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Abstract In today’s IT environment where various pieces of information are distributed in large
volumes, recommendation systems are in the spotlight capable of figuring out users’ needs fast and
helping them with their decisions. The current recommendation systems, however, have a couple of
problems including that user preference may not be reflected on the systems right away according to
their changing tastes or interests and that items with no relations to users’ preference may be
recommended, being induced by advertising. In an effort to solve these problems, this study set out to
propose a Fuzzy—AHP—based movie recommendation system by applying the BRNN(Bidirectional
Recurrent Neural Network) language model. Applied to this system was Fuzzy—AHP to reflect users’
tastes or interests in clear and objective ways. In addition, the BRNN language model was adopted to
analyze movie—related data collected in real time and predict movies preferred by users. The system
was assessed for its performance with grid searches to examine the fitness of the learning model for
the entire size of word sets. The results show that the learning model of the system recorded a mean
cross—validation index of 97.9% according to the entire size of word sets, thus proving its fitness. The
model recorded a RMSE of 0.66 and 0.805 against the movie ratings on Naver and LSTM model language
model, respectively, demonstrating the system’s superior performance in predicting movie ratings.
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Fig. 3. Hierarchical Structure of Collection Module to
User Information
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Table 1. Development Environment

Mobile Device Samsung Galaxy S8+
Android 10.0, Windows 10

Java for Android, Python, ASP.NET

Operating System

LTI 4.8, HTML5, CSS3.0
Database MS SQL 2012
Tool Android Studio, Pycharm,

Visual Studio 2015
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Table 2. Fuzzy—AHP weights for movie preference

factors
Preference Preference .
Ranking(Ratio) Factor Mol s

Movies whose ranks
1(0.9) are high on the 0.889
reservation list

2(0.8) Thriller Movie 0.064
3(0.7) Mystery Movie 0.047
Joint bottom The remaining factors 0

ranks(0)
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Fig. 4. Program Capture] User Interface to Recommend
a Movie to Users
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Table 3. Differences in movie ratings between the
LSTM language model and Naver(as of March

16)
Movi LSTM Model Naver Movie
ovie Rati
Average RMSE tings
Beasts‘ Clawing at 8.45 1.33 6.56
Straws
The Invisible Man 8.13 0.48 7.94
Dark Waters 8.95 0.66 8.56
1917 9.38 0.75 8.94

Table 4. Differences in movie ratings between the
proposed model and Naver(as of March 16)

. BRNN Model Naver Movie
Movie Rati
Average RMSE atings
Beasts Clawing at 8.4 1.03 6.56
Straws
The Invisible Man 8.04 0.42 7.94
Dark Waters 8.91 0.52 8.56
1917 9.31 0.67 8.94
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