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A g HE B3l dojXIth(Lekakos and Giaglis, 1972).

olglgt FH Al2ElE BHE /st FH A9

T2 Au| 2ol thE A7 FE o] FaL =
2. o o ol= 1A /A hE 4 =(Loyalty) S =

o] ¥ ofg} bl v B (Target marketing)<

2.1 FH A[AH 7VsstAl dlEtte AellA om7t A
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A, BollA e Zf F5o s "= SKUS
of gl el F2 o) §3tel 4 3% 2ol A
Akgitt. [15]
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(Figure 1) SKU Recommendation to the Nearest Neighbor Store
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W ot K-Means 733} &ar
KMe 7] #HoZ U ZAoZ A
I v BAle T3 SAA 44
7HA o] A & HAassh] 8 FH S
g R FALS 74 HIEE oA
FAAANA 71 7k ARle g A
ot 2R Addshs Aot e 4
3l olHET o e AY FE& AAsHE
MZE o] etk M2E 7HEY 3
#Eo] oA AlttE a, 1 vl Agle] 2
27} - Zropd “H’JW ol# g A7} wiEd
th dlolg o]flo #F9 4 K& dY o=
wom, o] f KE A& ZQIE(seed point)2til
= IRNEE o= Hdu=m viehz g
A Fzof B3 311 %‘ Hq o] 2|2 E0] AlE X
EE dH 7 o K-Means
A3 dugF 73 Ferq% =+ 2t}
(a) Y= KNS HolEE Addste Hx F
AL Atk (A7 KE AP
(b) "W GAA, 7t dIZEs T Tk
STAE 7Hx Tl dE T
(c) A== WA AY FI71EH 1o SA
< OA AlLteta, @A (b)E WHES
(@) MEA 73 TR FAS e R 747
9 gz2to) disty 7P 7ol e F
e et TS Alololl § ol b=
£ ol &ste Ao #R9] #4ke STHA
09, #38E HEnh
TREE TR T T HE o] FojA = F
4 olx Wi A H HF SKU 3 AL
3.L1904 713 | 2EHE 389 sLsith
o] RE HAHLS x4 wi 2R skE FF slol
Bt Ao wig E Hy SKU 74 AL
<Figure 3>3 #o] 213t & 4 otk

_YE
HIN
flo
>
fir.)
ll
o

TR
b
i)

@y

o o

—_
N

M
N

M

o
‘

.

0{

ru[o J

FIU

l

I~

Iﬂn



o4
=

=l

=

e

2|
=]

B2 & sto|Ez|= ZERE 0|8

=
S

OF

s Hoj of

ZE FG SKU FH A|AH

POS(Point of Sales) H|O|E F&=

<

mof 42F(Quantity) 7|& = =x A SKU
l Top 100
mEn Y 78 o 2R
=& ¢ o x Hof E2 ojEYA 145G
o ¥ ool z2F o] EHM
2 2% 0|2 oEE)
U

o el

4t

Zt og ¢ =M SKU FH

H O SKU Top 100 & 7|EC =2

=

(Figure 3) Recommended SKU selection flowchart through hybrid method

32 & @ 33 SKU $H o] 78
32.1 W M AlZD} Eitel M QF

HHE K9 e

= A A

B w, BTE A,
£dksl 8 6 Sl Aohs D= 9
57} gl AE ol AdHE A3 9BE

<2# o] v} (Gray Market) & X3&-3le] 20131
715 201213 thH] <F 2.0% A3 oF 3529 (&
=] )\qu_q]/\:]oq:ru\)og A= o]= ol
Figure 4914 &1 & = itk 3 AF9-S #A
7He g 91579 1w 718 E QAT ARE
Aujstd o, H i Wskd 2 oy li
5ol Al wet f5 Ahg e AN

3
=

9%



Z80l - gt
(Bt Z=9)
40 12.5% 11.8%
= g 7.5% .
a5 20% 2.0% 1.4% r)—-"c\ 1.6% 2.0% 10%
-3.0% PR e
O v 0 05
30 - r— el 35.0
e e 30,2 .3 B
o S 286 7.7 28.1
[ 254
2.6 24.1 - -30%
20
15 - -50%
10
- -70%
5
a -90%.
2004 2005 2008 2007 2008 2009 2010 2011 2012 2013(E)
E g a e gaiEg) =0T E )

(EA: AR )

(Figure 4) Domestic Fashion Market Size and Market Growth Rate

ol g A A=
4 7 R, Balsvtg 435 5 vHAEE
Aelstal 9o, dhestr bl o F Ak
AMFE £3}, Elo|Z2Ed, dHERIYES
7o 2 9w HIE ARJoR 43| W3}
ska ot

‘Bit’= o B A AEE Ax ke

) 7]goe®, 20139 12€9
= ARFAA 2B DART),
o &S &Y T
% sholtt. ‘Eiilb’ =

o2 U Hiel YA E &

S 7}
= "1t —
EEERRER RS

07
J=REchg=

I &<t <k 2z

W% (A
20134 g+
wel 7]
F4el A

B3l

11

of

3k Zofut 1,716

A7tEH =

QEEZEOE Bt Yotk AFY BA=

Q1 ‘B’ Sub-Brand9] %

354 FEe T =

W 7o) AR BAER AP on, A
AR HAEQ] Qo R A ) A Bl

{ !

% H7e) HASAAAE AART Y} A2

ol A o] 2 oFxE0] 9} SPA(Specialty

retailer of Private label Apparel) AFH % =3}
FoH, i HASE 7Moo 8 T =
AEstel AFge st gk CBib= P—%
() B2 S5, A5, NFd, 2%
SPA % W 3} T I TEEYL
s sl

‘Bil’¢] BRE ‘K= 20t $REEE 4000 ©f
~

S g2 AR 28d S FT8E
48 gl R 201330 24 105738 2ol
3 o4 Bazold, Eil’e thE Bz )
3 Hlwz 2 T[] SKU, £ W AdE
AFSEAE Az LA e st o
5 Ag]o] Masstige (N5E HF) A& A1

[e]
EoA @Y HATE AA AA T2 2F0%
= zA s o 2013 o= A thRIgyel 7

7he 9 ARSI K BHalse] H sd
7ro] v & AAL <Figure 5> o, I
A AR BER Mapde ‘K BHZo| X

<Table 4>¢} 2t}



12
e

ZEg ¢ sto|=z|E ZEES 0|

ok

| S5 SRS Eof ohEM 32 SKU £ A2y

900

862
850

750 ¥742

700

650 T T T T 1
2009 2010 2011 2012 2013

25
gy
714
A4 (2.3%)
Premium | _
Qax) 0
Masstige |,
asm) |
Mass |
(193z) 4
Gray
(4.5%)

(Figure 5) 'K' brand sales trend

(Table 4) Domestic Fashion Market map and 'k' Brand Position

Hs o= g Ea AEXYY SPA 0= Uo | M}
(5.4%) {5.7%) (45%) (4.13) (1.92) | (0.5%) (1.0%) 6.1E)

A=E OfE | F FHHE o= F/{L of2

o AL m AFZX| g0 o
Aze Aze Ay el 1M T0 zd iy o £ | N | e
(1L5E) (1.6x) (17F) (23F) (1L72) (1L1E) Q23%) | (1.2E) | (2.3Z) | 0.82) (1.0%) 4.0z | Q1xE)
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o] FE¥ SKU ZHAE A4l IHE Wgstr]
%’4’3}"4 HHE Eﬂx—‘i“‘"ﬂ gk dlolel= AlA st

27k 9

+ SKU AlHA A& 42
4 & o] dolEl= AASATE ZF v
Al ool Zukgk wid ¥ HZH o] S et
7] $18ked POS(Point of Sales) Wlo]E 11,9307
< 247 FEOE /3 <Table 5>9F 22 &
TA AT
A= 78 Wshxo] s = 5270 ‘K B
e Fuf wiAES s fs Bl oA
wsta e i ZE9Y OBl <Table
6>3} 2t} <Table 6>2] 2E Hlo]E = 201339
7l = 2013\ & & Bk HAe AAE 7]k
o2 FAFHRY. o} <Table 7> <Table 6>2]

213}
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i

Al
§ B0l Qi s golsjel 7op ppel  UFEN A AL B 3l
OE % dE WA g 2 FA B 32
(Table 5) Sales Volume by Iltem of 'K' Brand Store

of = &5 COAT NE/ TH= gj 2 ;jl HEX| HaleA | Al g
BI123 4 5 5 8 5 13 2 6
B324 3 7 4 9 -1 17 0 1
B353 -1 3 4 2 6 -1 4 2
B369 4 2 5 3 0 -1 1 1
B400 12 11 11 1 16 28 11 14
B521 5 2 3 0 9 4 2 7
B539 6 2 6 1 14 9 0 4
B563 8 11 25 9 3 28 3 12
B655 11 6 7 1 25 3 1 8
B735 6 9 15 3 0 13 3 6
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(Table 6) Store Profile Data
waae | M MR | MR T e | 5% 2A ve | Awn | au ge | 8T WE | gy nq | WD NS
B123 30.0 3l 417 1,585,797.000 1,041,917 1,622 3,137,704,000 z,602 2,540
B324 220 35 182 1,047,414,200 §21,501 1,275 2,062,904,200 1,964 3,466
B353 250 34 213 B92,797,200 505,578 ag0 1,370,246,.600 1,188 4,361
B3G9 28.0 34 217 716,260,600 908,544 TaT 1.447.488.400 1,302 2,968
B400 29.9 36 Teh 2,001,323.000 1,060,563 1,905 4,144,571,800 3,667 13,614
BRZ21 27.0 34 204 649,215,200 655,436 936 1,285,314.600 1,158 2,951
BR3Y 34.0 36 477 1,628.406.200 1,064,073 1,450 3,022,351.800 2.440 11,367
BAG3 3La 34 367 2.067.,478,800 1,010,992 2.045 4,113,460.400 3.560 3.486
BESE 26.0 3z 589 2.166,334,600 986,042 2.197 4,343,189.400 3741 6,069
B735 21.0 34 246 1.168,205.200 869,848 1,343 2.308,304.400 2.210 6,204
B76S 2e.0 34 432 962,630,200 822,058 1,171 1,947,604,400 1,549 8,690
B974 29.8 34 293 1,107,615,000 943,454 1,174 2,190,282,000 1,784 5.440
040 36.0 35 465 1,181,465.400 816,493 1,447 2,357,018,800 2,041 7,019
058 25.0 36 B5E 1,698,952.400 976,758 1,637 3,309,087,200 2,882 el
oa0 26.2 36 B42 1,485,360,600 1,000,243 1,485 2,989,633,200 2,547 7,201
2105 37.0 36 187 675,463,400 §28,7849 g15 1,337,108,800 1,235 2.640
(Table 7) 'K' Brand Store Profile Variable Details
BN ola| =
g 2= ujg ID -
w7 A uj g Apo] = H(3.3m2)
sl ohzl Ny Fre %
T 1A 5 13] o]} 7t & 14 + ‘%‘
5 1A W 13] o)} Tt 55 A9 T o
A7} a4 wZE ) 1 o) 35 ‘%‘
I ] 3 13] o)} Tt & 1A F v 3 3]
iz AA & o] AA & 4
AA ujzke] FAA Aol (7))
LI afitg wjo] &g WEky A wiE o4

323 wEdICIe A2l £F

3 M

<Table 5>2] H|°|HE 7|
bt Al &4 7IHOo=E o)

Ho g2

%L

S (Similarity)E 75} <Table 8>3 o}, &
7HE x A& WE- 2 Fro] ASaE T oA

of FAREZ} == 2vlol B324 wie] X
7 o] A& B123 wjAo] "o
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(Table 8) Estimation Results of Distance

=0
=1
2d

SKUES AZAA Fd3H 0. HZH ol %
&S A2 <Table 9> Zt}.

by Store(similarity) by Euclidean Distance Measurement

o & B123 B324 B353 B369 B400 B521 B539 B563
B123 0.00 13.93 20.40 19.00 28.41 16.91 13.93 34.15
B324 13.93 0.00 25.50 21.70 32.23 23.32 22.72 33.59
B353 20.40 25.50 0.00 12.04 39.99 12.33 17.94 48.12
B369 19.00 21.70 12.04 0.00 41.13 14.25 19.62 44.64
B400 28.41 32.23 39.99 41.13 0.00 32.73 28.97 28.37
B521 16.91 23.32 12.33 14.25 32.73 0.00 12.33 43.45
B539 13.93 22.72 17.94 19.62 28.97 12.33 0.00 39.22
B563 34.15 33.59 48.12 44.64 28.37 43.45 39.22 0.00
B655 26.61 34.47 26.34 28.76 31.64 19.90 17.26 44.09
B735 16.40 16.58 23.26 20.05 27.71 20.52 21.05 29.27
B768 18.19 23.77 14.39 11.22 36.44 12.85 17.06 41.61
B974 16.12 20.98 19.54 16.22 30.87 17.20 17.78 32.34
C040 21.31 24.54 30.82 31.73 15.13 23.19 19.90 29.56

(Table 9) Nearest Neighbors Pair by Store According to Euclidean Distance Measurement

z2Zd ol ID CHat of & 2y i z 2™ ol ID CHet of & 2y e
1 B123 D042 53 D042 B123
2 B324 B123 54 B123 B324
3 B353 C896 55 C896 B353
4 B369 D425 56 D425 B369
5 B400 C040 57 C040 B400
6 B521 D140 58 D140 B521
7 B539 C376 59 C376 B539
8 B563 D508 60 D508 B563
9 B655 D760 61 D760 B655
10 B735 C440 62 C440 B735
11 B768 B369 63 B369 B768
12 B974 C467 64 C467 B974
13 C040 C058 65 C058 C040
14 C058 D759 66 D759 C058
52 D762 B655 104 B655 D762
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2f

324 1 2 4 F2UCIQ | FH WA A NFE Aok B AFoM s, A4St
228 0IR 0jE MY gol3tT AHBAQ s|Mo] 7} 2x2 HEY 2
3,1,201]/\1 el slo)BE|e Wl mig ¥ FHE MgSe EFsle Eit’ @9 g5 H
& SKU A& 317] 9] uA z+ Al Ao Wl KB 42 Astz AZskgTh
401 HolEE 7o s WA £33} 3 2x2 WEY 2 Aol w7 73S AlAste]
? 2+ 3 NAlA HaA wAS A of g Asle] AL =435 1A}; <Table 6>2] W4 =2

o}, o) A-S 223} &= WA O 2 K-Means :,L;g 9 do|E 2 ¥4 E4(Principal Components

3 duE)ZL Austgth BE Ko A Analysis) & FH3ATE E4 == A nfo]
3t7] 918ke] 9o eAsE FHIS 0431 uq U(XLMiner) W 4.0% ©]-83t3ith Mo F
33t T 7t 738 o) = AAX| 9 o] 1 Fob 997 thekete] dolE Y At AAS
27 3}l Correlation matrix W] 0.2 FA4H &

RESEA TAN BE ANdE At ED
Sgtw FASAEE At g EA B 7 A S8 A osh .

(Table 10) [Inputs]

Variables
Soeecd | | T Jamae | TR awona |2 oss | anwe | e s | L
Parameters/Options
Fixed # of components 9
Method Correlation matrix
Show data scores Yes
(Table 11) [Principal Components]
Components

Variable 1.0 20 30 40 5.0 6.0 7.0 8.0 9.0
3} vl = 0.314 -0.270 0.146 0.603 -0.469 0.473 -0.004 0.007 -0.008
Tl 3 0.411 -0.004 0.052 -0.348 0.024 0.171 0.458 0.675 0.108
AAFE 0.418 0.102 -0.039 -0.199 0.106 0.141 -0.841 0.183 -0.033
nkuh 0.419 0.144 -0.039 -0.150 0.104 0.106 0.236 -0.400 -0.736
A vl = 0.420 0.132 -0.044 -0.140 0.085 0.093 0.140 -0.552 0.666
B -0.019 0.333 0.934 0.052 0.112 -0.042 -0.020 -0.012 0.004
3} w7l 0.163 -0.646 0.134 0.219 0.691 -0.112 0.012 -0.004 0.002
At7}/3] 0.164 0.575 -0.278 0.617 0.332 -0.154 0.080 0.211 0.031
T A4 0.389 -0.142 0.065 0.058 -0.388 -0.818 -0.020 0.023 -0.014
Variance 54 1.5 0.9 0.6 0.4 0.1 0.0 0.0 0.0
Variance% 60.0 16.8 10.5 7.0 4.1 15 0.1 0.1 0.0
Cum% 60.0 76.8 87.3 94.2 98.4 99.8 99.9 100.0 100.0
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T B4 76.8%2 A HlolE 9 76.8%F 3l kel AA w3 A7t WMgE o] 83k
Mg 4 e FAE 1,07 20004 242 73 7 4719 FHOE K-Means T3S £33 A}
TAZE w2 W]l WA i ARIEE = <Table 14> 2t
£ Adgste] #3& 4= 2443kl K-Means <Table 14> 4 3|7 w7 X EZ 3.2.39
H3E T3 AI= <Table 12>, <Table 13>3 A F3T W47} A3 YA o= FFHE A
2o gl S4& T H2A ol e AT 2

£ <Table 15>3} 2t}
(Table 12) [Inputs2]
Variables
Selected variables At7}3] A
Parameters/Options
# Clusters 4
Start Option Fixed Start
# Iterations 10
Show data summary Yes
Show distance from each cluster Yes
(Table 13) [Cluster Centers]
Cluster kot 3| HA o=
Cluster-1 783,551 1,210,630,546
Cluster-2 1,155,530 1,917,520,708
Cluster-3 892,922 2,028,762,748
Cluster-4 1,003,145 3,706,735,987
D(i:slir:: l’z::z::n Cluster-1 Cluster-2 Cluster-3 Cluster-4
Cluster-1 0 706890260.8 818132210.1 2496105451
Cluster-2 706890260.8 0 111242349.9 1789215285
Cluster-3 818132210.1 111242349.9 0 1677973242
Cluster-4 2496105451 1789215285 1677973242 0
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(Table 14) 'K' Brand Store Clustering Results

of &+ of & ™Mol = ekt Cluster of & & Mol E ELl= ol Cluster
B123 3,137,704,000 1,041,917 4 C467 1,437,738,400 937,008 3
B324 2,062,904,200 821,501 3 C474 1,385,899,000 816,404 1
B353 1,370,246,600 805,578 1 C506 1,180,954,000 874,953 1
B369 1,447,488,400 908,844 3 C632 1,134,185,200 667,325 1
B400 4,144,571,800 1,050,563 4 C734 1,290,767,000 981,646 3
B521 1,285,314,600 658,436 1 C752 1,383,095,200 882,251 3
B539 3,022,351,800 1,054,073 4 C822 2,810,878,200 1,179,691 2
B563 4,113,460,400 1,010,992 4 C869 1,443,623,200 817,548 1
B655 4,343,189,400 986,042 4 C896 1,044,144,600 851,966 1
B735 2,308,304,400 869,848 3 C958 2,363,305,600 1,251,000 2
B768 1,947,604,400 822,058 3 D042 2,810,717,600 916,611 3

(Table 15) Nearest Neighbors Pair by Store According to Euclidean Distance Calculation

z28 ol ID =& CHAH oz | 228 & | 22™ ol ID = et ofE | 22 ofE
1 1 B353 C896 53 1 C896 B353
2 1 B521 D140 54 1 D140 B521
3 1 C105 C869 55 1 C869 C105
4 1 C167 C105 56 1 C105 C167
5 1 C188 D140 57 1 D140 C188
6 1 C376 C188 58 1 C188 C376
7 1 C395 B521 59 1 B521 C395
8 1 C474 B521 60 1 B521 C474
9 1 C506 D140 61 1 D140 C506
10 1 C632 D425 62 1 D425 C632
11 1 C869 B353 63 1 B353 C869
12 1 C896 D221 64 1 D221 C896
13 1 D140 C632 65 1 C632 D140
14 1 D221 C896 66 1 C896 D221
15 1 D425 C632 67 1 C632 D425
16 1 D762 B521 68 1 B521 D762
17 2 C360 D062 69 2 D062 C360
18 2 C822 D062 70 2 D062 C822
19 2 C958 D346 71 2 D346 C958
20 2 D062 C822 72 2 C822 D062
21 2 D236 C360 73 2 C360 D236
22 2 D346 C360 74 2 C360 D346
52 4 D757 B400 104 4 B400 D757
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<Figure 1> oA A3 HZF o2 Aol
SKUE F33+= #A S <Table 9> ol A #x] o]
Z HEAH ol ulA-E7]8] 473 38taL <Table 16>
2] 2014d W03 ~ W05 ZHufj Az o] wE Top
100 SKU 7|2 2 7t wja & 3 & SKU
= AAs4A <Table 17>3 2t}
<Table 17>2] 235 EUZ djFEZ F3

= A} _\—j_]_
B 58F71A] 17] o] T o SKUS| %= Aeahe <Table 1859

my e
iy

< Al BE 7%, B 592 A2 E

o 2 3}o] <Table 16>2}F 7o) 10071¢] SKU

g #3 tyoE Ashgnh

(Table 16) Top 100 SKUs by Sales Results in 2014 W03 ~ W05

Rank SKU Qty Sales

1 KF4A3U122R 107 132,032,000
2 KF4A111224 102 68,194,600
3 KF4A3U1221 69 84,096,000
4 KF4A4H1225 60 21,942,900
5 KF4A271213 59 17,045,600
6 KF4A341215 57 75,555,000
7 KF4A3U1215 56 63,897,000
8 KF3D3UU145 54 74,892,000
9 KF4A4H1223 52 18,975,600
10 KF4A6A1133 51 14,721,200
11 KF4A211215 49 18,944,800
12 KF4A5A12AD 47 43,569,900
13 KF4A271214 47 13,708,000
14 KF4A35121H 46 48,168,000

15 KF4A6A1134 45 12,992,800

100 KF3D5NZV26 10 3,811,000
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(Table 17) Store Recommend SKU based Collaborative Filtering (1: Recommendation)

ofj &

Rank SKU B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | B655 | B735
1 KF4A3U122R 0 0 0 1 0 0 0 0 0 0
2 KF4A111224 1 0 0 0 0 1 1 0 0
3 KF4A3U1221 1 0 0 0 0 1 0 0 0 1
4 KF4A4H1225 1 0 0 1 0 0 0 0 0 0
5 KF4A271213 1 0 0 0 0 1 0 0 0 0
6 KF4A341215 0 0 0 0 0 1 0 0 0 0
7 KF4A3U1215 1 0 0 0 0 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 0 0 0 0
9 KF4A4H1223 1 0 0 0 0 0 0 0 0 0
10 KF4A6A1133 0 0 0 1 0 0 0 0 1 0
11 KF4A211215 0 0 0 1 0 0 1 0 0 0
12 KF4A5A12AD 0 0 0 0 1 1 0 0 1 1
13 KF4A271214 1 0 0 1 0 0 0 0 0 0
14 KF4A35121H 0 0 0 0 0 1 0 0 0 0
15 KF4A6A1134 0 1 0 0 0 0 0 0 0 1
16 KF4A11A222 1 0 0 0 0 0 0 0 0 0
17 KF4A841115 0 0 0 0 0 1 0 0 0 0
18 KF4A5N1225 0 0 0 0 0 0 1 0 0 0
19 KF4A4H121R 0 1 0 0 1 1 0 0 1 0

100 KF3D5NZV26 1 0 0 1 0 0 0 0 1 0

(Table 18) Number of SKUs Recommended for Each Store by Collaboration Filtering Method

ol =t e IEIE o =t 3 skuel £ ol = 3 skuel %
(Top 10074 SKU &) (Top 10074 SKU &) (Top 10074 SKU )

B123 40 C251 26 D042 37

B324 20 284 20 D062 40

B353 3 C360 21 D098 20

B369 36 C376 27 D140 52

B400 35 C395 21 D221 11

BS21 38 C440 36 D236 37

B539 18 C444 36 D346 49

B563 0 Ci61 33 D425 44

B655 20 467 42 D508 32

B735 18 C474 12 D520 51

B768 8 506 11 D757 22

B974 14 632 14 D758 16

C040 43 C734 15 D759 42

038 41 C752 19 D760 46

€090 18 822 34 D761 27

C105 2 C869 23 D762 27

c167 15 C896 2 a L4
Clss 43 958 14
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<Table 16>9] 20143 W03 ~ W05 ZHu] A
w2 Top 100 SKU 7]F2o.2 7} ] HZ
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(Table 19) Store Recommend SKU based Hybrid Method (1: Recommendation)

EI|-| 7é|-

Rank SKU B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | B655 | B35
1 KF4A3U122R 0 0 1 0 1 1 1 0 1 0
2 KF4A111224 0 0 0 0 0 0 1 0 0 1
3 KF4A3U1221 1 0 0 0 1 1 0 1 0 0
4 KF4A4H1225 0 0 0 0 0 1 0 0 0 1
5 KF4A271213 0 0 0 1 0 0 1 0 0 1
6 KF4A341215 0 0 0 0 1 0 1 0 1 1
7 KF4A3U1215 1 0 1 1 0 1 0 0 1 0
8 KF3D3UU145 0 0 0 0 0 1 0 0 1 1
9 KF4A4H1223 0 0 0 1 1 1 0 0 1 0
10 KF4A6A1133 1 0 0 1 0 0 1 0 0 0
11 KF4A211215 0 0 0 0 0 1 0 0 0 0
12 KF4A5A12AD 0 1 0 0 0 1 0 0 0 0
13 KF4A271214 0 1 1 0 0 1 1 0 1 1
14 KF4A35121H 0 1 0 1 0 1 1 0 1 0
15 KF4A6A1134 1 1 1 1 1 0 1 1 0 0
16 KF4A11A222 0 0 1 1 0 0 0 0 0 1
17 KF4A841115 1 0 0 0 0 1 0 0 0 1
100 KF3D5NZV26 0 0 0 0 0 0 0 0 1 1

(Table 20) Number of SKUs Recommended by Each Store in a Hybrid Method
ol & =X SKuel = ol &+ F=H SKuel = ol &+ =3 SKuel

(Top 10070 ) (Top 10074 ) (Top 10074 )

BI123 20 €251 29 D042 14
B324 17 C284 18 D062 36
B353 21 C360 39 D098 20
B369 45 C376 15 D140 45
B400 30 C395 14 D221 1
B521 44 C440 21 D236 16
B539 44 C444 30 D346 45
B563 16 C461 33 D425 19
B655 20 C467 41 D508 30
B735 32 C474 12 D520 38
B768 8 C506 11 D757 22
B974 14 C632 15 D758 16
€040 42 C734 11 D759 42
C058 2 C752 28 D760 14
€090 39 C822 21 D761 27
C105 31 C869 28 D762 12
Cl167 8 C896 19 _
C188 34 C958 14 Ll 1,303
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<Table 19>9] A= EWE wjEE F3 3t eSS W AEE S8
2 SKUS| 7N4& Al <Table 20> Zt}. A 8HE(Precision)> 2} wj&o] FH= SKU
tiste] AA Fuj7t o] Fo) Xl SKUel| thgk Bl
22X 72 (5)% o] mdHTH
4. W 4 FG SKU FH ghdo tf
=1 W =M SKU F0| M A& Toj=l SKU o] =
ol —éjl' M=HE(Precision) = = ®)
O Ofl =M &l SKU 2] 3=
H AlAE T} _ L
Zy wj oA HF SKUE F3 BEEA| T, Al A
ATl = 7129 I ZHE F3 HH 2 Z2H FA §3 SKUE HF A=A o F9
3ol FHe T 2 melH ¥ LEPE  wmek B R S4o] ojur} gomes 24 3
st stol B e 4 WHE S Ajetdon Al 2ke] Top 100 SKU®I| thgh 2 w2 7] % AL
FE FH WHE Ve R 3 A2"E 7Y B o5E gotd a7t ot <Table 21>
st F FH A"l gk dsS B8] =4 FAA 20143 0657219 K BARE HF
(Table 21) 06, 2014 Top 100 SKU base Inventory (1: Inventory)
EIH 7<(>|-
Rank SKU
B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | B655 | B735
1 KF4A3U122R 1 1 1 1 0 1 0 0 1 1
2 KF4A111224 0 1 1 1 1 0 1 1 1 0
3 KF4A3U1221 0 1 1 0 0 0 0 0 1 0
4 KF4A4H1225 1 0 0 1 1 1 0 1 1 1
5 KF4A271213 1 1 0 1 0 0 1 1 1 1
6 KF4A341215 1 0 0 0 0 0 1 0 1 1
7 KF4A3U1215 1 0 1 1 0 1 0 1 1 0
8 KF3D3UU145 1 1 1 1 1 1 1 1 1 1
9 KF4A4H1223 1 1 1 0 1 1 1 1 1 1
10 KF4A6A1133 0 0 0 0 0 0 0 0 1 0
11 KF4A211215 0 0 0 1 1 1 1 1 1 1
12 KF4A5A12AD 0 0 0 1 1 0 1 1 1 1
13 KF4A271214 0 0 0 1 1 0 1 1 1 0
14 KF4A35121H 1 0 0 1 0 0 1 1 1 1
15 KF4A6A1134 0 0 0 0 0 0 0 0 1 0
16 KF4A11A222 0 0 1 1 1 1 1 1 1 1
17 KF4A841115 1 1 1 1 1 1 1 1 1 0
18 KF4A5N1225 1 0 1 1 1 1 0 1 1 0
19 KF4A4H121R 0 1 0 1 1 1 1 1 1 1
20 KF4A3Z1234 1 0 1 1 1 1 1 1 1 1
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(Table 22) 06, 2014 Top 100 SKU Sale (1: Sale)

Rank SKU e
B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | B655 | B735
1 KF4A3U122R 0 0 0 0 0 0 0 1 1 0
2 KF4A111224 0 1 0 0 0 0 1 1 1 0
3 KF4A3U1221 0 0 0 0 1 0 0 0 0 0
4 KF4A4H1225 0 0 0 0 0 0 0 1 1 1
5 KF4A271213 0 1 0 1 0 0 0 1 1 1
6 KF4A341215 0 1 1 0 1 0 0 0 0 0
7 KF4A3U1215 0 0 1 0 1 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 1 0 0 1
9 KF4A4H1223 0 0 0 0 0 0 0 0 1 1
10 KF4A6A1133 1 1 0 0 0 0 0 0 0 0
11 KF4A211215 0 1 0 1 1 0 0 0 0 0
12 KF4AS5A12AD 1 0 0 0 0 0 0 0 1 1
13 KF4A271214 0 0 0 1 1 0 0 0 0 0
14 KF4A35121H 0 0 0 1 0 0 1 0 1 0
15 KF4A6A1134 0 0 0 0 0 0 0 0 0 0
16 KF4A11A222 0 0 0 0 1 1 1 1 0 1
17 KF4A841115 0 1 0 0 0 0 0 0 1 1
18 KF4A5N1225 0 0 0 0 0 0 0 0 0 0
19 KF4A4H121R 0 0 0 0 0 0 0 1 1 0
20 KF4A371234 0 0 0 0 0 0 0 1 0 0

uj 2] Top 100 SKU® thgh mfad 7]z Aja
B o Fo|th

<Table 22>& =& Fx1Q1 20149 06573212
‘K BHIWE FH5 w42 Top 100 SKU thgh oj
4 gl AF ol

42 9 TE(Z 24| £ SKUQ| THI

HeE

330004 Y ZE 4
A3 SKUE(<Table 17>) =4 5
Fape] 712 Az BHfskal 9l

100

<Table 21>3} ]38+ Z3}= <Table 23>} 2o
o, 35 SKUE©] 2014'd 06520l Hul= A=
A AFRE <Table 22> w]F3H A3}= <Table
24>3 2t}

Z, <Table 24>< 20143 0353} ~ 055F2}2]
Tl o]gE vl o R FY FHY FH Ao
20143 063kl 7wl A HEsket
g SKUS= 0654 712 A= BAfste]
o] 483 SKUES YeRATH
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(Table 23) Collaborative Filtering Method Recommend SKU Inventory (1: Inventory)

EI|-| 7é|-

Rank SKU B123 | B324 | B353 | B369 | B400 | B521 | B539 | BS63 | BG5S | B735
1 KF4A3U122R 0 0 0 1 0 0 0 0 0 0
2 KF4A111224 0 0 0 0 0 0 1 0 0 0
3 KF4A3U1221 0 0 0 0 0 0 0 0 0 0
4 KF4A4H1225 1 0 0 1 0 0 0 0 0 0
5 KF4A271213 1 0 0 0 0 0 0 0 0 0
6 KF4A341215 0 0 0 0 0 0 0 0 0 0
7 KF4A3U1215 1 0 0 0 0 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 0 0 0 0
9 KF4A4H1223 1 0 0 0 0 0 0 0 0 0
10 KF4A6A1133 0 0 0 0 0 0 0 0 1 0
11 KF4A211215 0 0 0 1 0 0 1 0 0 0
12 KF4A5A12AD 0 0 0 0 1 0 0 0 1 1
13 KF4A271214 0 0 0 1 0 0 0 0 0 0
14 KF4A35121H 0 0 0 0 0 0 0 0 0 0
15 KF4A6A1134 0 0 0 0 0 0 0 0 0 0
16 KF4A11A222 0 0 0 0 0 0 0 0 0 0
17 KF4A841115 0 0 0 0 0 1 0 0 0 0
18 KF4A5N1225 0 0 0 0 0 0 0 0 0 0
19 KF4A4H121R 0 1 0 0 1 1 0 0 1 0

(Table 24) Collaborative Filtering Method Recommendation SKU Sales (1: Sales)
[1|.| Jg

Rank SKU B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | B655 | B735
1 KF4A3U122R 0 0 0 0 0 0 0 0 0 0
2 KF4A111224 0 0 0 0 0 0 1 0 0 0
3 KF4A3U1221 0 0 0 0 0 0 0 0 0 0
4 KF4A4H1225 0 0 0 0 0 0 0 0 0 0
5 KF4A271213 0 0 0 0 0 0 0 0 0 0
6 KF4A341215 0 0 0 0 0 0 0 0 0 0
7 KF4A3U1215 0 0 0 0 0 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 0 0 0 0
9 KF4A4H1223 0 0 0 0 0 0 0 0 0 0
10 KF4A6A1133 0 0 0 0 0 0 0 0 0 0
11 KF4A211215 0 0 0 1 0 0 0 0 0 0
12 KF4A5A12AD 0 0 0 0 0 0 0 0 1 1
13 KF4A271214 0 0 0 1 0 0 0 0 0 0
14 KF4A35121H 0 0 0 0 0 0 0 0 0 0
15 KF4AG6A1134 0 0 0 0 0 0 0 0 0 0
16 KF4A11A222 0 0 0 0 0 0 0 0 0 0
17 KF4A841115 0 0 0 0 0 0 0 0 0 0
18 KF4A5N1225 0 0 0 0 0 0 0 0 0 0
19 KF4A4HI21R 0 0 0 0 0 0 0 0 1 0
20 KF4A3Z1234 0 0 0 0 0 0 0 0 0 0
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HetE

2014'd 0352k ~ 0552 & Wi A 7
332004 wi F5E 53 stolBeE A7 Top 1007} SKUZ FHe| thie A3}
2102 7} wjAkel] 3¢ SKUE(<Table 19>) & o ¥y Je|gd slo|Bne FEFY Ao =w
g FAR1 20143 06FAFe] 712 AR HFs) 527 Wi M= FHF SKUE FHsta, 4 &
I YJEA JFE <Table 21> vP7 Az} & SKUOl th3k 201413 0652} wgd o 2l
+ <Table 25>¢} oW, 3| SKUE©| 2014 AL AA S T 22wl A vwsty
0653te] BUIFGEA NG <® 18>0 W o % RA PAL HAP ol fi B AT
¢ A= <Table 26>2F 2. FH o] 7|E FH W Bt 22 4RE
%, <Table 26> 2014\ 0353} ~ 0572}2] & A=31r] Y3l wed] ozelle] YT
o] o]d& uigo g wig wIE I slolB S A83 AL 7)E 2 AT} o] 7)
gt FH W07 20143 0652tol| Zt Aol z wdo oxalel WA AHY EHS A uk
A #gstet 4% SKUES 06573} 7]% A 93 B o ndo] slo)lB= HE Y W}
= Hfste] flel] 43 SKUSE HERdTh B o R ARs Zdth o, Y

(Table 25) Hybrid Method Recommend SKU Inventory (1: Inventory)

Rank SKU o
B123 | B324 | B353 | B369 | B400 | B521 | B539 | B563 | BG5S | B735
1 KF4A3U122R 0 0 0 1 0 0 0 0 0 0
2 KF4A111224 0 0 0 0 0 0 1 0 0 0
3 KF4A3U1221 0 0 0 0 0 0 0 0 0 0
4 KF4A4H1225 0 0 0 1 0 0 0 0 0 0
5 KF4A271213 0 0 0 0 0 0 1 0 1 0
6 KF4A341215 0 0 0 0 0 0 1 0 0 0
7 KF4A3U1215 1 0 0 0 0 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 0 1 0 1
9 KF4A4H1223 1 0 1 0 0 0 0 0 0 0
10 KF4A6A1133 0 0 0 0 0 0 0 0 1 0
11 KF4A211215 0 0 0 1 0 0 1 0 1 0
12 KF4A5A12AD 0 0 0 1 1 0 0 0 0 1
13 KF4A271214 0 0 0 1 0 0 0 0 0 0
14 KF4A35121H 0 0 0 0 0 0 0 0 0 0
15 KF4A6A1134 0 0 0 0 0 0 0 0 1 0
16 KF4A11A222 0 0 1 0 0 1 0 0 0 0
17 KF4A841115 0 0 0 0 0 1 1 0 0 0
18 KF4A5N1225 0 0 0 0 0 0 0 0 0 0
19 KF4A4H121R 0 1 0 0 1 1 1 0 0 0
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(Table 26) Hybrid Method Recommendation SKU Sales (1: Sales)

Rank SKU ik
B123 | B324 | B353 | B369 B400 | B521 B539 | B563 | B655 | B735
1 KF4A3U122R 0 0 0 0 0 0 0 0 0 0
2 KF4A111224 0 0 0 0 0 0 1 0 0 0
3 KF4A3U1221 0 0 0 0 0 0 0 0 0 0
4 KF4A4H1225 0 0 0 0 0 0 0 0 0 0
5 KF4A271213 0 0 0 0 0 0 0 0 1 0
6 KF4A341215 0 0 0 0 0 0 0 0 0 0
7 KF4A3U1215 0 0 0 0 0 1 0 0 0 0
8 KF3D3UU145 1 0 0 0 0 0 0 0 0 1
9 KF4A4H1223 0 0 0 0 0 0 0 0 0 0
10 KF4A6A1133 0 0 0 0 0 0 0 0 0 0
11 KF4A211215 0 0 0 1 0 0 0 0 0 0
12 KF4A5A12AD 0 0 0 0 0 0 0 0 0 1
13 KF4A271214 0 0 0 1 0 0 0 0 0 0
14 KF4A35121H 0 0 0 0 0 0 0 0 0 0
15 KF4A6A1134 0 0 0 0 0 0 0 0 0 0
16 KF4A11A222 0 0 0 0 0 1 0 0 0 0
17 KF4A841115 0 0 0 0 0 0 0 0 0 0
18 KF4A5N1225 0 0 0 0 0 0 0 0 0 0
19 KF4A4H121R 0 0 0 0 0 0 0 0 0 0
20 KF4A371234 0 0 0 0 0 0 0 0 0 0
ol she] sSKUel gt B Fu) Rkl o, B SKU9| 7fFE 3 SKUS B4 £
IHEA Fom Fu FFo] AAGle] M (Quantity)ol ofUel 7 7FelH (1), (), 3)
12 A4k=E A 2 5270 7} wige] AnE BT e grolth
<Table 27>°14 SKUQ| 7+ 3 SKUY & 20143 06731 ‘KB A= vfjAE F3H SKU
T FHFE 9rlske Aol olygl SKUY F/4 o] #uj J&EL2 HFEE E 7F 1,2 BF 3
Mg Yepdt), &, ZF 3= 34, 7% A olBglE HFH FH Wlo] 3t & 4 9l

(Table 27) Recommendation Method Accuracy Measurement Result (Top 100 SKU)

&= B ZEY SUEE=-
(1) 4 SKU /M 1,412 1,303
() 712 A2 BH3 F3H SKU ¢ 912 873
() 71x AILZ B3 F SKU 9o #v 7l 91 95
) AZE2 : 3 0.09978 0.10882
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Abstract

SKU recommender system for retail stores that
carry identical brands using collaborative
filtering and hybrid filtering

Denis Yongmin Joe* * Kihwan Nam**

Recently, the diversification and individualization of consumption patterns through the web and
mobile devices based on the Internet have been rapid. As this happens, the efficient operation of the offline
store, which is a traditional distribution channel, has become more important. In order to raise both the
sales and profits of stores, stores need to supply and sell the most attractive products to consumers in a
timely manner. However, there is a lack of research on which SKUs, out of many products, can increase
sales probability and reduce inventory costs. In particular, if a company sells products through multiple
in-store stores across multiple locations, it would be helpful to increase sales and profitability of stores if
SKUs appealing to customers are recommended.

In this study, the recommender system (recommender system such as collaborative filtering and
hybrid filtering), which has been used for personalization recommendation, is suggested by SKU
recommendation method of a store unit of a distribution company that handles a homogeneous brand
through a plurality of sales stores by country and region. We calculated the similarity of each store by
using the purchase data of each store's handling items, filtering the collaboration according to the sales
history of each store by each SKU, and finally recommending the individual SKU to the store.

In addition, the store is classified into four clusters through PCA (Principal Component Analysis)
and cluster analysis (Clustering) using the store profile data. The recommendation system is implemented
by the hybrid filtering method that applies the collaborative filtering in each cluster and measured the
performance of both methods based on actual sales data.

Most of the existing recommendation systems have been studied by recommending items such as

movies and music to the users. In practice, industrial applications have also become popular. In the
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meantime, there has been little research on recommending SKUs for each store by applying these
recommendation systems, which have been mainly dealt with in the field of personalization services, to the
store units of distributors handling similar brands.

If the recommendation method of the existing recommendation methodology was 'the individual
field', this study expanded the scope of the store beyond the individual domain through a plurality of sales
stores by country and region and dealt with the store unit of the distribution company handling the same
brand SKU while suggesting a recommendation method. In addition, if the existing recommendation system
is limited to online, it is recommended to apply the data mining technique to develop an algorithm suitable
for expanding to the store area rather than expanding the utilization range offline and analyzing based on
the existing individual.

The significance of the results of this study is that the personalization recommendation algorithm is
applied to a plurality of sales outlets handling the same brand. A meaningful result is derived and a
concrete methodology that can be constructed and used as a system for actual companies is proposed. It
is also meaningful that this is the first attempt to expand the research area of the academic field related
to the existing recommendation system, which was focused on the personalization domain, to a sales store
of a company handling the same brand.

From 05 to 03 in 2014, the number of stores’ sales volume of the top 100 SKUs are limited to 52
SKUs by collaborative filtering and the hybrid filtering method SKU recommended. We compared the
performance of the two recommendation methods by totaling the sales results. The reason for comparing
the two recommendation methods is that the recommendation method of this study is defined as the
reference model in which offline collaborative filtering is applied to demonstrate higher performance than
the existing recommendation method. The results of this model are compared with the Hybrid filtering
method, which is a model that reflects the characteristics of the offline store view.

The proposed method showed a higher performance than the existing recommendation method. The
proposed method was proved by using actual sales data of large Korean apparel companies. In this study,
we propose a method to extend the recommendation system of the individual level to the group level and

to efficiently approach it. In addition to the theoretical framework, which is of great value.

Key Words : Store SKU Recommender System, Collaborative filtering, Hybrid filtering, Retail marketing,
Apparel industry
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