 2181 4
D6 11 507 680 10 941 4

RIS PurTreeClust [F] 4 4 7 32 ff o fre A 3R 2
TR, ek E T 14 IRk, 7E D2 Fi547 Snn-
PurTreeClust 8% , H-H18 7l ge i EE ), 45 5%
Bl2, ATRIF Y y= {10, +o | I, Gap {HH T £ 2
AINT 0, U X A S EOTCE R B R G5, Y vy =
{0,0.2,0.5,1} i}, Gap 7€ k =4 IFBESREE AN, K R T



2

CERE|

1 A T I RO AR B 2 oy Bl Rk

- 77 -

TR D2 B E R RISLE ) BE] v=0.5, k =4
HATABE m =28 AT F A 35256

0.16
0.14
0.12
0.10

o

<

] 0.08

0.06

0.04

0.02

6 7 8

33

B2 Snn-PurTreeClust 7& D2 L -5HbE K 45 R 69 Gap 14

BT EANE AL Snn —PurTreeClust 52 1 2R
FRCR R ] PurTreeClust 5575 i SRR 45 B K78 T
W R G R A & 3 s, IR — 2
MIAE Ty 4 A —if IR JF BT 551 LA
6] Ay 2R 7s 38 T B P R (3R B/ N IR B T £
FORIERAIBE RS DI AT LA B i U 2], > £ = 4
H vy =1{0.2,0.5,1} A}, Snn—PurTreeClust & 14 A L)
I BRI T B 28 % , PurTreeClust B yE 4N E &
AL BRI M R . 2ead LR XT HE W LASS UE Snn—

9 10 11 12 13 14 15

(Q)SPTC(v=0.2, k =4)  (b)SPTC(y=0.5, k =4)  (c)SPTC(v =1, k =4)

(PTC(y =0.2, k =4)

(e)PTC( ¥ =0.5, k =4)
B3 PTCY5 SPTC ZD2 EayE E4R

(HPTC( Y =1, k =4)

PurTreeClust HIETEA R S 50T ¥ A DLk LR BT
BT R 2 M, BOA T 4F Y Al g vk, R R I
PurTreeClust B L

N T 2B 5 Snn—PurTreeClust 5 5 i R 2K 34
R FF Snn—PurTreeClust 5772 15 75 il 5 28 55 12 i 47 %)
W, FrA B PurTree JEES , i 28y = 0. 5,
Rk =4, SNPRAEFIENERME 4 s, WEH
AT LI i, DBSCAN $595 Al L B0 M 5 2 1) 26
W, FLA PP R IR A AT R 3 W R B I S A%, P kT
A, Snn—PurTreeClust 571 B AT B4 1Y R HOR , 7l
AR & B0 LT I SR R 2R A

(a)DBSCAN 545 1 (b)NCut 545 1 (c)RCut Fs45 R

4 == -
(d)HAC-S 41 (e)HAC-M AL (DHAC-C AL
B4 SAREAEED EHRELRE (y= 0.5,k =4)

K 6 NEHESE K L3 Snn—PurTreeClust B4 5
ZHTEAP R B R, AT T, AR R
KB PurTree BH S, b S8 v k& K {0,
0.2,0.5,1,10, +o0 | , ¥EE [FFE 14 41 k (EORIE1TBR
DBSCAN Ah iy HAl - Fp vk, % 4 —Fh 312 19 3R
RER IR N B R log (W(k)) L &RINE
2 7, H1#% 2 A] 40, Snn—PurTreeClust 2.5 7E 6 N4
WA Ry R AR B AR N B L
log (W(k)) , i8] Snn—PurTreeClust 7] & B 8 B & AY
RAH 5 H AL B R I A0 He, Snn - PurTreeClust
BB REHCR T

K2 OANFHEEOOAKEE LG TFHEANBIULILE (A ARELER)
Data DAN HAC-S HAC-M HAC-C NCut RCut PTC SNN-PTC
DI 4.27 4.29 4.26 4.24 4.28 4.29 4.22 421
D2 4.26 4.33 4.29 4.31 4.33 4.36 4.27 4.25
D3 4.64 4.69 4.65 4.65 4.67 4.68 4.62 4.59
D4 5.18 5.19 5.13 5.14 5.15 5.16 5.12 5.11
Ds 5.40 5.44 5.35 5.33 5.43 5.46 5.35 5.32
D6 7.46 7.44 7.43 7.43 7.4 7.45 7.42 7.39
I FIZE Ty 22 [ i e 52 B 40 A 8 i SCHR Hh —Fh &
5 Z%RiE FUAE 5 B R SR T A R i B T R R N R Y

A% 538 2 B R Ao M, PR BRLIR) 75 2% 7
A BIARBLIE 2 2T 50, T ARAT 1 R4 B % P 4380k

KR G T MR R T, Il 6 AN AL S L
PE4E B SCRTE IR BRI R . AR AT A



.78 - AP RS & 532 %
Snn—PurTreeClust 3215 I} B A Rk — 201 5% IEEE Transactions on Knowledge & Data Engineering,2016,

S 30k

[4]

(5]

(6]
[7]

(8]

[9]

[10]

[11]

[12]

X % BB IR SR T]. F T AR
#%,2006,20(1) :53-57.

X ST Bk 8. BT SEAT R F R 4R 0y O ik L
BHFFE[T]. R ,2003,16 (1) :69-71.

FISHER R,DUBE L. Gender differences in responses to e-
motional advertising:a social desirability perspective[ J]. So-
cial Science Electronic Publishing,2005,31(4) :850-858.
DR, B M IT RN [T]. Tl 8R4, 2005, 24
(7) :66-69.

N BE, X AR, RO BB T]. AR,
2008,19(1) :48-61.

. RIEFEATSE[ D] AR R 2005,
REYF BLOREDNER P AN SR [T].
O HHRALE B ,2010,26(28) :199-200.

KUO R J,HO L M,HU C M. Integration of self—organizing
feature map and K—means algorithm for market segmentation
[J]. Computers & Operations Research,2002,29 (11) :1475-
1493.

TSAI C Y,CHIU C C. A purchase-based market segmenta-
tion methodology [ J ]. Expert Systems with Applications,
2004,27(2) :265-276.

LU T C,WU K Y. A transaction pattern analysis system
based on neural network [ J]. Expert Systems with Applica-
tions,2009,36(3) :6091-6099.

HSU F M, LU L P, LIN C M. Segmenting customers by
transaction data with concept hierarchy[ M . [s. 1. | ; Perga-
mon Press,Inc. ,2012.:6221-6228.

YU Z,LUO P,YOU J,et al. Incremental semi—supervised

clustering ensemble for high dimensional data clustering[J].

[13]

[15]

[17]

[18]

[20]

[21]

28(3):701-714.

HOLY V,SOKOL O,CERNY M. Clustering retail products
based on customer behaviour[ J]. Applied Soft Computing,
2017,60(3) :32-39.

CHEN X,FANG Y,YANG M, et al. PurTreeClust:a cluste-
ring algorithm for customer segmentation from massive cus-
tomer transaction data[ J]. IEEE Transactions on Knowledge
& Data Engineering,2018 ,PP(99) :132-138.

MIGUEIS V L,CAMANHO A S,CUNHA J F E. Customer
data mining for lifestyle segmentation [ J]. Expert Systems
with Applications,2012,39(10) :9359-9366.

LIU R, WANG H, YU X. Shared - nearest —neighbor - based
clustering by fast search and find of density peaks[ J]. Infor-
mation Sciences,2018,450.200-226.

SANDER J,ESTER M,KRIEGEL H P, et al. Density-based
clustering in spatial databases:the algorithm GDBSCAN and
its applications [ J]. Data Mining & Knowledge Discovery,
1998,2(2) :169-194.

HAGEN L,KAHNG A B. New spectral methods for ratio cut
partitioning and clustering [ J]. IEEE Transactions on Com-
puter — Aided Design of Integrated Circuits and Systems,
2002,11(9) :1074-1085.

SHI J,MALIK J M. Normalized cuts and image segmentation
[J].IEEE Transactions on Pattern Analysis and Machine In-
telligence ,2000,22(8) :888-905.

RUI X,WUNSCH D 1. Survey of clustering algorithms[ J].
IEEE Transactions on Neural Networks,2005,16(3) :645-
678.

TIBSHIRANI R, HASTIE W T. Estimating the number of
clusters in a data set via the gap statistic[ J]. Journal of the

Royal Statistical Society B,2001,63(2) ;411-423.



	封面
	页 1
	页 2

	封面
	页 1
	页 2


