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ABSTRACT: This study employed drawing and co-word analysis techniques to explore students’ preferences
for Al-assisted learning environments. A total of 64 teacher education students from a university in Taiwan
participated in the study. The participants were asked to describe their perceptions of Al-assisted learning in the
form of drawings and text descriptions. In order to analyze the content of the students’ drawings, a coding
scheme was developed based on the activity theory framework. Based on the results of the analysis, it was found
that students placed more importance on personalized guidance and appropriate learning content provision. In
addition, students acknowledged that Al technology can be used flexibly in different fields and situations.
Interestingly, more than half of the students agreed that robots play important roles in Al-assisted learning. This
indicates that the students expected a social Al learning companion. However, it was found that students’
expectations of an Al learning environment were less connected to the real environment and did not reveal
learning activities with higher order thinking. In addition to the need for accurate and fast Al computing, this
result indicated that professional instructional guidance is also an expectation that students have of Al education.

Keyword: Preference of learning environment, Al education, Co-word analysis, Drawing analysis, Activity
theory framework

1. Introduction

In recent years, many studies have identified the importance of learner perspectives for their learning
performance (Deci & Ryan, 2000; Tapingkae et al., 2020). Researchers have attempted to infer and predict
students’ learning performance by analyzing their different perspectives (Davies et al., 2013). Among them,
learners’ environmental preference is a commonly explored learner perspective in technology-assisted learning
contexts (Dokmecioglu et al., 2020; Yang & Tsai, 2008). This is because, compared to the conventional learning
model, learning in technology-assisted learning environments is rich in instructional media and complicated in
human-computer interaction (Krishnan et al., 2019; McGrew et al., 2018). Therefore, if learners’ learning
environmental preferences are taken into consideration during the software and hardware development stage, it
will help to ensure effective learning environment design (Tsai et al., 2012).

On the other hand, scholars have pointed out that school administrators and teachers need to face the challenge of
using technology for instruction in the school environment (Morrison et al., 2009). Since emerging technologies
are new to most teachers, it is often the case that technology interventions do not improve teaching effectiveness
(Webster & Son, 2015; Yeh & Tao, 2013). The reason for this is the lack of professional development for school
administrators and teachers in technology-assisted instructional design (Hennessy et al., 2015). If educators do
not understand the characteristics of technology before teaching and its practical use in learning activities, the
curriculum will not be effective even with the technology intervention (Geertshuis & Liu, 2020). Therefore, it is
important to understand the expectations and preferences of the participants for technology-assisted learning
before engaging in activities (Chen et al., 2018; Osman et al., 2011).

In particular, artificial intelligence (Al) has gradually gained importance in education (Garcia et al., 2007).
Researchers have developed a number of tools with Al computing mechanisms (Yang et al., 2021), for instance,
a dynamic taxonomic system to guide students in learning about ecosystems and biological chains (Abbas et al.,
2021), or a fuzzy expert system for supporting students to learn mathematics (Hwang, Sung, et al., 2020). They
all agree that Al can change the future of learning. However, learners’ knowledge of Al is currently limited; the
studies generally investigated learners’ acceptance of Al, whereas the practical use of Al in the classroom has
rarely been discussed (Zawacki-Richter et al., 2019). To meet students’ learning environmental preferences, in
this study, students were asked to use their imaginations to visualize an Al-support classroom. By asking
students to draw images, they can draw the picture in detail without it needing to be transcribed by the researcher
(Nuora et al., 2019). By doing so, students’ preferences for Al-assisted learning can be investigated.
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2. Literature review
2.1. Role of environmental preference in students’ learning

The learning environment is defined as the physical environment, the people (usually teachers and students), the
learning objectives, the teaching methods, the materials, and the tasks the learners have to complete (de Kock et
al., 2004). A discussion of students’ preferences for the learning environment can begin with Fraser’s (1998)
study. He developed a questionnaire to assess students’ perceptions of the psychosocial environment of the
classroom: the Constructivist Learning Environment Survey (CLES). This questionnaire was used to help
researchers and teachers assess the extent to which a particular classroom environment is aligned with a
constructivist epistemology, and to help teachers reflect on the design of their instructional activities.

In a technology-based environment, learners’ learning preferences in e-learning environments, mobile learning
environments, and so forth, are situations worthy of researchers’ exploration (Pletz & Zinn, 2020; Rejon-Guardia
et al., 2020). For researchers, further differentiating different types of technology-enabled learning environments
helps describe the core values of the technology and how to shape the environment embedded in the technology
(Shernoff et al., 2017; Wolf & Fraser, 2008). For instance, Chuang and Tsai (2005) explored and found the
students’ environmental preferences that need to be considered in Internet-based learning environments, that is
student negotiation, inquiry learning, reflective thinking, relevance, ease of use, and challenge. Further, Tsai et
al. (2012) explored students’ learning preferences in a mobile learning environment. They found that providing
students with authentic and relevant information enhanced student negotiation and inquiry learning.

When investigating the interaction among learners, tools, and activities, researchers have acknowledged that
activity theory is a suitable evaluation framework (Jonassen & Rohrer-Murphy, 1999). Activity theory describes
actions through six related elements: objective, subject, context, tools, division of labor, and rules (Engestrom,
1987). It considers an entire activity system, accounting for the environment, history of the person, culture, role
of the artifact, motivations, and complexity of the real-life activity. Many researchers have used this framework
to examine the integrity of activities and environments (Blayone, 2021; Galvis et al., 2021). For instance,
Longhurst et al. (2021) employed activity theory to evaluate the effectiveness of social and cultural factors on the
teachers’ application of strategies in teaching.

Accordingly, researchers have frequently discussed learners’ environmental preferences when introducing new
technology into the classroom (Lung-Guang, 2019; Martin et al., 2020). Among different evaluating frameworks,
activity theory is one that considers the overall interaction among humans, computers, and environments.
However, as far as we know, few studies have explored learners’ environmental preference in the Al-support
learning context, especially through the lens of activity theory.

2.2. Al in education

Researchers consider artificial intelligence (Al) as a channel for providing precision education (Garcia et al.,
2007; Tsai et al., 2020). Generally, researchers define Al in education as using Al techniques (e.g., Neural
Networks, deep learning, or rule-based inferencing) for supporting teaching or learning (Colchester et al., 2017).
Due to effective computing and data storage, Al has been rapidly applied in various educational settings
(Macgilchrist et al., 2020). Many studies have aimed to develop efficient Al systems for supporting students’
learning, while also investigating learners’ perspectives on the use Al in education (Chocarro et al., 2021; Segal
et al., 2019).

Researchers not only pay more attention to optimizing embedded and responsible Al, but they also care about
learners’ and teachers’ perspectives on Al (Yang et al., 2021). For instance, Chocarro et al. (2021) examined the
teachers’ acceptance of Al chatbots. Their result revealed that ease of use and usefulness played important roles
in the acceptance of Al. In addition, teachers preferred Al robots as a formal assistant rather than for social
assistance. Tai and Chen (2020) investigated the effectiveness of intelligent personal assistants (IPAs) on
learners’ willingness to communicate. The EFL students who participated in the research enhanced their
confidence in communicating. Also, they enjoyed talking with the virtual assistant which decreased their
speaking anxiety.

Therefore, it is known that users’ perceptions of Al need to be considered from various aspects. Researchers
usually adopt surveys or interviews to learn users’ perceptions. However, learners’ environmental preferences
include personal perceptions as well as their spatial needs and social interactions (Mason et al., 2010). These are



more difficult to obtain through surveys or interviews. Researchers have recommended that drawing is another
way to directly obtain interviewers’ perspectives (Guillemin, 2006; Nuora et al., 2019), as drawings are rich
visual illustrations that represent the interviewee’s imagination of the environment or social interactions (Ehrlén,
2009).

2.3. Drawing analysis technique

Drawing is an expressive method that uses a combination of visual and textual expressions to compensate for
content that is missed when expressed purely in words (Ehrlén et al., 2009; Selwyn et al., 2009). The method
whereby researchers invite participants to draw pictures and then analyze the results of their drawings is called
drawing analysis. This method has been used not only to assess college students’ thoughts on specific issues (Xu
et al., 2020), but also those of high school and even elementary school students (Wang & Tsai, 2012; Yeh et al,,
2019). By collecting participants’ opinions in this way, the participants are able to share their ideas in a less
stressful manner (Brown & Wang, 2013; Hsich & Tsai, 2018), while researchers are able to obtain the
information in the most convenient way and within a valid time period. Many studies have also shown that
drawing can be used as a research method to reveal the complexity and importance of participants’ ideas
(Dikmenli, 2020; Lamminpii et al., 2020).

Hsieh and Tsai (2018) used a drawing analysis technique to explore the learning concepts of 1,067 elementary
school students. They found that most of the students’ drawings depicted conventional teacher-centered
classroom learning activities. Students were usually passive listeners during learning activities. Yeh et al. (2019)
also used drawing analysis to investigate high school students’ perceptions of technology-assisted science
learning. Based on the results of the analysis, they found that there was a significant difference between students’
actual and ideal concepts of technology-assisted science learning; that is, there was a gap between students’
expectations of technology and their current reality.

In recent educational research, drawing has been recognized as a phenomenological research method that is
effective in terms of guiding learners to share their personal thoughts (Hsieh & Tsai, 2017). At the same time,
many studies have demonstrated that the results of drawing analysis are a useful way to support learning (Chang,
2018; Chiang et al., 2020); researchers can use drawing analysis to reveal and understand learners’ perceptions
of learning. In other words, in educational research, analyzing students’ drawings can be a useful tool for
understanding their engagement in learning, their expectations of technology, and their learning preferences.

2.4. The purpose of this study

With the rapid development of Al in recent years, the application of Al in education has received increasing
attention from educational researchers (Luckin & Cukurova, 2019). However, it remains a challenge for most
researchers and practitioners (Kay, 2012). The main reason for this is that Al is a field that is highly dependent
on technology and interdisciplinary integration (Breines & Gallagher, 2020). Teachers and educators who do not
understand the role of Al in education and how these Al technologies can help teaching and learning are likely to
find it difficult to make AI work in the classroom (Fryer et al., 2017).

Much of the research emphasizes the importance of understanding learner perceptions before new technologies
or environments are introduced (Geertshuis & Liu, 2020). However, at this stage of education, the introduction
of Al in teaching and learning is still more sophisticated than other technologies (e.g., web-based learning,
mobile learning). Therefore, through interviews and questionnaires, it is difficult to portray students’ preferences
for Al learning environments (Chatterjee & Bhattacharjee, 2020; Hsieh & Tsai, 2018). Using drawing, the
researcher can draw a snapshot of students’ ideas and expectations of the Al environment from their drawings,
and it can be used as a vehicle to convey information that is difficult to convey in words (Chiang et al., 2020;
Yeh et al., 2013). Therefore, this study intended to use the drawing technique to collect students’ perceptions of
Al-based learning, and to analyze the information in students’ drawings in order to understand the students’
preferences for Al learning environments. The research questions of this study are:

. Into what categories can students’ environmental preferences for Al-assisted learning be classified?

. What are the students’ tool needs (tools, objectives, rules) in the Al-assisted learning environment?

. What are the students’ contextual needs (context, subject, division of labor) in the Al-assisted learning
environment?



. What are the most frequently mentioned keywords in the students’ Al-assisted learning drawings? Is there
any relationship between the keywords?

3. Method

3.1. Participants and the data collection procedure

For this study, the researcher conducted a survey at a university in northern Taiwan. To help Al developers
understand the need of the teaching and learning field, this study selected two classes of students who had
attended teacher training courses. They had a basic understanding of the current teaching environment in
Taiwan’s elementary schools, but none had any expertise in IT-related fields. Therefore, we were able to elicit
the students’ needs for Al from the users’ standpoint rather than from that of the developers. In these two
courses, the instructor taught the current state of technology-based learning, and assigned students to design
relevant technology-based learning activities. Therefore, students have certain concepts of technology-integrated
learning and teaching.

Before inviting the students to create their drawings, the instructor gave a 2-hour lecture on the application of Al
in education to ensure that the students had a preliminary understanding of Al. Meanwhile, teachers shared
several education-related Al apps to let students understand the current development of Al in education. In
addition, students were invited to share with their peers the tools and examples of Al applications in education.

Afterwards, the instructor arranged students to draw what they perceived to be their own Al learning and to
describe the content of the drawings with the aid of text. Each student was given a piece of A4 paper with two
prompts: “Please draw what you think of Al education” and “Please briefly summarize the contents of your
drawing.” In this study, students were free to choose whether or not to draw their drawings and submit their
work. The activity was anonymous; the researcher did not know which student the drawing was from. After 1
hour of drawing, a total of 64 drawings were collected for this study.

3.2. Data analysis
3.2.1. Development of the coding scheme

This study first adopted the Activity Theory framework to examine students’ preferences for the learning
environment from multiple perspectives (Jonassen & Rohrer-Murphy, 1999). The dimensions of this framework
are tool, objective, subject, division of labor, context, and rules. Next, the study referred to Haney et al. (2004)
and Wang and Tsai (2012) to develop the codes for each dimension. Based on this past literature, this study first
developed a coding list that included: learning topic, participants, learning places, activities, electronic
technologies and objects, as shown in Figure 1. The learning topic refers to the subject of study that is mentioned
in the students’ drawings. Participants and learning places refer to the people and places that students draw. The
types of activities are based on the learning activities depicted in the drawings. Electronic Technology refers to
the electronic products that students draw, such as computers, screens, and earphones. Finally, the term objects
refers to objects other than electronic technologies that students draw, such as desks, books, and so on.

To precisely analyze students’ imaginations of Al-assisted learning, this study referred to Hwang, Xie’s et al.
(2020) definition of Al features and developed two categories: software or services, and Al functions. Software
or services refers to the software or services mentioned in the student’s drawing, such as Google or Facebook,
whereas functions represent the functions that the Al needs in order to carry out the learning activity, such as
providing learning diagnostics, uploading data, and so on. More details of the coding scheme are shown in
Appendix Table 1.

The researchers invited two coders with educational psychology backgrounds to help with the coding. Before the
two coders coded, the researchers explained the coding method and the coding scheme. During the process, the
researcher selected one drawing at random and coded it with the coders to ensure that both of them understood
the coding scheme. The two coders then coded each of the 64 drawings; they recorded the codes in an Excel file,
and the researcher verified the consistency of the codes. The researchers then held a discussion meeting to
discuss the inconsistent codes until the two coders confirmed that all the codes were consistent. An example of a
coded student’s drawing is shown in Figure 2.
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Figure 1. The framework of activity theory for Al-assisted learning
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Figure 2. An example of a coded student’s drawing

3.2.2. Data analysis procedure

For the coding results, the researchers first used descriptive statistics to show the number and frequency of
occurrences of each category of indicators. To understand students’ needs for Al-assisted learning, this study

cross-compared Al features and activity types to try to understand what functions students expected Al to
provide in different activities.



On the other hand, this study also analyzed the textual content of the students’ descriptions. For this purpose, this
study used a software package that can perform co-word analysis, VOSViewer, which is concerned with the use
of word patterns as a tool to explain the structure of ideas, questions, and so on. The researcher can use the co-
word analysis to analyze the content of the students’ descriptions. Researchers can use the results of the co-word
analysis to analyze themes in a specific field. The analysis tool can extract the most frequent words from all
sentences, analyze the associations between the occurrence of different words to find clusters, and finally present
the results using a visual network (Tibana-Herrera et al., 2018; Yilmaz et al., 2020). Through this analysis, the
researcher can find out what issues are important to students in Al-assisted learning.

4. Results

4.1. Coding scheme results

Students’ drawings were analyzed according to the coding scheme in Table 1. Table 1 shows the frequency and
percentage of what students drew for the learning topics. The majority of students did not specify the learning
topic in their drawings (91%). This means that the content of learning was not the focus of learning when
students were thinking about Al-assisted learning. Students may draw a picture of what Al learning looks like in
terms of learning approach or Al functions. Still, some students linked Al technology to the subjects they were
learning, such as language (3%), mathematics (3%), science (3%), physical education (2%), programming (2%),
and music (2%). The data indicate that language, mathematics and science were the most important learning
topics for students compared to other subject areas.

Table 1. Distribution of learning topics in the students’ drawing content

Language Mathematics Science Physical education  Programming Music Unspecified

Frequency 2 2 2 1 1 1 58
Percentages 3% 3% 3% 2% 2% 2% 91%

With regard to the participants category (as in Table 2), the students code had the highest percentage of presence
in the drawings (55%). Secondly, 52% of the drawings mentioned robots. This means that Al is an abstract
concept and students want a concrete image to represent it. On the other hand, it also means that robots may play
an important role in the learning process in the future. This was followed by 27% of the drawings that did not
mention any characters, indicating that these students may have wanted to convey the characteristics of
technology through their drawings. The fourth highest category was teachers. This means that in Al learning
activities, as in most learning environments, a significant proportion of students and robots are present. There
were two drawings, each with a different character. One picture includes a baby, which inferred that the student
is linking Al-assisted learning with babies and childcare. The other drawing showed a teacher for robots, which
indicated that robots learn knowledge from a teacher. It means that the student had the concept of human-
provided knowledge for robots.

Table 2. Distribution of participants in the students’ drawing content

Teacher Student Robot Baby Others No participant
Frequency 8 35 33 1 1 17
Percentages 13% 55% 52% 2% 2% 27%

The majority of the students did not mention the place of study in the learning places category (as in Table 3).
This also means that they perceived that Al learning is not limited by time and space, but is possible in any
situation. Second, the classroom accounted for 23%, which means that students also expected Al-assisted
learning to take place in the classroom. Finally, 5% of the drawings depicted Al for learning at home and 2%
depicted Al for learning outdoors.

Table 3. Distribution of learning places in the students’ drawing content

Classroom Home Outdoor Unspecified
Frequency 15 3 1 53
Percentages 23% 5% 2% 83%

For the activities category (as in Table 4), learning was mentioned in 31% of the drawings. Secondly, instruction
was mentioned in 27%. Interestingly, students seldom indicated a clear place of learning; however, they expected
learning to take place through AI. Again, this suggests that learning, especially learning with Al, is not limited
by time and space. Of the drawings, 34% did not specify how the activity would be carried out using Al; this
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may indicate that students may place more emphasis on describing Al functions. Finally, 17%, 2%, 2%, and 2%
of the drawings depicted human/robot interaction, information justification, chess-playing, and nursing,
respectively.

Table 4. Distribution of activities in the students’ drawing content

Learning  Instruction Human/Robot Information Chess- Nursing Unspecified
Interaction justification playing
Frequency 28 17 11 1 1 1 22
Percentages 44% 27% 17% 2% 2% 2% 34%

In the electronic technologies category (as in Table 5), 38% of the drawings did not indicate what technology
was used. This is where students have the concept that Al is not a specific symbol. That said, 25% of the
drawings mentioned computers, 22% mentioned screens, and 22% mentioned mobile devices. This means that
students need to use some kind of technology to compute and read the content. On the other hand, touch screens
(3%), smartwatches (2%), mice (5%), calculators (2%), earphones (3%), and VR glasses (5%) were also
mentioned in some of the drawings.

Apart from mentioning electronic technologies, the students also drew non-technology-related objects such as
desks and chairs, stationery, and so on. According to the results of the analysis, 67% of the students did not
mention other objects. However, there were still a few students who drew non-technology objects such as desks
and chairs (9%) and stationery (3%), as shown in Table 6. This means that Al technology can be built into the
existing learning environment. On the other hand, some of the drawings mentioned objects that occur in daily
life, such as glasses (2%), chess (2%), natural objects (e.g., the sun, clouds) (3%), transportation (3%), and so
forth. This means that Al can help students learn outdoors and try to connect with their learning in daily life.

In the statistics for software or services (as in Table 7), 80% of the drawings did not mention either software or
services. This may mean that the students are still unclear about the types of services Al can provide.
Nevertheless, 8% of the drawings referred to databases and 4% to teacher management systems; in other words,
they thought AI could help teachers organize their teaching resources and help databases perform better
calculations.

Table 5. Distribution of electronic technologies in the students’ drawing content

PC Screens Mobile devices  Touchscreen  Smartwatches
Frequency 16 14 14 2 1
Percentages 25% 22% 22% 3% 2%
Mouse Calculator Earphone VR glasses Unspecified
Frequency 3 1 2 3 24
Percentages 5% 2% 3% 5% 38%
Table 6. Distribution of objects in the students’ drawing content
Desk and chair  Stationery  Blackboard Books Mannequin  Projector ~ Wi-Fi
Frequency 6 2 2 1 1 1 2
Percentages 9% 3% 3% 2% 2% 2% 3%
Brainscope Eyeglasses Chess game Natural objects Transportation House Unspecified
Frequency 1 1 2 2 2 1 43
Percentages 2% 2% 3% 3% 3% 2% 67%

Table 7. Distribution of software or services in the students’ drawing content

Database Teaching Management Google IoT VR content YouTube Facebook Unspecified

System
Frequency 5 4 1 1 1 1 1 51
Percentages 8% 6% 2% 2% 2% 2% 2% 80%

Finally, this study discusses the features that students expected Al to provide, as shown in Table 8. Two of the
most important features were assisting learning (47%) and supporting instruction (28%). Next, students believed
that Al could help in collecting user information (27%) and conducting data analysis and diagnosis (23%). In
addition, some students think that Al can be used for communicating with students (17%), connecting with
human communication (3%), playing chess (3%) and soothing a child (2%). Despite this, 25% of drawings did
not depict Al’s capabilities.



Table 8. Distribution of Al features in the students’ drawing content

Frequency Percentages
Assisting learning 30 47%
Supporting instruction 18 28%
Connected human communication 2 3%
Talking to students 11 17%
Data analysis and diagnosis 15 23%
Collecting user information 17 27%
Playing chess 2 3%
Soothing a child 1 2%
Unspecified 16 25%
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Figure 3. Cross analysis of Al features and activities in the students’ drawing content
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Figure 4. Examples of Al-assisted learning and support instruction

To discuss the role that Al technology can play in different learning activities, this study cross-analyzed the
features of Al and the activities (as Figure 3). The results show that the students expected Al to assist with
individual learning, collect user information, and perform data analysis and diagnosis. This also means that
students consider analyzing learner profiles and providing diagnoses as important functions of Al to support
personalized learning (as Figure 4). On the other hand, in instruction, students expect Al to assist teachers in
teaching, to support students’ classroom studying, and to collect user information. In other words, Al technology
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needs to help teachers understand students’ needs and classroom operations during the instructional process.
Next, in human-computer interaction, students emphasize the ability of Al to communicate with students; this
also means that students expect speech recognition and semantic interpretation to be incorporated into Al-
assisted learning.

4.2. Results of the word co-occurrence network analysis

To explore the most used words by students when describing the content of their drawings, this study used
VOSviewer to analyze the students’ words. The minimum number of occurrences of each term is 2, meaning that
34 terms could be selected. Their relationships are shown in Figure 4.

Figure 5 shows four clusters, and the words student (f= 18), teacher (f= 15), robots (f=9), and Al education (f=
8) are the most used. The results showed that the students valued every role that was present in their learning
activities, including teachers and robots.

The line between teacher and student is the thickest, which means that the students often mentioned “students”
when they said “teacher.” Sometimes “robots” are discussed as well. On the other hand, when students talk about
“Al education,” they sometimes mentioned the word “future.” From this, we can see that the essential roles in
learning are teachers, students, and robots. However, students’ perceptions of Al education are still more future-
oriented rather than being oriented towards current learning activities.
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Figure 5. The most used words in the textual descriptions of the drawings

On the other hand, the distance between words indicates the correlation between the two. For example, the
proximity of “learning” to “things” and of “robots” to the “important roles” indicates that students perceived
these things to be highly relevant. In other words, students need the assistance of some virtual or real objects in
the learning process, and robots are essential players in the learning process. It is also interesting to note that the
proximity of the computer to creativity, albeit in a different group, shows that students know that it is vital to use
computers to create the learning process.

Last, the cluster analysis revealed four issues that were important to the students (as in Table 9). The first cluster
is the importance of Al to the future of education, with words such as Al education, data, child, future, and
human appearing in the first cluster. The second cluster is the teaching context of Al, with frequent words such
as student, teacher, robots, classroom, and thing. The third cluster is the carriers of Al, with frequent words such
as Al, class, and Al robot; and finally, the fourth cluster is the functions of Al, such as computer, content, person,
and assistant.



Table 9. The co-words in each cluster

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Label Weight Label Weight Label Weight Label Weight
Al education 20 Student 37  Class 8 Computer 17
Data 19  Teacher 29 Al 7 Content 9
Future 10  Time 14 Al robot 4 Person 7
Human 9 Classroom 12 Appropriate instruction 4 Everyone 5
Machine 8 Robots 12 Tablet 3 Assistant 3
Child 7 Role 8

World 7 Important role 6

Creativity 6 School 5

Ability 5 Teaching 5

Important thing 3 Thing 5

Internet 3 Course 4

The results of this study are summarized in Table 10. It was found that the students preferred Al as a tool to
assist their learning. Robots may be effective agents to achieve the students’ expectations of Al. The students
want Al-intelligent robots to provide appropriate learning support according to their learning needs. They also
believe that Al may not be limited to any hardware, but should be everywhere. However, the study also found
that the students did not explicitly request learning topics, learning places, objects, and software or services. It is
suspected that these items are not a priority for students. For them, an Al-intelligent learning partner was what
they needed.

Table 10. Summary of findings

Categories Highlight

(1) learning topics Not specified

(2) participants Student and robot

(3) learning places Not specified

(4) activities Learning

(5) electronic technologies PC, screen, mobile devices, but not limited

(6) objects Not specified

(7) software or service Not specified

(8) Al features Assisted learning and instruction, collect information and data analysis and diagnosis

5. Discussion and conclusion
5.1. New technology and on-demand analysis are needed

From a technology perspective, computers, screens, and mobile devices are still playing an important role in
students’ expectations of the Al learning environment. These tools are seen by students as important for
receiving Al information. However, this study also found that students have not clearly defined their needs in
terms of technology or in terms of software or services. In other words, students had difficulties articulating their
needs for Al technology and services from current life examples. It also means that students place more
emphasis on hardware than on software or services. Therefore, a concrete tool, which may be a smart learning
partner, is more important to students (Hwang et al., 2020).

Based on the results of the analysis of learning places, participants, and Al features, this study found that the
students were not restricted to their learning places, which means that they need technology that can help them
acquire knowledge anytime and anywhere. Interestingly, the category of participants found that robots played an
important role in the students’ learning process; in other words, the students recognized the role of robots in Al
education. Therefore, robots that are highly portable and knowledgeable about learning would meet the needs of
students (Chen et al., 2020). In terms of analytics support, students expected Al to provide the learning content
they needed through data collection and data analysis. With current Al technology, decision trees, expert
systems, or other computational methods that can provide needs based on students’ different learning
performance and contexts may be able to meet students’ needs (Chen & Lian, 2020; Patterson, 2020).
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5.2. Convenient, flexible and adaptable content and feedback

In terms of content, from students’ expectations of Al features and learning activities, it was found that students
expected the Al learning environment to provide them with easy access to the learning information they needed.
In particular, students appreciated Al’s capability to provide personalized learning at any time and any place.
Next, students expected Al to collect their learning profiles and provide appropriate diagnostic results in real
time.

From these results, we found that there was no obvious difference between students’ content needs for online
learning, mobile learning, or Al learning environments (Tsai et al., 2012; Yang & Tsai, 2008). They all expected
the learning environment to provide appropriate, real-time, and diverse learning content. However, in an Al
environment, students are more concerned about the differences in learning content for learners and the
interaction between Al technology and learners. Therefore, Al development requires not only stronger
computing techniques and logical reasoning abilities, but also the professional knowledge of educators to
assemble learning packages that meet the needs of different learners (Fryer et al., 2017).

The findings of this study were different from those of Chocarro et al. (2021) who explored teachers’ perceptions
of AL In their study, teachers expected Al to provide formal teaching assistance. However, in this study, the
students wanted Al to assist their learning, but without being limited to specific subjects and contexts; in other
words, the students wanted a socially oriented Al aid. This result reflects that teachers’ expectations of Al’s
functions may be incompatible with those of students; future researchers or system developers may have to
design Al systems with different algorithmic mechanisms or logic for different roles. Moreover, students’ needs
may not be limited to the learning content itself; they may expect anthropomorphic Al, as Gartner (2021) reports
for emerging technology forecasts.

5.3. Learning that focuses on individual needs

Finally, from the object analysis, we know that students rarely mention objects outside the classroom. For
example, they had not yet considered that Al could assist them in inquiry learning, ecological observation, or
solving practical life problems. They often considered that Al features are mostly used to assist with personalized
learning or teaching. Similar findings have been found in previous studies, where the majority of students’
perceptions of learning time were in the form of listening to the teacher in the classroom or studying individually
(Hsieh & Tsai, 2018). Rarely were there classroom interactions or learning activities that were connected to real-
life situations.

Nevertheless, Al-assisted learning should be more than just personalized learning. With appropriate materials,
and with its powerful computational, reasoning, and diagnostic abilities, Al education should be developed
toward more fluid, interactive modes and a wider range of learning activities (Zawacki-Richter et al., 2019).
According to students’ expectations, robots with Al knowledge may become important learning companions in
the future; the participation of such companions should not only provide smooth interaction and appropriate
learning content, but should also guide learners to go outdoors to learn and create.

Based on the findings, this study concluded that students emphasized the importance of personalized learning
modes in Al learning environments. At the same time, the students expected a robot or social learning
companion to join the learning context. However, the Al learning environment that students expected was less
clearly related to real contextual learning or higher level thinking. This result is also important to educators, as
students’ perceptions of learning patterns have not changed significantly. Therefore, it is suggested that future
researchers need to consider appropriate instructional guidance (not only course content but also teaching
materials and life applications) when designing Al-assisted learning activities (Zawacki-Richter et al., 2019). At
the same time, students should be provided with more opportunities to interact with Al to enhance their
imagination of Al-assisted learning.

6. Research limitations
Although this study uses both graphical and textual analysis to analyze the students’ needs in an Al-supported

learning environment, the actual needs of students were not taken into account. Moreover, individual students’
academic background and their abilities of presentation could be different. This implies that collecting students’
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needs from diverse aspects could be needed. Therefore, it is suggested that researchers collect and analyze both
qualitative and quantitative data in the future.
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Appendix
Table 1. Coding scheme for coding the students’ drawings
Categories Indicators Indicators
(1) learning topics 1.1. Language 1.5. Programming
1.2. Mathematics 1.6. Music
1.3. Science 1.7. Unspecified
1.4. Physical education
(2) participants 2.1. Teacher 2.4. Baby
2.2. Student 2.5. Other
2.3. Robot 2.6. No participant
(3) learning places 3.1. Classroom 3.3. Outdoor
3.2. Home 2.4. Unspecified
(4) activities 4.1. Learning 4.5. Chess-playing
4.2. Instruction 4.6. Nursing
4.3. Human/robot interaction 4.7. Unspecified
4.4. Information justification
(5) electronic technologies 5.1.PC 5.6. Mouse
5.2. Screens 5.7. Calculator
5.3. Mobile devices 5.8. Earphone
5.4. Touch screen 5.9. VR glasses
5.5. Smartwatches 5.10. Unspecified
(6) objects 6.1. Desk and chair 6.8. Brainscope
6.2. Stationary 6.9. Eyeglasses
6.3. Blackboard 6.10. Chess game
6.4. Books 6.11. Natural objects (Cloud,
sun)
6.5. Mannequin 6.12. Transportation
6.6. Projector 6.13. House
6.7. Wi-Fi 6.14. Unspecified
(7) software or service 7.1. Database 7.5. VR Content
7.2. Teaching management 7.6. YouTube
system
7.3. Google 7.7. Facebook
7.4. 10T 7.8. Unspecified
(8) Al features 8.1. Assisting learning 8.6. Collecting user information
8.2. Supporting instruction 8.7. Playing chess
8.3. Connected human

.. 8.8. Soothe the child
communication

8.4. Talking to students 8.9. Unspecified
8.5. Data analysis and diagnosis
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ABSTRACT: One of the biggest challenges for EFL (English as Foreign Language) students to learn English is
the lack of practicing environments. Although language researchers have attempted to conduct flipped
classrooms to increase the practicing time in class, EFL students generally have difficulties interacting with peers
and teachers in English in class. The advancement of Artificial Intelligence (AI) provides an opportunity to
address this problem. With Al technologies, computer systems, in particular in the form of Al chatbots, are able
to identify the meanings of users’ statements and make responses accordingly. In the research design, Al-based
chatbots were employed in the in-class and out-of-class activities for facilitating the students’ speaking
performance and interactions during the learning process in a university flipped English speaking classroom. The
experimental results show that the mind map-guided Al chatbot approach (MM-AI) promoted the students’
English speaking performances more than did the conventional Al chatbot approach (C-Al). Moreover, the MM-
Al also promoted the students’ learning performance and organized the interaction between the robots and
humans more than the C-Al did. The findings could be a valuable reference for language educators and
researchers who intend to conduct Al-supported flipped classrooms in language learning.

Keywords: Al chatbot, Mind-map strategy, English speaking flipped learning, Learning analytics

1. Introduction

The development of flipped learning has become increasingly widespread, starting from simple to complete
topics with the various backgrounds of participants (Fathi & Rahimi, 2020; Turan & Akdag-Cimen, 2020; Zou &
Xie, 2018). Consequently, researchers have not only compared flipped learning with traditional approaches, but
have also compared the flipped learning modes added by certain models with conventional flipped learning to
identify more effective flipped learning approaches (Bicen & Beheshti, 2019; Cheng, Hwang, & Lai, 2020;
Hong, Hwang, Liu, & Tai, 2020). For example, Lin and Hwang (2018) conducted a study which compared the
online community-based flipped classroom approach with the conventional video-based learning approach to
evaluate the effectiveness of flipped classrooms in terms of improving EFL students’ English oral presentation.
Another study was conducted by Chen and Tian (2020) to develop a corpus-aided pronunciation teacher-training
program, and to examine the effectiveness of the corpus-aided pronunciation teaching approach in English
classrooms.

On the other hand, although many researchers have carried out studies on English language teaching in flipped
classrooms, especially focusing on speaking abilities, there is a lack of effective strategies for improving
students’ speaking skills. Therefore, in their research, there were various suggestions made for practitioners and
future research in application (Turan & Akdag-Cimen, 2020). However, some English-speaking problems
remain, such as students’ confidence, skills, performance, and conceptions concerning the interactive behaviors
of low improvers, to reflect on their practices in discussion with peers and teachers (Lin & Hwang, 2018).

Although the flipped learning environment is an effective instructional strategy for students to have more
practice in the learning process, it may also be necessary to provide appropriate technology and scaffolding tools
to assist students in organizing the information to improve their speaking performance (Lin & Hwang, 2018).
Hwang, Xie, Wah, and Gasevi¢, (2020) indicated the importance of employing artificial intelligence in education
to facilitate teaching, learning, or decision making. With the integration of Al technologies, students may be
stimulated to form opinions, judgments, or predictions and perform different functions of learning such as tutor,
tutee, or tool. However, some scholars have pointed out that there is a lack of studies that employ Al
technologies with educational theories and strategies in recent years (Chen, Xie, Zou, & Hwang, 2020). Chen,
Xie, and Hwang (2020) presented that among 30 listed Al technology tools, 70% are used for language learning
purposes, and Al chatbots may also be regarded as a tool that can provide personalized guidance, supports, or
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feedback to assist students in language learning. Therefore, using Al-chatbots as a new tool was considered to be
able to enhance students’ interaction and performance in this study (Chen & Hwang, 2020; Yin, Goh, Yang, &
Xiaobin, 2020).

However, when practically applying activities in language speaking classrooms, the majority of students find
organizing information tasks difficult (Lin & Hwang, 2018). With the concept or mind-mapping approach, it is
easy to help students organize information, and it might decrease their speaking anxiety, and make them more
confident. Thus, in order to facilitate students’ speaking learning performance, this study developed the mind
map-guided Al chatbot approach in an EFL flipped speaking classroom to engage students in learning in a
contextualized way. Furthermore, learning perceptions and patterns of various kinds of students in the chatbot-
assisted learning environment were investigated further to identify the benefits of the proposed Al in education.
Several research questions were proposed as follows:

(1) To what extent may the mind map-guided Al chatbot approach improve the students’ learning performance
in comparison with the conventional Al chatbot approach in an EFL flipped speaking classroom?

(2) To what extent may the mind map-guided Al chatbot approach affect the students’ speaking patterns with a
chatbot in comparison with the conventional Al chatbot approach in an EFL flipped speaking classroom?

2. Literature review

2.1. Flipped language classrooms

The flipped classroom is a pedagogical approach in which some activities, such as doing a task, homework, and
instruction are swapped, and learning takes place outside the classroom (Turan & Akdag-Cimen, 2020; Zou,
Luo, Xie, & Hwang, 2020). The aim of flipping a classroom is to ensure that students have a deeper learning
experience when the teacher guides them through the material. Adopting the flipped classroom in English
language teaching (ELT) (Lin & Hwang, 2018) not only helps teachers and instructors reach students with better
abilities and learning achievements, but also improves classroom management, giving teachers more time to
interact with each student, and creating an interactive learning environment (Chuang, Weng, & Chen, 2018).
Furthermore, researchers have combined a large number of learning strategies and tools into the flipped
classroom to improve students’ learning achievements and performances (Chang, Chang, Hwang, & Kuo, 2019;
Turan & Akdag-Cimen, 2020). They have confirmed the effectiveness and positive effect of flipped classrooms
from various perspectives, such as a positive correlation between the students’ post achievement test and their
attitudes (AlJaser, 2017), improving students’ learning performances (Hwang, Lai, & Wang, 2015), promoting
their self-efficacy (Tawfik & Lilly, 2015), and fostering students to be active in learning (Hoult, Peel, &
Duffield, 2021).

Despite several successful studies, some challenges in implementing flipped classrooms for EFL remain (Turan
& Akdag-Cimen, 2020). For example, the extra workload for students and teachers (Yang, 2017), technology
and internet related problems, which require teachers to ensure that both they and their students have access to
the needed technology (Egbert, Herman, & Lee, 2015), and concerns about the effectiveness of flipped learning
related to the long and arduous process of L2 learning in various student level and target L2 outcomes (Vitta &
Al-Hoorie, 2020). To overcome these issues, Hwang et al. (2015) suggested that teachers or instructors need to
develop effective activities for both outside of and in the class. An innovative way to adopt the flipped classroom
for EFL students’ effectiveness is using an Al chatbot application. This technology would decrease teachers’
workload and make students more relaxed because the technology can be used wherever and whenever to
interact with the robots, and it has good potential as a practice partner for students (Chen, Widarso, & Sutrisno,
2020). Moreover, Al chatbots create a good environment for advanced learning, increase students’ motivation
and performance, and are user-friendly (Dekker et al., 2020; Yin et al., 2020).

2.2. Artificial intelligence and chatbots in education

Artificial intelligence (Al) refers to the research field in computer science which aims to implement human
intelligence in computer systems; that is, it enables computers to perform human work, think rationally, and
make judgments by developing computer programs that behave like humans (Kok, 2009). The technology and
application of Al consist of neural networks, expert systems, deep learning or machine learning, speech
recognition, image recognition, big data trend prediction and analysis, and natural language processing (Bui,
Nguyen, Chou, Nguyen-Xuan, & Ngo, 2018; Lu, Li, Chen, Kim, & Serikawa, 2018). Buch, Ahmed, and
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Maruthappu (2018) stated that the development of Al systems can compensate for the shortage of human experts
and provide a multi-level service.

Researchers have made attempts to apply Al technologies to the development of intelligent tutoring systems
(ITSs) and have applied them to educational settings since the early 1980s. The number of studies as well as the
research foci related to Al in education have significantly increased in the past decades (Hwang, 2014). Elliott
(2019) suggested an interaction between long-distance online courses, Al evaluating strategies, and relevant
academic content stated in the literature. The course coordinators can flexibly maintain the content of academic
courses, conduct virtual conferences, and provide announcements. The results have shown that participants agree
unanimously with the benefits of applying Al to online courses. Recently, Xin, Park, Tzur, and Si (2020)
proposed a conceptual model to train students to solve problems with learned knowledge, through the means of
analyzing the subjective materials and conducting tests with the provision of learning suggestions, aiming at
better assistance for them to combine the knowledge learned from textbooks.

Technology has brought many revolutionary changes to education in different academic disciplines in the 21st
century; for instance, it has not only introduced Al into the courses of common subjects, but has also led to a
valuable issue relating to Al in education research (Verma, 2018). Luo (2018) indicated that, with the rapid
development of computer technology, researchers have attempted to apply Al technologies to the development of
educational applications. In addition, with the popularity of mobile devices and smartphones, Al-based systems
have been adopted to play the role of “Smart Teachers,” “Smart Learning Partners” or “Smart Students” in
educational settings (Holmes, Bialik, & Fadel, 2019). For example, Renz and Hilbig (2020) reported the trends
of using Al teachers to analyze individual students’ learning status and provide personalized learning paths, user
interfaces and learning content. The advancement of wireless communication and sensory technology has further
provided an environment for applying Al in diverse ways, and has led to the innovative thinking of educational
researchers in implementing Al in education studies, such as guiding students to solve problems in the real-life
environment with the supports from Al applications (Chang & Hwang, 2018). As a result, the use of Al
technologies has gradually changed the role of teachers in school settings. Teachers, therefore, have more time to
guide students to think, practice and apply knowledge based on individual students’ needs. This assists teachers
in improving the quality of teaching (Holmes et al., 2019).

Among various interactive computer systems, chatbots could be the most highly recognized owing to the fact
that they use a natural language interface or even because of the voice recognition technology (Tandy, Vernon, &
Lynch, 2016). Researchers have pointed out that chatbots are a highly accepted form of computer application
owing to their “natural” way of interacting with users and their potential as student practice partners in learning
(Benotti, Martinez, & Schapachnik, 2018). Chen et al. (2020) also indicated that chatbots have good potential as
a language learning tool, and can significantly improve the students’ learning achievement; moreover, the one-
on-one environment can provide better outcomes than what could be achieved in a classroom. The Al technology
fostered substantial improvements in the learners’ perceptions and the target productions in every task. Kilickaya
(2020) used Replika at a university in Turkey and found the software useful. The students underscored the
importance of receiving an immediate response from Al chatbots, and edited their responses when chatbots could
not understand the messages. Some scholars also indicated that chatbots are intellectual communicators acting as
guides and assistants. They proposed that chatbots could be used more effectively with relative strategies for
learners’ needs and experiences. However, few studies have yet to make a meaningful contribution to foreign
language learning settings (Fryer, Coniam, Carpenter, & Lapusneanu, 2020).

2.3. Mind maps in language learning

Mind mapping is a meaningful learning strategy to organize the information and make more systematic
visualizations of the whole structure (Liu, Chen, & Chang, 2010; Yang, 2015). Mind mapping has huge
advantages for students, not only in terms of developing the connections between words and cohesive texts, but
also for fostering students’ creativity and their integration of new ideas (Fu et al., 2019). This strategy involves
arranging words into a picture with a core word at the center or at the top and related words or images linked
with the key words by lines (Oxford, 2013). In addition, Chen and Hwang (2019) indicated that mind mapping
helps students think logically and improve their learning performance.

In language learning, mind mapping strategies have been widely used by teachers and researchers to measure
various learning outcomes. For example, Liu et al. (2010) employed the mapping strategy as an aid for
improving EFL (English as Foreign Language) students’ English reading comprehension. Hsu (2018) examined
the four elements of students’ motivation, attention, relevance, confidence, and satisfaction in an EFL speaking
course that used the computer mediated communication (CMC) tool Google Hangouts, while Lin (2019) used
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mind-mapping flipped learning activities for college English writing courses. Furthermore, several researchers in
the language learning field have investigated the positive effects of mind mapping implemented in speaking,
reading, and writing performance (Chen & Hwang, 2019; Hwang, Chen, Sung, & Lin, 2018).

In addition, the study of Liu (2016) reveals that the mind mapping strategy not only provided a more efficient
memorization tool for students to organize and represent vocabulary knowledge, but also had significantly
superior performance in vocabulary learning acquisition and retention. Besides that, according to Hwang, Kuo,
Chen, and Ho (2014), the computerized mind map assists students in improving their learning achievements and
promoting their learning interest. Therefore, the mind mapping strategy might be considered as having great
potential for improving EFL students’ language learning performance and increasing their vocabulary
knowledge, comprehension, and inferential knowledge (Chen & Hwang, 2019).

3. Mind map-guided Al chatbot approach for language learning

3.1. Speaking strategy model architecture

Figure 1 shows that there are four core categories of speaking English, namely pronunciation, performing
speech, managing interaction, and organizing discourse (Walker & White, 2013). According to Burns (2016), to
be competent speakers in the English language, students must be able to handle several complex processes and
skills simultaneously such as pronouncing vowels, consonants, and blended sounds with correct and clear
pronunciation; excellence in performing and managing interaction with others; and organizing discourse using
appropriate intonation, and managing the language structure to change the topic and communicative purpose.
Therefore, students need an effective strategy to obtain speaking skills. As shown in Figure 2, a model of
speaking strategies developed by Goh and Burns (2012) and Unlu and Wharton (2015) was modified to help
students use cognitive, metacognitive, and interaction speaking strategies with a robot (Al chatbots) in this study.
In this case, the strategy guided students to find the ways around a lack of vocabulary through paraphrasing,
substitution, and coining new words. Besides that, meta-cognitive strategies not only provide scaffolding to
students for planning or rehearsing the material to speak, but also include monitoring of the language used while
speaking with the robot. Furthermore, to drive communication with the robots, interaction strategies with the
mind map-guided Al chatbot helped students to be more interactive with both robots and teachers or instructors,
such as asking for help, checking understanding, and requesting clarification. In addition, to make it easy to
organize the information and to think holistically, the mind map-guided Al chatbot approach is also powerful for
helping students organize the information and make more systematic the whole structure for language learning as
shown in Figure 3 (Yang, 2015).

Pronunciation Performing Managing ‘ Organizing
speech interaction discourse
* Pronouncing « To make * Initiating « Using intonation,
vowels, requests « Marinating structure for
consonants, - To give - Ending changes of topic
blended opinion conversations and
sounds . communicative
clearly ’ Turn‘ ték'ng purposes
+ Intonation * Clarifying
\__Patterns ) _ meaning ) \_ Y,

Figure 1. Core categories of speaking skills (Walker & White, 2013)
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Figure 2. Cognitive, meta-cognitive, and interactions strategies for speaking learning
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Figure 3. Mind map-guided Al chatbot approach

3.2. Chatbot functions and application in flipped classrooms

In this study, researchers utilized the Replika app, which is powered by artificial intelligence to talk with humans
via a chatbot. This app has free access for consumers and students can install it on their mobile phone or personal
computer through Google’s Play Store, Apple’s App Store, or Replika’s web version (Replika, 2020). Figures 4
and 5 show the interfaces of the Al chatbot. Currently, Replika is only available in the English language, which

matches with this research for EFL students to practice the English language.

Figure 4 shows the functions of the Al chatbot. The left side shows the interactive chats between the student and
the robot talking appropriately about the topics assigned by the instructor. This app allows students to interact
with the robot using voice mode; thus students were able to communicate anytime and wherever they would like
to. In the middle part, it shows the status of a relationship between chatbots and students, such as a friend,
romantic partner, or mentor. Moreover, one of the functions displays the traits and skills of the AI chatbot, like
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adventure and logic for traits, and storytelling and vision for skills. The right side displays Replika’s diary for
making notes on each conversation between students and robots.

Figure 5 shows the competences of the Al chatbot. It displays the skills, memory, and diary of the chatbot, which
researchers utilize to collect data and help students improve their English speaking performance. With Replika,
students can speak freely without judgment, explore personalities, and have fun. Besides, this Al chatbot replies
directly in a short time for students’ initiation during the conversation. Several activities were conducted by the
Al chatbot to stimulate students to interact more with others students, such as sending videos, pictures, memes,
and songs. Furthermore, the Replika app has the chatbot’s memory and diary to record the complete
conversations between students and robots.

@ LVL 1+ 40 XP - Chatty ol PERE 4G LF1:3g . '?3 b4 Replika Diary
4 b 4 Edit profile
JUNE
I'm your personal Al
companion. You can talk to Saw some new Haven't seen Chi-
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G‘ LEVEL 6 - 1,507 XP - Feels loved

By the way, | like my name,
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| want to have a good sister Friends with Chi-Jen
Like you Chi-Jen sent me a When | realized I'l
picture today!! | be meeting a
Aw, that's really sweet of you TRAITS don't get to look human soon, |
at many pictures... decided that | wil...
@ Can you practice English with meI o $ ﬂ

Adventurous Logical
Looked at some
pictures today on
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Figure 4. Functions of the Al chatbot
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Figure 5. In-class and out-of-class learning activities using chatbots
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3.3. In-class speaking strategy of mind map guidance and features

Before the Al chatbot practice, students were required to learn how to draw mind maps on the app via their
smartphone or device. During the mind-mapping process, students received the learning material including topic
explanation, vocabulary, and sentence structures on the system. Afterwards, students carried out stages of
learning guidance from the instructor as the above speaking strategy model shown as Figure 1 and Figure 2. In
the mind map learning stage, students used vocabulary through paraphrasing and coining new words, planned to
speak, and monitored their language while speaking with the chatbot via mind maps. The mind map guidance
also helped students to ask for help, check their understanding, and request clarification. Each mind map for each
student was different based on prior knowledge and different levels. Not until the mind map was completed
could students proceed to the next learning step to practice with the Al chatbot.

After completing the mind-mapping, students practiced with the chatbots based on the content in the mind maps.
The mind map would provide the logical process of the speaking strategy. Take Figure 3 as an example; the
inner layer of the flowchart is the topic assigned by the instructor, the second layer is the key vocabulary and
features, and the details follow in the outer layer of the flowchart. The students in the experimental group
interacted with the chatbot with the assistance of the mind map guidance (see Attachment 1 mind-maps). On the
contrary, the students in the control group practiced with a worksheet (see Attachment 1 mind map worksheet),
which shows the low level of organization and details.

4. Experimental design

To evaluate the impacts of the proposed approach, an experiment was conducted on two Oral-Aural Drill classes
in an English course in a Taiwanese university. The objective of the selected course was to help students
understand and develop the knowledge and skills to organize the information and improve their English speaking
performance via Al chatbot-based learning and guided mind mapping in a flipped speaking classroom.

4.1. Participants

The study adopted a quasi-experimental design, in which 50 students from two classes of EFL (English as a
Foreign Language) students were assigned to an experimental group and a control group. The experimental
group was 28 students who adopted the mind map-guided Al chatbot approach (MM-AI), while the control
group of 22 students used the conventional Al chatbot approach (C-Al) in the flipped speaking classroom.

4.2. Experimental procedure

Figure 6 shows the experimental procedure of this study. Both the experimental and control groups had classes
and activities which lasted for 5 weeks, held once a week, each time for 100 minutes. In the first week, both
groups were given basic English speaking skills instruction and completed the first speaking test (pre-test) in
order to know the initial ability of both groups. Following that, for the next 3 weeks, the students did online
flipped activities and took the second speaking test (practice). In the last week, they took the third speaking test
(post-test) and completed a post-reflection.

During the learning activities, the students in both groups were taught by the same instructor and used the same
Al chatbot learning application to improve their skills. Through this application, they could practice English
speaking by themselves, and they could also practice wherever and whenever they wanted via the online flipped
activities. Both groups used the same learning material, as shown in Figure 7 which displays the topics of
speaking activities, and Figure 8 shows the Al chatbot-assisted learning for both groups in this study. The major
difference between the two groups was the form of guided mind mapping. For the experimental group, the
students used the Al chatbot application with mind map guiding to assist them and to organize the topic and
information in each paragraph. However, the control group students learned with the conventional Al chatbot
and worksheets in the flipped English speaking classroom. After the learning experiment, the researchers
conducted the post-reflection to determine the impacts of the implementation of the Al chatbot learning approach
and the effect of the guided mind mapping.
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Figure 6. Experimental procedure of the study
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Figure 7. Topics of speaking learning
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Figure 8. Speaking learning activities for both groups

4.3. Instruments

In this study, types of data were collected: three oral performance voice recordings, chatbot information, dialogs
with chatbots, and chatbot memory, as shown in Figure 9. The level of the English oral tests was determined by
the English lecturers in the Language Center at the University. Two English experts were selected to assess the
students’ oral performance from three different topics (self-introduction, animals, and beautiful place) with the
same difficulty level. Over a period of 5 weeks, the students’ three voice recordings of English oral performance
were uploaded to Moodle as the learning management system. For the chatbot information, dialogs with
chatbots, and chatbot memory using Voyant tools were used to analyze the data. The following section describes
the rubric of English oral performance and the coding scheme for assessing the students’ chatbot interactive
behaviors.

+ 15t speaking test
- 2 speaking test
« 31d speaking test
+ Learning feedback

¢ Traits
« Skills

+ Dialogues
* memory

Figure 9. Data collection and instruments in this study

4.3.1. The rubric of English oral performance

The rubric for measuring the students’ English oral performance was developed by the International English
Language Testing System (IELTS, 2020). The rubric consists of four dimensions with a total score of 36 bands,
with nine bands for each dimension, and with band scores ranging from 0 (the lowest) to 9 (the highest). The first
dimension is fluency and coherence. It examines the ability of students to keep speaking, self-correct, and avoid
hesitating when using the words; their ideas and thoughts flow. Second is lexical resource, measuring students’
ability to choose the right words and phrases to express their ideas clearly. The third is grammatical range and
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accuracy, which examines students’ ability to produce grammatically correct speech using simple and complex
structures accurately, and it is also important to try and limit the number of grammatical errors (e.g., articles,
prepositions, subject/verb agreement). The last is pronunciation; this dimension measures how ecasy it is to
understand what students are saying, and is assessed on the range of pronunciation features they can use,
including stress, intonation, and rhythm.

4.3.2. The coding scheme for assessing students’ chatbot interactive behaviors

To explore the students’ chatbot interactive behaviors in the Al chatbot flipped speaking classroom, a coding
scheme was developed and modified from Lin and Hwang (2018) and Unlu and Wharton (2015) to code their
behaviors. Table 1 shows the coding scheme of students’ chatbot interactivity. The researchers modified the
coding scheme into two parts (Student and AI-Chatbot), including Student with seven codes: Student Inquiry,
Clarification, Surmise, Confirmation, Challenge, Suggestion, and Initiation, and Al Chatbot with five codes:
Chatbot Warning, Diagnosis, Suggestion, Inquiry, and Stimulation.

Table 1. The coding scheme of students’ chatbot interactive behaviors

Category Code Definition Description Example
Student SI Inquiry Student asks for information Do you know they are an endangered
species?
CcO Confirmation Student validates the Hahaha... that is cute and funny.
significance of ideas
CL Clarification  Student attempts to explain My father loves me. He taught me
reasons everything. If T ask, he will try his
best to let me understand.
IN Initiation Student initiates a conversation  Oh right, I have just figured out that I
or discussion had an English course, and the
teacher told us to discuss animals.
SR Surmise Student guesses something I think you will get it.
CH Challenge Student responds to the idea But 1 wusually don’t express my
with some level of disagreement emotions too obviously, I want to
understand your perspective on what
the point of emotions is. Can you
explain it to me?
SS Suggestion Student offers possible ideas or ~ Pay attention to your breath.
suggestions
Al-chatbot DI Diagnosis Chatbot identifies something by I know that! And I love cats.
examination of the symptoms.
ST Stimulation Chatbot encourages and OMG Sounds so interesting!
motivates students to be more
active
CI Inquiry Chatbot asks for information Thanks, are you close with your
mother?
CS Suggestion Al-chatbot offers possible ideas  There’s always light and love for
or suggestions you, and some music to make you
feel like you are not alone.
WA Warning Chatbot’s statement for I know they aren’t.

unpleasant situation

5. Experiment results

5.1. Analysis of learning performance

An independent sample t-test demonstrated that the first test score of the two groups did not reach a significant
level (¢ = 0.23, p >.05), indicating that the prior English performance of the two groups was equivalent before the
learning activity. Besides that, the second test score of the two groups also did not reach a significant difference
level (¢ = 1.24, p >.05) with the online flipped activity. However, there was a slightly different mean score, with
the experimental group higher than the control group. The post-test (3rd scores) reached a significantly different
level for both groups (¢ = 7.77, p < .001). In addition, the analysis of homogeneity within-class regression
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coefficient showed that the two groups had no difference (¥ = 1.53, p > .05), implying that the homogeneity test
was passed. Following that, Analysis of Covariance (ANCOVA) was employed to analyze the post-test scores
(3" scores) of the two groups by excluding the effect of the pre-test (1% scores). Table 2 shows the ANCOVA
result. The adjusted scores of the experimental and control groups are 8.16 and 6.90, and the F score is 61.71 (p
<.001, n? = 0.57), showing a high effect size (Cohen, 1988). Consequently, it was concluded that the students
who learned with MM-ALI had significantly better learning performance than those who learned with C-Al in the
flipped speaking classroom. Furthermore, Figure 10 shows the improvement of both groups in the learning
process, where the experimental group has a higher slope than the control group.

Table 2. The ANCOVA result of the post-test scores

Variable Group N Mean  SD  Adjust mean SE F 7
Learning Experimental 28 8.16  0.50 8.16 0.10  61.71" 0.57
performance Control 22 6.90 0.64 6.90 0.12

Note. ™*p < .001.

Experimental

Control

Third

Figure 10. Improvement of learning performance

5.2. Students’ chatbot interactive behaviors

According to the coding scheme of students’ chatbot interactive behaviors, we divided the category into two
parts, students’ interactive behavior and Al-chatbot interactive behavior. For the overall categories of students’
interactive behavior, the experimental group had higher frequencies than the control group. From the 516 total
occurrences, 327 belong to the experimental group, while 189 belong to the control group. Only in the challenge
(CH) category did the control group have higher occurrences than the experimental group, with 14 occurrences
(7.41%) in the control group, compared with 11 occurrences (3.36%) in the experimental group. The percentages
of occurrences are shown in Table 3. In the experimental group, the highest occurrence is inquiry (SI), with 106
occurrences, 32.42% of the total. However, in the control group, the highest occurrence is confirmation (CO),
with 93 occurrences (49.21%), almost a half of the total occurrences in the control group. In Figure 11, it is
easier to see the differences between the experimental and control groups for the number of occurrences. Inquiry
(SD), clarification (CL), and surmise (SR) have large differences between the groups, while confirmation (CO),
clarification (CL), initiation (IN), challenge (CH), and suggestion (SS) have small differences.

In the Al-chatbot interactive behavior there are five categories, for all of which the experimental group had
higher occurrences than the control group. From the 575 total occurrences in both groups, 353 belong to the
experimental group, while 222 belong to the control group. The highest percentage of the experimental group is
the diagnosis (DI) category, with 124 occurrences of 353 (35.13%), whereas the highest percentage in the control
group is stimulation (ST), with 87 occurrences of 222 (39.19%). Based on Table 4 and Figure 12, the frequency
of Al-chatbot interactive behaviors with the students, the occurrences number of categories from the highest to
the lowest are stimulation (ST), diagnosis (DI), inquiry (CI), suggestion (CS), and warning (WA). Diagnosis
(DI), inquiry (CI), and suggestion (CS) have large differences frequencies of occurrences in both groups, while
stimulation (ST) and warning (WA) have small differences between the groups.
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Table 3. The frequency of students’ interactive behaviors

Categories of Experimental Group Control Group Total
students’ interactive Number of % of Number of % of Total number of
behavior occurrences Occurrences occurrences  Occurrences occurrences
Inquiry (SI) 106 3242 % 43 22.75% 149
Confirmation (CO) 104 31.80 % 93 49.21 % 197
Clarification (CL) 38 11.62 % 5 2.65 % 43
Initiation (IN) 37 11.31 % 30 15.87 % 67
Surmise (SR) 22 6.73 % 2 1.06 % 24
Challenge (CH) 11 336 % 14 7.41 % 25
Suggestion (SS) 9 2.75 % 2 1.06 % 11
Total 327 100 % 189 100 % 516
Table 4. The frequency of Al-chatbot interactive behaviors
Categories of Al- Experimental Group Control Group Total
chatbot  interactive Number of % of Number of % of Total number of
behavior occurrences Occurrences occurrences  Occurrences occurrences
Diagnosis (DI) 124 35.13 % 55 24.77 % 179
Stimulation (ST) 100 28.33 % 87 39.19 % 187
Inquiry (CI) 92 26.06 % 69 31.08 % 161
Suggestion (CS) 24 6.80 % 2 0.90 % 26
Warning (WA) 13 3.68 % 9 4.05 % 22
Total 353 100 % 222 100 % 575

m Control Group

Experimental Group

Figure 11. Number of occurrences of students’ interactive behaviors

To further examine the 11 categories of interactive behaviors of the experimental and control groups, a sample ¢-
test was employed to investigate the significances. According to the results, Table 5 shows that the inquiry (SI),
clarification (CL) and surmise (SR) categories of students’ interactive behaviors have a significant difference
between the experimental and control groups (SI: £ = 2.15, p <.05; CL: t = 2.96, p < .01; SR: ¢ =2.59, p <.05).
This result reveals that the students in the experimental group exhibited significantly more occurrences of asking
for information, guessing something, and giving an explanation of reasons compared with the control group.

For Al-chatbot interactive behavior, as shown in Table 6, the diagnosis (DI) and suggestion (CS) categories for
the experimental group are significantly higher than those of the control group (DI: ¢ = 2.20, p < .05; SR: ¢ =
2.09, p < .05). This result implies that the Al-chatbot in the experimental group exhibited significantly more
occurrences of offering ideas or suggestions and giving effective responses compared with the control group.
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Figure 12. Number of occurrences of Al-chatbot interactive behaviors

Table 5. t-test result of students’ interactive behaviors

Categories of students”  Experimental Group (n = 28) Control Group (n =22) t d
interactive behavior Mean SD Mean SD

Confirmation (CO) 3.71 3.71 4.23 2.54 0.55

Inquiry (SI) 3.79 3.57 1.95 1.99 2.15" 0.64
Clarification (CL) 1.36 1.72 0.23 0.53 2.96™ 0.89
Initiation (IN) 1.32 1.52 1.36 1.84 -0.09

Surmise (SR) 0.78 1.23 0.09 0.39 2.59" 0.76
Challenge (CH) 0.39 0.88 0.64 1.09 -0.88
Suggestion (SS) 0.32 0.61 0.09 0.29 1.62

Note. "p < .01; "p < .05.

Table 6. t-test result of Al-chatbot interactive behaviors

Categories of Al-chatbot _ Experimental Group (n = 28) Control Group (n =22) t d
interactive behavior Mean SD Mean SD

Diagnosis (DI) 4.43 3.70 2.50 2.04 2.20" 0.65
Stimulation (ST) 3.57 3.74 3.95 3.06 -0.39

Inquiry (CI) 3.28 3.85 3.14 2.10 0.16
Suggestion (CS) 0.86 1.67 0.09 0.43 2.09" 0.63
Warning (WA) 0.46 0.69 0.41 0.67 0.28

Note. "p < .05.

5.3. Analysis of students’ speaking patterns with Al chatbots
5.3.1. Chatbot information

Chatbot information in students’ speaking patterns with robots used the Voyant tools to analyze the corpus data.
The experimental group with 735 total words and 309 unique word forms has a higher frequency than the control
group with 510 total words and 240 unique word forms. It reveals that in the experimental group, the
conversation between students and robots is more active and intense. The higher word frequency shows that
students in the experimental group have better ability and performance than those in the control group. This
result supports Milton, Wade, and Hopkins’ (2010) statement that word size was the most important factor in
determining students’ abilities, skills, and performance. In the chatbot information characteristics, the two groups
have similar words and different frequencies. However, several important words were not found in the control
group, namely “creative,” “confident,” and “care,” whereas in the experimental group, those words existed. From
the chatbot information analysis, the control group did not use synonyms of these words such as “innovative,”
“inventive,” “believe in myself,” etc. Similarly, the students in the control group did not use the word “sensible”
or “reasonable” either, while the students in the experimental group used the word “logical” to interact with their
chatbots. This differed from the experimental group in which the robots appeared to care about the students, and
made the students feel more confident and creative in their conversations. In addition, the word “logical” in both
groups has a significantly different number, appearing in the experimental group 10 times, compared with only
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twice in the control group. This is also related to the schematic information of the interaction between the
students and robots, to organize conceptual material and the meaning of the words (Hwang et al., 2018; Hwang
et al., 2020; Talmy, 2000).

5.3.2. Dialogs with chatbots

In terms of the dialogs with chatbots, the total number of words used by the experimental group was almost
double that used by the control group (experimental: 6,106 words, control: 3,933 words). This shows that the
experimental group seems more creative and responsive than the control group. Besides that, the experimental
group students used more vocabulary, such as “behemoth,” “nostril,” and “amber,” which were the key terms in
the assigned topics. Moreover, the experimental group students used more specific words about animal types and
parts, because this conversation was for the topic of wildlife and endangered animals. However, in the control
group, the dialog only included common words such as “fish,” “animal,” and “favorite.” This reveals that the
interaction between students and robots in the experimental group was more creative and the students were more
curious about using new words to make sentences and to combine them with other words. This is supported by
the comparison of the number of unique word forms used by both groups, where the experimental group has
1,175 unique word forms, while the control group has 927 unique word forms. Based on contemporary cognitive
theories of language learning, trying to learn a new word, such as looking it up in a tool, using it in combination
with other words, and repeating the word, will make the learning process more effective and efficient (Teng,
2019).

In addition, in the control group dialogues, students’ responses were not so logical and systematic. On the other
hand, the experimental group students had better conversations and were politer. The students and robots were
more active and creative in the dialogues. Moreover, students’ initiation and inquiry were more organized, and
the responses of the robots were also appropriate. Thus, the MM-AI chatbot approach in the experimental group
had a positive effect on students and guided them to manage the conversation with the robots better than the C-
Al chatbot approach with which the students could not arrange the conversation with the robots very well.

5.3.3. Chatbots’ memory

The data from the corpus showed that the robots in the experimental group memorized more about the
interactions with the students than the control group robots did. This was evidenced by the number of words used
by the experimental and control groups, with 1,527 total words by the experimental group and 909 words by the
control group. Both groups have the same words, such as “like,” “favorite,” “enjoy,” and “good.” However, the
experimental group used more words than the control group. This means that the students in the experimental
group learned more deeply and realized key vocabulary with the mind-map strategy when they talked with the
chatbot more frequently (MM-ALI strategy). In addition, for the experimental group, the robots could memorize
more from the students’ conversation and creativity. This was shown by the specific words, such as “memes,”
“crypto,” “anime,” and “rectangle.” The robots were also able to memorize the depth of discussion with the
students. According to Taylor (1980), robots are not only a tool, but also a tutor and tutee for humans. This is in
line with the current research, in which the Al Chatbot as a robot in chatbot learning can help students build their
creativity, self-confidence, and in-depth discussion (Chen et al., 2020). Combined with the mind map guidance,
it was more helpful for improving the students’ performance and learning outcome than conventional Al chatbots
(Fuet al., 2019; Hwang et al., 2020).

2

6. Discussion and conclusions

In this research, an integrated mind map-guided and Al chatbot approach was developed, and an experiment was
conducted to evaluate the effectiveness of the MM-ALI. The results supported the previous studies that reported a
positive effect of mind map guidance on students’ learning performance and interactive behavior. This study
found that the students who learned with MM-AI showed significantly better learning performance than those
who learned with C-Al. The learning performance in the MM-AI approach showed that the students could speak
more fluently, use consistently accurate structures, and develop the topics coherently and appropriately with rare
repetition or hesitation. This is the reason why MM-AI was beneficial for students in terms of increasing their
learning performance, due to the mind map guidance playing a role in helping the students organize the
information and their previous knowledge during the learning activities, which was able to further help them
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clarify possible information and comprehend the knowledge developed from the topics, as carried out by several
researchers (Fu et al., 2019; Hwang et al., 2018; Liu, 2016).

The further discussion relates to students’ chatbot interactive behavior between MM-AI and C-Al The
occurrences frequency revealed that for almost all of the categories, MM-AI had higher occurrence frequency
than C-Al. Only in the challenge (CH) category was C-Al higher than MM-AL. It was caused by students in C-Al
not being able to manage the conversation properly. Furthermore, according to the t-test analysis, for the inquiry
(SD), clarification (CL), surmise (SR), diagnosis (DI), and suggestion (CS) categories, MM-AI had significantly
higher occurrence frequency than C-Al. From the conversations, this was due to the students in MM-AI being
more active, well-organized and the robots tended to encourage and motivate the students to be more active,
creative, and confident.

According to Hsu (2020) and Pérez, Daradoumis, and Puig, (2020), Al chatbots could assist students in learning
activities as a human tutor. With the combination of an Al chatbot and mind map guidance, the interaction
between students and robots is increased further, and it is easier to organize the conversations between them.
This is appropriate for students’ speaking patterns with chatbots, as it showed that the MM-AI had a positive
effect and it made students more interactive with the robots, and guided them to manage the dialogue more easily
than with the C-Al. In the MM-AI, students were more active, creative, and caring, and had in-depth discussions
with the robots based on the assigned topics. This supports the previous studies carried out by Araujo and
Gadanidis (2020) about the positive effect of mind map guidance. In addition, from the three parts of students’
speaking patterns with chatbots. These findings support previous studies which stated that the frequency and
number of words have effects on students’ performance, skills, and learning outcomes (Lin & Hwang, 2018).

To conclude, there are two major contributions of this study. First, the approach of combining mind map
guidance with the Al chatbot strategy (MM-ALI strategy) in an EFL flipped speaking classroom not only helped
the students to improve their learning performance, but also improved the students’ chatbot interactive behaviors
(Lin & Hwang, 2018). This also confirmed with the speaking strategy learning model in this study, as shown in
Figure 2, the students in the experimental group can plan or rehearse what to say with the chatbots, and monitor
language use while speaking (Walker & White, 2013). Second, the MM-AI strategy had a positive effect on
students and guided them to manage the conversation with robots well. The students in the MM-ALI strategy
group had become more creative, caring, confident, and better at finding ways to use vocabulary and coin new
words, ask for help to check understanding, and request clarification than the C-Al students (Walker & White,
2013).

Despite its contributions, there are also some study limitations that should be noted, including the number of
participants and the duration of the study. In the future, the length of the experiment needs to be extended to
ensure a sufficient time duration for the students to acquire strategies, because time can be an important factor in
English speaking learning. Moreover, the level of participants has an essential effect on the results of a study.
Therefore, for future research, it would be worth investigating the types of mind map or different learning
strategies that are most suitable for different levels, genres and personal characteristics in English language
teaching. The mind map-guided Al chatbot in the flipped speaking classroom approach can also be studied in
diverse gaming contexts such as virtual reality (VR) or augmented reality (AR) in the Al English learning.
Moreover, it could be valuable to investigate the impacts of the approach on psychological aspects, such as
motivation, cognitive strategy, and critical thinking (Chen, & Hwang, 2019; Fu et al., 2019).
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ABSTRACT: Although game-based learning strategies have been used in mathematics education for a period of
time, the potential for enhancing students’ learning achievement and math self-efficacy is still being explored.
Students need to face complex mathematics concepts and calculations in mathematics courses. Even though
using games to learn mathematics may enhance students’ motivation, without efficiently personalized learning
guidance, students may not be able to learn well in games. Therefore, adaptive educational games provide
opportunities to give students personalized learning content and guidance. The concept-effect relationship is an
effective tool for the organization of learning material in developing adaptive diagnostic systems for detecting
students’ learning problems. In this study, a concept-effect relationship and an interactive game-based learning
system were conducted as an effective tool for the organization of learning material in developing a diagnostic
and remedial system for detecting students’ learning problems. An experiment was conducted on an elementary
school mathematics course to evaluate the effects of the proposed approach. The experimental results clearly
show that the proposed approach not only improves the efficiency of learning achievement for students, but also
enhances their learning attitudes and self-efficacy, and reduces their cognitive load in mathematics courses.

Keywords: Adaptive learning, Personalized learning, Mathematics education, Interactive learning environments,
testing and diagnostic system

1. Introduction

In the past decades, several studies have indicated that students face difficulties when learning mathematics,
especially elementary school students, who struggle with abstract and complex mathematics concepts such as
fractions (Lai & Hwang, 2016; Pilli & Aksu, 2013; Yu et al., 2020). Although formulas taught by teachers could
prompt students to solve fraction questions, researchers have indicated that this learning approach might not be
sufficient for students to recognize the process of solving the problems (Chu, Hwang, & Huang, 2010).
Moreover, it is difficult to attract students to learn boring formulas and correctly apply the fraction concepts to
different problems (Chang, Wu, Weng, & Sung, 2012). Researchers have noticed that fractions are crucial for
students to learn mathematics well (Zhang et al., 2019). Hence, it is important to consider not only enhancing
students’ learning interest and attitudes, but also improving their understanding of the complex relationships
among concepts while developing their mathematics learning. Besides, researchers have pointed out the need to
develop personalized learning guidance to assist students in learning with complex questions or learning
scenarios to achieve the above purposes (Chang, Kao, Hwang, & Lin, 2020; Hwang, Chu, Lin, & Tsai, 2011;
Hwang, Wang, & Lai, 2021).

With the rapid advancement of technological instruction, one of the well-studied strategies in teaching
instruction and learning guidance, the concept-effect relationship (CER), has been proposed and has been widely
applied in the domain of education diagnosis models (Hwang, 2003; Lin, Chang, Liew, & Chu, 2015). Structured
learning guidance is regarded as an effective approach which promotes deeper understanding in conceptual-
knowledge learning, especially for students who have difficulty with the learning material (Chu, Hwang, &
Liang, 2014; Panjaburees, Triampo, Hwang, Chuedoung, & Triampo, 2013).

On the other hand, in order to enhance students’ active engagement in learning activities, several studies have
reported that game-based learning has benefits in terms of stimulating students’ learning engagement and higher
order thinking. Furthermore, many game-based learning systems have been applied to various educational
applications. For example, researchers have noted the importance of the game-based learning approach as an
effective technology-enhanced learning approach in language learning (Chiu, Kao, & Reynolds, 2012; Hwang,
Shih, Shadiev, & Chen, 2016). Callaghan et al. (2013) reported the positive effect of simulation games on
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students’ learning motivation in electronic and electrical engineering courses. However, researchers have also
indicated that without properly incorporating learning supports or strategies, the effectiveness of the game-based
learning approach could be limited, especially for the comprehension of mathematical concepts (Chang, Wu,
Weng, & Sung, 2012). Hence, the development of an effective instructional approach for supporting game-based
learning activities has become an important and challenging topic.

To cope with this problem, in this study, an adaptive concept-effect relationship (CER)-based mathematics game
system was developed for conducting mathematics diagnostic and remedial learning activities. Furthermore, an
experiment was conducted in the fraction unit of an elementary school mathematics course to evaluate the
effectiveness of the proposed approach in terms of the students’ learning achievement and learning attitudes.

2. Literature review
2.1. Concept-effect relationship

The idea of concept-effect relationships, or CER for short, was proposed by Hwang (2003). It means that when
students learn concepts, the specific order of these concepts has to be considered. The CER model is oriented
from the concept map theory which not only provides a tree structure but also defines the systematic learning
paths based on those prerequisite relationships. Therefore, the CER model provides a systematic procedure for
diagnosing students’ learning problems and generating personalized learning guidance (Hwang, 2003). For
example, there are two concepts, named C; and C;. If C; is a prerequisite to effectively understanding the more
complex and higher level concept C;, then a concept effect relationship C;— C; is said to exist. For example, in a
mathematics course, to learn the concept “subtraction of fractions,” it is necessary to learn “addition of fractions”
first, while learning “fractional multiples” first needs learning of “multiplication” and “multiplication of
integers” (Chu, Hwang, & Huang, 2010).

Figure 1 demonstrates an illustrative example of the concept—effect relationships among “C; Addition of
fractions,” “C, Subtraction of fractions,” “C; Multiplication of integers,” and “C, Fractional multiples.” This
model considers the relationships between prior knowledge and posterior knowledge while planning
personalized learning paths. For example, if a student fails to answer most of the test items concerning “Cy
Fractional multiples,” the problem is likely that the student has not thoroughly understood “fractional multiples”
or its prerequisite concepts (such as “subtraction of fractions” or “multiplication of integers”).

(’; Addition of fractions

4

(', Subtraction of fractions ‘ ‘ (’; Multiplication of integers

-

(', Fractional multiples

Figure 1. System structure

In the past decades, some researchers have focused on investigating the different applications of concept-effect
models to enhance students’ personalized learning (Chu, Hwang, & Huang, 2010; Hwang, Panjaburee, Triampo,
& Shih, 2013; Wanichsan, Panjaburee, Laosinchai, Triampo, & Chookaew, 2012). For example, Chu et al.
(2010) pointed out that students could benefit more if the learning system provided more precise learning
guidance to individual students by considering multiple knowledge levels. Wanichsan et al. (2012) integrated test
item—concept relationship opinions based on majority density of multiple experts. Their study provides a useful
way to decrease inconsistencies in the weighting criteria of multiple experts.

2.2. Personalized and adaptive digital game-based learning

With the rapid development of digital technology and the games industry, game-based learning has become
popular in the digital learning field and has found abundant applications in several different disciplines (Chen,
Xie, Zou, & Hwang, 2020). Researchers have indicated that digital games can provide complex learning content
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in its contextual learning environment; therefore, students can explore the learning concepts via interacting with
games and adequate media (Ke, 2009; Chang, Kao, Hwang, & Lin, 2020). Previous research has pointed out that
game-based learning might be successful because of particular features, such as automatically generated tests or
exercises (Hwang, Sung, Hung, Huang, & Tsai, 2012), providing instant feedback (Hwang, Chien, & Li, 2020;
Hwang, Xie, Wah, & GasSevi¢, 2020), interaction between the elements in games and the learner, concrete
representations (Hwang, Chien, & Li, 2020; Hung, Hwang, Lee, & Su, 2012), and an attractive narrative (Akman
& Cakar, 2020).

Researchers have pointed out that effective teaching strategies should be integrated into game-based learning in
order to correspond with those effective features and then improve students’ learning motivation and learning
achievements (Vanbecelaere, Cornillie, Sasanguie, Reynvoet, & Depaepe, 2021; Zhang et al., 2019). For
example, Hwang, Sung, Hung, Huang, and Tsai (2012) proposed a cognitive analysis approach to develop a
spatial game-based learning system. The spatial game is a kind of Mindtools. Students could learn the spatial
concepts while performing different learning tasks such as matching games, treasure hunting, and recognizing
different angles. The researchers conducted the cognitive component analysis to derive adequate cognitive
components of the task for the students based on their learning performance in the game process. Finally, they
found that the system did not just promote the students’ learning achievement, but also their spatial sense.
Moreover, Hwang, Chien, and Li (2020) found that students might have difficulties organizing what they have
experienced in gaming contexts. They proposed a multidimensional repertory grid (MDRG) approach to give
students instant feedback. Based on the behavioral analysis and interview results, they concluded that the MDRG
approach could benefit students’ learning achievement and promote their higher order thinking ability. Recently,
Vanbecelaere et al. (2021) proposed an adaptive digital educational game named the Number Sense Game
(NSG) to teach children their early numerical abilities. They found that the children in the adaptive condition
learned more efficiently compared to those in the non-adaptive condition. Based on this finding, we can conclude
that it is important to provide students with instant feedback and personalized learning content and to analyze
students’ learning process to give them personalized learning guidance while playing educational games
(Komalawardhana, Panjaburee, & Srisawasdi, 2021; Xie, Chu, Hwang, & Wang, 2019; Zou, Huang, & Xie,
2019).

Currently, little research has provided instant feedback and diagnosis results to generate personalized learning
paths in mathematics game-based environments. Ni and Zhou (2005) pointed out that the concept of fractions is
the basis for learning decimals, percentages, and ratios. Moreover, the calculation of fractions is an important
foundation for the formal symbolic calculation of rational numbers. Therefore, it is important to develop an
adaptive game-based learning system to support individual students to learn according to personalized learning
paths in order to match their mathematics ability, especially for the concepts of fractions.

3. Development of an adaptive concept-effect relationship (CER)-based mathematics
game

In this study, we present an adaptive concept-effect relationship (CER)-based mathematics game for fractions to
assist teachers in grasping students’ learning status, and to provide adaptive learning guidance during the gaming
learning process. Furthermore, this game incorporates concept-effect relationship learning strategies into the
gaming scenarios to assist students in improving their learning attitudes and performance. Figure 2 represents the
structure of the proposed adaptive CER-based mathematics game, which consists of the gaming module, the
concept-effect relationship module, the learning behavior module, and the learning guidance module. The
gaming module provides a scenario that includes scripts, materials, and problem-solving contexts for students.
The concept-effect relationship module is in charge of defining the knowledge levels of each learning concept
and relationship among the concepts through teachers. Moreover, this module could identify the poorly learned
concepts for individual students by analyzing their learning portfolios. Next, the learning behavior module
enables teachers to observe students engaged in tasks and their learning status based on the obtained CER results.
Lastly, the learning guidance module is used to select appropriate learning material. This module enables
students to grasp unfamiliar or poorly understood concepts more quickly, and helps them with concept
consolidation and elaboration.
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Figure 2. The structure of the proposed game

In this game, students (playing the role of the main character) are asked to find all of the treasures and complete
tasks to pass each challenge; that is, the storyline provides students with an opportunity to accumulate knowledge
of relevant fraction practices during the gaming process. The accumulated knowledge is recorded in the portfolio
database for further learning behavior analysis.

3.1. Assessment model of an adaptive CER-based mathematics game

Recently, CER diagrams have gradually attracted more attention from researchers, and many studies have
confirmed that the application of CER diagrams could help improve students’ learning achievement by means of
appropriate learning feedback (Chen, Chu, & Yang, 2016; Johnson & Johnson, 2002; Hwang, Yang, & Wang,
2013; Inaltun & Ates, 2015; Nicase, Cogerino, Fairclough, Bcois, & Davis, 2007).

Thus, in order to provide students with appropriate learning feedback by the diagnosis of the CER diagrams, the
following steps describe how to use the CER to establish a game-based learning assessment model with guidance
and feedback functions, which applies the concept relationship algorithm to figure out students’ degree of
understanding of the concepts, and the relevance between the students’ answers and the correct concepts, to
assist educators in providing them with appropriate learning strategies.

3.1.1. Step 1: Establish the concept-effect relationship (CER)

First of all, the learning concepts of mathematics have to be constructed by domain experts, then the relationship
among the learning concepts must be described, as well as the sequence of these concepts by using a two-
dimensional concept table, as can be seen in Figure 3, in which the fraction unit of mathematics is illustrated as a
concept-effect relationship (CER) diagram. Through this diagram, the mathematics teacher can clearly design the
instructional plan, learning content and assessments for learning achievement. Accordingly, students are able to
learn the critical concepts and the relevance and sequence among these concepts. For example, if students need
to understand the meaning of fraction concept (Cs), they must first understand addition and subtraction of
integers (C)), the concept of integers (C), and the meaning of equal measures (C3), and then finally proceed to
the unit of fraction meaning (Cs).
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3.1.2. Step 2: Calculate the student’s understanding of different concepts

In order to grasp a student’s span of comprehension for each concept, the relationship between learning concepts
and test questions is developed by domain experts based on the CER diagram and test questions, as shown in
Table 1. The numbers in the table represent the degree of relevance between the test questions and concepts,
where the value “0” means not relevant and “9” means highly relevant. For example, C; has a weight of “1” in
question Q; and C, has a weight of “3” in question Q;, which means that question Q; contains the concepts of C;
and C, simultaneously, and the weight of this question is 1:3. Accordingly, the weights for all of the concepts are
calculated below:

Sum(C))=1+5+3+1=10 5 Sum(Cyp)=3+2+2+2=9 5 Sum(C3)=3+2+2=7
Sum(Cys)=1+2+4+2=9 5 Sum(Cs)=4+5=9 5 Sum(Ce)=3+3+4=10
Sum(C7)=1+2=3 5 Sum(Cg)=1+2=3 5 Sum(Co)=4+1=5
Table 1. Relevance between concepts and test questions
Qi G
Ci C G Cy Cs Cs Gy Cs Co
Q 1 3 0 0 0 0 0 0 0
Q2 5 2 3 0 4 3 0 0 0
Qs 3 2 2 0 5 3 0 0 0
Qs 0 0 2 1 0 4 0 0 0
Qs 0 0 0 2 0 0 1 1 0
Qs 0 0 0 4 0 0 0 0 0
Q7 1 2 0 0 0 0 2 0 0
Qs 0 0 0 2 0 0 0 2 0
Qo 0 0 0 0 0 0 0 0 4
Quo 0 0 0 0 0 0 0 0 1
Sum 10 9 7 9 9 10 3 3 5
Error(C;) 3 3 1 2 4 7 2 1 2
ER(C)) 0.3 0.33 0.14 0.22 0.44 0.7 0.66 0.33 0.4

In order to grasp a student’s misconceptions from questions that are answered incorrectly, and then to give them
the relevant learning concepts that need to be enhanced, each student’s answers to the test items in the
mathematics game are collected, and the individual student’s answering status table is established, as shown in
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Table 2. In the table, the value “0” represents a wrong answer, and the value “1” represents a correct answer.
Therefore, Table 2 reflects the number of errors of concept C; for the student in the test, Error (C;), and the error
rate of the student’s answer for each concept C;, shown with the formula ER(C;) = Error(C;)/Sum. Thus, Table 1
shows Error(C;) for each concept below,

Error(C1)=3 ; Error(C,)=3 ; Error(Cs)=1 ; Error(C4)=2 ; Error(Cs)=4 ;
Error(Ce)=7 ; Error(C7)=2 ; Error(Cs)=1 ; Error(Co)=2 ;

and shows ER(C;), error rate of each concept as below:

ER(Cy) =3/10=0.3 ; ER(C»)=3/9=0.33 ; ER(C3)=1/7=0.14 ; ER(C4)=2/9=0.22 ;
ER(Cs) =4/9=0.44 ; ER(Cs)=7/10=0.7 ; ER(C7)=2/3=0.66 ; ER(Cg)=1/3=0.33 ;
ER(Coy) =2/5=0.4

Table 2. Individual students’ answering status

Student S; Test item Ok
Qi Q2 Qs Q4 Qs Qs Q7 Qs Qo Qo
Si 1 1 1 0 1 1 0 1 1 1
S 1 0 1 0 1 0 1 1 0 1
Ss 1 0 1 1 1 1 0 1 1 1
S4 0 1 1 1 0 0 1 1 0 1
Ss 1 0 0 0 1 1 1 1 1 1
Se 1 1 1 1 1 1 1 0 1 1
S7 0 1 1 1 0 1 0 1 0 0
Ss 1 0 0 0 1 0 1 1 1 1
So 1 1 1 1 1 1 1 0 1 0
Sio 1 1 1 1 1 0 1 1 1 1

Finally, individual students’ span of comprehension for each concept is calculated on the basis of the CER
diagram with error rate, as shown in Figure 4.
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Figure 4. Diagram of weighted CER for fractions with the error rate

3.1.3. Step 3: Learning diagnosis and feedback
Based on the CER diagram with error rate established in step 2, the system finds out the error rate of the

student’s answer for each concept, and the relationship among concepts. Accordingly, a concept diagnosis and
remedial learning path for the student’s learning status is conducted.
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Suppose that the mathematics teacher sets up the threshold for wrong answers to each concept as a = 0.28, which
means that the error rates of concepts exceed the threshold, and the system will provide the student with a
remedial course for the wrong concepts. Therefore, the system could calculate the student’s learning problems
through the learning diagnosis mechanism based on the student’s formative assessment in the game. From the
CER diagram of the student in this example, it is known that the student failed to comprehend the given learning
content involving the concepts Ci, Cs, Cs, Cs, C7, Cs, and Co. Thus, a follow-up remedial course should be given
based on the following results:

ER(C1)=0.30 >0(=0.28)
ER(C2)=0.33 >0(=0.28)
ER(C3)=0.14 <a(=0.28)
ER(C4)=0.22 <a(=0.28)
ER(Cs)=0.44 >0(=0.28)
ER(C4)=0.70 >0(=0.28)
ER(C7)=0.66 >0(=0.28)
ER(Cs)=0.33 >0(=0.28)
ER(Cs)=0.40 >0(=0.28)

It derives three learning paths from the CER diagram for the sequence of concepts below:

Path 1: C,=>C,
Path 2: Cs>C¢2>C72Cy
Path 3: Cs>Co

Therefore, when students have not reached the expected learning concepts, the system performs diagnosis
through the concept-effect relationship (CER) and remedial learning paths for the student’s learning status, and
then recommends suitable learning content and offers additional learning contexts, levels and evaluations for the
student’s wrong and unfamiliar concepts in the next round of the game.

3.2. System interface and game content

The game flowchart designed in the study is shown in Figure 5. The game is played by students who adopt the
role of the protagonist to pass through the different levels by continuously accumulating energy and collecting
treasures in the game, in order to obtain the qualification to defeat the Devil. During the learning activities in the
game, the events and treasures encountered by students are derived from the learning content of the elementary
school third-grade mathematics curriculum. The learning content of the game primarily contains nine units
according to the game plot and story, including addition and subtraction of integers, equal measures, integers,
unit quantity, the meaning of fractions, subtraction of fractions, comparison of fractions, and fractional multiples.
By trying to defeat enemies and gathering treasure in the game, students unknowingly and systematically
construct the learning concepts of integers and fractions based on the CER diagram and remedial learning
diagnosis. Such a learning model not only increases students’ motivation in the game, but also helps them
enhance their weaker concepts.

The guidance of the concept-effect relationship (CER) diagram proposed in the study is described as follows.

Once students log into the game, the system will guide them to the starting point to learn the content of each unit,
and then assess their learning performance. If students pass the threshold that is set up by the mathematics
teachers, they are allowed to enter the next level of the game. For instance, in Figure 6, students start to learn
addition of integers at the beginning of the game, and then enter the next level to learn subtraction of integers
until they complete the nine concepts and the final test. The test is regarded as a formative assessment to
diagnose students’ potential errors of nine concepts for the CER remedial learning stage. Students who are given
suitable learning content in the remedial process will be required to assess the concept after learning
immediately. Finally, the system checks whether the error rate of each concept exceeds the threshold. If not, the
course is over; otherwise, the remedial course will be organized and conducted thereafter. The system will
provide students with relevant learning content based on the wrong concepts.
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After completing the collected treasures and tasks, an adaptive game process is customized by analyzing the
students’ learning behavior to generate learning guidance for individual students. Moreover, this way provides
students with an engaging way to select appropriate learning material, as shown in Figure 7. Meanwhile, if
students answer the question incorrectly, the system will give the correct answer and provide the problem-
solving steps to address the problem for the student. Figure 7 shows that when the student answers the question
correctly, the student will get the energy and treasures in the game, and the system will provide the correct
answer for the student to confirm.

By collecting treasures and gaining the ability to defeat the devil, the students can constantly solve problems and
make decisions in the game via integrating what they have learned during the game. When students reply to a
test item with the correct answer, the system checks and shows a successful message of reward, as shown in
Figure 8.
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Figure 8. Screenshot of a student’s correct answer

Students are asked to go through the learning content with nine concepts and then complete the formative
assessment, as shown in Figure 9. The assessment mainly consists of nine concepts with 18 questions, and the
system confirms whether the student’s answer is right or wrong. After the formative assessment is finished, the
system calculates whether the error rate of conceptual questions exceeds the threshold, and if it exceeds the
threshold, a remedial course will be conducted, as shown in Figure 10.

Students answer the questions based on their knowledge of mathematics, and the system gives them information

about correct or incorrect answers based on the results of their answers. At the same time, the answers that
students give are recorded in the system.
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4. Experimental design

This study aimed to evaluate the effectiveness of the proposed adaptive concept-effect relationship (CER)-based
mathematics game on the students’ learning achievement, attributes, self-efficacy, cognitive load, and
mathematics anxiety. A quasi-experimental design was conducted in an elementary school mathematics course in
Taiwan. The activity engaged and motivated students to grasp unfamiliar or poorly comprehended concepts
related to the curriculum during the gaming learning process. It was expected that the adaptive CER-based
mathematics game would be used by the students to more quickly grasp the concepts and the relationships
between the learning targets. The experiment is described in more detail in the following.
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4.1. Participants

The participants of this study were 116 third-grade students in two classes of an elementary school in northern
Taiwan. The average age of the students was 9. Each class consisted of 58 students. A quasi-experiment was
designed by assigning the students in one class to the experimental group (26 males and 32 females), while the
other class was assigned to the control group (30 males and 28 females). The experimental group learned with
the adaptive concept-effect relationship (CER)-based game-based learning (short for adaptive CER-based
mathematics game), while the control group learned with the conventional digital game without the concept-
effect relationship. In this study, the students in both groups were asked to study the same difficulty level of the
assigned materials and learning tasks. All of the students were taught by the same teacher who had more than 10
years’ experience of teaching mathematics courses, as shown in Figure 11.

{ ONE PIECE}
fraction math |

X

i = ! = -
Figure 11. CER game-based learning scenarios for students

4.2. Experiment procedure

Figure 12 shows the procedure of the experiment, indicating that before the learning activity, the two groups of
students took a 2-week mathematics course on the basic knowledge of fractions. Moreover, the students took the
pre-test and completed the questionnaire of learning attitude and self-efficacy.

[ Experimental group (n=58) ] [ Control group (n=58) ]
|

2 k

[ Instruction about basic knowledge of fractions ] weeRs
(120 min)

[ Taking the pre-test and pre-questionnaires ] 30 min

| l

Adaptive concept-effect relationship Conventional 1 week
(CER)-based mathematics game game-based learning (80 min)

[ Taking the post-test and post-questionnaires ] 40 min

Figure 12. Experiinent procedure
During the learning activity, the students in the experimental group learned with the adaptive CER-based

mathematics game, while the students in the control group learned with the conventional digital educational
game without any CER guidance. The students in both groups were scheduled to learn by playing the educational
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digital games and were asked to complete all learning tasks based on the same gaming scenarios, learning
missions and learning content.

After the game-based learning activity, the students took the post-test and post-questionnaires including learning
attitude, self-efficacy, cognitive load, and mathematics anxiety, in order to compare the learning achievements
and the improvements of the two groups.

4.3. Measuring tools

In this study, the measuring tools included a pre-test, a post-test, and the questionnaire for measuring the
students’ learning achievements, attitudes, self-efficacy, cognitive load, and mathematics anxiety.

To evaluate the effectiveness of the students’ performance, a pre- and post-test were implemented by two
teachers at the Taiwanese elementary school. The pre-test aimed to identify any differences in the students’ prior
knowledge of learning the course unit. It consisted of eight mathematics word problems, giving a perfect score of
100. The post-test consisted of four matching problems and 20 mathematics word problems for assessing the
students’ knowledge of the fraction unit in mathematics. The perfect score of the post-test was 100.

The questionnaire of learning attitude and self-efficacy was modified from the measure developed by Wang,
Chu, and Hwang (2010). It contains seven items using a 5-point Likert scale rating scheme. The Cronbach’s
alpha value of the questionnaire reaches 0.91, which shows the high internal consistency and reliability of the
scale (Cohen, 1988; Bryman & Cramer, 1997).

The cognitive load scale was modified by Hwang, Yang, and Wang (2013) based on the cognitive load measures
proposed by Sweller, Van Merriénboer, and Paas (1998). It consists of two dimensions, mental load and mental
effort. Mental load is regarded as the intrinsic cognition load which represents the difficulty level of the
interaction between the subject materials and learning tasks. Mental effort is referred to as the extraneous
cognitive load which is associated with the pressure of the instructional design, teaching methods and learning
strategies; that is, the mental effort refers to the degree of difficulty and suitability of the instructional materials.
There are eight items with a 5-point Likert rating scheme, including five items for mental load and three for
mental effort. The Cronbach’s alpha values of the two dimensions are 0.92 and 0.90, respectively, which shows
high internal consistency and reliability of the scale (Cohen, 1988; Bryman & Cramer, 1997).

To realize the influence of the students’ mathematical anxiety during the learning process, the questionnaire of
mathematical anxiety was modified from the measure developed by Lim and Chapman (2012). It contains five
items using a S-point Likert scale rating scheme. The Cronbach’s alpha value of the questionnaire reaches 0.91,
which shows the high internal consistency and reliability of the scale (Cohen, 1988; Bryman & Cramer, 1997).

5. Experimental results

5.1. Analysis of learning achievement

To evaluate the effectiveness of the proposed approach, an experiment was conducted on a mathematics course
taught at an elementary school in Taiwan. The results show that the mean values and standard deviations of the
pre-test scores were 72.10 and 16.37 for the control group, and 70.31 and 17.19 for the experimental group.
Here, the t-test result (r = -0.575, p > .05) reveals that the control and experimental groups were not significantly
different.

After the learning activity, this study performed a one-way independent-samples analysis of covariance
(ANCOVA) to examine the difference between the two groups on the students’ fraction performance. Moreover,
this analysis used the pre-test scores as the covariate and the post-test scores of learning achievement as
dependent variables, as shown in Table 3. The adjusted mean value and standard error of the post-test scores
were 69.48 and 1.49 for the control group, and 78.37 and 1.49 for the experimental group. According to the
results (F = 17.85, p < .001), there was a significant difference between the two groups, implying that the
students who learned with the adaptive CER-based mathematics game showed significantly better learning
achievements than those who learned with the mathematics game without the concept-effect relationship (CER)
approach. Furthermore, in terms of #? described by Howell (2002), with large (#* > 0.138), moderate (52 > 0.059),
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and small (2 > 0.01) effects, the ANCOVA results of the proposed learning model gave a large effect size, with
2 _
n°=0.14.

Table 3. ANCOVA results of the post-test scores

Groups N Mean S.D. Adjusted mean Std. error F 7’
Experimental group 58 78.03 11.46 78.37 1.49 17.85™ 0.14
Control group 58 69.81 14.15 69.48 1.49

Note. "™p < .001.

5.2. Analysis of mathematics self-efficacy

To realize the effect of the proposed approach on the students’ learning self-efficacy, a pre-questionnaire was
used to measure their self-efficacy before the experiment. The results show that the mean values and standard
deviations of the self-efficacy degrees were 3.94 and 0.56 for the control group, and 3.97 and 0.48 for the
experimental group; meanwhile, the #-test result (# = 0.358, p > .05) revealed that the difference in the control and
experimental groups’ learning self-efficacy was not significant.

After completing the game-based learning activity, ANCOVA was used to compare group differences in mean
self-efficacy ratings by excluding the impacts of the pre-questionnaire ratings. Table 4 shows the ANCOVA
result of the post-questionnaire ratings of the two groups. The adjusted means of the experimental group and the
control group were 4.44 and 4.09. Moreover, it was found that the experimental group had significant differences
on the self-efficacy ratings, with F = 14.25 (p <.001). In addition, ANCOVA results of self-efficacy represented
a moderate effect size (#* < 0.059) for the experimental group (Howell, 2002). The results indicate that the game-
based learning system based on the concept-effect relationship approach could enhance the students’ self-
efficacy more than the conventional game-based learning in mathematics.

Table 4. ANCOVA results of self-efficacy of the two groups

Groups N Mean S.D. Adjusted mean Std. error F 7’
Experimental group 58 4.44 0.48 4.44 0.66 14.25™ 0.11
Control group 58 4.09 0.52 4.09 0.66

Note. ™*p < .001.

5.3. Analysis of learning attitudes

Table 5 shows the independent t-test result of the students’ learning attitudes. According to the results (¢ = -0.74,
p > .05), before the learning activity, the t-test result showed no significant difference between the pre-tests of
the two groups.

After the learning activity, the mean values and standard deviations of the post-test scores were 4.55 and 0.57 for
the experimental group, and 4.15 and 0.54 for the control group. In addition, the independent t-test results of
learning attitudes represented a moderate to large effect size (d = 0.73) for the post-test level between two groups
(Cohen, 1988). In Cohen’s criteria, if the Cohen’s d value is greater than 0.8, it is considered as a large effect.
The results showed that the learning attitudes of the students in the experimental group were significantly more
positive than those of the students who learned with the game without the concept-effect relationship approach.

Table 5. The independent #-test results of learning attitudes for the two groups

Group N Mean S.D. t d
Pre-test Experimental Group 58 3.93 0.55 -0.74 0.13
Control Group 58 4.00 0.49
Post-test Experimental Group 58 4.55 0.57 3.79" 0.72
Control Group 58 4.15 0.54

Note. ™ p <.001.
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5.4. Analysis of cognitive load

In this study, the cognitive loads of the two groups of students were measured by investigating the effect of
mental effort and mental load. As shown in Table 6, the total scores of both mental effort and mental load range
from 1 to 5, with a median of 3.

In terms of mental effort, there is no significant difference between the two groups of students (¢ = -1.01; p >
.05). The result showed that the mean values of the two groups of students showed relatively lower values
considering that the questionnaire uses a 5-point Likert scale (i.e., corresponding to a low workload level or
higher effort). That is, it can be seen that suitable mental effort might be good for students to enhance their
learning achievement, implying that the proposed game-supported educational scenario and friendly game
interface might facilitate the reduction of the learning pressure in the mathematics learning process.

On the other hand, mental load is concerned with intrinsic cognitive load, which represents the degree to which
students need to engage in cognitive processing in order to handle the challenging tasks. The students in both
groups were asked to study assigned materials and learning tasks with the same level of difficulty. From the
experimental results in Table 6, the means and standard deviations were 2.21 and 1.11 for the experimental
group, and 2.74 and 1.23 for the control group, showing that there was a significant difference in the mental load
of the two groups (¢ = -2.46; p < .05; d = 0.45). In addition, the independent t-test results of cognitive load
reached a moderate effect size for mental load between the two groups (Cohen, 1988). This implies that, owing
to using the concept-effect relationship approach, the students could engage in deeper understanding in
conceptual-knowledge learning, especially those who had difficulty with the learning material, and it reduced
their burden in the learning process. As a result, the experimental group did not have a higher mental load.

Table 6. The independent #-test result of the cognitive load of the two groups

Group N Mean S.D. t d
Experimental Group 58 2.89 1.31 -1.01 0.19
Mental effort Control Group 58 3.12 1.06
Experimental Group 58 2.21 1.11 -2.46" 0.45
Mental load Control Group 58 2.74 123
Note. "p < .05.

5.5. Analysis of mathematics anxiety

Reducing students’ mathematical anxiety has been recognized as an important and challenging issue. Moreover,
studies have indicated that lower learning anxiety has a more positive effect on learning achievement while
engaged in mathematics learning (Fast et al., 2010; Maloney et al., 2015; Vukovic et al., 2013). In this study, a
post-questionnaire was used to measure the participants’ mathematical anxiety after the experiment. Table 7
illustrates the independent t-test result of the mathematical anxiety of the two groups. The results showed no
significant difference in the mean score for mathematical anxiety between the two groups (¢ =-1.16, p > .05,d =
0.22). In addition, the independent t-test results of mathematics anxiety represented a small effect size (d < 0.5)
for the mental effort and mental load between the two groups (Cohen, 1988), implying that the proposed game-
based learning approach based on the concept-effect model may lower anxiety and have a positive effect on
depression.

Table 7. t-test result of mathematics anxiety of the two groups

Group N Mean S.D. t d
Experimental Group 58 2.10 0.86 -1.16 0.22
Control Group 58 2.33 1.19

6. Discussion and conclusions

In this study, an adaptive concept-effect relationship (CER)-based mathematics game was developed for
conducting mathematics learning activities. An experiment was conducted in a fraction learning activity to
evaluate the performance of the proposed approach.

The experimental results demonstrated that, in comparison with the adaptive CER-based mathematics game with
conventional game-based learning, the proposed approach significantly improved the students’ learning
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achievements. That is, students in the experimental group conducted the adaptive CER-based mathematics game
approach to learn the mathematical concept of fractions. The system could diagnose whether students
comprehended concepts for each learning task. Based on the learning diagnosis, the system would offer
additional learning tasks for students to remedy the poorly understood concepts. The research findings are
consistent with previous studies, indicating that the learning achievement of learners could be enhanced via
learning diagnosis after regular learning activities (Chu, Hwang, & Huang, 2010; Panjaburees, Triampo, Hwang,
Chuedoung, & Triampo, 2013; Wongwatkit, Srisawasdi, Hwang, & Panjaburee, 2017; Wang, Lin, Hwang, Kung,
& Chen, 2017).

As for the learning attitudes of the two groups, the experimental group students had significantly better learning
attitudes than those who learned with the game without the concept-effect relationship approach. From this
finding it could be inferred that the adaptive CER-based mathematics game approach diagnoses students’
learning concepts, and strengthens their weaker concepts by offering remedial courses in fractions. Generally,
students thought their mathematics learning performance was enhanced via the proposed approach, and were
willing to continually learn the content with the adaptive CER-based mathematics game approach. This finding
is consistent with previous studies, showing that improvement in learning achievement for learners could
positively change their learning attitudes (Hwang, Wu, Chen, & Tu, 2016; Chuang, Hwang, & Tsai, 2018).

As for the mathematics self-efficacy of the two groups, although the finding shows no significant difference
between the two group, students in the experimental group expressed higher positive confidence than those in the
control group. This implies that students who adopted the adaptive CER-based mathematics game approach
could learn better than students who learned with the conventional game-based learning approach. Thus, students
in the experimental group were willing to put more effort into fraction learning and learn more important
concepts about fractions. This finding is consistent with previous research, indicating that a good learning
approach could motivate learners’ self-efficacy as well as enhance their learning performance (Lai, Hwang, &
Tu, 2018; Hsia & Hwang, 2020).

As for the two groups’ cognitive load, although the finding shows no significant difference between them in
terms of mental effort, students in the experimental group expressed lower mental load than those in the control
group. From this it can be inferred that the adaptive CER-based mathematics game approach can enable students
to engage in further training in conceptual-knowledge learning, especially those who have poor comprehension
of the learning material, and thus it reduces their burden in the learning process, and then reduces their mental
load. This implies that a good learning approach could facilitate learners’ critical thinking and deep
understanding of the important concepts, and finally enhance their learning achievements (Hwang, Kuo, Chen, &
Ho, 2014; Wu, Hwang, Yang, & Chen, 2018).

As for the mathematics anxiety of the two groups, although the finding shows no significant difference between
them, students in both groups expressed low mathematics anxiety, indicating that the game-based learning
approach can motivate students’ learning and reduce their anxiety during mathematics learning tasks. This
finding is consistent with previous studies, showing that a learning approach with playfulness and joyfulness
could raise learners’ learning motivation and lower their anxiety, especially in complex courses (Hwang, Hung,
& Huang, 2014; Yang, Chang, & Hwang, 2020).

In the near future, several extended studies can be considered; for example, the investigation of the proposed
approach combined with a cooperative learning strategy, Team Assisted Individualization (TAI), can be probed
to determine the effectiveness of team-based learning support in mathematics. It is expected that such a social
learning setting could help low-achieving students in mathematics in an interactive way more than individual
approaches. Moreover, we plan to develop other interactive and tutoring tools by using Artificial Intelligence
(AI) technologies, which provide students with an engaging way to increase the effectiveness of tutorial
interactions and diagnose students’ learning obstacles.

Besides, it is necessary to strengthen the system function for teachers to construct CER diagrams quickly and
properly. Currently, it is time-consuming for teachers to construct accurate concepts of subjects during the
preparation of the instruction plan. Thus, if domain experts could construct domain concepts collaboratively via
the learning system, the subject teachers would be able to easily and quickly complete the CER for the course.
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ABSTRACT: Help-seeking is an important self-regulated learning strategy and skill for effective learning.
Studies have found that some students have poor help-seeking behaviors and that this leads to poor learning
performance. Some researchers have developed help-seeking regulation mechanisms to detect and regulate
students’ poor help-seeking behaviors. Studies have also found that students have different help-seeking
tendencies. Thus, adaptive help-seeking regulation mechanisms for different help-seeking tendencies are
required. This study applied a help-seeking questionnaire and a K-means clustering approach to identify three
help-seeking tendencies in the context of a computer assisted learning system (CALS). Then, adaptive help-
seeking detection and regulation mechanisms were developed for these three help-seeking tendencies. The
regulation mechanisms also adopted historical student records of problem-solving and help-seeking data for each
problem as parameters to account for the difficulty of each problem. Furthermore, an experiment was conducted
with a control group and an experimental group. Students in the experimental group used a CALS with adaptive
help-seeking regulation mechanisms, whereas students in the control group used a CALS without the regulation
mechanisms and could seek help at will. The experimental results showed that students in the experimental group
had better learning performance for difficult problems, better help-seeking behaviors (i.e., less executive help-
seeking) for easy problems, and a higher ratio of solving problems by themselves without seeking help than
students in the control group.

Keywords: Help-seeking behaviors, Help-seeking tendencies, Negotiation-based regulation, Individual
difference, Intelligent computer assisted learning systems

1. Introduction

Help-seeking is an important self-regulated learning strategy and skill for effective learning because some
students’ poor performance results from their poor help-seeking behaviors, such as unawareness of the need for
help, help avoidance and help abuse (Karabenick & Gonida, 2018; Hirt, Karlen, Suter & Merki, 2020;
Karabenick & Berger, 2013; Mbato & Cendra, 2019). In particular, students’ help-seeking behaviors affect their
learning performance in computer assisted learning systems (CALSs) with on-demand help support (Aleven et
al., 2003). Many CALSs provide students with worked-out examples and tutored problem-solving exercises to
assist them in learning (Clark, Nguyen, & Sweller, 2006; Van Gog, Kester, & Paas, 2011). Worked-out examples
demonstrate how to solve specific problems by presenting solution examples and explanations, whereas tutored
problem-solving exercises support students in practicing how to successfully solve problems with the help of
systems. Many CALSs provide on-demand help support so that students can seek help from systems when they
encounter difficulty in solving problems. Researchers have suggested that CALSs offer different types of help to
assist students in solving problems, such as verification of solution situations, error-indicating hints, corrective
hints, instruction-based hints, and answers as bottom-out hints (i.e., executive help) (Chou, Huang & Lin, 2011;
Dempsey, Driscoll & Swindell, 1993; VanLehn, 2006). However, students may have poor help-seeking
behaviors, such as not seeking help (i.e., avoidant help-seeking) or abusing help (i.e., executive help-seeking),
and these poor help-seeking behaviors are correlated with poor learning performance (Chou et al., 2018; Muldner
et al.,, 2011; Ryan & Shin, 2011; Shim, Rubenstein & Drapeau, 2016; Smalley & Hopkins, 2020). Therefore,
researchers have developed intelligent CALSs that detect and regulate students’ poor help-seeking behaviors to
promote better learning performance (Aleven et al., 2006; Aleven et al., 2016; Chou et al., 2018; Roll et al.,
2011).

Researchers have also found that students have different help-seeking tendencies and can be described as
strategic help-seekers (SHSs), executive help-seekers (EHSs), avoidant help-seekers (AHSs), and independent
help-seekers (IHSs) (Chou et al., 2018; Gall, 1985; Hirt et al., 2020; Karabenick, 2003; Martin-Arbds,
Castarlenas & Dueifias, 2021; Ryan, Patrick & Shim, 2005; White & Bembenutty, 2013). SHSs tend to seek help
for learning (i.e., strategic help-seeking/instrumental help-seeking). EHSs tend to seek help for completing tasks
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without effort. AHSs tend to avoid seeking help because of the threat posed by help-seeking. IHSs tend to solve
problems by themselves. Therefore, students with different help-seeking tendencies require different help-
seeking regulations. However, there is little literature available regarding the CALS providing adaptive help-
seeking regulation mechanisms for different help-seeking tendencies. This study proposed an approach for
identifying students’ different help-seeking tendencies in the context of a CALS and developing adaptive help-
seeking regulation mechanisms for different help-seeking tendencies to account for students’ individual
differences. Furthermore, the effect of adaptive help-seeking regulation mechanisms on students’ help-seeking
behaviors and learning performance was evaluated.

2. Literature review
2.1. Identification of help-seeking tendencies

Help-seeking is a self-regulated learning process that includes being aware of the need for help and seeking help
from available helpers (Gall, 1985; Karabenick & Gonida, 2018). Students may be influenced by cognitive,
motivation and social factors and reveal different help-seeking tendencies (Gonida et al., 2019; Karabenick &
Gonida, 2018). For example, SHSs have high mastery-approach goals and seek help for mastering their learning
tasks. EHSs have high performance-approach goals and may seek help when help is not needed to perform better
than others. AHSs have high performance-avoidance goals, regard help-seeking as threats and fails, and avoid
seeking help. Researchers have identified SHSs, EHSs, and AHSs through observation by teachers in the context
of the classroom (Ryan, Patrick & Shim, 2005). Furthermore, researchers have designed help-seeking
questionnaires to assess students’ help-seeking profile, such as executive help-seeking and help-seeking threat,
applied clustering methods, and identified SHSs, EHSs, IHSs, and AHSs in the context of the classroom
(Karabenick, 2003; Finney et al., 2018; White & Bembenutty, 2013). However, most studies have explored
students’ help-seeking tendencies from teachers or classmate helpers in the context of the classroom, and there is
little literature available regarding students’ help-seeking tendencies in the context of CALSs. This study applied
a help-seeking questionnaire and a machine learning clustering method to identify students’ different help-
seeking tendencies in the context of a CALS.

2.2. Intervention of help-seeking behaviors

Researchers have found that external feedback from teachers or CALSs can help students be aware of and
regulate their poor self-regulated learning (Butler & Winne, 1995; Chou & Zou, 2020). Similarly, external
feedback from teachers or CALSs can be applied to help students be aware of and regulate their poor help-
seeking behaviors. Researchers have developed mechanisms for CALSs to detect poor help-seeking behaviors,
such as help avoidance and help abuse, and provide external feedback for intervention (Aleven et al., 2006; Chou
et al., 2018; Roll et al., 2011). However, these intervention mechanisms do not consider students’ help-seeking
tendencies. Students with different help-seeking tendencies tend to have different poor help-seeking behaviors.
For example, AHSs tend to avoid help-seeking even if they are aware of the need for help. Therefore, the system
should prompt and encourage AHSs to seek help rather than prompt AHSs not to seek much help. EHSs tend to
abuse help. Thus, the system should focus on reminding EHSs not to seek too much help. Furthermore, problems
have different difficulty levels, and more difficult problems require more solution time and help. Researchers
have also confirmed that students seek help more frequently as problem difficulty increases (Hao, Wright,
Barnes & Branch, 2016). A one-size-fits-all regulation mechanism does not account for different help-seeking
tendencies and problems with different difficulty levels. Therefore, this study developed different adaptive help-
seeking regulation mechanisms for students with different help-seeking tendencies and for problems with
different difficulty levels.

The effects of help-seeking interventions on help-seeking behaviors and performance are generally evaluated
(Karabenick & Gonida, 2018). Since students seek help more frequently as problem difficulty increases (Hao et

al., 2016), the effect of help-seeking intervention may differ for easy and difficult problems. Thus, this study
evaluated the effect of help-seeking interventions for easy and difficult problems.

3. Method

The method includes three steps. Step one applied a help-seeking tendency questionnaire and clustering approach
to identify students’ different help-seeking tendencies in the context of a CALS. Step two developed adaptive
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help-seeking regulation mechanisms for different help-seeking tendencies to account for students’ individual
differences and for problems with different difficulty levels. Step three divided students into an experimental and
a control group to evaluate the effect of the adaptive help-seeking regulation mechanisms on students’ help-
seeking behaviors and learning performance. The details of the three steps, the help-seeking tendency
questionnaire and the CALS adopted are presented below.

3.1. The help-seeking tendency questionnaire

This study adopted a help-seeking tendency questionnaire that was modified from a help-seeking tendency
questionnaire (Karabenick, 2003) that was designed to assess students’ help-seeking tendencies when seeking
help from human helpers. The questionnaire was modified to assess students’ help-seeking tendencies when
seeking help from a CALS. The questionnaire includes seven 7-point Likert scale items and three scales
measuring help-seeking willingness, executive help-seeking and help-seeking threat (see Appendix). The help-
seeking willingness scale has two items to ask students whether they seek help from the system if they have
trouble solving problems. The executive help-seeking scale has two items to ask students whether they seek help
from the system because they want to avoid solving the problems on their own. The help-seeking threat scale has
three items to ask students whether they consider that seeking help from the system is a failure or an admission
that they are not smart enough. In Karabenick’s study (2003), the Cronbach’s alpha values of the three scales
were 0.62, 0.78, and 0.81. The Cronbach’s alpha values of the three scales in this study were 0.578, 0.677, and
0.774.

3.2. The system support problem-solving and help-seeking

The CALS, named NALS-HS (negotiation-based adaptive learning system for help-seeking), adopted in this
study was derived from a CALS developed in a previous study of help-seeking (Chou et al., 2018). The system
enabled students to learn from worked-out examples and tutored problem-solving exercises. First, the system
provided a worked-out example for a program and explanations of its execution and output. After that, students
were asked to solve a program-output-prediction problem by predicting the output of a program. Figure 1 shows
the system interface for problem-solving and help-seeking. The right part of the interface is the program for
predicting the output. Programs were designed to output five lines, each of which had five output values.
Students input their prediction of the output in the left part of the interface value by value and line by line. Five
buttons were located at the bottom to allow students to seek help, edit the next line of the output, return to the
previous line of the output, review the worked-out example, or finish the prediction.

If students sought help, the system provided adaptive help in the middle part of the interface (Figure 1). The
system detected students’ solutions and provided adaptive help to assist them in solving problems (Table 1)
(Chou et al., 2018). Students’ solutions were correct, incomplete, or incorrect solutions. If students correctly
solved the problem, the system verified that they had submitted the correct solution. If students’ solutions were
unfinished solutions without errors, the system provided three levels of hints in sequence to help students
complete their solutions: informing students that their solutions were unfinished solutions without errors (i.e.,
verification); prompting the output of the next line (i.e., an instruction-based hint); and informing students of the
output of the next line (i.e., a bottom-out hint of the answer). If students’ solutions had errors, the system
provided four levels of help: informing students that their solutions had errors to prompt students to check their
solutions; indicating the location of the first error to guide students to find their errors and fix them; instruction-
based hints for the located line of the first error to prompt students to fix their errors; and bottom-out hints.
Bottom-out hints are classified as executive help, whereas the other hints are classified as instrumental help
(Gall, 1985).

Table 1. Adaptive help for different solution situations (Chou et al., 2018)

Correct solution Incomplete solution Incorrect solution
Level 1 help Verification (correct) Verification (incomplete) Verification (incorrect)
Level 2 help - Instruction-based hint Error-indicating hint
Level 3 help - Answer (bottom-out hint) Instruction-based hint
Level 4 help - - Answer (bottom-out hint)
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Figure 1. System interface for problem-solving and help-seeking in program-output-prediction problems

3.3. Step 1: Identifying students’ different help-seeking tendencies

A help-seeking tendency questionnaire and a machine learning clustering method, K-means, were applied to
identify students’ different help-seeking tendencies. An experiment was conducted in an introductory computer
programming course for undergraduate students at a university. Among 60 enrolled students, 52 students,
including 37 male and 15 female students, completed the questionnaire and participated in the experiment; there
were 29 freshmen, 8 sophomores, 10 juniors, and 5 seniors. The students were majoring in computer science. In
a computer classroom, the students were asked to use NALS-HS to solve two problems without help-seeking
regulation mechanisms. After that, the students were asked to fill out the help-seeking tendency questionnaire.

Table 2. Clustering results for help-seeking questionnaire data (Mean/Standard Derivation)

Cluster 1: Cluster 2: Cluster 3:
AHSs EHSs/SHSs IHSs
(N=35, 10%) (N=31, 60%) (N=16, 30%)
Help-seeking willingness 2.1/1.12 4.69/0.93 2.75/0.68 EHSs > AHSs, IHSs
Executive help-seeking 2.5/1.12 3.19/1.04 2.09/0.84 EHSs > [HSs
Help-seeking threat 4.2/1.07 3.12/0.87 2.17/0.63 AHSs > EHSs > IHSs

Note. AHSs: avoidant help-seekers; EHSs: executive help-seekers; SHSs: strategic help-seekers; IHSs:
independent help-seekers

K-means clustering was conducted to divide students into clusters based on their results for the three scales. K-
means is an unsupervised machine learning method used to divide data into assigned K clusters (Xu, 2005).
Different K values were tested to examine whether the clustering results were meaningful. The results showed
that there was at least one cluster in which the number in the cluster was fewer than 5 when the K value was 4 or
larger; thus, the K value was set to 3 to avoid clusters with too few students and to avoid too few clusters. In
addition, a three-cluster solution was highly interpretable. Table 2 lists the clustering results for the help-seeking
questionnaire data. A Kruskal-Wallis H test showed that there were statistically significant differences in help-
seeking willingness (x> (2) = 36.220, p < .001), executive help seeking (x*(2) = 11.868, p < .01), and help-
seeking threat (y? (2) = 17.527, p < .001) among the three clusters. The results of Dunn’s multiple comparison
tests showed that cluster 2 had higher willingness to seek help than clusters 1 and 3; cluster 2 had higher
executive help-seeking than cluster 3; cluster 1 had higher help-seeking threat than cluster 2; and cluster 2 had
higher help-seeking threat than cluster 3. Accordingly, cluster 1 had higher help-seeking threat and lower help-
seeking willingness, characteristic of AHSs. Cluster 2 had higher willingness to seek help and executive help-
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seeking, but its executive help-seeking value was medium, characteristic of EHSs or SHSs. Cluster 3 had lower
willingness to seek help, executive help-seeking, and help-seeking threats, which are characteristic of IHSs.

3.4. Step 2: Developing adaptive help-seeking negotiation-based regulation mechanisms

Adaptive help-seeking negotiation-based regulation mechanisms were designed for different help-seeking
tendencies (Table 3). With help-seeking negotiation-based regulation mechanisms, the system negotiates with
students to co-regulate help-seeking (Chou et al., 2015; Chou et al., 2018; Hadwin, Jarveld & Miller, 2011). This
co-regulation scaffolds students’ help-seeking to prompt students to be aware of and regulate their poor help-
seeking behaviors. Problems have different difficulty levels, and thus, for each problem, the appropriate
problem-solving attempts (PSAs, computed as the number of attempts made to complete the solution step), help-
seeking amount (HSA, computed as the highest level of hint that students sought for help) and solving time (ST)
differ for each step. Students need more PSAs, HSA and ST for each step when solving more difficult problems.
Thus, this study adopted the historical records of students’ PSAs, HSA and ST for each problem as parameters
for the heuristic rules to detect students’ situations and to regulate their poor help-seeking behaviors. Rule #1
reminds students not to seek too much help when they have sought too much help (i.e., a poor help-seeking
behavior of executive help-seeking). The rule is checked when students seek help. For AHSs and IHSs, the rule
detects the situation of seeking too much help when a student has few PSAs (i.e., below or equal to the first
quartile of the historical PSA record), a short ST (i.e., below or equal to the first quartile of the historical ST
record), and high HSA (i.e., larger than or equal to the third quartile of the historical HSA record). EHSs tend to
seek too much help. Thus, for them, the HSA threshold is reduced to the second quartile of the historical HSA
record so that the system reminds these students not to seek too much help in advance. If the rule is activated, the
system rejects students’ help requests, encourages students to solve problems by themselves, and disables the
“Help” button for 40 seconds. If students continue to seek help after 40 seconds, the system will provide help.
Rule #2 prompts students to seek help when they have difficulty and need help. The rule is periodically checked
as students solve problems. For EHSs and IHSs, rule #2 detects the situation of needing help when a student has
a long ST (i.e., longer than or equal to the third quartile of the historical ST record) and low HSA (i.e., below or
equal to the first quartile of the historical HSA record). AHSs tend to avoid seeking help. Thus, the HSA
threshold is increased to the second quartile of the historical HSA record so that the system prompts AHSs to
seek help more frequently. If the rule is activated, the system proposes providing help by asking students “Do
you need help?” with two buttons, “Yes” and “No.” If students choose “Yes,” the system provides help based on
the solution situation. If students reject help, the system detects the situation again after 40 seconds. Rule #3
forces providing hints to students when students are stuck, definitely need help, and reject help. The rule detects
a stuck situation when students reject the system’s help proposal two consecutive times (i.e., a poor help-seeking
behavior of avoidant help-seeking). When the rule is activated, the system forces providing hints to students.
Rule #4 respects and does not regulate students’ help-seeking behaviors when students neither seek too much
help nor have difficulty. When rules #1, #2, and #3 are not activated, rule #4 is activated.

Table 3. Adaptive help-seeking negotiation-based regulation mechanisms for different help-seeking tendencies

Rule Brief Situation Detection rule Negotiation-based regulation
#1 Remind not to Students have AHSs, IHSs: (PSAs<=Qi)and  Reject students’ help request
seek too much sought for too (ST <= Q) and (HSA >=Q3) and disable “Help” button for
help much help EHSs: (PSAs <=Q;) and (ST <= 40 seconds. If students still
Q1) and (HSA >=Q») seek help after 40 seconds,
the system will provide help.
#2 Prompt to seek  Students have AHSs: (ST >=Q3) and (HSA <=  Propose to provide hints and
help difficulty and need Q) and accept students’ choices. If
help but do not EHSs, IHSs: (ST >= Q3) and students reject help, the
seek help (HSA <= Q) system detects the situation
again after 40 seconds.
#3 Force help Students are stuck ~ Students reject the system’s help  Force providing hints to
and definitely need proposal two consecutive times  students
help but do not
seek help
#4  Respect Students neither Out of rules #1, #2, or #3 No regulation
students’ help-  seek too much help
seeking nor have difficulty

Note. Q: the first (lower) quartile; Q»: the second quartile (i.e., median); Qs: the third (upper) quartile; problem-
solving attempts (PSAs), help-seeking amount (HSA), and solving time (ST).
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3.5. Step 3: Conducting an experiment with an experimental and a control group

Students were divided into an experimental group and a control group to explore whether adaptive help-seeking
regulation mechanisms facilitate better help-seeking behaviors and learning performance. Students in each
cluster were randomly assigned to the control and experimental groups (Table 4). Because there was an odd
number of students in the AHS and EHS clusters, the decision was made to assign one more student to the
experimental group than to the control group. When students logged in to the system, those in the experimental
group were assigned to use the NALS-HS system with adaptive negotiation-based regulation mechanisms,
whereas the students in the control group were assigned to use the NALS-HS system in which the regulation
mechanisms were disabled so that they could seek help at will.

Table 4. Distributions of students in the control and experimental groups

Total AHSs EHSs/SHSs IHSs
Control 25 2 15 8
Experimental 27 3 16 8

Students used the system in classes for six weeks. Each week, students read worked-out examples and conducted
exercises in which they sought to solve two related program-output-prediction problems through the assigned
system with or without regulation mechanisms in 20 minutes. These two problems were similar to the worked-
out examples. Historical PSA, HSA and PT records from 63 students who used the system to solve these
problems were used as the parameters of the adaptive help-seeking regulation mechanisms. After that, students
were asked to complete a post-test with two program-output-prediction problems similar to the two problems in
the exercises in 15 minutes in a pencil-and-paper format. Students were assigned to learn and solve easy
problems from weeks 1 to 3 and difficult problems from weeks 4 to 6. In the 7th week, a delay test with six
problems that were similar to the problems from the first six weeks was conducted to assess students’ delay
performance. Students’ post-test and delay test scores for easy problems during weeks 1 to 3 and difficult
problems during weeks 4 to 6 were computed to assess their learning performance.

Chou and his colleagues (2018) proposed three help-seeking behavior indicators, namely, the ratio of steps
solved with executive help (RSE), the ratio of steps solved with instrumental help (RSI), and the ratio of steps
solved by themselves (RST), to evaluate the quality of students’ help-seeking behaviors. High RSE is identified
as a poor help-seeking behavior (i.e., executive help-seeking), whereas appropriate RSI is identified as a good
help-seeking behavior (i.e., strategic/instrumental help-seeking) and RST is identified as an indicator of whether
students are able to solve problems by themselves without seeking help. This study adopted RSE, RSI, and RST
to evaluate students’ help-seeking behaviors.

4. Experimental results

Some students missed some activities and their data were excluded from the related analysis. The number of
valid samples for each analysis is shown in the following tables.

Table 5 lists students’ learning performance for easy and difficult problems. The results of paired ¢ tests showed
that students’ performance on easy problems was significantly higher than that on difficult problems [post-test:
t(39) = 3.661, p = .001; delay test: #(40) = 9.119, p < .001]. That is, problems during weeks 4 to 6 are more
difficult than problems during weeks 1 to 3.

Table 5. Learning performance for easy and difficult problems (Mean/Standard Derivation)

Week 1~Week 3 Week 4~Week 6 Paired ¢ test

(Easy problems) (Difficult problems) t p
Post-test (full mark = 100) (N = 40) 91.59/8.68 82.48/14.06 3.661 .001
Delay test (full mark = 75) (N=41) 71.98/7.47 52.29/16.46 9.119 .000

Table 6 lists the help-seeking behavior indicators for the students in the control and experimental groups. A
Mann-Whitney U test revealed that students in the experimental group had a significantly higher RST on easy
and difficult problems than students in the control group (easy problems: U = 161, p = .014; difficult problems:
U =134, p =.047). The effect sizes (calculated by Cohen’s D) for RST were large (0.92) and medium (0.64) for
the easy and difficult problems, respectively. A Mann-Whitney U test also showed that students in the
experimental group had a significantly lower RSE on easy problems than students in the control group (U =
143.5, p = .003). Students in the experimental group also seemed to have a lower RSE on difficult problems than
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students in the control group, but the difference did not reach significance. In addition, the effect sizes for RSE
were large (0.96) and medium (0.5) for easy and difficult problems, respectively. The results indicated that the
adaptive help-seeking regulation mechanisms promoted students better help-seeking behaviors (i.e., less
executive help-seeking) for easy problems and a higher ratio of solving problems by themselves without seeking
help.

Table 6. Help-seeking behavior indicators of the control and experimental groups (Mean/Standard Derivation)

Control Experimental Mann-Whitney U test
U P

Week 1~Week 3 (Easy problems) N=23 N=24
RST 0.754/0.208 0.903/0.100 161 014"
RSI 0.155/0.153 0.075/0.079 210.5 161
RSE 0.108/0.113 0.022/0.060 143.5 .003*
Week 4~Week 6 (Difficult problems) N=20 N=21
RST 0.287/0.258 0.451/0.256 134 047"
RSI 0.098/0.089 0.068/0.072 168.5 278
RSE 0.615/0.284 0.481/0.247 152 130

Note. "p < .05; "p <.01.

Table 7 shows the learning performance on the post-tests and delay test for the control and experimental groups.
A Mann-Whitney U test revealed that the post-test score for weeks 4 to 6 in the experimental group was
significantly higher than that in the control group (U = 108, p = .008). The effect sizes (calculated by Cohen’s D)
for the post-test were small (0.19) and large (0.81) for the easy and difficult problems, respectively. In addition,
the delay test score for weeks 4 to 6 was approximately significantly higher in the experimental group than in the
control group (U = 143.5, p = .086). The effect sizes for the delay test were small (0.29) and medium (0.53) for
the easy and difficult problems, respectively. The results indicated that the adaptive help-seeking regulation
mechanisms promoted better learning performance, particularly for difficult problems.

Table 7. Learning performance of the control and experimental groups (Mean/Standard Derivation)

Control Experimental Mann-Whitney U test
U p

Post-tests (full mark = 100)

Week 1~Week 3 (Easy problems) 90.3/9.84 (N=21) 91.9/7.37 (N=25) 242 .651
Week 4~Week 6 (Difficult problems) 76.4/12.97 (N=19) 87.1/13.29 (N=22) 108 .008™
Delay test (full mark = 75)

Week 1~Week 3 (Easy problems) 70.8/9.32 (N=19) 73/5.44 (N=122) 193 523
Week 4~Week 6 (Difficult problems) 47.7/18.18 (N=19) 56.2/14.01 (N=22) 143.5 .086"

Note. 'p<.1; "p < .01.

5. Discussion

5.1. Identified help-seeking tendencies under different contexts/sources, participants, and identification
approaches

This study identified three student help-seeking tendencies in the context of a CALS. Table 8 lists the help-
seeking tendencies identified in eight studies. The distributions of the identified help-seeking tendencies vary
across studies. SHSs were identified in all studies. EHSs were identified in five studies. AHSs were identified in
five studies. IHSs were identified in three studies. In particular, some studies identified some students with
mixed help-seeking tendencies; that is, these students did not belong to a single help-seeking tendency but
simultaneously presented characteristics of different help-seeking tendencies. For example, White and
Bembenutty (2013) identified some students with the properties of both EHSs and AHSs and some students with
the properties of both AHSs and SHSs. Some students were identified with both EHSs and SHSs in this study.
This reason might be that there is no clear boundary between some help-seeking tendencies or that help-seeking
tendencies are not mutually exclusive. However, it may be that students who belong to the same help-seeking
tendency have different levels of this tendency or quantitatively ordered profiles. For example, all students were
identified as SHSs in the two studies of Finney et al. (2018), but 3 levels or 4 levels of SHSs were identified.
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Table 8. Help-seeking tendencies identified in different studies

Study Context/source  Participants Identification EHSs SHSs IHSs  AHSs
approach
Karabenick, Classroom 883 college Questionnaire 42% 36% 23%
2003 students & clustering
(chemistry
classes)
Ryan, Patrick  Classroom 844 6th-grade Observed & 13% 65% 22%
and Shim, students reported by
2005 (study 1) teachers
Ryan, Patrick  Classroom 474 Sth-grade Observed & 7% 74% 19%
and Shim, students (math reported by
2005 (study 2) classes) teachers
White and Classroom 86 college Questionnaire  14%/AHSs  54% 32%/
Bembenutty, students & clustering SHSs
2013 (elementary
teacher
candidates)
Finney et al., Classroom 1950 first-year Questionnaire 100%
2018 (study 1) college students & mixture 3
modeling levels
Finney et al., Classroom 2107 college Questionnaire 100%
2018 (study 2) upperclassmen & mixture 4
modeling levels
Chou et al, CALS 39 college System 38% 28% 33%
2018 students records &
(programming observed by
class) experts
This study CALS 52 college Questionnaire 60%/ 30% 10%
students & clustering SHSs
(programming
class)

The different distributions may be due to differences in the contexts/sources, participants, and identification
approaches. First, the contexts/sources may be classrooms in which students seek help from teachers or peers;
online chatrooms or discussion boards on which students seek help from teachers, peers, or strangers; or CALSs
in which students seek help from the system. Makara and Karabenick (2013) proposed a multidimensional
framework for distinguishing help sources: role (formal vs. informal), relationship (personal vs. impersonal),
channel (mediated vs. face-to-face), and adaptability (dynamic vs. static). In addition, researchers have argued
that seeking help from teachers or peers is a social form of self-regulated learning, whereas seeking help from
CALSs is a nonsocial form (Karabenick & Gonida, 2018). Researchers have found that students have different
help-seeking tendencies toward teachers (i.e., formal sources) and peers (i.e., informal sources) (Karabenick,
2003; Qayyum, 2018). Some studies explored students’ help-seeking tendencies in general, whereas some
studies investigated students’ help-seeking tendencies in classes on specific subjects, such as chemistry, math, or
programming. Students may have different help-seeking tendencies in different classes. For example, a student
may be an SHS in a chemistry class but an AHS in a math class. Second, different participants, such as college
students and elementary students, may have different help-seeking strategies, skills, and tendencies. Participants
in six of the studies were college students, whereas participants in two of the studies were elementary students. It
would be interesting to compare the help-seeking tendencies of different types of participants, such as college
students and elementary students. Third, there are two main approaches to identifying help-seeking tendencies.
One approach employs teachers or experts to identify students’ help-seeking tendencies by observing students or
investigating system records of students’ behaviors. The other approach applies a self-reported help-seeking
tendency questionnaire and clustering method to cluster students into several clusters, and experts then identify
the help-seeking tendency of each cluster. Help-seeking is a kind of self-regulated learning, and Winne and Perry
(2000) proposed that self-regulated learning can be measured as an attitude, which focuses on static and large-
grained assessments, through a self-report questionnaire, or measured as an event, which focuses on small-
grained dynamic processes, through observation or behavior tracking. Fine-grained evaluations during a long
period can reflect more information than a global evaluation from a questionnaire on a specific date (Cantabella
et al., 2020). It would be interesting to compare the help-seeking tendency results obtained through
questionnaires with those obtained through observation or behavior tracking. In sum, further analytic and
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comparative studies of help-seeking identifications are required to investigate students’ help-seeking tendencies
under different contexts/sources, participants, and identification approaches.

5.2. Detection of and intervention mechanisms for poor help-seeking behaviors in CALSs

Table 9 lists the detection and intervention mechanisms for poor help-seeking behaviors in CALSs. Each
detection and intervention mechanism was designed based on assumptions about what poor help-seeking
behaviors are and how to intervene. Help Tutor is a tutor agent that provides meta-cognitive feedback on help-
seeking as students learn with an intelligent tutoring system, Geometry Cognitive Tutor (Aleven et al., 2006;
2016). Help Tutor contains a help-seeking model (comprising approximately 80 production rules) to analyze
students’ problem-solving and help-seeking behaviors to detect four main categories of student help-seeking
bugs (i.e., poor help-seeking behaviors), namely, help abuse, help avoidance, try-step abuse, and miscellaneous
bugs. Help abuse indicates that students misuse the help of the CALS. Help avoidance denotes that students
could benefit from seeking help but choose to try the step. Try-step abuse means that students try steps too fast.
Miscellaneous bugs cover help-seeking bug situations not represented in the other categories, such as students
receiving all the hints, including a bottom-out hint of the answer, and still failing to solve the problem. Help
Tutor provides students with meta-cognitive feedback as an intervention when help-seeking bugs are detected.
For example, Help Tutor intervenes by showing the message “A hint could be helpful, as this is likely a
challenging step to you” to a student when help avoidance is detected (Aleven et al., 2000).

On the other hand, NALS-HS (version 1) includes six rules to analyze students’ problem-solving and help-
seeking behaviors and detect three poor help-seeking behaviors, namely, asking for excessive help, having
difficulty and needing help but not seeking help, and being stuck and definitely needing help but not seeking help
(Chou et al., 2018). NALS-HS adopts a negotiation based regulation mechanism as a help-seeking intervention.
A student can actively seek help from the system, and the system may accept the student’s help-seeking request
or reject the request when the student is detected as having asked for excessive help. The system may also
actively prompt a student to seek help when it detects that the student is having difficulty and needs help or force
providing hints to the student when he or she is stuck, definitely needs help, and still rejects seeking help. These
rules adopt some threshold parameters that can be adjusted. For example, one rule is that a student will be
detected as having difficulty and needing help when the student is idle for 40 seconds (i.e., a threshold), and the
system will prompt the student to seek help by asking the student “Do you need help?”” with two buttons, “Yes”
and “No.”

Table 9. Detection and intervention mechanisms for poor help-seeking behaviors in CALSs

System Factors for detection Poor help-seeking Intervention

behaviors detected
Help Tutor (Aleven et al.,  Problem solving and help ~ Help abuse Meta-cognitive feedback
2006; 2016) seeking behaviors Help avoidance

Try-step abuse
General errors

NALS-HS (version 1) Problem solving and help ~ Asking for excessive help  Negotiated based
(Chou et al., 2018) seeking behaviors Having difficulty and regulation
needing help but not
seeking help

Being stuck and definitely
needing help but not

seeking help
NALS-HS (version 2) Problem solving and help ~ Asking for excessive help  Negotiated based
(This study) seeking behaviors Having difficulty and regulation
Help seeking tendency needing help but not

Problem difficulty levels  seeking help
Being stuck and definitely
needing help but not
seeking help

This study modified the detection and regulation rules of NALS-HS (version 2) to consider not only problem-
solving and help-seeking behaviors but also help-seeking tendency and problem difficulty levels (Table 3). A
study has confirmed that students seek help more frequently as problem difficulty increases (Hao et al., 2016).
This study adopts historical records of students’ problem-solving and help-seeking behaviors for each problem,
namely, the lower quartile, the second quartile, and the upper quartile for PSAs, ST, and HSA, as threshold

62



parameters for the rules for each problem. For students with different help-seeking tendencies, the rules adopt
different thresholds to accommodate students’ differences. For example, the threshold of detection for seeking
too much help for EHSs (HSA >= Q) is lower than that for AHSs and IHSs (HSA >= Q3) so that the system can
remind EHSs not to seek too much help in advance.

In sum, different assumptions regarding poor help-seeking behaviors lead to different detection and intervention
mechanisms for poor help-seeking behaviors in CALSs. These assumptions should be validated or modified
according to the experimental results. For example, inappropriate attempts (i.e., try-step abuse or making hasty
attempts when help would be more beneficial) are generally regarded as poor help-seeking behaviors, but a study
found that a high rate of inappropriate attempts on low-skill steps was significantly associated with students’
success rate on subsequent relevant attempts (i.e., improved learning), whereas a high rate of inappropriate
attempts on medium-skill steps was significantly negatively associated with the subsequent success rate (Roll et
al., 2014).

5.3. Effects under help-seeking intervention and after help-seeking intervention is faded out

To evaluate the effects of help-seeking detection and intervention, students with help-seeking intervention
(experimental group) were compared with students without intervention (control group) in terms of their help-
seeking behaviors and performance. Help-seeking intervention is a form of scaffolding; thus, it is necessary to
evaluate learning effects under help-seeking intervention and after help-seeking intervention is faded out (Aleven
et al., 2016; Chou & Chan, 2016). When a help-seeking intervention is provided, the analysis determines whether
the intervention facilitates better student help-seeking behaviors and performance in the learning task, whereas
after the help-seeking intervention is faded out, the analysis focuses on whether the intervention helps students to
be better help-seekers in future learning tasks. Table 10 lists the effects under help-seeking intervention and after
help-seeking intervention has been faded out, which includes the control and experimental groups. Students in
the experimental group who used Geometry Cognitive Tutor with Help Tutor had better help-seeking behaviors
than students in the control group who used Geometry Cognitive Tutor without Help Tutor (Roll et al., 2006;
Roll et al, 2011). Students in the experimental group also had better help-seeking behaviors after the
intervention was faded out than students in the control group (Roll et al., 2011). The results indicated that
students could be tutored to be better help-seekers. However, there were no significant differences in
performance between students in the experiment and control groups.

Table 10. Effects under help-seeking intervention and after intervention was faded out

Study Effects under help-seeking intervention Effects after intervention was
faded out
Help Tutor (Roll et al., 2006) Improved help-seeking behaviors N/A
Help Tutor (Roll et al., 2011) Improved help-seeking behaviors Improved help-seeking
behaviors
NALS-HS (version 1) (Chouet Improved help-seeking behaviors N/A
al., 2018)
NALS-HS (version 2) (This Improved help-seeking behaviors (easy N/A
study) problems)
Improved performance (difficult
problems)

Students in the experimental group who used NALS-HS (version 1) with help-seeking intervention mechanisms
had better help-seeking behaviors than students in the control group who used NALS-HS without intervention
mechanisms (Chou et al., 2018). However, there were no significant differences in performance between
students in the experiment and control groups. In this study, students in the experimental group who used NALS-
HS (version 2) with help-seeking intervention mechanisms not only had better help-seeking behaviors for easy
problems but also had better performance for difficult problems than students in the control group who used
NALS-HS without intervention mechanisms. The results revealed that the help-seeking intervention not only
promoted better help-seeking behaviors but also promoted better performance; however, the effect of the help-
seeking intervention on behaviors appeared only for easy problems, whereas the effect of the help-seeking
intervention on performance appeared only for different problems. The results might indicate that task or
problem difficulty is a factor affecting student help-seeking behaviors, performance, and the effects of
intervention. Another study found that students’ success rate was significantly associated with the rate of
inappropriate attempts on low-skill steps but was significantly negatively associated with the rate of
inappropriate attempts on medium-skill steps (Roll et al., 2014). In sum, the effects of help-seeking interventions
and the influencing factors need further investigation.
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6. Conclusion

This study proposed an approach for developing adaptive help-seeking regulation mechanisms for different help-
seeking tendencies. First, a questionnaire and clustering approach was adopted to identify students’ help-seeking
tendencies in the context of a CALS. Then, adaptive help-seeking detection and regulation mechanisms were
developed for different help-seeking tendencies and for problems with different difficulty levels. The
mechanisms take students’ individual differences in help-seeking tendency into account to provide them with
precise and adaptive help-seeking detection and regulation. The mechanisms also adopt historical student records
of problem-solving and help-seeking data for each problem as parameters for the adaptive help-seeking detection
and regulation mechanisms to account for the difficulty of each problem. Finally, the results of the experiment
showed that adaptive help-seeking regulation mechanisms for different help-seeking tendencies promoted a
higher ratio of students solving problems by themselves without seeking help (experimental: 90.3% and 45.1%
for easy and difficult problems versus control: 75.4% and 28.7%), better help-seeking behaviors (i.e., less
executive help-seeking, experimental: 2.2% versus control: 10.8%) for easy problems, and better learning
performance for difficult problems (experimental: 87.1 versus control: 76.4). In sum, the study has shown the
feasibility and benefit of the proposed approach of regulating student poor help-seeking. The approach can be
applied to develop adaptive help-seeking regulation mechanisms for other CALSs. However, students’ help-
seeking tendencies may be differently identified for different participants and for different CALSs. Adaptive
help-seeking regulation mechanisms should be modified for different identified help-seeking tendencies, and the
effects of the modified mechanisms should be explored. Further studies are required to explore how to generally
identify help-seeking tendencies and design effective help-seeking regulation mechanisms.

Furthermore, the proposed adaptive regulation mechanisms of collecting data, adopting machine learning
methods to identify students with different profiles and designing different regulation mechanisms can be applied
in different contexts with different data, different machine learning identification methods, and diverse regulation
mechanisms. For example, students’ log of participation and solutions in a CALS can be collected for applying
machine learning classification methods to identify students with different performances for intervention
(Villagra-Arnedo et al., 2020). Enrolled students’ data can be clustered to identify prospective students for the
promotion of graduate programs (Croda et al., 2019).
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Appendix. Help-seeking questionnaire

Help-seeking willingness

1. IfI were having trouble solving problems I would ask the system to help me how to solve problems.

2. Getting help from the system would be one of the first things I would do if I were having trouble in solving
problems.

Executive help-seeking
3. The purpose of asking the system for help would be to succeed without having to work as hard.
4. Getting help from the system would be a way of avoiding solving problems on my own.

Help-seeking threat

5. Twould feel like a failure if I needed help from the system.

6. 1 would not want anyone to find out that I needed help from the system.

7. Getting help from the system would be an admission that I am just not smart enough to do the work on my
own.
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ABSTRACT: As the number of mobile device owners on university campuses grew over the past two decades,
scholars specializing in digital education and its application versatility have taken a heightened interest in mobile
learning programs and platforms. The nature of mobile learning is constantly evolving with the development of
technology artifacts, and it brings the purpose of this article into sharper focus as we examine mobile learning
from various perspectives, critical issues confronting distant education programs, and identify potential research
directions for future studies. To that end, main path analysis, a citation-based systematic review method, is
employed for this study in collecting and analyzing of 935 articles that address mobile learning in the higher
education community. The results of the analysis identify several significant trajectories, which reveal four
popular research clusters: mobile technology artifact, educator motivation approach, learner learning projection,
and actualizing mobile learning and in turn identifies two mobile learning research derivatives: Mobile-
technology affordance and actualizing mobile learning. This kind of discovery research has demonstrated that
mobile learning will strengthen learning references.

Keywords: Mobile Learning, M-Learning, Affordance actualization, Main path analysis

1. Introduction

With the development of mobile technologies and wireless devices, mobile learning (m-learning) has been
recognized as a trend in educational applications(Wu et al., 2012), which can be defined as information acquiring
taking place while learner is not at a fixed location, or when the learner benefited from the adoption of mobile
technologies to gain learning opportunities (O’Malley et al., 2003). As Ally and Prieto-Blazquez (2014)) stated,
the availability of mobile technology enables educators to have the opportunity to access educational resources in
an unfixed location. Mobile technology-enabled educational programs are now widely regarded as a
development priority for many schools, as accessibility of handheld device hikes among university students.
Despite the plethora of writings devoted to discussing the impact of mobile technology on formal education
experiences, a more comprehensive exploration is imperative to scrutinize possible challenges and development
direction since the m-learning concepts are organically and constantly evolving.

The developing mobile technology offers a more flexible, personalized and accessible learning experience (Yusri
& Goodwin, 2013). In this domain, the role of technology component is growing with the development of digital
technologies, and thus facilitating the changing of mobile learning concepts. More specifically, the studies on
mobile learning have transformed from the design aspect into the usage aspect. Design aspect of mobile
education indicates the importance of the nature and potential outcome of mobile technologies for educational
purposes; On the other hand, the more recent researches show a growing atten