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Abstract: By providing a high degree of freedom to explore information, QA (question and answer)
agents in museums are expected to help visitors gain knowledge on a range of exhibits. Since
information exploration with a QA agent often involves a series of interactions, proper guidance is
required to support users as they find out what they want to know and broaden their knowledge. In
this paper, we validate topic recommendation strategies of system-initiative QA agents that suggest
multiple topics in different ways to influence users” information exploration, and to help users
proceed to deeper levels in topics on the same subject, to offer them topics on various subjects, or
to provide them with selections at random. To examine how different recommendations influence
users’ experience, we have conducted a user study with 50 participants which has shown that
providing recommendations on various subjects expands their interest on subjects, supports longer
conversations, and increases willingness to use QA agents in the future.

Keywords: context-aware services; education technology; human—computer interaction; learning
management systems

1. Introduction

With the growing expectations of a high degree of freedom in questioning, QA agents
have been applied to various domains, such as education, financial services, and coun-
seling [1-3]. Introducing QA agents to museums has been tried to help inform visitors
of background knowledge and details about exhibitions [4,5]. Due to the enormity of
cultural heritage digitally archived in museum collections, people find the exploration of
such a huge repository of information to be intimidating and difficult. For this reason,
QA agents are considered to be a reasonable solution to guide people in navigating these
knowledge spaces effectively [6]. QA agents have been developed which can answer
any question posed by users, but users still encounter the basic problem of not knowing
what to ask. Human docents in museums often promote conversation by giving hints or
guidance to stimulate visitors” interest and provide a better understanding of exhibits [5,7].
Similarly, QA agents are required to interact with people in order to better explore cultural
information [6].

QA agents in many contexts receive natural text input from users, and prior studies
have mainly focused on improving the accuracy of how to understand the intention of
users’ queries [8,9]. Such interaction with user initiative is appropriate when the user
knows which questions to ask, but common users may find it burdensome to type proper
questions that can be interpreted by the system [6,10]. For this reason, many applications
in practice employ system-initiative QA agents, which includes, for example, interactions
based on canned scripts, with agents proactively guiding users to explore the knowledge
space. By taking the lead in its interaction with users, a QA agent can help them pro-
gressively navigate information by providing several options from which the users can
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choose [11]. In this paper, we design a system-initiative QA agent that provides infor-
mation related to Asian contemporary culture and art. The agent proactively suggests
several canned-script questions, and the user selects the most preferred one. The interaction
continues with the repetition of suggestions, selections, and answers. The questions that
the agent suggests are important for helping the user gradually proceed with information
exploration in successive turns. The maintenance of context between agent and user is
especially important in making the interaction informative and enjoyable [12]. The issues
of maintaining context in the conversation has been relatively less studied, but we notice
that people often discuss a series of similar topics [13]. Thus, we classified the knowledge
base (comprised of question—answer pairs) based on levels, the difficulty of questions, and
topics and categories of questions. We examine three strategies to compose the suggested
questions for each turn: stressing the level, presenting more topics, and random suggestion.
We conducted a user test with 50 participants to investigate the effect of level and topic
in expanding users’ interest across topics, engaging them in information exploration, and
their willingness to use QA agents in the future.

2. Related Works
2.1. Agent Initiative Strategies for Helping Users

Posing a question to a QA agent can be difficult for users without information or
guidance, so the importance of giving hints or suggestions that make it “clear what to
do” has been highlighted in previous studies [11,12]. These agent initiative strategies help
users progress easily to subsequent turns by providing hints as to what they can do. For
example, agents can notify users of their options at the beginning of their interaction [11]
or suggest options in the event of a breakdown [14]. Such strategies include giving
suggestions and constantly displaying general functions on buttons and cards [11]. These
“clear what to do” strategies make users confident in proceeding with their information
exploration and help to increase users’ trust, satisfaction, and willingness to continue
using the agents [15-17]. However, these strategies can only help the conversation proceed
by capturing or recovering attention in a single turn of question and answer. Moreover,
information exploration is a subsequential process that requires context awareness for
displaying information relevant to the user’s current task [10,12] and a proper guidance
strategy to expand users’ knowledge [6].

2.2. Adapting the Scaffolding Method into the Subsequential Process of Information Exploration

Scaffolding refers to the pedagogical strategy devised by psychologist Lev Vygot-
sky [18]. In this theory, a scaffold is a kind of support that helps learners achieve goals
which they cannot approach by themselves [18]. The central tenet of scaffolding theory is
that learners and enabled to achieve a goal with the help of factors in learning, such as
teachers, colleagues, or tools [19]. Prior works on computer-based learning with agents
adopted the theory and its strategies for this reason [20,21], but early scaffolding theory
as suggested by Vygotsky, which aimed to expand knowledge and interest from learners’
prior knowledge, deals with broader theoretical issues [22]. Previous studies tried to adopt
it in practical fields, especially when investigating how to give guidance according to
learners’ state of interest and comprehension [22,23]. Significantly, strategies were devel-
oped focusing on how to suggest a scaffold at the right relevance level and at the right
moment [24]. Scaffolding also helps learners proceed with information exploration in a
self-regulated way, whereby they can manipulate the process of learning according to their
level of interest or state of understanding [24,25]. In this study, we adopt a scaffolding
strategy used by teachers in classrooms and by docents in museums who give guidance and
hints during conversations. Two orientations can be considered for suggesting guidance
that can act as scaffolds in learning through conversation. The first one deepens the level
related to the state of understanding, and the other one changes the subject according
to users’ interests [22,26,27]. When developing QA agents for the study, we constructed
the DB (database) in levels and subjects and designed topic recommendation strategies
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to direct QA agents to support users’ self-regulation during information exploration by
giving recommendations as scaffolds.

3. Context-Based Database and Recommendation Strategies for QA Agents
3.1. Context-Based Database Construction

To facilitate users’ self-regulation during information exploration, we constructed the
database (DB) for our QA agents with two contexts: levels and subjects. The construction
of a DB with a sufficient level of complexity and subjects enables agents to map the process
of information exploration. By doing so, agents can give recommendations according to the
relevance of adjacent topics or deeper-level topics to the current location in the knowledge
space. The levels indicate the users’ degree of understanding of subjects, while subjects
indicate the elemental content in the domain. In this knowledge space, we anticipated
that users can choose questions in a self-regulated way based on their comprehension
and interests.

We classified the six levels according to Bloom’s taxonomy, which classifies educational
objectives into levels of complexity [28]. It covers low-level educational objectives, such as
factual knowledge (e.g., name, location, or year) all the way to high-level knowledge, such
as meta-knowledge, e.g., comparison with other points of view [29]. Bloom's taxonomy is
used in educational fields because its classification of knowledge helps teachers deliver
appropriate instruction [29]. We classified the adjacent subjects as themes based on the
knowledge graph of the anonymized institution’s archive page, which contains an array of
content, including background knowledge of historical events of contemporary Asia and
information on the character of its architecture, urban culture, and popular culture [30].
The database configurations are shown in Figure 1. Each DB set has three themes—for
example, (1) contemporary Asian architecture, (2) urban life in Asian cities and (3) Asian
cinema—and two subjects for each theme—for example, the subjects of the theme “contem-
porary Asian architecture” are (1) styles of contemporary Asian architecture and (2) the
effects of government development initiatives on contemporary Asian architecture. Six
subjects were therefore constructed for each DB set. While levels and subjects are classified
into six layers, we constructed 36 topics for each agent, so the maximum number of turns
is 36.

Theme Subject

The characteristics of the library park exhibition
Overview of modern and contemporary Asian culture
I e R The characteristics of colonial rule and liberation
Relationship between culture and society
Classification of Asia
Western, Asian, and modern times
Overview of Asian cities and exhibitions
Architecture, technology, international cooperation, fagade exhibition
tv) 1RSian ity and Arehitecnire Exhibition Cities, societies, national formation and architects
Population density and compressed city model
Redevelopment Plan for Asian Cities, Architecture, and Historical Zones
Asia’s Electronic Shopping Center
1. Photos from Asia
2. Asia’s Video Art
B 3. Asian movies
(Z)_ 4. Experimental Asian movies
5. Asia’s performing arts
- 6. Asia’s performance arts

Figure 1. Data configuration: theme and subject.

3.2. Show Me the Way: Topic-Recommendation Strategies

To evaluate the effects on the process of information exploration with QA agents
according to given recommendations, we designed context-based topic recommendation
strategies. When our QA agent suggests four candidate questions from a pool of poten-
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tial questions, it considers the level and subject of the questions. Among the suggested
questions, the user may select one in a self-regulated way.

3.2.1. Depth-Oriented Strategy

The depth-oriented strategy is designed to help users manipulate the process of
exploration with the self-regulation of levels according to their understanding of subjects.
We expected that this would make them engage more consistently with subjects, so it
provides two selections from two upper-level topics from the current position, one selection
from a lower-level topic and the other from the same level (See Figure 2a). When a level
five or six topic is reached, the selection that yields a higher topic gives a level one topic
from the next subject.

Theme 1 Theme 2 Theme 3 ‘ Theme 1 Theme 2 Theme 3 Theme 1 Theme 2 Theme 3
Subjects/ Subjects/ | Subjects/ 1
Levels Subject | Subject | Subject | Subject | Subject | Subject Levels Subject | Subject | Subject | Subject | Subject | Subject Levels Subject | Subject | Subject | Subject | Subject | Subject
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
Level 6 Level 6 Level 6 Option
Evaluation Evaluation Evaluation 1
Level 5 Level 5 Level 5 Option
Synthesis Synthesis Synthesis 4
Level 4 Option Level 4 Level 4 Option
Analysis 1 Analysis Analysis 2
Level 3 Option Level 3 Option Level 3
lication 2 Application 4 Applicati
Level 2 Selected | Option Level 2 Selected | Option | Option Level 2 Selected
Comprehension | Answer 4 Comprehension | Answer 1 2 Comprehension | Answer
Level 1 Option Level 1 Option Level 1 Option
Knowledge 3 | Knowledge 3 Knowledge 3
(a) Depth-oriented (b) Various-subjects (c) Random

Figure 2. Examples of recommendations presented by the three strategies.

3.2.2. Various Subjects Strategy

The various subjects strategy focuses on self-regulation according to users’ interests,
where we designed it to allow users to switch subjects easily. As shown in Figure 2b,
selections consist of two adjacent subjects at the same level as the current position and
one higher- and lower-level topic in the same subject from the current position. When it
reaches a level six topic, the selection that yields a higher topic gives a level one topic from
the next subject.

3.2.3. Random

For comparison with the context-based recommendation strategies, we also developed
a QA agent that gives selections randomly. It gives four selections randomly without
considering topics that users have already chosen and examined the answers for (see
Figure 2c).

4. Methodology

To see the effects of the topic recommendation strategies, we conducted a model
comparison user test. We recruited 50 participants (25 males and 25 females) of ages
ranging from 19 to 33 (M = 24.36) years. Due to COVID-19 and enhanced precautions
against the pandemic, 20 participants took the test live in the laboratory and 30 participants
took the test online. Note that we confirm that there is no significant difference between
them. Table 1 shows the participant’s demographic information. The experiment was
conducted mostly on people who have never visited the museum or who are not familiar
with it. Therefore, the possibility that prior knowledge would affect the experimental
results was excluded. To provide background, the participants watched a video depicting
a virtual tour of the museum which gave them context of the QA agents on the day before
the test. Then they checked the topics in which they were interested and wanted to know
more about. In the main study, the participants took a model comparison test. In the model
comparison, the number of times the user checked the question-answer set was regarded
as a turn taken, and the results of logging were compared. The order of agents differed
among participants and the DB sets were allocated differently from among three DB sets.
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To compare the engagement with the agents, participants were told that they could finish
their information exploration with the agents whenever they wanted by clicking the finish
button, which was displayed along with the four suggested selections at every turn. After
finishing with the QA agents, they took a survey based on the technology acceptance model
(TAM) [30]. In addition, the participants had to check the topics in which they were newly
interested or wanted to see related exhibits of. The user test took 40 min on average, and
each participant was compensated $10 for his/her time. The overall process, including the
experimental setting, user study procedure, and results analysis, is visualized in Figure 3.

Table 1. Participants” demographic and background information.

Mode Percentage
Gender
Male 25 50
Female 25 50
Visit Experience of Anonymised Museum

Never visited 39 78

1 to 3 times 7 14

Above 4 times 4 8

The Frequency of Visiting Museum

Once a month 0 0

Once every 2-3 months. 8 16

Once every 6 months. 9 18

Once a year 17 34

Less than once a year. 16 32

The Purpose of Visiting Museum (Duplicate check allowed)

To consume exciting content 38 76
To share own feelings with company 27 54

To acquire knowledge 13 26

To get some ideas from museum 20 40
To appreciate the exhibits and relax 36 72

Experimental (x) Overview of Asian Culture/Exhibition (a) Depth-oriented
Setting (y) Asian City and Architecture Exhibition (b) Various-subjects
(z) Asian Art and Popular Culture Exhibition (c) Random
(3 Theme X 2 subject) X 6 Level of Bloom’s taxonomy
= Total of 36 Question-Answer sets
User Study
e Introductory Video [» P> [ 2 )
Procedure of Museum Tour ® Interest in Topics © DB-Model * Imarest o.f TOPI.C
and Exhibitions (Counter-Balanced) e TAM Questionnaire
1_ l T @ Exploration on the Same Subject
Result @ Analysis of Topic Precision
Analysis

l

@ Analysis of Topic Introduction

Figure 3. Experiment process flowchart.
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5. Result
5.1. Questionnaire Analysis

The TAM evaluates a user’s acceptance based on three sections: perceived usefulness,
perceived ease of use, and intention to use [30]. The questionnaire and its results are shown
in Table 2. For all participants, there was no significant difference between giving depth-
oriented options and giving options from various subjects. We notated mean value with
M and standard deviation with SD. Against the random strategy (M = 3.56, SD = 1.265),
specifically, both the depth-oriented strategy (M = 3.96, SD = 0.879; p < 0.05) and strategy
of various subjects (M = 4.02, SD = 1.059; p < 0.05) resulted in participants wanting to visit
the museum, and to explore the information introduced by the agents in general (Q12).
Participants recognized that the depth-oriented strategy was better than that of the random
one for three reasons (Q1, Q5, Q9). Moreover, all three of these reasons were related to
the participants’ self-regulated choosing of questions from given selections. In the case
of selections given from various subjects, participants replied that it was better than the
random strategy for two reasons (Q3, Q4). Q3’s result is related to the will to explore
more information. Q4's results signified that participants’ exploration of diverse subjects
(M =3.86, SD = 0.947) made them feel more knowledgeable about the subject compared to
the random strategy (M = 3.28, SD = 1.143; p < 0.01).

Table 2. Results from questionnaire after using each model.

TAM No Questionnaires All Participants Keep Going What Else Whatever
Sections ’ (n = 50) (n =25) (n=31) (n=23)
Selections help the ek
subsequential information — )
1 exploration with themes I A>B>C A;B>C A>B>C A>C>B
focused on
Perceived p | Selections help to explore topics B>A>C A=B>C B>A=C B=C>A
with various subjects
Usefulness 5 T selocti . " — -
uggested selections make me — 1 T
3 want to explore more turns B>A>C $T>IB>C B>A> C>A>B
By using the agent, I explored — ki —
4 subjects profoundly B>A>C A>B>C B>A>C B>C>A
Questions in suggested . *%
5 selections reflected well what I ASB>C A|_>L>_|B>C B>A>C C>B=A
want to ask
Questions in suggested
6 selections were difficult than B>C>A A>B>C C>B>A A>B>C
what I wanted to ask
Perceived Questions in suggested * *
Easy of Use 7 selections were easier than what A>B>C ASB>C A:‘B>C A>B=C
I wanted to ask
There were times that I wanted * *
8 to ask other questions than that C>B>A C>B>A C>B>A C>A>B
of suggested selections
It was easy to choose questions —— e —
? for the next turns A>B>C A>B>C C>A>B C>A>B
*% * %* %%
10 Wa.n.t to use the QA agent when B>ASC CoBoA B' A> Cl CI_|> ASB
I visit the museum =] [ L
Want to recommend the QA ko —EE *
Intention to Use 11 agent to acquaintances who will B>A>C IE{;,B>& B>A>C C4A>B
visit the exhibition ki xE
Want to visit the exhibition — — X —
12 related with subjects I explored B>A>C ‘?‘iBfC B>A>C C‘ILJ'X>B
with the QA agent - ** - x

Notes: A, B, and C in the table refer depth-oriented, various subjects, and random strategies, respectively (*: p < 0.05, **: p < 0.01, ***: p < 0.001).
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In addition, we divided all the participants into three groups according to model
preference. We scored the preference of each participant by the sum of their “willingness
to use” (Q10, Q11, Q12). We named them: ‘Keep going’ (a group of 25 participants who
preferred the depth-oriented model), “What else’ (a group of 31 participants who preferred
the various subjects model), and ‘Whatever’ (a group of 23 participants who preferred the
random model) for each group. There were tied scores between models for individual
participants (15 tied scores between the depth-oriented and various subjects models, 13
between the depth-oriented and random models, and 11 between the various subjects and
random models), and we excluded ties from the analysis on each preference group. ‘Keep
going’ had a strong preference for depth-oriented exploration over the others (Q3) and
they felt that agents with other strategies do not reflect well what they wanted to ask (Q8).
Moreover, ‘Keep going’ felt easy about selecting next turns from depth-oriented (M = 4.1,
SD = 0.737) rather than various subjects (M = 3.1, SD = 0.875; p < 0.01) models (Q9). For
‘What else,” significant differences between various subjects and others were related to
helping the information exploration with focused subjects (Q1) and the ease of selecting
the next turns (Q9). Moreover, they responded that the various-subjects model (M = 3.777,
SD = 0.666) helped them get to know subjects on a deeper level than the depth-oriented
model (M =3.222, SD = 0.441; p < 0.05) (Q4). Aside from the differences between context-
based strategies, “‘Whatever” show significant differences between random and others in
the perceived ease of use section. They responded that others suggested more difficult
questions than they expected (Q6) and that randomly given suggestions reflected well what
they wanted to know (Q5) and that it was easy to select questions for the next turns (Q9).

5.2. Search Behavior Analysis
5.2.1. Exploration on the Same Subject

For how many turns did users continue with questions on the same subjects? We
compared the average number of questions selected from the same subjects for each strategy.
As shown in Figure 4, both the depth-oriented (M = 2.841, SD = 0.899) and various subjects
(M =2.028, SD = 0.863) models led to more same-subject exploration than the random
model (M =1.251, SD = 0.224; p < 0.001). Users also recognized that they maintained the
same subjects more according to the questionnaire (Q1). The replies for the depth-oriented
model were significantly higher than that of the random model. Even in each of the three
preference groups, we found out that the depth-oriented model led to greater subsequent
same-subject exploration than others. However, users from each group replied to Q1 that
they perceived that their preferred strategy helped with same-subject exploration the most.

5.2.2. Analysis of Topic Precision

To evaluate the precision rate of the strategies for increasing self-regulation according
to users’ interests, we analyzed the proportion of selected questions that paralleled the
topics that users stated that they were interested in during their exploration. According
to the results shown in Figure 5, topics from the various subjects model (M = 51.33,
SD = 24.082) afforded users more ease to explore their topics of interest than both the
depth-oriented (M = 43.42, SD = 27.172; p < 0.01) and random (M = 35.71, SD = 21.96;
p < 0.001) strategies. The depth-oriented model still gave better interest-based selections
than that of the random model (p < 0.05). However, the users’ feedback was slightly
different than the precision rate analysis. In the results of Q5, “Composition of selections
were well reflected with what I want to ask,” the only significant result found was in the
comparison between the depth-oriented and random models (p < 0.01). For each preference
group, the only significant differences were that the various subjects model give more
chances of exploration based on users’ interests than that of the random model from ‘What
else’ (p < 0.001) or “‘Whatever’ (p < 0.01). Nevertheless, “‘Whatever’ still felt that randomly
given selections (M = 4, SD = 0.707) reflected their interests better than the depth-oriented
(M =3.222,SD =0.971; p < 0.05) and various subjects (M = 3.09, SD = 0.943; p < 0.05) models
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(Q5). The analysis of the precision rate shows that giving selections from various subjects
helps the exploration of what users wanted to ask before.

B Depth-oriented M Various-subjects = Random

*k%k

7 *kk *kk

.

M= 2841 2.028 1.251
SD= 0.899 0.863 0.224

v

o

w

Average number of
same subject exploratmn
~N

0

Figure 4. Comparison of information exploration for the same subject.

B Depth-oriented Wl Various-subjects Random
*

*% *k%k

100 |
920 T
80
70
60
50
40
30 i
20
10
0 4

M= 4342 51.33 35.71
SD= 27172 24082 21.966

Precision rate (%)

Figure 5. Precision rate of prior interested topic selected during the turn taking process.

5.2.3. Analysis of Topic Exploration

To find out when users showed high engagement with agents, we compared the
average number of turns taken (see Figure 6). More turn taking means users explore
more topics with agents, which increases their chance of exploring all topics. For the
various subjects model (M = 19.46, SD = 10.526), all participants proceeded with more turn
taking compared to the random model (M =17.02, SD = 9.5333; p < 0.05), but no statistical
significance is shown for differences with the depth-oriented model (M = 18.4, SD = 9.8).
From the perceived usefulness section, users perceived that suggestions made by the
various subjects model made them proceed with more exploration (Q3) than the suggestions
made by the random model (p < 0.05). Additionally, we evaluated the correlation between
the preference of strategy and the turn taking number by group. Although there were no
significant differences between strategies for each group, we found that users explored
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more with their preferred strategy, with the exception of one case in “‘What else’. In addition,
users also replied that their preferred strategy made them proceed with more exploration
(Q3). Significantly, ‘Keep going’ perceived that suggestions from the depth-oriented model
made them proceed with more exploration than the various subjects (p < 0.01) and random
(p < 0.01) models. Moreover, “‘What else’ recognized that suggestions from the various
subjects model made them want to explore more than the random model (p < 0.001).

B Depth-oriented Wl Various-subjects | Random
*

]

w
U

w
o

]
ul

N
o

turn-taking
o

iy
o

Average number of

U

|

M= 18.4 19.46 17.02
SD= 938 10.526  9.533

Figure 6. Average turn taking number by each model.

To see which factors affect the turn taking number, we conducted a survey on why
users stopped information exploration after using each agent. In general, participants
stopped the interaction because the agent did not suggest what they want to know in
selections (27% on average). Users felt fatigue during exploration with the random model
(18%) more than with the depth-oriented (4%; p < 0.01) and various subjects (6%; p < 0.05)
models. This interview shows that this is related to the absence of context awareness
for selections:

“Unlike other agents, in this case (using random), most of the questions that gave
selections were not related to subjects that I have explored. And some questions
were from subjects that I explored already. It made it difficult to choose questions
for the next-turn.”—a ‘What else” user.

Therefore, for engagement in information exploration with QA agents, giving random
recommendations can make users confused, and can cause fatigue, which makes them
quit earlier.

5.2.4. Analysis of Topic Introduction

To measure which recommendation strategy helped users to expand their interests, as
aligned with the scaffolding method, we compared the ‘newly interested in’ topics for each
QA agent as shown in Figure 7. ‘Newly interested in’ topics are defined as topics that were
not in the “interested in’ topics that were subsequently explored and checked as ‘interested
in’ topics after using the agents. For the various subjects model (M = 35.547, SD = 29.416),
users became interested in new topics more than with the depth-oriented (M = 27.255,
SD =26.674; p < 0.05) and random (M = 25.398, SD = 24.869; p < 0.05) models. From the
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precision rates in Figure 5, we can assume that showing suggestions randomly has a higher
chance of topic exploration for topics that were not in the users’ interests. However, this
may lead to users choosing the new topics with little purpose.

M Depth-oriented Ml Various-subjects ' Random

* *
100
—~ 90
O
2> 80
9%
= 3 70
T 60
3
E.E 50
%
EJ':; 40
x5 30 X
E‘n‘s’ 20
€5
10
o 4

M= 27.255 35.547 25.398
SD= 26674 29416 24.869

Figure 7. Proportion of newly introduced topics that QA agents sparked interest in for users.

6. Conclusions

In this paper, we compared different QA agent recommendation strategies for infor-
mation exploration. The depth-oriented and various subjects strategies showed better
performance metrics than that of giving recommendations randomly. The depth-oriented
strategy was better for self-regulated information exploration, while the various subjects
strategy showed better results in information exploration more related to expanding one’s
interests in different subjects, aligned with the scaffolding method.

While evaluating how recommendation strategies affect users’ search behavior, we ran
into a few limitations. In terms of the depth-oriented strategy and various subjects strategy,
some of the participants barely noticed the differences between the two strategies. Three
out of four selections of the two strategies are the same, thus we may need to emphasize the
feature of each strategy, e.g., the depth-oriented strategy suggests topics of the same subject
only, and the various subjects model suggests topics of the same level only. We had another
limitation related to the environment and circumstances. Due to the COVID-19 pandemic
and enhanced precautions, we were unable to test our QA agents in a real museum that
is physically related to the information recommended by the QA agents. In the future,
we hope that we can conduct further studies by using QA agents in coordination with a
real museum.
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