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2015; Kim and Lee, 2013; Kim et al., 2010) <]
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+ BiConfs + BsConfp + BeSup; + B75up,,
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(Figure 1) Hierarchy of Items
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(Figure 2) Association Rules between
ltems and their Hierarchical Categories
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HitRate = By + By Conf; + B, Sup; + BaSupiay + € (2)
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FHE| | 7 7 00ldS 285 £ FHE d4 I
2 &8st YmA 20%0 HE8Fo=H =F < HAABIES g
o] A& HIIBIES gtk A5 BlaE Al Ao AHES] 917 F REY Sl ALE
Al AR AARY Zhzo] disf 9o AA B W49 71EF A <Table 1> YERY AT
(Table 1) Descriptive Statistics
Variable Obs. Mean Std. Dev. Min Max
HitRate 283,585 0.006915 0.057416 0.000000 1.000000
Confy 283,585 0.071890 0.169246 0.000259 1.000000
Confi, 283,585 0.067744 0.041437 0.000873 0.195244
Confy 283,585 0.033994 0.033332 0.000024 0.458763
Confs 283,585 0.019389 0.033143 0.000029 1.000000
Confp 283,585 0.013393 0.032955 0.000031 1.000000
Sup; 283,585 1.211224 1.449460 1 227
Supr 283,585 3743.185000 3552.565000 5 12,813
Supm 283,585 697.276700 874.095300 1 3,807
Sups 283,585 170.235700 417.931000 1 3,387
Supp 283,585 64.586020 169.990700 1 2,415
Supia) 283,585 471.153800 724.214900 1 3,865
Supi(a) 283,585 55070.770000 31459.040000 799 100,660
Supma) 283,585 21420.460000 14319.980000 6 40,912
Sups(a) 283,585 9748.760000 9925.264000 1 34,344
(Table 2) Correlation Coefficients
Confi | Conf. | Confu | Confs | Confo | Supr | SupL | Supm | Sups | Supo | Supi | Supwr | Supwmi | Supst | Supops
Conf; | 1.0000
Confi, |0.0618 | 1.0000
Confy |0.1125]0.5950 | 1.0000
Confs |0.1647|0.3209 | 0.7001 | 1.0000
Confp | 0.2107 | 0.2288 | 0.4946 | 0.7027 | 1.0000
Supr |-0.0374| 0.0684 | 0.0898 | 0.0797 | 0.0673 | 1.0000
Supr  |-0.0336] 0.6689 | 0.3590 | 0.0939 | 0.0459 | 0.0594 | 1.0000
Supm  |-0.0205] 0.4407 | 0.5779 | 0.3154 | 0.1421 | 0.0979 | 0.5266 | 1.0000
Sups  [-0.0025|0.2279 [ 0.3747 | 0.4117 | 0.1675 | 0.0825 | 0.1301 | 0.5693 | 1.0000
Supp |-0.0164| 0.1789 | 0.2901 | 0.3022 | 0.2541 | 0.1298 | 0.1184 | 0.3615 | 0.5415 | 1.0000
Supia) [-0.2665|-0.0584-0.0901|-0.1018]-0.1025| 0.1452 | 0.0660 | 0.0744 | 0.0408 | 0.0586 | 1.0000
Supra) [-0.1059] 0.0096 |-0.0122{-0.0915|-0.0812 | 0.0227 | 0.6392 | 0.2833 |-0.0040{ 0.0109 | 0.1747 | 1.0000
Supma) |-0.12041-0.0231{-0.0647{-0.0722|-0.0813 | 0.0421 | 0.3009 | 0.5430 | 0.2518 | 0.1582 | 0.2467 | 0.4912 | 1.0000
Sups(a) |-0.1004|-0.0330-0.0483|-0.0571|-0.0809| 0.0412 | 0.0414 | 0.3147 | 0.4640 | 0.2736 | 0.2293 | 0.0962 | 0.6119 | 1.0000
Suppa) |-0.1238{-0.0209{-0.0466|-0.0730(-0.1103| 0.0430 | 0.0374 | 0.1955 | 0.2525 | 0.4175 | 0.2826 | 0.0804 | 0.4071 | 0.6056 | 1.0000
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42 0I5 2E Jf

259 RlaLE sl F /Y 5 mES AT
gt 58§ HolHERE F A9 AR S
7R st A3} <Table 3>3} <Table 4> e}
AT} <Table 3> £ Aol A Atk nie} 2
o] ¥ Zte] A FRERL ofg}t I AFFo]

(Table 3) Regression Analysis of Training Data for Proposed Model

239 JhelaE] 7] Ad RO ERE AL
A= AHEE SHHETE FH ATE
< dZ3h= I (<A 1>)S BA3 Ao
W, <Table 4>5 ©] =i Fezg] 7te] A
THE AL AF 2k AR FHNS HE
& A4 golth

HitRate Coef. Std. Err. t P>t 95% Conf. Interval
Conf; 0.05871330 0.00065120 90.16000000 0.00000000 0.05743700 0.05998960
Conf, 0.06819340 0.00553230 12.33000000 0.00000000 0.05735030 0.07903640
Confy 0.00111180 0.00662430 0.17000000 0.86700000 -0.01187160 0.01409520
Confs 0.03523120 0.00595320 5.92000000 0.00000000 0.02356310 0.04689920
Confp 0.21755440 0.00470090 46.28000000 0.00000000 0.20834080 0.22676810
Sup; 0.00372190 0.00007330 50.75000000 0.00000000 0.00357820 0.00386560
Supr -0.00000040 0.00000008 -4.97000000 0.00000000 -0.00000056 -0.00000024
Supm -0.00000036 0.00000027 -1.37000000 0.17100000 -0.00000089 0.00000016
Sups -0.00000295 0.00000042 -6.97000000 0.00000000 -0.00000378 -0.00000212
Supp -0.00000425 0.00000083 -5.12000000 0.00000000 -0.00000587 -0.00000262
Supn -0.00000161 0.00000016 -10.19000000 0.00000000 -0.00000193 -0.00000130
Supyi 0.00000007 0.00000001 10.47000000 0.00000000 0.00000006 0.00000009
Supwmi 0.00000001 0.00000001 0.58000000 0.56300000 -0.00000002 0.00000004
Supsi 0.00000014 0.00000002 7.92000000 0.00000000 0.00000011 0.00000018
Suppi 0.00000011 0.00000002 5.53000000 0.00000000 0.00000007 0.00000014
Constant -0.01311290 0.00043670 -30.03000000 0.00000000 -0.01396880 -0.01225710
(Table 4) Regression Analysis of Training Data for Competent Model
HitRate Coef. Std. Err. t P>t 95% Conf. Interval
Confy 0.06751060 0.00064390 104.85000000 0.00000000 0.06624860 0.06877260
Supy 0.00417680 0.00007320 57.03000000 0.00000000 0.00403330 0.00432040
Supr -0.00000154 0.00000015 -10.11000000 0.00000000 -0.00000183 -0.00000124
Constant -0.00227330 0.00016160 -14.06000000 0.00000000 -0.00259010 -0.00195650
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JlEIDel G 7A Ojoldg BRF £H T A Y
4.3 ds It o] LEHE A9 2.92%(0.02%p) == A= 9
12 dolEE Agatel B S mad AF
7\:1‘3‘ HolB & A o 5 T 7 ° E_o ‘:‘_ = =
& vBlugt AF= <Table 5>9F <Figure 3>3} . /é:f_ﬂr()ﬂ ?EE% 13-}9} Ziol; o weIEs
2T} <Table 5>+ A}F 23, A4 RFPo 2R ! :ojroﬂ Ei&%i?i ijj ﬂiﬂfl? ;J
H 2h7tol MAAEA Bl A N (1SN=20) e o T ATES AT
Aol ABRAE DG AT, F, A T e oo B W
Hol A5 B 03 AE A ‘.\‘4]0]’?(]01] - =S 3 AAE OJ-_E_—r %ll‘/‘rt e g
i - _ T UTh ole AR REFS FEFOEHN, T|E
AT el BT A BB RICEN) e ga couya e 4E B9l BAH
o U AR 2R0.00%) T AN FAED ne magon stob 2uael Az E
O B 349%020) 1070 FHAE g 2a gEe AN 5 A8 ANDY
(Table 5) Comparison of Performance Using Validation Data for Two Models
Rank Proposed Model Competent Model Performance
Hit Count Rec. Count Hit Rate Hit Count Rec. Count Hit Rate Ratio
1 5,163 85,193 6.06% 4,989 85,193 5.86% 103.49%
2 6,681 169,152 3.95% 6,416 169,152 3.79% 104.13%
3 7,656 252,126 3.04% 7,324 252,126 2.90% 104.53%
4 8,407 334,165 2.52% 8,132 334,165 2.43% 103.38%
5 9,096 415380 2.19% 8,804 415,380 2.12% 103.32%
6 9,730 495,803 1.96% 9,506 495,803 1.92% 102.36%
7 10,276 575,514 1.79% 10,080 575,514 1.75% 101.94%
8 10,803 654,583 1.65% 10,575 654,583 1.62% 102.16%
9 11,335 733,021 1.55% 11,059 733,021 1.51% 102.50%
10 11,823 810,855 1.46% 11,488 810,855 1.42% 102.92%
11 12,230 888,133 1.38% 11,900 888,133 1.34% 102.77%
12 12,624 964,787 1.31% 12,286 964,787 1.27% 102.75%
13 13,057 1,040,952 1.25% 12,676 1,040,952 1.22% 103.01%
14 13,426 1,116,649 1.20% 13,029 1,116,649 1.17% 103.05%
15 13,756 1,191,931 1.15% 13,373 1,191,931 1.12% 102.86%
16 14,121 1,266,750 1.11% 13,708 1,266,750 1.08% 103.01%
17 14,466 1,341,145 1.08% 14,050 1,341,145 1.05% 102.96%
18 14,838 1,415,107 1.05% 14,417 1,415,107 1.02% 102.92%
19 15,184 1,488,583 1.02% 14,787 1,488,583 0.99% 102.68%
20 15,532 1,561,665 0.99% 15,138 1,561,665 0.97% 102.60%
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Performance Comparison of Two Competitive Models
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(Figure 3) Comparison of Performance Using Validation Data for Two Models

al

N

A gl 2

il
>
ofo

ox

>
ftlo

o
o
©

]

{o
ok
4]
o
N
do

o
Y
> M I [o

o
&
)
4>«
rz’l_“
o

B
gy o

)
)
Sl

tlo ot o ox

B
Iz
_>‘i
N
)

Hir

iy

s
o
o

o

g
)

o
o
filo
B
A
e

Bl A= 2Rl dsk= A

He A1 Y 5 9

il

tlo
d o

36

wA AR EH
Slck. 2l Ato]
27k wzel

f740] =A

s

O] Al
A= |

2% 5

Ul A, 2 A

Az U2E A4 FE
w3} o
2 ojojA) HEg Fel

H3 Aok & AP 4F

FH B2 wiNFgozN AnAe] BAL

AL s o] HolA

WES fEstel o

e,



Eail

%0
0

el
KF

)
K
ojy

ol

2~3%

RNe)
.

[€)

22 4

>

RS

ATl A AR

Aol

2

Zoltt, 11

il

[e>
R

95

3

< AlA

[0

m
-
ol
B

=l

ol
el

ozl

it
3]

o)

)

2k, A7t

A3 el

ofy
W

|

O

\n
)]
A
]

S
=]

3 ot o

o] BAHA 2 dF

1o

F A 7E ol AR %

A
pul

-

=3l

=
=

=2, 71

[e)

Mol B Aol

L
T

M

A

=3
o

o
$
or

Wl

o

A A7 Sk ©

§_]_—

-

RS

A Hdeghs 7
ATl A AR

A3t sAlel, ol

]

h=h

T- o
s

= =z

T
R

He AR Aot =,

b}

H
hul

e =

°

°

glof| 7]

@ F& HolE7F B

L

R

)

Al
N

Zte] #AA gk

A A

247 "o

-

fE

5t

X AFol= FAA ol
[€)

2 A7E TS W

A 1

°

i

1:1_.
- Y
=8

XN

L

b A

°
e

old olfr®, & A<

d 9ol

ol

L

L

==

A

el

o

-

ok =3, E|ael o]9lo) = Algolut T4l

A
nlJ

K
o|J
)

‘_I!H

3 =2
&4 5

1o

el

W
B

N

HO
4r
o)

0

W
7]

o}
N

Hin

37

570l A= A 2pEskE Zlen.

1

0]
pi

Fo nf

s

Aol o8 F43

L

T

uA 2 Zolzt



=98
==

T3 AT
o 47 o} 24

-
AE

oBg I A%l

2 A59A ﬂqh
°ﬂA TRy F

A 2o l~ %74

2 G717}t o] Fof

|
3}

ps)
sy

nﬂ
_‘
30
o
rg
oX,
ol
é

y U
gzl

(References)

Agrawal, R., T. Imielinski, A. Swami. “Mining
association rule between sets of items in large

1993 ACM SIGMOD

international conference on management of
data, (1993), 207~216.

G., A. Tuzhilin.
Recommender Systems. Recommender Systems
Handbook, Springer US, (2011), 217~253.

databases,” Proc.

Adomavicius, “Context-Aware

Aljukhadar, Muhammad, Sylvain Senecal, and
Charles-Etienne Daoust. "Using
recommendation agents to cope Wwith

information overload." International Journal
of Electronic Commerce Vol.17, No.2(2012),
41~70.

Anand, S.S., A.R. Patrick. “A Data Mining
methodology for cross-sales,” Knowledge-
Based Systems, Vol.10, No.7(1998), 449~461.

R. Kohli.
recommender systems,” Journal of Marketing
Research, Vol.37, No.3(2000), 363~375.

Ansari, A., S. Essegaier, “Internet

Balabanovic, M., Y. Shoham. ‘“Content-Based,

38

Collaborative Recommendation,” Communications
of the ACM, Vol.40, No.3(1997), 66~72.

AV. with
purchase data,” Journal of Marketing Research,
Vol.45, No.1(2008), 77~93.

Chen, Y.L, JM. Chen, C.W. Tung. “A data
knowledge
discovery with consideration of the effect of

Bodapati, “Recommender systems

mining approach for retail

shelf-space adjacency on sales,” Decision
Support Systems, Vol.42, No.3(2006), 1503~
1520.

Chernev, Alexander, Ulf Bockenholt, and Joseph
"Choice overload: A conceptual
review and meta-analysis." Journal of
Consumer Psychology, Vol.25, No.2 (2015),
333~358.

S., Hyun, Y. Kim, N.
Performance of Recommendation Systems
Modeling,” of
Intelligence and Information Systems, Vol.21,
No.3(2015), 101~116.

S., Kwahk, K.-Y., Ahn, H.
Predictive Accuracy of Collaborative Filtering

Algorithms using the Network Analysis of
Trust Relationship among Users,” Journal of

Goodman.

Choi, “Improving

Using  Topic Journal

Choi, “Enhancing

Intelligence and Information Systems, Vol.22,
No.3(2016), 113~127.

Fleder, D., K. Hosanagar. “Blockbuster culture's
next rise or fall: The impact of recommender
systems on sales diversity,” Management
Science, Vol.55, No.5(2009), 697~712.

Kim, B. K., S. Lee, S. Bang, J. Kim, and J. H.
Lee
Using Social Network," Proceedings of the
Conference on Intelligent Information
Systems, Vol.20, No.1(2010), 48~49.

Kim, J., Lee, S.-W. “The Ontology Based, the

, "Personalized Recommendation System



FHEIDE) oIE A Ojolde BBS FH T S 7l
Movie Contents Recommendation Scheme, Konstan, J.A.,, B.N. Miller, D. Maltz, J.L.
Using Relations of Movie Metadata,” Journal Herlocker, L.R.  Gordon, J. Riedl

of Intelligence and Information Systems,
Vol.19, No.3(2013), 25~44.

Kim, K.-J.,, Kim, B.-G. “Product Recommender
System for Online Shopping Malls using
Data of
Intelligence and Information Systems, Vol.11,
No.1(2005), 191~205.

Mining Techniques,” Journal

Kim, M., and K. J. Kim, "Recommender Systems

using Structural Hole and Collaborative

Filtering," Journal of Intelligence and
Information Systems, Vol.20, No.4(2014),
107~120.

Kim, M. G, and K. J. Kim, " Recommender
Systems using SVD with Social Network
Information," Journal of Intelligence and
Information Systems, Vol.22, No.4(2016), 1~18.

Kim, S. H,, and R. S. Chang, "The Study on the
Research Trend of Social Network Analysis
and the its Applicability to Information
Science," Journal of the Korean Society for
Information Management, Vol.27, No.4(2010),
71~87.

Kim, Y., and W.N. Street. “An intelligent system
targeting: a data mining
approach,” Decision Support Systems, Vol.37,
No0.2(2004), 215~228.

for customer

“GroupLens: applying collaborative filtering
to Usenet news,” Communications of the
ACM, Vol.40, No.3(1997), 77~87.

Lee, D. "A Regression-Model-based Method for
Combining Interestingness Measures of
Association Rule Mining." Journal of

Intelligence and Information Systems, Vol.23,
No.1(2017), 127~141.

D. "Extension Method of Association Rules
Using Social Network Analysis." Journal of
Intelligence and Information Systems, Vol.23,
No.4 (2017), 111~126.

D., S. Park, S. Moon. “Utility-based
association rule mining: A marketing solution
for cross-selling,” Expert Systems with
Applications. Vol.40, No.7(2013), 2715~2725.

Lee,

Lee,

Scheibehenne, Benjamin, Rainer Greifeneder, and
Peter M. Todd. "Can there ever be too many
options? A meta-analytic review of choice
overload." Journal of consumer research
Vol.37, No.3(2010), 409-425.

Shin, C. H., J. W. Lee, H. N. Yang, and 1. Y.
Choi, "The Research on Recommender for
New Customers Using Collaborative Filtering
and Social Network Analysis," Journal of
Intelligence and Information Systems, Vol.18,
No.4(2012), 19~42.

39



Abstract

A Study on the Improvement of Recommendation
Accuracy by Using Category Association Rule Mining

Dongwon Lee*

Traditional companies with offline stores were unable to secure large display space due to the
problems of cost. This limitation inevitably allowed limited kinds of products to be displayed on the
shelves, which resulted in consumers being deprived of the opportunity to experience various items. Taking
advantage of the virtual space called the Internet, online shopping goes beyond the limits of limitations
in physical space of offline shopping and is now able to display numerous products on web pages that
can satisfy consumers with a variety of needs. Paradoxically, however, this can also cause consumers to
experience the difficulty of comparing and evaluating too many alternatives in their purchase
decision-making process. As an effort to address this side effect, various kinds of consumer’s purchase
decision support systems have been studied, such as keyword-based item search service and recommender
systems. These systems can reduce search time for items, prevent consumer from leaving while browsing,
and contribute to the seller's increased sales. Among those systems, recommender systems based on
association rule mining techniques can effectively detect interrelated products from transaction data such
as orders. The association between products obtained by statistical analysis provides clues to predicting how
interested consumers will be in another product. However, since its algorithm is based on the number of
transactions, products not sold enough so far in the early days of launch may not be included in the list
of recommendations even though they are highly likely to be sold. Such missing items may not have
sufficient opportunities to be exposed to consumers to record sufficient sales, and then fall into a vicious
cycle of a vicious cycle of declining sales and omission in the recommendation list. This situation is an
inevitable outcome in situations in which recommendations are made based on past transaction histories,
rather than on determining potential future sales possibilities. This study started with the idea that reflecting
the means by which this potential possibility can be identified indirectly would help to select highly

recommended products. In the light of the fact that the attributes of a product affect the consumer's

* Corresponding Author: Dongwon Lee
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purchasing decisions, this study was conducted to reflect them in the recommender systems. In other words,
consumers who visit a product page have shown interest in the attributes of the product and would be also
interested in other products with the same attributes. On such assumption, based on these attributes, the
recommender system can select recommended products that can show a higher acceptance rate. Given that
a category is one of the main attributes of a product, it can be a good indicator of not only direct
associations between two items but also potential associations that have yet to be revealed. Based on this
idea, the study devised a recommender system that reflects not only associations between products but also
categories. Through regression analysis, two kinds of associations were combined to form a model that
could predict the hit rate of recommendation. To evaluate the performance of the proposed model, another
regression model was also developed based only on associations between products. Comparative
experiments were designed to be similar to the environment in which products are actually recommended
in online shopping malls. First, the association rules for all possible combinations of antecedent and
consequent items were generated from the order data. Then, hit rates for each of the associated rules were
predicted from the support and confidence that are calculated by each of the models. The comparative
experiments using order data collected from an online shopping mall show that the recommendation
accuracy can be improved by further reflecting not only the association between products but also
categories in the recommendation of related products. The proposed model showed a 2 to 3 percent
improvement in hit rates compared to the existing model. From a practical point of view, it is expected

to have a positive effect on improving consumers' purchasing satisfaction and increasing sellers' sales.

Key Words : Recommender System, Recommendation Accuracy Improvement, Recommendation Acceptance

Rate Improvement, Association Rule Mining, Category Association Rule Mining
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