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Abstract

In the field of book search, research on a web service-based user-customized
book recommendation system is being conducted to respond to increasingly
diverse user requirements. The collaborative filtering algorithm, which is
mainly used for book recommendation, has a problem in that it is difficult
to reflect the user’s recent interest without considering the changes in pref-
erence over time, and the user’s satisfaction decreases because it repeatedly
recommends only similar items.

In this paper, we propose a book recommendation method using category
similarity based on deep learning. The proposed method is to predict books
to be used next time by inputting users’ past and current book usage history
through BERT, a natural language processing model, and to recommend
popular books in other categories with high similarity to the predicted book
category in the BERT model to reflect serendipity. This method reflects
serendipity, which can lead to users’ recent interests and practical prefer-
ences, so that recommendation accuracy and user satisfaction can be satisfied
at the same time.

Keywords: Web service, book category, BERT, serendipity, recommenda-
tion.
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1 Introduction

Due to the recent development of mobile devices and communication envi-
ronments, various products and content can be consumed on platforms in the
mobile-based web services environment. Accordingly, in order to increase
sales and the number of users, the importance of technology that recommends
products or content that may be of interest based on users’ preferences and
past behavior is growing [1, 2]. This recommendation technology has collab-
orative filtering algorithms and is used in various platforms in the mobile-
based web services environment, such as OTT-based movie and drama
recommendations, open-market-based product recommendations, and video
sharing platform-based video recommendations. The collaborative filtering
algorithm applied to existing book recommendations can be recommended
by people with similar tastes based on the similarity of users and items [3].
However, as that does not take into account changes in preferences over time,
it is not possible to know exactly what product the user is most interested
in, and only recommends books of a type similar to those frequently used
by users, so the users’ satisfaction may decrease [4, 5]. Therefore, accurate
recommendations that can be applied to real-world environments require
recommendations that model contextual book preference patterns derived
from users’ past book use history and reflect serendipity, an indicator that
provides new and satisfying items that they have not encountered before [6].

To address this problem, in this paper, we use the masked language model
(MLM) of the deep learning model bidirectional encoder representations
from transformers (BERT) [9]. In addition, we propose a serendipity recom-
mendation method for book categories using BERT, which can recommend
new books because it only provides consecutive recommendations from the
past and recommend popular books in other categories with high similarity
to the predicted book categories that reflect unexpectedness that can lead to
users’ practical preferences.

The composition of this paper is as follows. Following this introduction,
Section 2 describes a sequential recommendation method based on a natural
language processing deep learning model, collaborative filtering, which is an
existing recommendation method, and the BERT model, a technique applied
as a recommendation method in this paper. Section 3 describes the serendipity
recommendation method for the book category using BERT proposed in this
paper in the sequence of a preprocessing process, a sequential recommenda-
tion method, and an unexpected recommendation method. Section 4 reviews
the experimental results, and Section 5 concludes with a conclusion.
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2 Related Research

2.1 Sequential Recommendation Method Based on a Natural
Language Processing Deep Learning Model

In a real environment, interaction between a user and an item appears in a
consecutive sequence rather than independently, so the type of item preferred
by the user may change over time [7]. Recently, a sequential recommendation
method [8] that recommends the user’s most preferred item at the current
point in time by considering the order of items consumed by the user using
a natural language processing deep learning model has been studied. Hidasi
and others [9] have suggested that the sequence data of the items consumed
by the user passes through the gated recurrent unit (GRU) layer, a recurrent
neural network (RNN)-based algorithm, learns contextual relationships for
all items in the sequence, and returns a preference score for the next item as
the final output, showing better performance than the collaborative filtering
recommendation method.

However, the RNN-based natural language processing recommendation
system has the problem of gradient vanishing, in which the data of the past
is lost as the input data becomes longer. To compensate for this, although
session-level RNNs, which model item usage history within a session, and
HRNN-based recommendation methods [10] consisting of two layers of
user-level RNNs that model usage pattern changes between sessions and
propagate those values to the next session, have been studied, the accuracy
of recommendations is still low in fairly long data.

2.2 Collaborative Filtering

Collaborative filtering [1, 11, 12] is most widely used to provide personalized
recommendation services by calculating the similarity between users or items
based on the assumption that groups with similar tastes for one item may
have similar tastes for another. It is most widely used when nearest neighbor
collaborative filtering, which is the most basic technique of collaborative
filtering, can be divided into user-based collaborative filtering and item-based
collaborative filtering according to the similarity measurement target.

User-based collaborative filtering is a method of recommending items that
are commonly preferred by users with a high degree of similarity to customers
by obtaining similarities between target customers and users. Item-based
collaborative filtering is a method of predicting the rating a target customer
will have for another item based on the rating of the item with high similarity
by measuring the similarity between items previously evaluated by users.
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Figure 1 Structural comparison of the BERT language model and other language models.

2.3 BERT

BERT [13] is a natural language processing deep learning model that per-
forms fine tuning tasks that readjust hyperparameters together with additional
training for tasks such as document classification, question answering, and
translation after pre-training a language model using a large amount of
unlabeled text data. Although it takes a lot of resources and time to directly
train a large amount of data, the BERT model basically provides a pre-trained
model for embedding a large number of words, so it performs many natural
language processing tasks with relatively few resources. In addition, as shown
in Figure 1, the entire context of a sentence can be used in both directions
with a structure in which several transformer encoder blocks are overlapped,
so it is more advantageous for modeling sequence data than a unidirectional
language model.

3 Serendipity Book Recommendation Method Using
Category Similarity

3.1 Overview of Serendipity Book Recommendation Using
Category Similarity

In this paper, we use the masked language model of BERT, a deep learning
model, and a method that reflects unexpectedness that can lead to user’s
actual preference by recommending new books that have not been used
consecutively in the past. In addition, it uses a serendipity method that allows
popular books in other categories that have a high similarity with the pre-
dicted book category to be recommended together. The proposed serendipity
book recommendation method using deep learning-based category similarity
consists of a book search and recommendation process, a preprocessing
process, a sequential recommendation process using BERT, and a surprise
recommendation process using serendipity, as shown in Figure 2.
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Figure2 Serendipity book recommendation method using category similarity based on deep
learning.

Table 1 Metadata items of books

Item Explanation
User information User code Identification code of book user
UcCl UCI code to identify used books

Keyword  Categories of books used
Use date Year, month, day of use of books

Used book feedback information ~ Use form  Type of use of books (purchase/inquiry)
Grade Ratings given to books used

3.2 Data Preprocessing Process for Learning

The data preprocessing process proposed in this paper preprocesses the data
to be input to the sequential recommendation process based on the book
user’s previous book use history and the information of the book currently
being used in the book search and recommendation process. The metadata
items of books used by the user are metadata items used to extract preprocess-
ing data for application to the BERT learning model, and are log information
when the book user used the book in the past, as shown in Table 1.

The data preprocessing process for learning enables book users to classify
and analyze according to user code criteria based on previously used book
information, select and learn only preferred books for each user, and convert
them into sequences based on the date and time of use. This process is shown
in Figure 3.

First, after confirming the usage pattern of the book, whether the user
prefers the book is normalized in a binary format of O (non-preference) and
1 (preference). Users can give ratings between 0 and 5 for purchased books,
and the distribution of these ratings is different for each user. Therefore, if
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Figure 3 Flowchart of data preprocessing process for training.

the book usage type is “purchase”, books that have given each user a rating
above the average rating are judged as preference books. After normalizing
the preference of all books, only the preferred books among the books used
by each user are grouped based on the user code, and, finally, the list of
preference books grouped by user code is sorted in order of the date of use to
complete the preprocessing process.

3.3 Sequential Book Recommendation Process Using BERT

The sequential book recommendation process using BERT is the process of
generating K book lists so that users can recommend books that are more
likely to be used next time, as shown in Figure 4.

This process is a method to reflect only the recently used books among
the books used by the book user from the past to the present, and the data
input to the BERT model is entered with a fixed maximum length. In this
paper, a fixed maximum length of 200 is set, and the preprocessed book user’s
preference list is searched through a preprocessing process. If the length is
different from the set length, the length is adjusted either leaving only the
most recent 200 favorite books or by the zero padding technique. Figure 5
shows the adjustment process when the maximum length is 6.

The preference list that has gone through the length adjustment process
is converted into an embedding vector that can learn the BERT model and
predict the result. At this time, in order to apply the existing BERT model
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Figure 4 Flowchart of the sequential book recommendation process using BERT.
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Figure 5 Length adjustment of the BERT model input data.
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Figure 6 BERT input embedding configuration for book recommendation.

specialized for natural language processing tasks to book recommendation,
token embedding, which is a word embedding vector, and segment embed-
ding that plays a role in distinguishing sentences are first removed, and then it
is configured to add book code embedding and position embedding indicating
the order of book use, and book category embedding, and the last token is
replaced with [MASK] to predict the book to be selected at the next time, as

shown in Figure 6.
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Figure 7 Flowchart of serendipity book recommendation using category similarity.

If a user inputs the list of preference books converted into embedding
vectors into the learned BERT model, the BERT model predicts a probability
value between 0 and 1 to select the book at the next time for all other books
that do not exist in the list of preference books, and creates a list of K
sequential recommended books in the order of the highest predicted choice
probability.

3.4 Serendipity Book Recommendation Process Using Category
Similarity

The serendipity recommendation process using category similarity is the
process of generating a list of popular books in the category similar to the
category of top-K candidate books generated in the sequential recommenda-
tion process to provide book recommendations reflecting serendipity that can
lead to users’ practical preferences. Figure 7 illustrates the flowchart of this
process.

First, in order to derive the top N categories similar to the categories of
sequential recommended candidate books, users can calculate the similarity
between each category vector in the matrix by organizing the number of
books used by category, as shown in Figure 8.

Second, among the methods of measuring vector similarity, the value
between 0 and 1 is extracted and the similarity between all category vectors
is applied by applying the cosine similarity function that does not require
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Figure 8 An example of a matrix of book usage in categories by user.
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Figure 9 Example of creating a similar category list.

a normalization process and can be accurately measured even in multidi-
mensional vectors. In Equation (1), CosSim(A, B) represents the similarity
obtained by measuring the cosine distance of category vector A and category
vector B, and A; and B; mean the number of times user ¢ used categories A
and B, respectively.

IATIBI = 5o, 2, [ e

Third, among the list of top-K candidate books generated through the
sequential recommendation process, N similar categories with the highest
similarity to categories with high frequency are obtained. For example, if the
category of a book recommended the most in the sequential recommendation
top-K list by a specific user is “travel”, then “history”, “art”, and “humani-
ties” categories with the highest similarity to travel are derived into similar
categories, as shown in Figure 9.

Lastly, after sorting the books according to the degree of popularity for
each of the derived similar categories, a list of serendipity recommendation
books arranged in the order of highest user popularity is created with the most
popular books.

CosSim(A, B) = cos(0) (D
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Table 2 Experiment environment
Experiment Environment ~ Specification

CPU Intel Core i9 12900K
RAM 32GB

GPU NVIDA Geforce RTX 3090
OS Linux Ubuntu 20.40 LTS
Programming language Python 3.9.13

Algorithm framework Tensorflow 2.7.0

Table 3 Example of user book log data

User-code Book-code Category Timestamp  Type Rating
A0459829S15BSWIOZZHX 6545793 Literature & Fiction 1386547200 P 5
A0459829SI5SB5SWIOZZHX 7181701 Literature & Fiction 1373500800 P 5
A0459829S15BSWIOZZHX 7230206 Literature & Fiction 1367452800 P 2
A0459829SI5B5SWIOZZHX 7441282 Literature & Fiction 1364169600 P 1

4 Experimental Results

4.1 Experiment Environment and Method

In order to implement and verify the serendipity book recommendation
method using category similarity based on deep learning proposed in this
paper, experiments were conducted in the environment shown in Table 2.

The dataset to be used in the experiment was collected from May 1996
to October 2018, and “Amazon Books 2018 was used, which consisted of
a total of 2,935,525 book products and 51,311,621 reviews. For book review
data, data from January 2017 to October 2018 were selected from the entire
dataset, users who wrote less than 5 reviews were excluded, and rows with
missing values were removed. It was converted into user log data in the same
format as Table 3.

4.2 Experiment

In the preprocessing process, a specific book user was selected from the
dataset, and the previously used books were classified into preference books
and non-preference books, and only preference books were extracted. As a
result of sorting based on the preferred books used, 27 preferred books could
be selected as “Literature & Fiction” for each category, 11 for “Humor &
Entertainment”, 10 for “Romance”, and 3 for “History”.

In the sequential recommendation process, preference books selected
through a preprocessing process were input into the BERT model so that
users can receive recommendations for books to use next, and the books
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user_code book_code category timestamp  type rating
ABAS0820SISBSWIOZZHX 07441282  Literature & Fiction 1525132800 p 4
AB4S0820STSBSWIOZZHX 07230206  Humor & Entertainment 1518393600

06513255  Humor & Entertainment 1367625600

02310015  Humor & Entertainment 1355875200 Second Recommended Category: Humor & Entertainmnet

A@450820STSBSHIOZZHX 30565073  Humor & Entertainment 1327963000 Siuilar Recomveded Categony:L8

AB459820SISBSHIOZZHX 28616731  Literature & Fiction 1324857600
ABA50820SISBSHIOZZHX 8220565 Literature & Fiction 1142640000
AB450820STSBSHIOZZHX @8163715  Humor & Entertainment 1138406400
AB459829SISBSWIOZZHX 7155662 Humor & Entertainment 1136246400
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Figure 10 Experimental results.

in the “Humor & Entertainment” category were mainly recommended. In
addition, although the number of uses was the lowest at 3, it was confirmed
that books in the “Romance” category, which were used relatively recently,
were included in the list of recommended books. Through this result, it can
be confirmed that the BERT model makes a recommendation that reflects the
user’s recent interests.

In the serendipity recommendation process, the categories of recom-
mended books are checked through the sequential recommendation process to
identify the most recommended categories and the categories recommended
in the next order. First, the similarity for each category was calculated by
applying the cosine similarity based on the number of books used by all users
in each category.

Within the sequential recommendation list, popular books within similar
categories are recommended by checking the similarity between “Humor &
Entertainment”, the category of books recommended by the recommended
user the most, and “Literature & Fiction”, the category recommended in the
second place, and other categories. The category with the highest similarity to
“Humor & Entertainment” is “Computers & Technology”, and the categories
with the highest similarity to the next recommended category, “Literature
& Fiction” are confirmed to be “History”, and “Mystery and Thriller &
Suspense”, as shown in Figure 10.

4.3 Analysis of Experimental Results

To verify the recommendation performance of the serendipity book recom-
mendation method using category similarity based on deep learning proposed
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in this paper, hit rate, normalized discounted cumulative gain (NDCGQG)
[14, 15], and serendipity indicators [16] are used as performance evaluation
indicators. The hit rate represents the ratio of the number of users whose rec-
ommendation was hit to the total number of users, as shown in Equation (2).
When the recommendation model, which has completed learning by exclud-
ing some of the correct answer books preferred by the user, recommends K
items for each user, if the correct answer book excluded from the learning
process is included among all the user’s preferred books, the user is set as
the user to whom the recommendation was successful. NDCG is a method of
measuring how good the current model’s recommendation list is compared
to the most ideal recommendation combination, and when recommending
K items to a user, the higher the ranking of items with relevance to the
recommendation results, as shown in Equation (3). Serendipity measures the
average similarity between a book newly recommended to a user and a book
previously used. The lower the similarity, the higher the serendipity, as shown
in Equation (4).

# of Hit User

Hi = 2
it Rate # of User )
relom
D G S
CCx = Z N CESY (3)
Unseredipity; = Z Z Z COSSlm (@ h) 4

uEU heH JERu.K

U': Set of all users
H,,: User u’s favorite books in the past
R, i Top K items recommended to user u.

In order to verify the performance of the proposed method, we have
compared the recommendation methodology using the existing RNN model,
the recommendation methodology using only the BERT model, and the
method proposed in this paper. The recommendation hit rate, NDCG, and
serendipity index have been measured when the size K of the recommended
book list to the user was set from 1 to 20. The detailed experimental results
are shown in Figure 11.

Table 4 shows the average performance comparison results according to
the size of the recommendation list for each model.
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Figure 11 Experimental results.

Table 4 Average performance comparison for each model

Model Hit Rate NDCG UNSER
RNN 0.7712 04647  0.6385
BERT 0.8869  0.5087  0.5379

BERT_SER  0.8482  0.4936  0.1056

5 Conclusion

Based on the similarity between the user and the item, existing book rec-
ommendation methods recommend items preferred by people with similar
tastes, and recommend only similar types of books without considering
changes in user preference over time, which reduces satisfaction with use.
In order to improve this limitation, we have proposed a serendipity book
recommendation method using category similarity based on natural language
processing model BERT. Using BERT’s masked language model, a natural
language processing model trained to predict masked words within a sentence
and introducing sequential book recommendation techniques that view user-
used books as sentences and predict books to be used at the next point in time,
the hit rate of the proposed recommendation method has been improved by
9.98% and the NDCG by 6.22% compared to the recommendation method
using the existing RNN model. In addition, by introducing a serendipity rec-
ommendation technique that recommends popular books in other categories
with high similarity to the predicted book categories in the BERT model,
serendipity was reduced by about 83.46% compared to the existing method
without compromising recommendation accuracy.

Through the experimental results, it is confirmed that the proposed rec-
ommendation method shows high accuracy and can make recommendations
that reflect serendipity that improves users’ satisfaction. If the proposed
recommendation method is used, it is expected that it will be possible to
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recommend personalized books that reflect serendipity, which can lead to
practical preferences while reflecting users’ recent interests in the mobile
web service environment. However, the proposed recommendation method
has a limitation in that it does not utilize information other than rating data
and category data. As a future study, it is necessary to apply various attribute
information such as local information and review text to recommendation for
more sophisticated personalized recommendation.
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