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Abstract Nowadays, information on museum collections have been stored as digital archives, and virtual mu-
seums using digitized information have been provided. With this rapid digitization, the information that visitors
can acquire about the museum exhibits has also diversified. For this reason, various learnings starting from the
museum, such as the use of mobile devices in museums and applications for pre-learning. Also, in the recent educa-
tion, interactive on-site learning is performed. Therefore, in the field of information engineering, the development
of interactive learning systems in museums is very active. However, the existing learning support systems mainly
focused on support for pre-learning and on-site learning, and there is not enough support to deepen the interests
gained in on-site learning and lead to more advanced learning. Therefore, it is necessary to connect the interests
gained at the museum to the next interests and more effective, scalable learnings. In this paper, we aim to extract
learners’ interests by analyzing learners’ interactions for exhibits on museum devices. For this, we propose the scor-

ing method based on four features of interaction data: keyword appearance frequency, keyword transition, media

type, and media transition. Finally, we evaluate our proposed scoring method through a user study.
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1. Introduction

Nowadays, information on museum collections have been
stored as digital archives, and virtual museums using digi-
tized information have been provided. With this rapid dig-
itization, the information that visitors can acquire about
the museum exhibits has also diversified. For this reason,
various learning is starting from the museum, such as the
use of mobile devices in museums and applications for pre-
learning. Also, in the recent education, interactive on-site
learning is performed. Information on exhibits is commonly
used in education as supporting information of learning con-
tents. Such information is provided on the online learning
platform. Wu[1] studied the use of “iPalace Channel” ™V,
the online learning platform of the National Palace Museum
of Taiwan. The result of the study shows the effectiveness
of the online content of exhibits. In particular, it is showed
elementary and middle school teachers generally think that

the video content of exhibits in the online learning platform

(#£1) : iPalace Channel, National Palace Museum, https://ipalace.
npm.edu.tw/\#

is quite effective in teaching. Also, recent studies have shown
the effectiveness of interactive learning using multimedia de-
vices. Li et al.[2] proposed a multimedia interactive sys-
tem for interactive learning of preschoolers. Their research
showed that adoption of the multimedia interactive system
and method based on preschool education make learners cre-
ative.

In our research, we define it as media in which learners can
get more information about exhibits than images and text in
section (2.2). While learners explore the information of ex-
hibits in class, there are three types of learning styles at the
museum: pre-learning, on-site learning, and post-learning.
The existing learning support systems mainly focused on
support for pre-learning and on-site learning. There are some
researches on approaches that connect learner’s interests and
features of exhibits on-site [3], while many existing learning
support systems are based on the approach of estimating
learner interests from the behavior in the museum. As one
type of post-learning, Spence et.al [4] proposed mobile ap-
plication that visitors exchange their experiences at the mu-
seum. However, there is not enough support to deepen the

interests gained in on-site learning and lead to more advanced
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Figure 1 Example of the multimedia museum device.

| [ GreeceP,Icon?, Icon®, GreeceP, IconP, AmericaP, Equipment?, America',
o Equipment?, Oaxaca”, Sculpture”, America®, Equipmentt, GreeceP, IconP,
AmericaP, Statue?, Goddess", IndiaP, StatueP, India', Statue?, India’, Statue* |

Interest | [ Greece, Icon, America, Equipment, Oaxaca, Sculpture, Statue, Goddess, India ]
scoring | = [0.45, 0.45,0.63,0.67,0.59, 0.59, 0.68, 0.24, 0.61]

.

|keywnrds| [ America, Equipment, Statue, India ] I

Figure 2 Example of interests extraction.

learning. Therefore, it is necessary to connect the interests
gained at the museum to the next interests and more effec-
tive, scalable learnings.

In our research, we aim to extract user interests gained
at the museum to provide post-learning content. Some re-
searches treat learners’ interests in a museum as dynamic.
Hatala et.al [5] proposed an augmented audio reality system
“ec(h)o”, the knowledge-based recommender system for mu-
seums. It is linking the environment, interaction, objects and
users at an abstract semantic level instead of at the content
level. Our research also treats user interests as dynamic,
and they are extracted from user interaction log data. In
this paper, in order to extract learners’ interests, we first an-
alyze learners’ interactions for exhibits on museum devices.
Then, we propose the scoring method based on four features
of interaction data: keyword appearance frequency, keyword
transition, media type, and media transition. Also, we pro-

vide an interface to visualize learner’s interests.
2. Extraction of Learners’ Interests

2.1 Keywords Extraction from Operation Data

In this research, we extract learner’s interactions on a mul-
timedia device of a museum as their interests: tablet-type
devices with direct access to videos, pictures, related links,
etc as in Figure 1. The top part of Figure 2 presents an ex-
ample of the extraction of keywords from operation log data.
All nouns are extracted from words in hashtags, text, cap-
tion, title in operation log data of the museum device based
on the morphological analysis. Then the keyword string is
generated with nouns and media types. In this research, we

extract four media types: hashtag, picture, text, and video.
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Figure 3 Example of scoring.

2.2 Interests Extraction by Scoring Methods

To determine keywords as learner’s interests, we score on
nouns in operation log data based on the following four scor-
ing methods: keyword appearance frequency (f), keyword
transitions on Wikipedia category structure (g), media type
(h), and media type transitions (¢). These scoring methods
were set based on the following three conditions: nouns se-
lected repeatedly by the learner, nouns selected consecutively
by the learner, and nouns selected in multiple media by the
learner.

a) f: keyword appearance frequency

The left part of Figure 3 shows an example of scoring based
on keyword appearance frequency. Keyword appearance
presents learner’s interaction on keyword, and interaction on
a keyword may indicate an interest in keywords that belong
to a superordinate category. Therefore, the score is given
to keywords in the superordinate category of the Wikipedia
category structure when it exists in operation data.

b) g keyword transition on Wikipedia structure

The scoring by keyword transitions is based on the number
of transitions on the Wikipedia category structure, and the
score of the first keyword is 0. The middle part of Figure 3
presents an example of scoring based on keyword transitions
on the Wikipedia category structure. Since interaction on
a keyword may indicate an interest in keywords that be-
long to a superordinate category, there are three types of
score: transitions to keywords without superordinate cate-
gory (1.0), keywords within the same superordinate category
(1.5), the same keyword (2.0).

¢) h: media type

The scoring by the media type is conducted based on a
specific score of each type of media interacted by learn-
ers. This score was set as below based on the assumption
of the amount of information that each media can provide
to the learner and the viewing time. The scores of the
hashtag, picture, text, and video are represented as follows:
h(1.0) < p(2.0) < t(3.0) < v(4.0).

d) i:

In this scoring method, switching to different media is

media type transition

scored in binary. When learners interact with the same me-
dia continuously, the score will be 0.

Interest score of a keyword Interests is calculated by fol-



Table 1 Results of extraction

Respondents Extracted keywords Recall | Precision | F
1 A | America, bangle, Zuni, pincushion, Navajo, necklace, decoration, Venezuela, | 0.67 | 0.75 0.71
ornament, Solomon Islands, statue
B | America, bangles, decoration 0.33 1.00 0.50
2 A | Morocco, candlestick, board, bow, Papua New Guinea, basket, Oceania, 0.67 0.20 0.31
ritual, statue, Hawaiian Islands, jar, hook, living in the sea, Caroline Islands,
Yap, Samoa, fishing basket
B | Morocco, Oceania, Hawaiian Islands 0.67 0.67 0.67
3 A | Oaxaca, statue, Peru, calendar, North Korea, mask, South Korea, ritual, 0.63 | 0.42 0.50
China, dynasty, Mali, clothes
B | America, necklace, Zuni, Peru, calendar, North Korea, mask 0.38 0.43 0.40
4 A | America, tool, Oaxaca, statue, sculpture, goddess, India 0.67 0.33 0.44
B | Greece, icon, America, tool, Oaxaca, statue, sculpture, goddess, India 1.00 0.50 0.67
5 A | America, Colombia, Pipe, Peru, collapsing tool, Bolivia, Mexico, Mask, 0.40 |0.17 0.24
Europe, USSR, dress, Model, Kazakh
B | America, Mexico, Mask, Europe, USSR 0.20 0.20 0.20
Table 2 Results of Q1
Respondents Answered keywords
1 C | America, bangles, Zuni, Navajo, necklace, decoration, Venezuela, Solomon Islands, statues

Papua New Guinea, Oceania, Hawaiian Islands

necklace, statue, Peru, mask, ritual, Nigeria, sculpture, Mali

Greece, America, sculpture

T W N

Guitar, Eating, Bolivia, Europe, dress

lowing equations. Firstly, the score a the keyword (k) is
normalized as Fj. Then score of g, h and 7 of a keyword (k)
at a point of operation log are normalized as G p, Hg,p, and
Hy . Yy p is the normalized value of Xy, ,, and Interesty is
the Average value of the all values of an identical keyword
(k) at all points of operation log. Then, keywords with a
threshold of 0.50 or more are extracted as objects of interest

for the learner.

Xip=Fe +Grp+ Hep+ Inp (1)
—Xk, _szn
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3. Evaluation

To evaluate the effectiveness of the proposed method, we
compared the evaluation result of recall, precision and F
value of keywords extracted by the proposed method (A)
with the evaluation results based only on the keyword ap-
pearance frequency f (B). Evaluation data is the operation
log data in which five respondents operated a multimedia de-
vice for three minutes and keywords extracted from the log
data based on the proposed method. To evaluate the rela-
tionship between the intentions of the respondents and the

tendency of the operations, the respondents answered the

intentions of operations while they are operating the device.
In the evaluation, the respondents watched the video of their
operation, and then answered the questions below. In QI,
nouns extracted from the respondent’s operation log were
presented as a keyword list. In Q2, the respondent freely
described the intention of the operation.

e QI: Select keywords of your interest from the list.

e (Q2: For what purpose did you interact with the app?

The results of Q1 shown in table 1 and table 2. The recall
of keywords (A) extracted by the proposed method is high
(bold part). This result indicates that it is possible to ex-
tract keywords indicating the learner’s interest. In addition,
the highlighted part in the table indicates that the keywords
(A) have a higher F value than the keywords (B). In Q2,
respondents 1, 3, and 5 answered that ”I operated to learn
more about the topic I was interested in.”, ”I operated to see
the information of related exhibits based on pictures that I
was interested in.”. According to these results, it became
clear that the interest extraction method in our research is
effective for learners who want to know in detail about the
exhibits and topics of interest. This result also shows the va-
lidity of the setting conditions of f, g, h, and i in the scoring
method described in section 2.

On the other hand, respondent 2 answered that ”First I
operated to browse the objects of interest at random. Af-

ter that, I operated to learn more about the exhibits I was



interested in.” in Q2. The F value of (A) was lower than
the value of (B) in the result. The reason that the keywords
of interest could not be accurately extracted from the log
data based on the proposed method is probably due to the
random interaction of respondent 2 whose purpose of the
operation was not specific. Therefore, It was found that it
was difficult to extract the interest of learners who interact
with the information of the exhibits randomly based on the
proposed method. Besides, respondent 4 also replied, ”I op-
erated to see the information on the exhibit I was interested
in.” However, the F value of (A) was low. This is probably
because respondent 4 spent a long time browsing the media
containing each word, and the number of keywords extracted
from the log was extremely small. Therefore, It is considered
that a more effective extraction of learner’s interest can be
achieved by extending the log acquisition time or incorpo-
rating the browsing time for each medium in the log as an
additional scoring method.

Respondents who browsed in detail on a particular topic
imply their interests in various keywords, and respondents
who browsed randomly in various topics mainly imply their
interests in location names or area names. therefore, when
the target is limited to contents having characteristics of time
and place, such as exhibits data of museums and art muse-
ums, post-learning based on the area and location is may be
suitable for learners whose interests are not clear.

Regarding the media selection tendency, there was no dif-
ference in the type of media selected by respondents. They
tend to select mainly images regardless of intention.

As a result, this evaluation revealed that the proposed
method can extract interests that reflect the learner’s in-
tention to obtain detailed information on specific topics con-
tained in the exhibits. Therefore, it is possible to extract
a keyword of interest suitable for the post-learning for the
learner to deepen the interest obtained in the on-site learn-
ing. Also, it was found that more effective interest extraction
can be expected by incorporating the scoring method media
browsing time in the future.

Our proposed scoring method focused on the hierarchi-
cal relationship of keywords in the category structure of
Wikipedia. Interest extraction method based on Wikipedia
category information has already been proposed in a research
by Yang et al [3]. They extracted more conceptual and var-
ious interests of visitor of museum based on the analysis of
the links of the Wikipedia pages that corresponded to the
keywords. The problem with their proposed interest extrac-
tion method is that they extracted some keywords that are
too general and conceptual. On the other hand, the key-
words of interest extracted based on our method are limited

to nouns included in the multimedia device in the museum,
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Figure 4 User interface.

and may not sufficiently express the conceptual interests of
learners. Therefore, similar to the method of Yang et al. , it
is necessary to extract not only keywords included in multi-
media devices but also keywords of interest from Wikipedia
pages. In future work, it may be possible to extract more
conceptual interests from the upper categories of the pages
corresponding to the keywords; based on the hierarchical re-
lationship in the category structure of Wikipedia we focused

on this research.
4. User Interface

This interface in Figure 4 is designed to visualize a learner’s
interests in exhibits and recommend video scenes for post-
learning. The learner’s operation log is displayed at the
bottom of the interface, and keywords extracted by inter-
est extraction from the log are displayed as tags. Then, the
scene(s) related to the tag is recommended by selecting the
tag(s).

To make the post-learning effective, it is necessary to ex-
tract a scene suitable for the post-learning, not the whole
video. Also, the learner should be able to dynamically select
the extracted scenes. Huh et al. [6] focused on hyperlinks in
a system that recommends videos based on learner interest.
They proposed a method of extracting the target of the video
viewer’s interest based on the ER (entity-relationship) model
and creating a smart video in the e-learning domain. This
smart video contains hyperlinks to other resources such as
books, dictionaries, location information, people, and other
videos, and these hyperlinks will be effective in deepening the
interest and knowledge that the learner has gained in the mu-
seum’s on-site education. Therefore, our proposed method
extracts interest from learner’s interaction with multimedia
devices in the museum. Similar to the work of Huh et al.
it is possible to generate hyperlinks based on the extracted
interests. Since post-learning requires more advanced and
advanced learning, it is necessary to link learners’ interests

with the topics they need to learn. However, creating links



based only on learners’ interests is not enough to support
post-learning. The topics that learners should learn could
be based on their learning history, their tendency to answer
These

methods will correspond to the Sequential-global continuum

test questions, important topics in textbooks, etc.

(how learners prefer to organize and progress toward un-
derstanding information) among the four dimensions in the
learning style model of Felder and Silverman [7]. Sheeba et
al. [8] proposed and evaluate the algorithm that determines
the learning style of learners based on the Felder and Sil-
verman model in the e-learning domain. Their evaluation
method will be very effective in extracting and evaluating
post-learning content.

Based on the evaluation results, our proposed method can
classify learners into two types: learners of type A are learn-
ers who want to learn more about particular topics; they
tend to repeatedly select the same topics, continuously se-
lect the same topics, and being interest in various topics. By
combining the keywords extracted by the proposed method
with the items to be learned, it will be able to help them
learn about the topics they want to know in-depth. Type B
are learners who are interested in topics at random. They
change topics frequently and are less likely to return to the
same topics. Also, they tend to be interested mainly in the
location names and area names. Items to be learned and
location names among keywords extracted by the proposed
method should be used to extract post-learning content for
them. However, the development of these methods will be

excluded from our research topics as future works.
5. Conclusion

In this paper, we proposed a method to extract and vi-
sualize learners’ interests from operation logs of multimedia
devices in museums. As future work, we plan to propose a
video content extraction method for post-learning support
by analyzing the learner’s learning styles based on classifica-
tions of important topics in textbooks and the tendency of
the learner’s operations. Bakkay et al.[9] developed a sup-
port protocol for the creation of educational video content for
teachers without technical background. The goal of our re-
search is to propose a dynamic scene extraction method using
hyperlinks between video scenes based on an interest extrac-
tion method to recommend video content for post-education.
If this goal is achieved, it is expected that teaching using edu-
cational video content will be easier for teachers and learners
will be able to learn more scalable.
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