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(Table 1) Statistics of dataset

# users # items # ratings Avg. # ratings / users density ( = ##r&
users X #items
25,451 13,688 42,283 1.661 0.121 %
(Table 2) Description of BERT Token
BERT token Description

[CLS] At the beginning of the sequence, it is indicated before the word-embedding(sentence) as a token to classify.
[UNK] Used when the token is not in the vocabulary dictionary.

[SEP] When the sequence ends, it is marked at the end of the word-embedding(sentence) as a token to classify.
[PAD] Token to match the batch size, indicated when using sequences of different lengths.
[MASK] Used to predict the masked language with a token used for masking.
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(Table 3) BERT results

Measure Accuracy (%) F1 Score (%) Sensitivity (%) Specificity (%) Precision (%)

%

90.81 91.60 90.04 90.05

(Table 4) Comparative Models

Model

Description

Naive-CF

Naive-CF is a model that uses the most common user-based collaborative filtering
(user-based CF). It does not consider review data and recommends through user ratings.

SVD-CF

SVD is an algorithm that has been considered by the most winners of the Netflix
competition. SVD is a model that reduces the dimension by using the upper » diagonal
elements (s), and it is possible to explain the Gaussian distribution or covariance aspect by
reducing the dimension of high-dimensional data.

MF-CF

MF is a basic recommendation system technique of collaborative filtering. The MF creates a
matrix according to the user's preference, but it is created as a sparse matrix.

BPR-MF-CF

BPR is a technique to obtain MF by estimating parameters using a Bayesian approach. The
BPR-MF method is also referred to as the “Pairwise approach” because a pair of ranking
loss plays a role in filling the empty space after optimizing the MF model.

LSTM

LSTM works by working on the encoder-decoder model. It has the advantage of improving
the seq2seq gradient problem of RNN and enabling collaborative filtering and extension
easily.

CNN-LSTM

CNN facilitates extended representation of data, and LSTM is excellent for natural language
processing. CNN and LSTM are combined and called CNN-LSTM. CNN-LSTM has a high
prediction rate, so it is widely used in other deep learning models.

GRU

GRU is a structure created through the transformation of LSTM and LSTM to solve the
long-term dependency problem of RNN. LSTM generally has 3 gates, but RNN has 2 gates
because there is no output gate. Despite having two gates, the reason GRU is used is
because it can learn less data than LSTM in a short time.
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= o83t %

X831 TE 3Ho] EX| = torchvision o] HEE AJS& A AAAE dlolEAle] 222

package"ﬂ/‘ﬂ A BrE 2EE 59 o] 8% E] 37842 283l <Table 3>2] A7} 4k
UL, tensor= HO|EA ] ARFH O ZA T} =53t

A WL 9Y YR WBE 5 e ARTE]

t} 1 g, 7

o] 71EAo] e % 43, &8 M5 -}
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(Table 5) Experimental results of comparative models

Model RMSE MAE

Naive-CF 1.909315 1.479220

SVD-CF 1.125820 0.915790

MF-CF 1.109006 0.740954

BPR-MF-CF 0.901572 0.621709

LSTM 1.070171 0.705493

CNN-LSTM 0.958817 0.644363

GRU 0.764277 0.344468

BERT 0.751685 0.326222
(Root Mean Squared Error)} MAE (Mean Absolute Naive-CF2] 7, AH82F HAH Th& 13t
Error) & ©o]&3tAth £ AFoA Abst= Ryo|7] ol HHO| o] FrjFow A=
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Atk ¥4 A3} BERT7} RMSESF MAE 2o
A 7 5 2 4RE B FAh 24

A= <Table 5> 2t}
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Abstract

Recommender system using BERT sentiment analysis

Ho-yeon Park* - Kyoung-jae Kim**

If it is difficult for us to make decisions, we ask for advice from friends or people around us. When
we decide to buy products online, we read anonymous reviews and buy them. With the advent of the
Data-driven era, IT technology's development is spilling out many data from individuals to objects.
Companies or individuals have accumulated, processed, and analyzed such a large amount of data that they
can now make decisions or execute directly using data that used to depend on experts. Nowadays, the
recommender system plays a vital role in determining the user's preferences to purchase goods and uses
a recommender system to induce clicks on web services (Facebook, Amazon, Netflix, Youtube). For
example, Youtube's recommender system, which is used by 1 billion people worldwide every month,
includes videos that users like, "like" and videos they watched. Recommended system research is deeply
linked to practical business. Therefore, many researchers are interested in building better solutions.
Recommender systems use the information obtained from their users to generate recommendations because
the development of the provided recommender systems requires information on items that are likely to be
preferred by the user. We began to trust patterns and rules derived from data rather than empirical intuition
through the recommender systems. The capacity and development of data have led machine learning to
develop deep learning. However, such recommender systems are not all solutions. Proceeding with the
recommender systems, there should be no scarcity in all data and a sufficient amount. Also, it requires
detailed information about the individual. The recommender systems work correctly when these conditions
operate. The recommender systems become a complex problem for both consumers and sellers when the
interaction log is insufficient. Because the seller's perspective needs to make recommendations at a personal
level to the consumer and receive appropriate recommendations with reliable data from the consumer's
perspective.

In this paper, to improve the accuracy problem for "appropriate recommendation” to consumers, the

recommender systems are proposed in combination with context-based deep learning. This research is to

* Dept. of MIS, Graduate School, Dongguk University Seoul
** Corresponding author: Kyoung-jae Kim
Dept. of MIS, Dongguk University Seoul
30, Pildong-ro 1-gil, Chung-gu, Seoul, 04620, Republic of Korea
Tel: +82-2-2260-3324, E-mail: kjkim@dongguk.edu

Bibliographic info: J Intell Inform Syst 2021 June: 27(2): 1~15 13



combine user-based data to create hybrid Recommender Systems. The hybrid approach developed is not
a collaborative type of Recommender Systems, but a collaborative extension that integrates user data with
deep learning. Customer review data were used for the data set. Consumers buy products in online
shopping malls and then evaluate product reviews. Rating reviews are based on reviews from buyers who
have already purchased, giving users confidence before purchasing the product. However, the
recommendation system mainly uses scores or ratings rather than reviews to suggest items purchased by
many users. In fact, consumer reviews include product opinions and user sentiment that will be spent on
evaluation. By incorporating these parts into the study, this paper aims to improve the recommendation
system. This study is an algorithm used when individuals have difficulty in selecting an item. Consumer
reviews and record patterns made it possible to rely on recommendations appropriately. The algorithm
implements a recommendation system through collaborative filtering. This study's predictive accuracy is
measured by Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE). Netflix is strategically
using the referral system in its programs through competitions that reduce RMSE every year, making fair
use of predictive accuracy. Research on hybrid recommender systems combining the NLP approach for
personalization recommender systems, deep learning base, etc. has been increasing.

Among NLP studies, sentiment analysis began to take shape in the mid-2000s as user review data
increased. Sentiment analysis is a text classification task based on machine learning. The machine
learning-based sentiment analysis has a disadvantage in that it is difficult to identify the review's
information expression because it is challenging to consider the text's characteristics. In this study, we
propose a deep learning recommender system that utilizes BERT's sentiment analysis by minimizing the
disadvantages of machine learning. This study offers a deep learning recommender system that uses BERT's
sentiment analysis by reducing the disadvantages of machine learning. The comparison model was
performed through a recommender system based on Naive-CF(collaborative filtering), SVD(singular value
decomposition)-CF, MF(matrix factorization)-CF, BPR-MF(Bayesian personalized ranking matrix
factorization)-CF, LSTM, CNN-LSTM, GRU(Gated Recurrent Units). As a result of the experiment, the

recommender system based on BERT was the best.

Key Words : BERT, deep learning, recommender system, sentiment analysis, CRM
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