Journal of Convergence for Information Technology e—ISSN 2586—4440

Vol. 9. No. 6, pp. 83—90, 2019 DOI : https://doi.org/10.22156/CS4SMB.2019.9.6.083
5.0 5 S = 5
HAZE R I 267 B o] &3 AEFHALE A

Development of Product Recommender System using Collaborative
Filtering and Stacking Model

Sung—Jong Park!, Young—Min Kim®, Jae—Joon Ahn*
Student, Department of Information and Statistics, Yonsei University
?Assistant Professor, Department of Bigdata Engineering, Soonchunhyang University
Associate Professor, Department of Information and Statistics, Yonsei University

L oF AR el B e el glekol Beagol ek ofela ol FAalel AREIgon, 1000
AP A WS gtk 1%, 9 EF% e R Hool 9 A R

Sk PAoK S 0}88 Al A} s
& AFgBle] FAAZRE TES ], WA 0] A o) ole)E 2
0 FAN2RE AT, AT 2o id e 7)E0] ABEY} 7 A8 7] A0 sl
2] 42 50, ATAE 28 2 1 wge] 2 Aol NP SISkt g5
B ATOIA A R Afelot Z1gle] o v MES do] 4ES FAT W) £ge F A0 S|,

AL, 2 AT PR Y FolN 267 B
g3to] A AR} /A5G 71 e B

=
T
Aske|

FAo] ¢ FAA 2", HAEEHE, 7IAIEkE
Abstract People constantly strive for better choices. For this reason, recommender system has been
developed since the early 1990s. In particular, collaborative filtering technique has shown excellent
performance in the field of recommender systems, and research of recommender system using machine
learning has been actively conducted. This study constructs recommender system using collaborative
filtering and machine learning based on stacking model which is one of ensemble methods. The results
of this study confirm that the recommender system with the stacking model is useful in aspects of
recommender performance. In the future, the model proposed in this study is expected to help individuals
or firms to make better choices.
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Table 2. Training period and test period assigned to
each window

Window no. Training period Test period

Window 1 |2014.01.01.~2014.12.31.|2015.01.01.~2015.01.31.
Window 2 [2014.02.01.~2015.01.31.]2015.02.01.~2015.02.28.
Window 3 [2014.03.01.~2015.02.28.|2015.03.01.~2015.03.31.
Window 4 |2014.04.01.~2015.03.31.[2015.04.01.~2015.04.30.
Window 5 [2014.05.01.~2015.04.30.|2015.05.01.~2015.05.31.
Window 6 [2014.06.01.~2015.05.31.|2015.06.01.~2015.06.30.
Window 7 |2014.07.01.~2015.06.30.|2015.07.01.~2015.07.31.
Window 8 |2014.08.01.~2015.07.31.|2015.08.01.~2015.08.31.
Window 9 |2014.09.01.~2015.08.31.|2015.09.01.~2015.09.30.
Window 10 |2014.10.01.~2015.09.30.|2015.10.01.~2015.10.31.
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Fig. 4. Misclassification rate(%) according to the
number of neighbors in each window
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Table 3. Misclassification rate(%) of collaborative
filtering when K value is under 20

Window 1. Number of neighbors
K=3 K=6 K=10 K=15 K=20
Window 1 19.77 17.97 17.81 17.53 17.81
Window 2 19.31 18.89 18.49 18.67 18.79
Window 3 16.34 15.73 15.41 14.83 15.17
Window 4 13.13 12.33 11.97 12.61 12.79
Window 5 12.51 11.61 11.21 11.73 11.71
Window 6 13.99 13.27 13.03 13.43 13.87
Window 7 12.30 11.70 12.02 11.76 12.32
Window 8 12.48 12.28 12.12 12.66 12.84
Window 9 14.13 13.53 14.15 14.81 14.25
Window 10 13.25 13.09 13.03 13.33 13.57
Avg. 14.72 14.04 13.93 14.14 14.31
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