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Abstract. A large number of Webtoon contents has caused difficulties on
finding relevant Webtoons for users. Thereby, an efficient recommendation
services are needed. However, since the existing recommendation method (e.g.
collaborative filtering) has two fundamental problems: (i.e., data sparsity and
scalability problem), it has difficulties with reflecting users’ personality. In this
paper, we propose the MBTI-CF method to solve these problems and to involve
users’ personality by building personality-based neighborhood using MBTI. In
order to verify the efficiency of the proposed method, we conducted statistical
testing by user survey (anonymous users have rated set of the pre-selected
Webtoon contents). Three experimental results have shown that MBTI-CF
provides improvement in terms of the data sparsity problem and the scalability
problem and offers more stable performance.

Keywords: Webtoon � Recommendation � MBTI (Myers-Briggs Type
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1 Introduction

Webtoon1 is digital comic contents published on the web. With the emergence of smart
devices, the Webtoon has been the most popular digital contents in South Korea and
actively reproduced in various media like movies, dramas and so on. The amount of the
Webtoons is huge and increasing rapidly. For example, in 2014, the number of Webt-
oons in Naver recorded 520 while it is released in 2004, later than Yahoo! Korea’s
“Cartoon Sae-sang” (in 2002), and Daum’s “Manhwa sok Sae-sang” (in 2003). Webt-
oon Platform corp. TapasMedia recorded about 21,500 Webtoons in 2014, its first year.
It is getting more difficult for users to find relevant Webtoons since the number of the
Webtoons is growing rapidly. Hence, an efficient recommendation service is needed.

There are three major approaches to recommend digital contents: content-based
filtering, demographic filtering and collaborative filtering. The Content-based filtering
and the demographic filtering require external data that are difficult to get. However,
the collaborative filtering can work without external data. Moreover, it performs higher
performance than others [1]. Therefore, we propose recommendation system for the
webtoon using collaborative filtering.

1 Webtoon is also known as web comics, online comics, internet comics.
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Two major problems of collaborative filtering are data sparsity problem and scal-
ability problem [2, 15]. The data Sparsity problem occurs when a rating matrix is
sparse. The rating matrix can be sparse in many situations such as cold-start problem,
new-user, new-item problem (when a new user or item has entered in the system).
Since the user has not rated or purchased items or the item has not been rated yet, it is
difficult to find a group of similar users or items. In other word, the lack of rating
history causes the data sparsity [3].

The scalability problem occurs when the number of users or items grows. Dealing
with the scalability problem is important because the numbers of the users and the items
are extremely large in the real world. Since the existing CF algorithms have to estimate
the similarities of every users and items, they suffer serious scalability problem.

Another issue of the existing recommendation systems is that they have difficulties
with reflecting users’ personalities. We need to develop a new approach to extract
users’ personalities and reflect them on the recommendation system. There were some
studies suggesting personality-based recommendation system [4, 17]. They used Big
Five Factor personality model (Big Five) to solve the data sparsity problem of the
collaborative filtering. However, the scalability problem, one of the collaborative fil-
tering’s major problems, remained unsolved.

In this paper, we propose to use Myers-Briggs Type Indicator (MBTI) to under-
stand users’ personalities and to solve the major two problems of the collaborative
filtering. The MBTI is a psychometric questionnaire to measure psychological pref-
erence. There are four bipolar discontinuous scales which are implied in Jung’s theory
that humans experience the world by the four major principles - sensation, intuition,
feeling, and thinking [6]. The MBTI categorize people in 16 types by an abbreviation
of the four initial letters of each of their four type of preferences. For example, people
who are extraverted and prefer sensing, thinking and judgment will be categorized to
ESTJ type.

The remainder of this paper is organized as follows. In Sect. 2, we provide a brief
overview of related works. Section 3 explains the procedure of the proposed method. In
Sect. 4, three experiments evaluate the improvement and the performance by com-
paring the result of the proposed method with that of the existing method. In Sect. 5, we
draw a conclusion that provides a summary of the proposed method and future work.

2 Related Work

2.1 Existing Recommendation Systems for the Webtoon

There have been no precedent study of recommendation Systems for the Webtoon. The
recommendation services that the existing webtoon service platforms are providing are
limited to using content-based filtering and demographic filtering or so on. For example,
there are platforms provided by Naver, Daum and so on [14]. They recommend the
Webtoons which are preferred by users with common age and gender or which are in
same genre that the user preferred.

However, the content-based filtering works based on a description of the content or
the users’ choices made in the past. The demographic filtering suppose that the users
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with common personal attributes like age and gender will also have common prefer-
ences [12]. Therefore, the content-based filtering and the demographic filtering cannot
give high-performance recommendations if the system has not enough external infor-
mation [11]. The collaborative filtering, however, analyzes the users’ ratings without
much external information of a specific domain. Since the Webtoons are multimedia
contents, we propose recommendation system using the collaborative filtering.

2.2 Recommendation System Based on Personality Information

Personality of human consists of two parts. One is consistent behavior patterns and the
other is intrapersonal processes [7]. The previous researches have shown that the
personality is highly related to the preferences and tastes [9]. In other words, people
with similar personality would have similar behavior patterns and preferences. Hence,
we can predict a person’s preference of items by investigating users’ purchased items
or preferences whose personalities are similar to the person.

Recommendation System Based on the Big Five. There are studies on collaborative
filtering recommendation systems that use personality information to group similar
users [4, 17]. They apply the Big Five, the widely used personality model within
psychology. The Big Five is a hierarchical model of personality traits with five factors
[5]. However, since the Big Five measures personality traits on a dimensional scale,
they had to estimate similarities between all users. Thus, the scalability problem had
grown worse as a result of using the Big Five.

To solve the scalability problem, we propose to use the MBTI. The MBTI is leading
academic model of personality with the Big Five. On the contrary to the Big Five, the
MBTI is typological so that we can categorize users to 16 types. Since we make
personality-based neighborhood group by using MBTI, we do not have to estimate all
similarities between all the users. Thus, we can relieve the scalability problem.

Recommendation System Based on MBTI. Song et al. proposed recommendation
system based on collaborative filtering using emotional word selection and the MBTI.
They conducted experiments to show that the users with the same MBTI type will
select similar emotional words and have similar movie preference [8]. In the experi-
ments, they selected several movies and extracted emotional words for subjective
evaluation on the movies. Then, they classified subjects by the MBTI and encouraged
them to select the emotional words on each movie and to evaluate the rating for each
movie.

As a result of the experiments, the subjects with the same MBTI type had choose
similar emotional words and rated similarly except for extremely popular movies.
Finally, they drew a conclusion that the users with the same MBTI type have similar
emotions and preferences on the same movie. Thus, it is reasonable to use the MBTI to
recommend the movies. Since the Webtoons are narrative contents like the movies, we
propose a new approach to use the MBTI to recommend the Webtoons.
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3 MBTI-Based Collaborative Filtering

The collaborative filtering using the Big Five Factor personality model has been
already proposed. It has solved the data sparsity problem by building personality-based
neighborhoods using the Big Five. However, the Big Five measures personality traits
on a dimensional scale so recommendation system using the Big Five had to estimate
similarities between all users. Thus, the scalability problem, one of the collaborative
filtering’s major problem, had grown worse. Therefore, we need to develop a new
approach to relieve the collaborative filtering’s fundamental problems.

The MBTI-based Collaborative Filtering (MBTI-CF) can solve the data sparsity by
building neighborhoods using the MBTI. In contrast with the Big Five, the MBTI is
typological so users can be categorized into 16 types. Since the MBTI-CF makes the
personality-based neighborhood group by using the MBTI, we do not have to estimate
all similarities between all users. Thus, we can relieve the scalability problem. And by
using the psychometric questionnaire MBTI, we can make recommendation system
reflecting users’ personalities.

The proposed method consists of three major parts.

(1) Normalizing ratings and Grouping users by the MBTI: we normalize ratings to
unify the standard of ratings, and identify neighborhoods of the user using the
MBTI.

(2) Computing Similarities between users in a neighborhood: we compute similarities
between users using vector cosine similarity.

(3) Estimating Prediction of user-preference: we estimate prediction of user-preference
by computing weighted average of all the ratings for the item.

3.1 Normalizing Ratings and Grouping Users by MBTI

Standard points and measure of the rating scores vary across users, we need to unify the
standard of the ratings. Therefore, newly-arrived ratings are normalized by the Gaus-
sian Probability Model. This step is formulated as

preRu;n ¼ Fu;n � Fu
�!

r Fuð Þ ð1Þ

where Fu;n represents a newly-arrived rating that user u rated for item n, Fu
�!

and r Fuð Þ
are the average and standard deviation of the historical ratings rated by the user u
respectly. preRu;n indicates the preprocessed rating of which standard is unified. After
normalizing ratings, we identify a neighborhood of the new user by using the MBTI.

3.2 Computing Similarities Between Users in Neighborhood

We have to estimate all similarities between the users with the same neighborhood
before we make a prediction of the preference.
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In order to estimate the similarities, we adopted the vector cosine similarity, which
compares two users’ ratings by the cosine of the angle between the users’ corre-
sponding rating vectors [13]. The vector cosine similarity between user ui and uj is
given by

wui;uj ¼ cosðui!; uj
!Þ ¼ ui

!� uj!
ui
!�� �� � uj

!�� �� ð2Þ

where ui is i-th user, uj is j-th user, then ui
! is vectors consist of rating by the user ui and

uj
! is the vectors consist of rating by the user uj. And “�” denotes the dot-product of the
two vectors [2]. If R is the n� m user-rating matrix, then the similarity between two
users ui and uj is defined as the cosine of the n dimensional rating vectors corre-
sponding to the i-th and j-th row of the matrix R.

3.3 Estimating Prediction of User-Preference

In Sect. 3.2, the similarity matrix between the users is created. Each component of the
matrix has a similarity between the users, and the similarities are measured by using the
vector cosine similarity.

To make a prediction of the preference on an item i for active user a, a weighted
average of all the ratings on that item is given by

Pa;i ¼ �ra þ
P

u2Uðru;i � �ruÞ � wa;uP
u2U wa;u

�� �� ð3Þ

where �ra and �ru indicate the average ratings of all the items that the user a and user u
rated. wa;u is the weight between the user a and user u that we estimated in the
Sect. 3.3. The summation is over all the users u 2 U who have rated the item i. Finally,
we can predict Pa;i, which is the preference on the item for the user [2].

4 Experimental Results and Analysis

This section presents three experiments that aim to verify improvement of the proposed
method on three different foci: performance, robustness for the data sparsity and
robustness for the scalability [10]. In the first experiment, we compared performance of
the MBTI-CF with that of the CF. In the second experiment, the improvement of the
robustness for the data sparsity is verified. We verify the improvement of new-user
problem which is one of the major situations in that the data sparsity occurs. In the third
experiment, the improvement of the robustness for the scalability is verified by com-
paring a time complexity of MBTI-CF with that of CF.
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4.1 Experimental Environment

In order to collect Webtoons ratings, we conducted a survey of anonymous users by
Google docs. The questionnaire we distributed is shown in Table 1.

For question 6, we selected 20 Webtoons which are popular in different genre. We
finally have obtained 90 of survey replies.

4.2 Performance Evaluation

In order to evaluate the performance, we compared Mean Absolute Error (MAE) of the
MBTI-CF with that of the CF. The MAE is the most widely used measure of prediction
error of the CF [2]. It is an average of the absolute deviation between a predicted rating
and a real rating for the items. The MAE is formulated as

MAE ¼
PN

i¼1 ri � pij j
N

; ð4Þ

where N is the number of items, and pi and ri represent the prediction of preference and
the real rating of i-th item. A lower MAE value means better prediction performance.

Evaluation of performance was conducted as followings. First, we predicted users’
preferences of items using the MBTI-CF and the CF. Second, we measured MAE of the
two methods and compared MAE of the two methods.

As shown in Table 2, the MBTI-CF presents more stable performance than the CF
but shows a slight lower performance on average performance. The MBTI-CF shows
an improvement of 70.88 % over the given standard deviation and 50.96 % over the
given range. The MBTI-CF shows lower performance of 9.58 % over the given
average.

The results show that the performance of the MBTI-CF is more stable but less
accurate than that of the existing CF.

Table 1. Average, standard deviation and range of MAE of CF and MBTI-CF.

Question Choices

1 What is your MBTI type? ISTJ, ISTP, ISFJ, ISFP, INFJ, INTJ, INFP,
INTP, ESTP, ESFP ESTJ, ESFJ, ENFP,
ENTP, ENFJ, ENTJ

2 What is your gender? Male, Female
3 What age group are you in? * 10, 10 * 19, 20 * 29, 30 * 39, 40 * 49,

50 *
4 What method do you mostly use to

read Webtoons?
Smartphone, PC, Tablet PC, Comic book,

5 What Webtoon service platform do
you mainly use? (Pick two of
them)

Naver, Daum, Lezhin Comics, Toptoon, Olleh
Market, Nate, Kakao Page, Yahoo, etc.

6 Give ratings to these 20 Webtoons. 1 * 10
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4.3 Dealing with Data Sparsity

To verify the improvement of the robustness against the data sparsity, we investigated
the improvement of the new-user problem which is one of the major situation that the
data sparsity occurs.

The CF cannot recommend items to a new user since there is not enough user’s
historical rating. However, the MBTI-CF can estimate the new user’s prediction of
preferences on the items by assuming that the new user has the same weight to other
users in neighborhood.

To evaluate the performance of the MBTI-CF on the new-user problem, we
compared the MAEs under two circumstances, when the data of the user exist and
when the user is a new user. Figure 1 shows MAEs for each circumstance classified by
MBTI types and averages of them. Table 3 shows the average, standard deviation, and
range of the MAE for the two circumstances.

Table 2. Average, standard deviation and range of MAE of CF and MBTI-CF

CF MBTI-CF Improvement

Average 0.678 0.743 −9.58 %
S.D. 0.261 0.076 70.88 %
Range 1.042 0.511 50.96 %

Fig. 1. MAE of each MBTI type and average

Table 3. Average, standard deviation and range of MAE when data exist and when the user is
new user.

With users’ rating data Without users’ rating data

Average 0.743 0.772
S.D. 0.076 0.078
Range 0.511 0.523
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The results in Fig. 1 indicate the MBTI-CF performs similarly whether the data of
the user exist or not. The increase of average of MAE is 3.80 % when the user is the
new user.

As shown in Table 3, the stability of the performance has slightly reduced. The
standard deviation and range of MAEs when the user is new user had increased 2.63 %
and 2.34 % in percentage, respectively.

Observing the results, we can claim that the performance of the MBTI-CF is stable
whether the user is new or not

4.4 Improvement of the Scalability

To verify the improvement of the scalability, we compared time complexity of
MBTI-CF with that of CF. Let U be a set of n users and I a set of m items and k a size
of the neighborhood.

The collaborative filtering procedure is composed of 3 major parts: estimating
similarity, grouping the similar users and predicting the preference of the item. The
computation complexity of a user similarities to other users is OðnmÞ as explained
below:

In order to group the similar users, we have to find k users who are most similar to
the user to build a neighborhood. The computation complexity of grouping the similar
users is OðnÞ since we have to find k users which have maximum similarity to the user
in n users.

The computation complexity of predicting the preference of the item is OðkÞ since
we have to compute weighted average of 1 items for k users.

The most expensive computation of the classic CF is the computation of the
user-to-user similarities [16]. Since the MBTI-CF builds 16 neighborhoods by MBTI
types, we don’t have to estimate the user similarities of all the users to group the similar
users. We have to estimate similarities between the user and the users in the neigh-
borhood. The average neighborhood size will be n

16. Thus, the computation complexity
of the user similarities to the other users reduced in 1 over 16. The computation
complexity of predicting preference of the item is OðkÞ since we have to compute
weighted average of 1 items for k users.

Since the MBTI-CF does not have to estimate the user similarities of all the users,
the computation of user-to-user similarities is reduced linearly. Therefore, building the
neighborhood using the MBTI improves the scalability.
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4.5 Result Analysis

The results of the experiments show that the scalability problem in the existing CF is
relieved in the MBTI-CF. Also, the performance of the MBTI-CF is more stable than
that of the existing CF. But the performance of the MBTI-CF is less accurate than that
of the classic CF.

This is because there was a tradeoff between the accuracy and the scalability.
Grouping users by the MBTI could exclude a user who rated most similarly to the user
from the neighborhood. However, the scalability is improved since the number of
similarities that has to be computed is reduced.

The result of the second experiment shows that the performance of the MBTI-CF is
stable whether the user is the new user or not. Since we can identify the new user’s
neighborhood by his MBTI type, we can solve the data sparsity problem.

5 Conclusion

A large number of the Webtoon contents has caused difficulties to find relevant
Webtoons for users. Thus, we need a systematic process to recommend the users a
suitable Webtoon. We propose recommendation system using collaborative filtering
since collaborative filtering works without external data and performs high perfor-
mance. However the collaborative filtering has two fundamental problems: the data
sparsity problem, the scalability problem. In addition, the existing recommendation
systems for the Webtoons have difficulties with reflecting users’ personality.

In this paper, we proposed the MBTI-CF to solve the data sparsity problem and the
scalability problem by building personality-based neighborhood using the MBTI per-
sonality type. Also, the MBTI-CF reflects users’ personalities.

In order to verify the improvement of the proposed method, we conducted survey
of anonymous internet users to collect Webtoons ratings. The three experiments have
shown that MBTI-CF provides improvement in terms of the data sparsity problem and
the scalability problem. Also, the proposed method offers more stable performance.

In the future work, we will conduct testing of the proposed method with more
datasets and understand further about the performance of the MBTI-CF. The MBTI-CF
presents a more stable performance than the existing CF, but shows a slight lower
performance on average performance. Therefore, we will find solutions to improve the
performance of the MBTI-CF.
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