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With the growth of the media market, companies that provide contents services such as movies, music and video
are providing various content to satisfy users. While these changes have allowed users to enjoy richer content, a
new problem has emerged that they have to spend much more time than before to find content that suits their taste
among the overflowing content. Recommender system has become an important key to solve these problems.
Matrix Factorization (MF) is the most well-known and widely used for identifying users’ preference on contents.
However, MF has a drawback of data sparsity and is not capable of utilizing meta-data. In this study, we proposed
a two-stage contents preference model with Matrix Factorization (CPMF). The proposed method combines MF
and contents preference models that utilize a variety of meta-data (e.g., actors, directors, and genres) to identify
users’ preferences. A numerical analysis is conducted to evaluate the performance of the proposed method for

movie recommendation domains.
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Table 1. Movie Recommender System Using Meta-Data

Meta data

Reference

Genre

Choi et al.(2012), Reddy et al.(2019), Deldjoo et al.
(2019), Su et al.(2020)

Review |Diao et al.(2014), Hyeon et al.(2019)
Tag Zhang et al.(?OlO), Stanescu et al.(2013), Wei et al.
(2016), Deldjoo et al.(2019)
Actor | Chen et al.(2017)
Etc. Chen et al.(2017), Deldjoo et al.(2019), Khalaji et al.

(2020), Singla et al.(2020)
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Figure 1. Proposed Model-Contents Preference Model Combined with Matrix Factorization

User i’s )
latent vector E <User i’s profile>

<Movie j’s
Contents info>

Actor & Director Preference

Score about Movie j> <Weight function>

I:I:I:I:I [Actor] [Director]
{A:3,

[Actor] [Director]
{a}

Weight
=1
+ weight_function(n)

ActorB: 1
Actor C : 4 — 6(=n)

Directora: 1

{a:l, {B,C}
B:1, b:5,
C4, c:6,
D:7 d:2
Movie j’s a5, o}
latent vector
7

Weight

Final Score = #;; x Weight

Figure 2. Actor and Director Preference
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<User i’s

recommendation list after

<User i’s profile> applying Stage 1 >

WA -

A7

<User i’s final
recommendation list>

[Genre] . Movie 274 (Comedy)
{Comedy:16, . Movie 34 (Romance)
Action:4} . Movie 96 (Animation)

. Movie 13 (Comedy)

. Movie 568 (Action)

. Movie 225 (Comedy)
. Movie 32 (Drama)

. Movie 9 (Comedy)

9. Movie 134 (Action)
10.Movie 108 (Comedy)
11.Movie 22 (Comedy)
12.Movie 65 (Action)
13.Movie 513 (Comedy)

O N W AW —

15.Movie 41 (Comedy)
16.Movie 72 (Horror)
17.Movie 821 (Thriller)
18.Movie 145 (Musical)
19.Movie 158 (Action)
20.Movie 207 (Comedy)

14.Movie 428 (Documentary)

Stage 2
Genre Preference - Movie 274 (Comedy)
. Movie 13 (Comedy)
. Movie 568 (Action)

. Movie 225 (Comedy)
. Movie 9 (Comedy)

. Movie 134 (Action)

. Movie 108 (Comedy)
. Movie 22 (Comedy)

. Movie 513 (Comedy)
0.Movie 41 (Comedy)

—_— 0 00 N N A WN -~

Figure 3. Genre Preference
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Table 2. Descriptive Statistics for the Number of Actors Who have
been Chosen more than Three Movies by Each User

Users | Mean | Std Min | 25% | 50% | 75% | Max
616 | 15.13 | 18.42 1 2 8 21 114

27z FAR=p S o=,

AHg-2to] 7‘% & gelatr] fall, 4 AHEATE Al
& F3t FAA F ZJ%O] A& Y3hE 39 o) AlA
FATE 2010}9";@ AR AR} 94395 50.9%01 s 35}
=480 0] 5Y 7+=9] 2HE 37 oS A F o]H o] YU
o}, 48078 O] AHEAHE W1t 7.427 9 7H=of] T @3} 39 o]
4S NASAL, H g2 11, H a2 4275 o] TH(<Table 3>

).

[r

wh
Bx

Table 3. Descriptive Statistics for the Number of Directors who
have been Chosen more than Three Movies by Each User

Users | Mean | Std Min | 25% | 50% | 75% | Max
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Table 4. Descriptive Statistics for the Percentage of the most

watched Genre in the Entire Viewing List by Each User

Users| Mean | Std Min | 25% | 50% | 75% | Max
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Table 5. Descriptive Statistics for the Percentage of the Second most
watched Genre in the Entire Viewing List by Each User

Users| Mean | Std Min | 25% | 50% | 75% | Max
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Table 6. Descriptive Statistics for the Percentage of the Third most
watched Genre in the Entire Viewing List by Each User
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