creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86t AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Metok ELIChH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aeles 212 LWS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

K Aets

rif
gle

Word2Vecs= ©]-8-3}
stelHe| = wialed B 7|6k 55

FH A 2E

-

20221 24



S
=

1

| U

~

°o]&

o
=

~——

AZE L8 AA} =R o7 AF
20214F 121

Word2Vec

Ton

N

p—

\O)

ol
g
HJ

o
o

~I

_#O_l
Ho

A
=

-

‘o)
"

—

Tl

20214 124



Product recommendation system based on hybrid
machine learning model using Word2Vec

Se—Joon Park
(Supervised by professor Yung—Cheol Byun)

A thesis submitted in partial fulfillment of the requirement for
the degree of Master of Computer Engineering

2021. 12.

This thesis has been examined and approved.

Thesis Committee Chair, Ki—Joong Ahn Prof. of Jeju National University

Thesis Committee Member, Sang—Joon Lee Prof. of Jeju National University

Thesis Director, Yung—Cheol Byun Prof. of Jeju National University
Date

Department of Computer Engineering
GRADUATE SCHOOL
JEJU NATIONAL UNIVERSITY



ABSTRACT

Now that non-—face-to—face activities are widespread all over the world,
more and more users are looking for online shopping malls that can avoid
contact with people and carry out consumer activities. In addition, the
importance of the recommendation system 1s growing as it attracts many

users with its own recommendation systems such as Netflix and Amazon.

We propose a recommender system that uses Word2Vec to acquire
similarities between items as a vector, recognizes shopping history using a
machine learning model, and improves the accuracy of recommendations. The
model used for training used a hybrid model that combined Random Forest,
XGBoost, and Extra Tree to calculate the recommended accuracy. Existing
data has the unique number of the item as data, it was only possible to use
the item classification model. However, the similarity between items is
expressed numerically using Word2Vec, so you can use a regression model.
The availability of regression models is more than 10% better than the
performance of classification models in Word2Vec's multi dimensional
function. The learning time was about 60 minutes in the 5-dimensional vector
of classification model, but the regression model showed a fast learning time

in the about 1 minute.

The recommendation accuracy of the classification model before using
Word2Vec and the recommendation accuracy of the classification model and
the regression model after applying Word2Vec were compared. We also
compared the increase in recommendation accuracy for each dimension of
Word2Vec. The recommendation accuracy of the hybrid model before using

Word2Vec was 84.23%. However, after applying Word2Vec, it showed that



the 5-dimensional vector recommendation accuracy of the classification model
increased to 87.46%. Also, when comparing the accuracy of the classification
model and the regression model after applying WordZ2Vec, the recommendation
accuracy of the regression model in the Word2Vec 5-dimensional vector was
99.12%, which was superior to the classification model in performance and

learning time.
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