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(Ansari et al., 2000). &322l 4 7|HE& |
3FA Y (Balabanovic and Shoham, 1997; Ansari et
al., 2000; Adomavicius and Tuzhilin, 2011; Choi
et al, 2016), 5 Al=Hle] AIE =AHAY
(Bodapati, 2008; Fleder and Hosanagar, 2009), TF
G Eokoll Z&slr] 9% FH O = (Choi et
al., 2015; Kim and Lee, 2013; Kim et al., 2010),
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(collaboratlve ﬁltermg)O] _zl_e = 0]—.—_1'1 9}
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r
N

W, dY FHE S /‘}%X} 3+ ‘rr/\]"‘q < &8
+= W o] th(Konstan et al., 1997; Ansari et al.,
S]u maag A 7he] SA S

AT, 5]:”4 ol 71 &
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2 4 At} (Anand, 1998; Chen et al., 2006;
m and Street, 2004; Lee et al., 2013; Kim and
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Kim, 2005).
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Order Records

1. Split order records

Training Set Validation Set

2. Extract Association Rules
Association 3. Measure Hit Rate
Rules

Variables

4.Build a Regression Model

Regression
Model

5. Calculate Rule Scores

Association
Rules with Score

(Figure 1) Research Model
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gl g3t FHHFARE Aty 1
AAE 45 v o}ﬁiﬁ}. o] FAgo|A| s 7tel =
29 149 FE 10,004801H 3
7EdEFY] 36,5507}]&/\1 0|2
FAS A= 1299757H°lﬂ% ol 1A F
1371 8] Z&&oll thall, & & B 3.56% 9] 14
ANA FHo] o]FofH Al gt

2
2
o

O

43 &g 21 oﬂ EE %*-1% Hol v A1
<Table 1>3} <Table 2>+= 2z} Ao A& =l %%& ﬁg_i U&Qq. . Oj?cjﬂ 3
Adshe HERF o2 WA o) o] 4y
;BTA 71§Eﬁ1ai+ LES z; @w&ﬁlf;— Bd o aaaan
- == o
j; s j =: ot ﬁji&;i ;ii ;1 <Table 4> At 2P} 34 23] 47s
#AE HSE TeT = H w3k AAE A, FHE9 1995H 2091744 <]
2RE Aol AFEhit )t BB TFHN A o0 Lo maans wejmn AAw
A%, A%, =, AP F59 AR E(supl) WA, BRH o 24 FFos wo| AL
FHFE| AAE(up2)E T Aok W
(Table 1) Descriptive Statistics
Variable Obs. Mean Std. Dev. Min Max
hit _rate 160,674 0.1599701 0.2266645 0.003876 1
sup 160,674 0.000184 0.0001436 0.0001325 0.0055666
conf 160,674 0.1640605 0.2302552 0.0043478 1
lift 160,674 219.1239 792.6603 0.4851154 7545
supl 160,674 0.0040229 0.0050981 0.0001325 0.0304838
sup2 160,674 0.0040229 0.0050981 0.0001325 0.0304838
suplsup2 160,674 0.0000124 0.0000222 1.76E-08 0.0006141
(Table 2) Correlation Coefficients
sup conf lift sup1 sup2 supisup?2
sup 1
conf -0.0153 1
lift -0.0675 0.5497 1
supl 0.2311 -0.4055 -0.1775 1
sup2 0.2311 0.0966 -0.1775 -0.1467 1
suplsup2 0.5623 -0.2191 -0.1436 0.4458 0.4458 1
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(Table 3) Regression Analysis of Experiment Data

hit_rate
Variables Coefficient (standard error)
Model 1 Model 2
Constant 0.0543619*** (0.0006333) 0.063724*** (0.0007833)
sup -97.28487*** (2.479409) -80.76567*** (3.036262)
conf 0.7324337*** (0.0018465) 0.6844672*** (0.0020559)
lift 0.0000153*** (0.000000537) 0.0000215*** (0.00000056)
supl -3.428722*** (0.0895096)
sup2 2.130937*** (0.0901961)
suplsup2 -54.34277** (25.7462)
Observations 160674 160674
Adjusted R-squared 0.6058 0.6135

(Table 4) Performance Comparison of Two Models

Number of Hit ltems Cumulative Number of Hit Cumulative Hit Rate Cumulative
Rankings of ltems Degree of
Recommendations| Proposed | Competitive | Proposed | Competitive | Proposed | Competitive | Hit Rate

Model Model Model Model Model Model Improvement
1 7,868 7,747 7,868 7,747 6.05% 5.96% 1.6%
2 5,018 4,754 12,886 12,501 4.96% 4.81% 3.1%
3 3,939 3,969 16,825 16,470 4.31% 4.22% 2.2%
4 3,283 2,998 20,108 19,468 3.87% 3.74% 3.3%
5 2,799 2,834 22,907 22,302 3.52% 3.43% 2.7%
6 2,618 2,585 25,525 24,887 3.27% 3.19% 2.6%
7 2,329 2,298 27,854 27,185 3.06% 2.99% 2.5%
8 2,198 2,133 30,052 29,318 2.89% 2.82% 2.5%
9 1,942 2,039 31,994 31,357 2.74% 2.68% 2.0%
10 1,839 1,977 33,833 33,334 2.60% 2.56% 1.5%
11 1,756 1,872 35,589 35,206 2.49% 2.46% 1.1%
12 1,679 1,813 37,268 37,019 2.39% 2.37% 0.7%
13 1,602 1,695 38,870 38,714 2.30% 2.29% 0.4%
14 1,519 1,665 40,389 40,379 2.22% 2.22% 0.0%
15 1,495 1,561 41,884 41,940 2.15% 2.15% -0.1%
16 1,403 1,446 43,287 43,386 2.08% 2.09% -0.2%
17 1,305 1,594 44,592 44,980 2.02% 2.04% -0.9%
18 1,259 1,390 45,851 46,370 1.96% 1.98% -1.1%
19 1,226 1,410 47,077 47,780 1.91% 1.93% -1.5%
20 1,224 1,364 48,301 49,144 1.86% 1.89% -1.7%
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Cumulative Degree of Hit Rate Improvement
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(Figure 3) Cumulative Degree of Hit Rate Improvement
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Abstract

A Regression-Model-based Method for
Combining Interestingness Measures of
Association Rule Mining

Dongwon Lee™

Advances in Internet technologies and the proliferation of mobile devices enabled consumers to
approach a wide range of goods and services, while causing an adverse effect that they have hard time
reaching their congenial items even if they devote much time to searching for them. Accordingly,
businesses are using the recommender systems to provide tools for consumers to find the desired items
more easily. Association Rule Mining (ARM) technology is advantageous to recommender systems in that
ARM provides intuitive form of a rule with interestingness measures (support, confidence, and lift)
describing the relationship between items. Given an item, its relevant items can be distinguished with the
help of the measures that show the strength of relationship between items. Based on the strength, the most
pertinent items can be chosen among other items and exposed to a given item’s web page. However, the
diversity of the measures may confuse which items are more recommendable. Given two rules, for example,
one rule’s support and confidence may not be concurrently superior to the other rule’s. Such discrepancy
of the measures in distinguishing one rule’s superiority from other rules may cause difficulty in selecting
proper items for recommendation. In addition, in an online environment where a web page or mobile screen
can provide a limited number of recommendations that attract consumer interest, the prudent selection of
items to be included in the list of recommendations is very important. The exposure of items of little
interest may lead consumers to ignore the recommendations. Then, such consumers will possibly not pay
attention to other forms of marketing activities. Therefore, the measures should be aligned with the
probability of consumer’s acceptance of recommendations. For this reason, this study proposes a
model-based approach to combine those measures into one unified measure that can consistently determine
the ranking of recommended items. A regression model was designed to describe how well the measures

(independent variables; i.e., support, confidence, and lift) explain consumer’s acceptance of

* Corresponding Author: Dongwon Lee
School of Business Administration, College of Social Sciences, Hansung University
116 Samseongyoro-16gil, Seongbuk-gu, Seoul 02876, Korea
Tel: +82-2-760-4250, Fax: +82-2-760-4482, E-mail: dongwonlee@hansung.ac.kr

Bibliographic info: J Intell Inform Syst 2017 March: 23(1): 127~141 139



recommendations (dependent variables, hit rate of recommended items). The model is intuitive to
understand and easy to use in that the equation consists of the commonly used measures for ARM and
can be used in the estimation of hit rates. The experiment using transaction data from one of the Korea’s
largest online shopping malls was conducted to show that the proposed model can improve the hit rates
of recommendations. From the top of the list to 13th place, recommended items in the higher rakings from
the proposed model show the higher hit rates than those from the competitive model’s. The result shows
that the proposed model’s performance is superior to the competitive model’s in online recommendation
environment. In a web page, consumers are provided around ten recommendations with which the proposed
model outperforms. Moreover, a mobile device cannot expose many items simultaneously due to its limited
screen size. Therefore, the result shows that the newly devised recommendation technique is suitable for
the mobile recommender systems. While this study has been conducted to cover the cross-selling in online
shopping malls that handle merchandise, the proposed method can be expected to be applied in various
situations under which association rules apply. For example, this model can be applied to medical
diagnostic systems that predict candidate diseases from a patient’s symptoms. To increase the efficiency
of the model, additional variables will need to be considered for the elaboration of the model in future
studies. For example, price can be a good candidate for an explanatory variable because it has a major
impact on consumer purchase decisions. If the prices of recommended items are much higher than the items

in which a consumer is interested, the consumer may hesitate to accept the recommendations.

Key Words : Recommender system, association rule mining, regression model, online shopping,

model-based recommender system
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