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In recent years, Al technologies have been devel-
oped to promote students' self-regulated learning
(SRL) and proactive learning in digital learning en-
vironments. This paper discusses a comparative
study between generative Al-based (SRLbot) and
rule-based Al chatbots (Nemobot) in a 3-week sci-
ence learning experience with 74 Secondary 4 stu-
dents in Hong Kong. The experimental group used
SRLbot to maintain a regular study habit and facili-
tate their SRL, while the control group utilized rule-
based Al chatbots. Results showed that SRLbot
effectively enhanced students' science knowledge,
behavioural engagement and motivation. Quantile
regression analysis indicated that the number of in-
teractions significantly predicted variations in SRL.
Students appreciated the personalized recommen-
dations and flexibility of SRLbot, which adjusted re-
sponses based on their specific learning and SRL
scenarios. The ChatGPT-enhanced instructional de-
sign reduced learning anxiety and promoted learn-
ing performance, motivation and sustained learning
habits. Students' feedback on learning challenges,
psychological support and self-regulation behaviours
provided insights into their progress and experience
with this technology. SRLbot's adaptability and per-
sonalized approach distinguished it from rule-based
chatbots. The findings offer valuable evidence for
Al developers and educators to consider generative
Al settings and chatbot design, facilitating greater
success in online science learning.
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Practitioner notes

What is already known about this topic

» Al technologies have been used to support student self-regulated learning (SRL)
across subjects.

* SRL has been identified as an important aspect of student learning that can be
developed through technological support.

» Generative Al technologies like ChatGPT have shown potential for enhancing stu-
dent learning by providing personalized guidance and feedback.

What this paper adds

» This paper reports on a case study that specifically examines the effectiveness of
ChatGPT in promoting SRL among secondary students.

» The study provides evidence that ChatGPT can enhance students' science knowl-
edge, motivation and SRL compared to a rule-based Al chatbot.

» The study offers insights into how ChatGPT can be used as a tool to facilitate SRL
and promote sustained learning habits.

Implications for practice and/or policy

» The findings of this study suggest that educators should consider the potential of
ChatGPT and other generative Al technologies to support student learning and
SRL.

» Educators and students should be aware of the limitations of Al technologies and
ensure that they are used appropriately to generate desired responses.

* ltis also important to equip teachers and students with Al competencies to enable
them to use Al for learning and teaching.

INTRODUCTION

Students' ability to successfully manage their self-regulated learning (SRL) is important for
their lifelong learning in today's digital world (Chen & Huang, 2014; Wolters & Taylor, 2012).
However, developing young learners' SRL has been a challenging task due to differences in
learning styles and motivation, limited access to learning support and the need for feedback
(Wong et al., 2019). According to Zimmerman (2002), SRL refers to a process by which
learners utilize their mental abilities to transform into academic skills through self-directed
goals. To foster students' SRL behaviours, researchers have suggested decomposing learn-
ing strategies, such as providing opportunities for student autonomy and choice, encour-
aging goal-setting and planning, providing feedback and support and creating a positive
learning environment.

SRL and motivation are closely related to the learning performance and process
(Zimmerman & Schunk, 2011). Motivation serves as the driving force behind learners' engage-
ment and instigates and sustains goal-directed activities, while SRL skills enable learners
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to set meaningful goals, monitor progress and adapt strategies (Schunk & DiBenedetto,
2020). Motivation fuels learning, engagement and persistence of SRL behaviours, and SRL
enhances learners' sense of control, mastery, autonomy and competence, leading to in-
creased intrinsic motivation (McCombs, 2013; Reeve et al., 2012). In science education,
intrinsic motivation and self-regulation may play a dominant role in developing students'
scientific knowledge. Prior research examined the link between SRL environment (eg,
teacher support, investigation, cooperation and task orientation) and motivation in science
learning (Velayutham & Aldridge, 2013). By considering students' psychological charac-
teristics, teachers can improve classroom practices by creating a favourable environment
where students can feel more motivation and work harder to succeed (Cheng & Tsai, 2020;
Zimmerman & Schunk, 2011).

To assist students inimproving their SRL and motivation, various technological approaches
have been explored. Many studies have focused on the use of learning dashboards, en-
abling students to monitor their SRL behaviours and enhance their SRL skills (eg, Perez-
Alvarez et al., 2022; Roll & Winne, 2015; Winne & Baker, 2013). For instance, Breitwieser
et al. (2023) demonstrated the high effectiveness of mobile interventions in supporting SRL
among young learners. These interventions involved providing prompts to remind students
of instructions and help them plan their SRL, without fostering excessive reliance on the
prompts. Similarly, Fan et al. (2021) assessed students' engagement across content access,
revision, participation in discussions, completion of assessments, help-seeking behaviour
and search activity. These examples showcase the analysis of students' learning processes
through artificial agents, addressing their psychological, affective and metacognitive needs
using statistical and machine learning techniques, and offering real-time scaffolding for
problem-solving and performance (Roll & Winne, 2015; Winne & Baker, 2013). Such support
can assist young learners in developing self-regulation and maintaining a positive online
learning experience, particularly during the COVID-19 pandemic and in self-paced learning
environments (Ng, 2022).

ChatGPT has gained significant global attention and has shown promise in supporting
students' learning (Kasneci et al., 2023; Kohnke et al., 2023; Tlili et al., 2023). Recent studies
suggest that students are more optimistic about the potential of generative Al technologies
to improve their academic performance and develop effective learning strategies (eg, Afzaal
et al., 2021; Hsu et al., 2023; Wang & Lin, 2023). Al is the simulation of human intelligence
processes by machines, and there are various applications or subfields that fall under the
umbrella of Al, such as machine learning and data mining (Alam, 2021; Chen et al., 2020; Ng
et al., 2021). Generative Al is a type of Al that is designed to generate new content (eg, text,
images and media) (Peres et al., 2023). Unlike rule-based Al systems that follow predefined
instructions or rules, generative Al models learn from large datasets and use that knowledge
to create new content that is similar to the training data (Caruccio et al., 2024).

In the age of Al, it is important for students to be equipped with adequate capabilities such
as understanding what Al is, how it functions, its limitations and how to improve results and
suggestions from generative Al (Chiu et al., 2021; Ng, Leung, et al., 2023; Ng et al., 2021;
Xia et al., 2023). To obtain desired responses, a concept known as ‘prompt engineering’ has
emerged. This term refers to the process of designing and developing effective prompts (eg,
inputs and instructions) for language models, such as generative Al models. It involves craft-
ing specific instructions or queries that elicit desired responses from the model (Lo, 2023;
Strobelt et al., 2022). After carefully designing and refining prompts, students could generate
desired outputs that are more accurate, relevant and aligned with the intended purpose.

To identify the SRL interventions to which ChatGPT belongs, prior research has identi-
fied two common types: The first type involves direct instructions on SRL strategies, often
utilized in training programmes or by teachers in the classroom (Dignath & Veenman, 2021).
The second type is scaffolding, which includes prompts and feedback to guide students
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in employing SRL strategies (Devolder et al., 2012). ChatGPT can act as virtual teach-
ers to have both types of SRL interventions, providing direct instruction, while also offer-
ing prompts and feedback to assist students in developing their SRL strategies. However,
there is a scarcity of studies exploring the potential of (generative) Al chatbots in providing
prompts to foster students' SRL development. It remains unclear whether these generative
Al technologies can effectively serve as virtual teachers and enhance students' SRL.

Tofill this research gap, we developed a ChatGPT-enhanced bot called SRLbot to enhance
SRL among Secondary 4 students. This study emphasizes the significance of supporting
SRL in secondary school students and explores the potential of effective ChatGPT-enhanced
interventions for younger learners. Specifically, we focus on facilitating students' adoption of
effective SRL strategies and discuss the utilization of prompt engineering guidelines to stim-
ulate their SRL and science learning. We also address important considerations regarding
the implementation of Al to enhance students' SRL, such as frequency of use, Al literacy
and challenges. Finally, we present qualitative feedback from students, which complements
the quantitative findings and informs the development of successful ChatGPT-enhanced
interventions for younger learners. Several research questions were addressed:

Quantitative phase:

RQ1. To what extent does the use of the SRLbot have an impact on students' SRL, moti-
vation and science knowledge?

RQ2. Are there any significant differences between the SRLbot and Nemobot platform
that influence students' SRL, motivation and science knowledge?

RQ3. What are the effects of gender and students' interaction on students' SRL?

Qualitative phase:

RQ4. What are students' perceptions of SRLbot experiences in developing SRL?

LITERATURE REVIEW
Self-regulated learning

SRL involves students' intentional and proactive management of their learning process to
achieve specific goals (Pintrich, 2004; Zimmerman & Schunk, 2011). A supportive learn-
ing environment is important to encourage and promote students’ SRL to fulfil their learn-
ing needs (Chiu et al., 2022; Xia et al., 2023). When students' needs are met, they tend
to be more motivated and autonomously self-regulate their learning effectively (Littlejohn
et al., 2016). With positive learning support, students can exhibit greater enthusiasm, be-
come more attentive and demonstrate their self-regulation (Deci & Ryan, 2004). The fulfil-
ment of the need for autonomy has positive consequences for students' abilities to regulate
their independent learning (Jin et al., 2023; Wang & Eccles, 2013).

Self-regulated learners have a mastery goal orientation, which means they seek to
develop competencies by mastering skills or tasks, are confident in their learning ability
and highly value the learning tasks (Zimmerman & Schunk, 2011). According to Molenaar
et al. (2022)'s review, self-regulated learners show three characteristics which include: (1)
cognitive competencies (eg, elaborating and summarizing a topic), (2) metacognitive com-
petencies (eg, orientation, goal setting, planning, monitoring and evaluation), to actively
monitor their learning, and (3) regulate their affective states (eg, reducing confusion and
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frustration and increasing task value and interest) to sustain an appropriate level of learning.
Other studies also supported these three dimensions of SRL. Kim et al. (2014) found that
students' affects (eg, anxiety, boredom) and motivational beliefs are positively associated
with their self-regulation for interaction in online learning environments. Similarly, Cho and
Heron (2015) found that online students' intrinsic goal orientation and emotion are positively
related to their SRL strategies in a self-paced online course. These studies have highlighted
the important dimensions of SRL for this study to design an appropriate toolkit that guides
students to enhance their learning in an Al-supported environment.

Previous studies on science learning in various digital environments have demonstrated
that supporting student autonomy can encourage SRL through offering self-paced assess-
ment, multimedia resources for scaffolding support (eg, text, graphics and videos), collabo-
rative communication and encouraging students' inquiry (Stevenson et al., 2017). Hence, it
provides evidence that technology has played a prominent role both inside and outside the
classroom in supporting students in developing SRL.

SRL in Al-supported settings

Science learning tasks require students to apply not only their subject domain knowledge
but also dependent on cognitive (eg, problem solving and reasoning) and metacognitive
strategies and their affective states (Azevedo et al., 2010; Molenaar et al., 2022). Using
data-tracking methods (eg, log files and screen/video recording) to gather these data poses
challenges to researchers. Analyses of verbal and textual data are usually time and labour
intensive (Veenman et al., 2006), which may lead to coding inaccuracies (Hu & Gao, 2017).

To address this issue, recent researchers have begun to explore how Al tools/methods can
support educators in measuring students' SRL (eg, Hsu et al., 2023; Molenaar, 2022; Wang
& Lin, 2023). For example, Hsu et al. (2023) recently showed the use of Al-supported optical
character recognition technology to support students' self-regulation strategies, vocabulary
acquisition, learning anxiety and English learning behaviours. Molenaar et al. (2022) de-
veloped a Hybrid Human-Al Regulation system and used adaptive learning technologies
to optimize students' learning and develop their SRL skills among 10- to 14-year-old young
learners in collaborative tasks. Students were encouraged to use the planning tool to set
their goals and planned actions to learn science. These studies suggested the use of auto-
matic scoring for recognizing cognitive and metacognitive strategies of SRL.

Among these methods, features are extracted from data in form of learning behaviours to
measure students' self-regulation through Al-driven methods. These Al platforms can help
analyse learner interactions to examine their cognitive and metacognitive states, thoughts
and emotions and provide personalized feedback to improve students’ SRL strategies
(Gelan et al., 2018; Wang & Lin, 2023). Furthermore, students can benefit from gaining
adaptive support and recommendations provided by Al systems. The integration of Al has
shown promise in enhancing students' SRL skills, such as goal setting, planning and moni-
toring. Prior studies have explored the potential synergy among SRL theory, Al and learning
analytics, highlighting the interactive nature of these components.

Although the aforementioned systems had measured affective states such as feelings and
motivation, these systems hardly provided emotional support for students who had failed or
succeeded in completing a task (Hwang & Chien, 2022). To address this, the use of chatbot
technologies has emerged as one of the recent developments in providing support for SRL.
It has made it possible for chatbots to act as virtual teachers to give prompts and support
students' SRL with a conversational approach (Hwang & Chien, 2022). Research on using
chatbots to support SRL among younger learners is limited. In science education, Al chat-
bots help students develop knowledge through personalized feedback, explanations, science
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skills demonstration and problem solving (Wu & Yu, 2024). However, these chatbots relied
heavily on rule-based systems supported by natural language processing (NLP), which follow
predefined scripts and patterns based on keyword matching (van der Waa et al., 2021).

In the present study, although students in both groups complete the same science eval-
uation tasks about force and motion using chatbots, examining students’ SRL activities
requires more than tracking students' data logs and prompting rule-based conversations.
Since 2022, the emergence of ChatGPT by OpenAl has captured substantial global atten-
tion and demonstrated its potential to support students' learning. Unlike rule-based chatbots,
ChatGPT utilizes advanced language models and generative Al techniques, enabling more
human-like conversations with users. This breakthrough has opened up new possibilities
for leveraging chatbots in educational settings to enhance students' learning experiences
(Kasneci et al., 2023; Kohnke et al., 2023; Tlili et al., 2023). It leverages large-scale data-
sets and deep learning techniques to understand the context of conversations and gener-
ate more contextually appropriate responses. Compared to rule-based chatbots, ChatGPT
can handle more complex and nuanced conversations. It can generate responses that are
more flexible and adaptable to different scenarios. The utilization of ChatGPT in learning
technologies, particularly in chatbot design, enables the integration of intelligence, real-time
SRL support and personalized feedback within the home environment. This advancement
highlights the need for further efforts in leveraging SRL theory to guide students’ inquiries
and facilitate learners' progress, aided by Al support. By combining SRL principles with gen-
erative Al, there is potential to create more effective SRL experiences for students. This can
be achieved by addressing the need for automatic scoring and human-like conversations.

Chatbots for science learning

Chatbots have emerged as technology applications that greatly enhance interpersonal
communication and learning. They offer interactive methods and user-friendly interfaces
to provide diverse information and knowledge, serving as tools for individual consultations
(Chang et al., 2022). Chatbots have gained popularity, particularly in providing personal-
ized support to learners. Although research on effective chatbot design for supporting
students' SRL and science learning is limited, some studies explored the use of chatbots
in science education. Salvagno et al. (2023) designed a chatbot with a responsive teaching
function to promote explicit reasoning and writing, and positive attitudes towards science.
Deveci Topal et al. (2021) developed an intelligent chatbot to support fifth-grade students in
learning about matter and changing states, while Durall and Kapros (2020) designed a self-
assessment chatbot to foster secondary students' science learning and self-regulation.
These studies demonstrated the potential of chatbots in providing immediate feedback,
recommendations, explanations and examples, thereby improving students' conceptual
development in subjects.

Previous research has emphasized the importance of SRL in science education, suggest-
ing the need for domain-specific and complementary scaffolding (Alpaslan et al., 2016). With
the support of ChatGPT, chatbots can become more adaptive and powerful. Cooper (2023)
has discussed the potential of ChatGPT-enhanced chatbots in enhancing students' science
learning. First, ChatGPT can respond to teachers' and students' questions related to sci-
ence education. Second, it explores the ways in which educators can incorporate ChatGPT
into their science pedagogy. Third, it reflects on the use of ChatGPT as a research tool
for science learning. Although it seems that ChatGPT has shown its potential to enhance
students' learning and address scientific misconceptions, there are challenges when using
novice technologies. Dao and Le (2023) found that ChatGPT struggled to accurately answer
questions on advanced or newly discovered science topics for high school and university
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students, such as derivatives and applications. Moreover, ethical concerns may arise re-
garding the derivation and accuracy of recommendations provided by Al (Ng et al., 2021).

This preliminary study aims to investigate the potential of utilizing ChatGPT as a virtual
teacher to support students' science learning and SRL skills. The objective of this research
was to evaluate the impact of GPT-driven chatbots on students' SRL learning. To achieve
this, a comparison was made between environments utilizing GPT-driven chatbots and
those employing rule-based approaches. This helps identify effective practices for integrat-
ing GPT into chatbots and SRL settings, with a specific context on science education (ie,
force and motion).

METHODS
Research design

A total of 74 Secondary 4 students at a secondary school in Hong Kong were invited to at-
tend 10-lesson blended learning activities to learn science concepts ‘force and motion’. This
study employed a quasi-experimental approach, with 36 students in both classes. The ex-
perimental group involved students using SRLbot, while the control group involved students
using a rule-based Al system. After lessons, both groups were engaged in the chatbot learn-
ing activities. Students were encouraged to continue their science learning at home using
the chatbots. A teacher with over 7 years of teaching experience taught for both groups and
was familiar with the chatbots. A set of guiding materials was given to students on how to
use the chatbots to learn science, and how to enhance their SRL at home. Both groups of
students were expected to learn how to solve force and motion questions using displace-
ment, velocity, acceleration, friction, mass and weight. An SRL and motivation question-
naire with 5-point Likert scale and a science knowledge test were administered before and
after the intervention. To triangulate the quantitative findings, follow-up interviews were con-
ducted to understand how students perceive the chatbot learning experience. The research
design is illustrated in Figure 1.

In the experimental group, 22 (59.5%) of the students were male and 15 (40.5%) were
female. They use SRLbot to learn science. A set of guiding questions was developed to help
students plan ahead their learning using SRL strategies (eg, What type of science problems
are you currently working on?, Have you encountered problems similar to the ones you are
working on before? and What are your goals for solving the problems?). When students
face difficulties while learning at home (eg, lack of motivation, science misconceptions and
challenges in the science tasks), they could seek advice from the SRLbot. In the control
group, 37 students (19 male and 18 female) participated in 10 blended learning lessons
using a chatbot called Nemobot. Nemobot is a bot-building platform for developing Al con-
versational chatbots and is an effective service to support learning (Li et al., 2021; Tan,
2022, 2023). However, the SRL instruction and scaffolding support (eg, flashcards, hints
and e-quizzes) are not provided in Nemobot. When students encounter difficulties with their
questions, students could raise in their learning management system. After the lessons,
both groups were required to complete exercises in their textbook.

Instructional design and procedures
In the experimental group, students used SRLbot which was built by us in a mobile app

platform called POE. With POE, the research team worked with the teacher to design an
Al chatbot to support students in developing SRL strategies in science learning contexts at
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Experimental group Control group

L .

Pre-test on science knowledge “force and motion”, motivation  15.20 min
and self-regulated learning

& <

Instruction of “force and motion” and chatbot operations 150 min/week
SRLbot with SRL; Control group with SRL; ~ Support science
Students collaborated with Students collaborated with :eammg d‘;”"fg
SRLbot to finish tasks Nemobot to finish tasks essons and aiter
school
Pre-test on science knowledge “force and motion”, motivation, .
15-20 min

self-regulated learning and Al literacy

b 2 -

Follow-up interviews 15-20 min

- ~ -

Analysis of students’ learning behaviors

FIGURE 1 Research process.

Prompt visible from bot profile

You are a science teacher. You will respond to the students’ questions, suggest
learning resources and recommendations to improve students’ science
learning, and you care about students’ learning progress and set strategies to
ensure their self-regulated learning (SRL). You always ask the following
questions to support students’ SRL:

What type of science problems are you currently working on?

Have you encountered problems similar to the ones you are working on before?

FIGURE 2 The settings of a ChatGPT-enhanced chatbot called SRLbot.

home. The teacher can manage the chatbot without requiring programming background.
SRLbot was developed based on the ChatGPT-3 language model with the following steps.
First, we opened a bot page and customized the bot's appearance (Figure 2). Second,
we defined the bot's behaviour using an Al-powered language model. Third, we created a
prompt for SRLbot, which included instructions for how it should respond to students' ques-
tions and provide recommendations to enhance SRL.

When students encountered difficulties in the process, they typed their questions in the
SRLbot. Some recommendations with science-related examples and explanations were sug-
gested (Figure 3, left). Moreover, the chatbot can provide recommendations on enhancing
students' SRL. It helped students manage their learning processes via questioning. By doing
so, chatbots helped students set goals, suggest ways to improve environmental structuring,
recommend some learning strategies and promote time management skills (Figure 3, right).

Different from the experimental group, students in the control group used rule-based
chatbot using a social network platform called Facebook Messenger. The platform can be
integrated with Nemobot to set up automated and preprogrammed responses for students
to continue with their science learning at home (Tan, 2022). However, the chatbot is not as
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I'm learning newton's third law. can you give me a demonstration?

Certainly! Newton's Third Law states that for every action, there is
an equal and opposite reaction. To demonstrate this, let's consider
a simple example:

Take two identical balloons and inflate them. Hold one balloon in
each hand. Now, release the balloons simultaneously by letting go
of them.

As the balloons are released, you will observe that they move in
opposite directions. The action is the air being expelled from the
balloons, and the reaction is the movement of the balloons in
opposite directions. The force exerted by the air escaping from one
balloon pushes it in one direction, while an equal and opposite
force pushes the other balloon in the opposite direction.

This demonstration illustrates Newton's Third Law, showing that
the forces always occur in pairs and are equal in magnitude but
opposite in direction.

Remember, Newton's Third Law applies to all objects and is a
fundamental principle in understanding the interactions between
objects in motion.

Can you ask me questions to help have a good SRL?

Certainly! Here are some questions to help enhance your self-
regulated learning (SRL) in science:

1. What type of science problems are you currently working on?

2. Have you encountered problems similar to the ones you are
working on before?

3. What are your goals for solving the problems? Are you aiming
to understand the underlying concepts, apply them to real-
world situations, or improve your problem-solving skills?

4. What strategies do you plan to use to solve the problems? Are
you going to break them down into smaller steps, use visual
representations, or seek additional resources?

5. How do you approach problems that you find challenging? Do
you persevere and try different approaches, seek help from
others, or take a break and come back to it later?

6. Do you usually work through problems on your own or with
others? Are there benefits to collaborating with classmates or
seeking guidance from your teacher?

7. What resources do you typically use when working on science
problems? Do you refer to textbooks, online articles, videos, or
interactive simulations?

8. What areas of science do you feel most confident in, and
which do you find most challenging? How can you leverage
your strengths to tackle more difficult topics?

9. How do you stay motivated when working on difficult science
problems? Do you set small goals, reward yourself for
progress, or find personal connections to the subject matter?

10. Can you give an example of a science problem you recently
solved and how you went about solving it? Reflect on the
strategies you used and consider if there are alternative
approaches you could explore.

FIGURE 3 SRLbot showing students' science learning (left) and SRL recommendations (right).

flexible and adaptive as SRLbot since questions. Recommendations needed to be preas-
signed in the system and tailored to specific use cases and students' responses. If students'
responses are unexpected, it would ignore those responses. The chatbot mainly facilitated
teachers to provide science learning support (Figure 4, left) and some SRL recommen-
dations (Figure 4, right). The chatbot would ask students some questions, and students
answered them by typing or clicking buttons. The chatbot would provide feedback based on
students' responses and teachers' preassigned materials.

Before their class, both groups were also given instruction to inform students about the
SRL and science learning goals, and how to operate their chatbots (eg, learn how to prompt).
Such instructions are important for students to familiarize themselves with their chatbots.
There are several occasions to consider when the SRLbot may produce inaccurate results
or unsuitable recommendations, such as mixing different topics in a single chat session;
inputting non-specific goals and resulting in generic answers; and asking too many ques-
tions in one prompt (Young & Shishido, 2023). Students were advised to first familiarize the
chatbots under teachers' support.

On the other hand, previous research has demonstrated that students experience positive
engagement when using Nemobot in various subject areas, including science, programming,
mathematics and language learning (Ling & Tan, 2018). Additionally, studies have highlighted
the thoroughness of Nemobot's state machine design (Tan, 2023). Another study showed that
Nemobot effectively provided students with a positive learning experience across different
pedagogical approaches (eg, flipped classroom and gamification) (Tan, 2022). These papers
help justify the usefulness and effectiveness of using Nemobot for learning purposes.

SRL setting

The study was conducted in an SRL setting, in which students were guided to develop
their SRL strategies via interacting with chatbots. At the beginning of the science lessons,
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2 é Nemo Bot 2 Ié Nemo Bot

Acceleration is experienced by I'm a chatbot teacher and will help
humans as the thing you feel you self you self-regulated
pushing you back into the seat learning plans. | will help you
when you hit the gas pedal. design your learning plan and set
goals to make you sustain your
Whenever the velocity of learning.

something changes, there is either
a positive or a negative Do you want to learn some self-

acceleration in that direction directed learning strategies?

The average acceleration of any Yes No
object on earth is 9.81 m/s"2
towards the earth's surface
(-9.81m/s”2).

That's great! Setting goals is an
important part of self-regulated
learning. When it comes to
learning about force and motion.
People always set goals by using
SMART guideline:https://
www.forbes.com/advisor/business/
oals Spend ten minutes
thinking about how many
questions you want to complete?

Displacement Friction

Velocity Mass vs Weight

Now set your goals!
Force Skip to Quiz

Share about your goals

Skip to Quiz .
What is SMART?

Here is the start ui your

FIGURE 4 Nemobot showing students' science learning (left) and SRL recommendations (right).

the teacher informed students about the learning goals, contents and assignment, which
involved completing questions from the textbook with explanations and answers. Around 15
questions on force and motion were assigned at the end of the class, and students worked
in pairs to complete them with the help of a chatbot. The chatbot suggested SRL processes
to help students complete their tasks. Specifically, the students asked their chatbots for ad-
vice on goal setting, environmental structuring, task strategies, time management and help
seeking.

The main difference between them was the use of chatbot technologies. The experimental
group used SRLbot to seek advice for SRL strategies, which provided flexible, adaptive and
open-ended responses. Appendix 1 displays an example of a dialogue between SRLbot and
a student. The control group used Nemobot with the support of teachers' instruction to learn
SRL. The SRL recommendations and conversations were preassigned by Nemobot. To
reduce potential treatment diffusion between experimental and control groups, both groups
were taught by the same teacher using identical learning materials. Students continued
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their learning at home using different Al chatbots. The control group students used SRLbot,
whereas students in the experimental group adopted Nemobot. This enabled us to examine
whether rule-based or generative Al-assisted chatbot design can better support students in
sustaining their SRL and motivation. The instructional design for SRLbot and Nemobot was
aligned with the self-regulation theory adapted from Zimmerman's (2002) three-cycle model
and Hsu et al.'s (2023) SRL process (Figure 5).

Instruments and data analysis
Data collection

This study used a pre- and post-test adapted from the Online SRL Questionnaire to measure
students' self-regulation and motivation. This questionnaire, which is widely used in second-
ary schools, was developed based on 14 self-regulation theories proposed by Zimmerman
and Schunk (2011). These theories comprise three important stages: planning, action and
reflection, as shown in Figure 5.

The questionnaire contains 24 items across six dimensions of SRL: goal setting, envi-
ronmental structuring, task strategies, time management, help seeking and self-evaluation
(Lau, 2022). To examine students' learning motivation, four items were added to the ques-
tionnaire which was adapted from the revised Chinese version of Motivated Strategies
for Learning Questionnaire (Lee et al., 2010; Ng & Chu, 2021). The wording of items was
adapted to be context specific; for example, ‘I like what | am learning in school’ was changed
to ‘I like what | am learning in the science learning tasks.” Students were asked to answer 10
multiple-choice questions to test their science knowledge learnt in their learning tasks (ie,
force and motion). To examine students' Al literacy development, five items were introduced.
The questionnaire assessed their perceived knowledge of generative Al and/or ChatGPT,

f 3

1. Plan 2. Act
X . . Interact with
Goal setting Collaboration Seeking support chatbots
SRL. Enwronmgntal . Seeklng Organ.iz-ing and Notettaking
environment structuring information memorizing math
knowledge +
Help seeking Ui
management
& 3. Reflect g
o Learning
vaation strategies

Science questions and SRL

Facebook g
< Nemobot recommendations are pre-
Messenger p

assigned in Nemobot by teachers.
Chatbot @ Build & Y
desien N Interact ul B
g Science questions and SRL
SRLbot <: Chal;‘gEPT" recommendations are suggested

by teacher.

FIGURE 5 Zimmerman's (2002) three-cycle model adapted from Hsu et al. (2023).
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understanding of ChatGPT usage, awareness of its limitations, ability to apply the chatbot
for seeking SRL advice and science problem solving and intention to use ChatGPT in other
subjects.

The questionnaire used in this study was validated, with Cronbach's alpha values of 0.82
for SRL, motivation, Al literacy and science knowledge. Previous research conducted in
Hong Kong (Lau, 2022; Lee et al., 2010; Ng & Fang, 2023; Ng, Wu, et al., 2023) has also re-
ported good validity and reliability for SRL, motivation and Al literacy, supporting their use in
other learning settings. This study was conducted in a school in Hong Kong with Secondary 4
students, making the questionnaire suitable for examining online self-regulation behaviours
for science learning.

Data analysis

To address RQ1, the improvement in students' levels of SRL, motivation and science knowl-
edge was assessed by comparing pre- and post-test scores using a Wilcoxon signed-rank
test. For RQ2, the post-test results of students using the SRLbot and Nemobot platforms
were compared using non-parametric Mann—Whitney U tests. To explore the potential influ-
ence of students' interaction on SRL, as opposed to gender, quantile regression analysis
was conducted to examine the partial effects of number of interactions and gender changes
across the distribution of SRL in RQ3.

Follow-up interviews

To triangulate the quantitative findings, 12 students (six from experimental and six from
control groups) and the teacher were invited to have a follow-up semi-structured interview
for around 20 minutes. Examples of how students used chatbots to support their SRL and
science learning in both groups were gathered. The collected data, including interview dia-
logues and chatbot conversations, were presented to address RQ4, focusing on SRL and
the benefits and limitations of using SRLbot. A descriptive analysis was conducted to com-
plement students' perceptions of Al literacy. To further analyse the data, the Monkeylearn
software was deployed, which is specifically designed for qualitative sentiment analysis.
The software used textual analysis models to automatically tag the data, including sentiment
and identify key ideas (Sadriu et al., 2021). Based on the students' interview feedback, the
key themes were identified and categorized according to SRL and motivation, as shown in
Appendix 1.

RESULTS

RQ1. To what extent does the use of the ChatGPT have an impact on
students' SRL, motivation and science knowledge?

As shown in Table 1, the pre- and post-test scores were compared to assess the improve-
ment of students’ levels of SRL, motivation and science knowledge. Since the data were not
normally distributed (p<0.05 in Kolmogorov—Smirnov test), the Wilcoxon signed-rank test,
a non-parametric test, was used.

Regarding SRL, there was a significant improvement in scores for goal setting, environ-
mental structuring, task strategies, time management, help seeking and self-evaluation
(p=<0.01). There was also a slight improvement in science motivation and knowledge
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TABLE 1 Comparison of group differences in learning based on descriptive statistics, and Wilcoxon signed-
rank test in the SRLbot group.

Pre-test Post-test Wilcoxon signed-rank test
Mean Effect

Constructs N M SD M SD rank V4 size R p-Value
Goal setting 37 297 0.88 373 078 21.0 3.26 0.54 0.00**
Environmental structuring 37 2.21 0.95 412 0.73 171 3.86 0.63 0.00**
Task strategies 37 2.91 1.1 3.80 1.03 20.0 2.78 0.46 0.01**
Time management 37 2.83 1.00 3.70 1.05 21.3 2.73 0.45 0.01**
Help seeking 37 276 0.95 348 0.97 18.4 256 042 0.01**
Self-evaluation 37 2.91 0.94 3.80 1.00 19.2 3.33 0.55 0.00**
Science motivation 37 288 1.36 3.52 1.01 22.0 2.10 0.35 0.04*
Science knowledge 37 285 1.1 3.61 118 20.5 224 037 0.03*

*p<0.05; **p<0.01.

about force and motion (p<0.05). To calculate the Wilcoxon effect size for the paired
t-test, R was determined by dividing the Z statistic by the square root of the sample size
(Fritz et al., 2012). The commonly used interpretation values for R in published litera-
ture are <0.30 (small effect), 0.30-0.5 (moderate effect) and >0.5 (large effect) (Yang &
Dalton, 2012). Most of the constructs had a moderate effect size, such as task strategies,
time management and help seeking. Moreover, many scores in the post-tests were above
3.00, indicating that students have improved in developing their SRL strategies using
SRLbot.

RQ2. Are there any significant differences between the SRLbot and
Nemobot platform that influence students' SRL, motivation and
science knowledge?

The study employed non-parametric Mann—Whitney U tests to compare the post-test results
of students between the use of SRLbot and Nemobot platforms. The findings, presented
in Table 2, indicated a statistically significant improvement in performance for the SRLbot
group across various SRL strategies, including goal setting, environmental structuring, task
strategies, time management, help seeking and self-evaluation (p<0.05). Additionally, the
Mann—-Whitney U tests conducted on the posttest science motivation and science knowl-
edge revealed a statistically significant advantage for SRLbot over Nemobot (p<0.05),
suggesting that students who utilized SRLbot exhibited better motivation and knowledge
acquisition. Furthermore, the study identified a moderate effect size for most constructs.
However, it tends to have a lower moderate effect size for task strategies and science knowl-
edge (R=0.35). Consequently, these findings suggest that the proposed approach is more
effective in promoting students’ SRL and enhancing their science motivation and tested sci-
ence knowledge.

Then, we investigated the relative impacts of SRL and motivation on science learning
using quantile regression analysis. Science knowledge was regressed on SRL and motiva-
tion at five quantiles: 0.10, 0.25, 0.50, 0.75 and 0.90. Itis found that SRL has a great predictive
ability towards science learning, especially at higher quantiles (ie, 0.75 and 0.90), whereas
the predictive utility of motivation to science learning is less significant compared to SRL at
0.75 and 0.90 quantiles. Furthermore, SRL gained marginally significance (p=0.06) at 0.25
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TABLE 2 Mann-Whitney U test results for comparing students' learning between SRLbot and Nemobot.

Mann-Whitney U test

Effect

Constructs Groups N Meanrank U V4 size R p-Value

Goal setting SRLbot 37 445 424.0 2.82 0.46 0.01**
Nemobot 37 30.5

Environmental SRLbot 37 457 379.5 3.30 0.54 0.00**

Sty Nemobot 37 29'3

Task strategies SRLbot 37 42.8 488.5 212 0.35 0.03*
Nemobot 37 32.2

Time management SRLbot 37 43.5 464.0 2.39 0.39 0.02*
Nemobot 37 31.5

Help seeking SRLbot 37 43.7 456.5 2.47 0.41 0.01**
Nemobot 37 31.3

Self-evaluation SRLbot 37 44.0 442.5 2.62 0.43 0.01**
Nemobot 37 31.0

Science motivation SRLbot 37 42.8 490.0 21 0.40 0.04*
Nemobot 37 42.8

Science knowledge SRLbot 37 43.5 462.5 2.4 0.35 0.02*
Nemobot 37 Fil.5

*p<0.05; **p=<0.01.

and 0.50 quantiles, whereas motivation did not have any significant difference. Overall, the
findings suggest that SRL factors may play a significant role in science learning outcomes.

RQ3. What are the effects of gender and students' interaction on
students' SRL?

As suggested by Buchner and Kerres (2023), gender and students' interaction could have
the potential to determine students' science learning regarding media comparison. The
number of dialogues in the chatbots, and forum contributions are commonly used indicators
of student interaction (Dominguez et al., 2013). This study found that the gender effect is not
significant in this study on SRL. However, there is a significant correlation between students'
interaction (ie, number of interactions) and SRL.

To examine the effects of students’ interaction and their individual differences (ie,
gender) towards SRL, another round of quantile regression was conducted. SRL was
regressed on gender and number of interactions at five quantiles: 0.10, 0.25, 0.50, 0.75
and 0.90. The slope estimates for the predictors in Table 3 indicate a clear pattern: when
using SRLbot, students' interactions have a stronger predictive ability for SRL across all
quantiles, while gender does not show any significant differences. This suggests that
frequent users of generative Al, such as SRLbot, may have more experience generating
prompts and possess a higher awareness of Al when seeking SRL recommendations.
However, when using Nemobot, neither gender nor the number of interactions demon-
strates a significant influence on SRL at the 0.10, 0.75 and 0.90 quantiles. This suggests
that the effect of using Nemobot is not dependent on the number of interactions, as stu-
dents may not develop stronger Al capabilities when merely having conversations with
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TABLE 3 Quantile regression.
95% ClI
Lower Upper
Model Parameter Estimate SE bound bound t-Value
QR10 Intercept 4.20 0.47 3.24 5.16 8.90**
Gender 0.1 0.44 -1.00 0.81 -0.23
Students' interaction 21 0.72 -3.58 -0.62 -2.91*
QR25 Intercept 4.30 0.27 3.75 4.85 16.0
Gender 01 0.25 -0.61 0.41 -0.40
Students' interaction 1.7 0.41 -2.53 -0.86 -4.1**
QR50 Intercept 4.50 0.29 3.92 5.08 15.8
Gender 0.30 0.27 -0.25 0.85 112
Students' interaction 1.9 0.44 -2.79 -1.01 -4.36*
QR75 Intercept 5.00 0.31 4.37 5.63 16.3**
Gender 0.01 2.88 -0.59 0.59 16.3
Students' interaction 1.5 0.37 -2.25 -0.75 -4.09*
QR90 Intercept 5.00 0.12 4.76 5.24 42.4**
Gender 0.01 2.88 -0.59 0.59 16.3
Students' interaction 1.3 0.26 -1.67 -0.93 =7.2**

Note: These are standardized estimates. N=47. QR10=quantile regression at the 0.10 quantile. QR25=quantile regression

at the 0.25 quantile. QR50 =quantile regression at the 0.50 quantile. QR75=quantile regression at the 0.75 quantile.

QR90=quantile regression at the 0.90.

**p<0.01.

TABLE 4 R-square estimates for quantile regression analysis.

Method

QR10
QR25
QR50
QR75
QR90

Nemobot, according to the teacher's comment. Table 4 displays the R-square estimates

Predictor(s)

Students' interaction+ Gender
Students' interaction + Gender
Students' interaction+ Gender
Students' interaction+ Gender

Students' interaction + Gender

for quantile regression analysis.

Effect size R

0.39
0.44
0.42
0.46
0.47

RQ4. What are students' perceptions of SRLbot experiences in
developing SRL?

According to the descriptive results of the post-test, students in the experimental group per-
ceived that they could develop Al literacy (Mean=3.78; SD=0.81). Students perceived that
they could learn what generative Al and/or SRLbot is, and know how to effectively utilize
these applications. They are aware of the limitations behind, when applying them for seeking
SRL advice and problem solving in science. They also express an intention to use SRLbot

in other subjects.
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To investigate students' SRLbot experiences, six students, divided into lower (n=3) and
higher science knowledge (n=3) groups, participated in follow-up interviews to examine
their interactions with SRLbot and their reflections on their SRL processes. Another six
students (three with lower and three with higher science knowledge) from the Nemobot
group were invited to provide their feedback on the limitations of the rule-based Al design,
particularly in comparison to SRLbot. In each group, students had the opportunity to use
the chatbot from the other group, enabling them to compare the learning experience of
both chatbots. Their feedback could provide valuable insights into the effectiveness of using
SRLbot or other (generative) Al chatbots in supporting their SRL experiences. To analyse
students' responses, this section presented (1) students’' SRL strategies and (2) the benefits
and limitations of using SRLbot over Nemobot.

Self-regulated learning

Students in the experimental group expressed positive perceptions towards SRLbot and its
role in supporting their SRL journey. The sentiment analysis conducted by Monkeylearn on
students' responses provided support for the findings. In the SRLbot group, the sentiment
ranged from 55.6% to 99.1% positive, indicating a positive sentiment. On the other hand,
students who used Nemobot expressed a sentiment of 40.5% to 54.0% negative towards
their chatbot. The responses were coded according to the various SRL strategies, including
goal setting, environmental structuring, task strategies, time management, help seeking and
self-evaluation.

A student suggested, ‘SRLbot is highly beneficial for setting and achieving learning
goals. The personalized suggestions and reminders provided by the chatbot serve as a
virtual teacher, helping students stay motivated and organized’. Another student also ap-
preciated the goal-setting advice received from the chatbot. ‘SRLbot helps me set clear
goals, create schedules and routines, and enable me to organize my study materials’. A
student highlighted the value of environmental structuring facilitated by SRLbot. ‘The chat-
bot guides me on eliminating distractions and managing my digital learning environment,
which creates an effective online learning atmosphere’. When asked about the strategies
recommended by the chatbot, a student mentioned, ‘Organizing their study space, devel-
oping a note-taking system, and participating in discussions with me’. Students followed
the chatbot's advice by organizing their study area to avoid distractions and staying away
from games. As a result, they experienced improved concentration and sustained their
science learning at home.

Students also recognized task strategies introduced by SRLbot. For example, a student
commented, ‘The chatbot guides me on effective note-taking techniques and recommended
useful online collaboration tools’. This exposure to new strategies enhanced students' con-
fidence in approaching learning challenges. Time management was another aspect where
students found SRLbot to be beneficial. ‘The chatbot encourages me to create study sched-
ules and allocate dedicated time slots for different activities’. Such guidance helped students
prioritize tasks, avoid procrastination and make better use of their time. Help-seeking sup-
port provided by SRLbot was also appreciated by students. For instance, students asked
their bot to provide training questions on topics like displacement, acceleration and velocity.
The chatbot effectively provided numerous examples and explanations, enabling students
to practice and evaluate their understanding. One student mentioned, ‘When | encounter
difficulty, | immediately ask my bot. | type the question from my textbook and it provides
clear steps and explanations’.

Students who used Nemobot also provided feedback regarding their experience with the
chatbot. A student mentioned, ‘Nemobot is a useful tool for practicing my force and motion
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knowledge. However, it may not be effective in providing SRL recommendations. lts re-
sponses are too fixed and close-ended’. Another student echoed this sentiment by stating,
‘| agree. It makes goal setting more engaging, but it lacks the ability to provide personalized
feedback’.

Benefit of using SRLbot for SRL

During the follow-up interviews, students with higher science knowledge expressed vari-
ous benefits of using SRLbot to enhance their SRL strategies. First, SRLbot provides per-
sonalized support and helps students develop effective SRL strategies that are tailored to
students' learning needs and styles. A student commented, ‘SRLbot provided feedback like
a real teacher, and can support him with any science problems they encounter’. Students
appreciated that the SRLbot responded promptly to their queries when they encountered
challenging problems. One student mentioned, ‘GPT can help provide answers faster ac-
cording to their responses, compared to conventional rule-based Al'. Another student said,
‘Nemobot could only provide preassigned and fixed responses based on students' interac-
tions. This restricts us from interacting freely with the chatbot’. A student supported this
idea and commented, ‘Rule-based Al does not exhibit natural reactions, and is less flexible
to adapt to students' inputs’. In contrast, SRLbot, driven by a large language model, has
the potential to emulate a real teacher, guiding and sustaining students' science learning
at home.

Additionally, SRLbot is interactive and enhances students' motivation and organization
by offering virtual teacher-like responses. SRLbot also provides students with SRL learning
strategies and techniques, on top of teachers' SRL instruction and guidelines. Through in-
teractive conversations, the chatbot introduces students to innovative approaches such as
effective time management, note taking and online collaboration. This enables additional
strategies that expand students' SRL techniques, maintain their motivation when handling
learning challenges and equip them with a broader set of generative Al competencies. To
sum up, SRLbot serves as a valuable tool in providing personalized guidance, enhancing
motivation and developing students' SRL learning strategies in their online science learning
journey.

Limitations of using SRLbot for SRL

Students with lower science knowledge expressed initial interest in interacting with SRLbot.
However, over time, their interest lowered as they found the feedback provided by the chat-
bot to be boring and not aligned with their science learning goals. When they asked the
chatbot to help set goals, they often received lengthy statements that did not address their
specific science knowledge needs. This lack of specificity made it challenging for these stu-
dents to effectively utilize the chatbot's ability to suggest SRL strategies related to force and
motion, which was their primary concern.

Despite the limitations, these students recognized the value of SRLbot in addressing
their misconceptions and filling gaps in their scientific knowledge. They found it beneficial
to ask the chatbot questions when they encountered difficulties. Students also noted other
limitations in the chatbot's responses. They observed that to receive accurate and rele-
vant answers, they needed to ask proper questions, providing details such as their grade
level, the specific topic of interest (eg, force and motion) and the context of their learning
(eg, Newton's laws and specific and measurable goals). For example, students needed to
prompt ‘specific and measurable goals for secondary students in science lessons’, instead
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TABLE 5 Benefits and limitations of using SRLbot in SRL environments.

Benefits Limitations

SRLbot provides personalized guidance and Students may initially feel interested in SRLbot, but
recommendations for developing effective lose interest due to mismatched feedback and
SRL strategies tailored to students' needs and responses

learning styles

SRLbot supports students with science problems SRLbot addresses misconceptions and fills knowledge

and promptly provides solutions to their gaps, but it needs students' accurate details in their
queries prompts

SRLbot gives quick and accurate answers from SRLbot is passive and lacks autonomic response and
the chatbot and enhances their SRL strategies reminder features. Integration with other platforms

like Facebook Messenger can enhance user
experience with emojis and multimedia

SRLbot is too flexible and has uncontrollable
recommendations. Teachers cannot monitor
students' interaction with it

of merely ‘setting goals’. Without these accurate details, the chatbot tended to respond
with information on other concepts and situations, such as acceleration and velocity.

The insights from students shed light on both the benefits and limitations of SRLbot in
supporting their SRL learning in science contexts. Additionally, it suggests areas for im-
provement that future research can explore, such as incorporating SRLbot with other plat-
forms (eg, Facebook Messenger), which enables students to use emojis and multimedia. It
is worth noting that the current version of POE does not include any multimedia elements.
Also, SRLbot is passive in nature and lacks the ability to automatically prompt responses
and reminders like some other platforms. Table 5 summarizes the benefits and limitations
mentioned in this section.

DISCUSSION
Potential of SRLbot for SRL and science learning

According to RQ1, this study provides evidence that SRLbot can significantly enhance stu-
dents' SRL in science learning. First, SRLbot provides personalized support to students
by answering their questions/prompts, recommending learning resources and offering
guidance and hints for students' learning. It provides step-by-step solutions to students'
problems and answers their questions to scaffold science understanding. Second, it helps
provide students' instant feedback, and suggests areas for improvement. It offers some
practical problems and quizzes to help students reinforce their abilities and identify areas
where they need additional support.

RQ2 suggests the significant difference of science learning could be subject more to
SRL factors, instead of motivation. Furthermore, the experimental group had a better perfor-
mance in developing SRL strategies compared with the control group which used Nemobot.
This may be because rule-based Al (eg, Nemobot) could only provide students fixed re-
sponses regarding SRL recommendations, as its responses are preassigned by teachers
and are often close ended and predictable. In contrast, SRLbot can encourage students to
engage in metacognitive reflection by prompting them to reflect on their learning strategies
and processes, much like a real teacher would. SRLbot can effectively provide information
on task strategies, guidance on goal-setting and planning and support students in reflecting
on their progress.
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In RQ3, quantile regression analysis indicates that the number of interactions by stu-
dents has higher slope estimates compared to gender when using SRLbot. Additionally,
the effects of students' interactions on their SRL are significant across all quantiles when
utilizing Al chatbots, which aligns with previous studies (Lin & Chang, 2023; Xia et al., 2023).
Maldonado-Mahauad et al. (2022) have suggested a possible explanation for this, stating
that increased interaction with generative Al chatbots makes it easier to ascertain their im-
pact on SRL. Moreover, ChatGPT-enhanced chatbots, as opposed to rule-based Al, are
more conducive to bidirectional communication, thus supporting students' active learning
(Chang et al., 2023; Lin & Chang, 2023).

SRLbot has great potential for learning, where students can give their chatbot a prompt,
and it provides a well-informed response. Researchers believed that educators should
leverage Al to their advantage and looked forward to working with educators on useful
solutions (Lo, 2023; Tlili et al., 2023; Wardat et al., 2023). With adaptive capabilities, Al
chatbots can answer students' questions and demonstrate adaptive human-like charac-
teristics (Go & Sundar, 2019). With the support of some ease-to-use platforms (eg, POE),
teachers can create Al chatbots without programming or technical background to facilitate
students' learning. For example, in English education, SRLbot can simplify difficult English
passages for students with lower reading levels, making reading easier for students with
learning disabilities or those who speak a first language other than English (Kohnke
et al., 2023). A study explored the potential of using SRLbot to support students’ devel-
opment of SRL practices, where it can offer comprehensive instruction and assistance in
the study of geometry (Wardat et al., 2023). Therefore, it needs further research efforts to
explore how to adopt SRLbot in various educational settings to facilitate students' learning.

To look back at our proposed theoretical framework, some recommendations and exam-
ples were collected based on SRLbot's responses during student interviews. The framework
suggests that students' SRL strategies can be conceptualized in three phases: plan, action
and reflection. This model is an effective approach to support students' learning and devel-
opment across subject disciplines.

At first, in the planning phase, the Al chatbot can stimulate students to think about the
learning task to their prior knowledge by asking questions like ‘How many questions do you
want to complete? Have you learned force and motion before?’ Then, the chatbot assisted
students in setting goals and asked them how they structured their learning to reach certain
checkpoints. During the action phase, the chatbot can also assist students in planning rel-
evant learning strategies, such as accessing additional learning aids like videos and hints.
The chatbot can ask a variety of questions to support students' problem-solving process,
such as ‘What type of science problems are you working on? Have you encountered this
type of problem before? What are your goals for solving this problem? What strategies do
you plan to use to solve this problem?’ These questions can help students carry out their
plans effectively. In the reflection phase, the chatbot can play a critical role in helping stu-
dents reflect on their performance and plan for their learning tasks. For instance, the chatbot
can prompt students to self-evaluate their learning performance and reflect on the effec-
tiveness of their SRL strategies. Their SRLbot can assist students in setting new goals and
developing SRL strategies to maintain their science learning.

The need for Al literacy for students

Both ChatGPT-enhanced and rule-based Al chatbots have their limitations. Teachers may
need to choose the most suitable chatbots for their learning contexts. Additionally, there is
potential to incorporate ChatGPT in social network platforms or applications. On one hand,
chatbots have become increasingly popular in education as they provide an automated and
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personalized learning experience for students. On the other hand, teachers need to update
their Al competencies to design instruction for effective teaching and learning. Teachers
need to carefully consider the learning context and objectives before choosing a chatbot for
their students. Moreover, it is crucial for teachers to possess Al competencies that enable
them to preassign instructions for the chatbots, evaluate different Al applications (generative
Al vs. rule-based Al) and understand how to effectively incorporate Al into their classroom.
Teachers also need to be aware of the limitations associated with Al, make decisions about
its implementation and understand the strengths and limitations of Al tools.

Not only do teachers need Al competencies but students also need to know and under-
stand the digital affordances and limitations behind chatbots. Through interacting with Al
chatbots, students can use them in a proper and responsible way, and avoid relying too heav-
ily on them. As students reported that some recommendations may not be helpful in RQ3, ad-
ditional prompts are needed to refine their responses to get desired responses. Throughout
this process, when students interact with chatbots, they can develop a range of Al literacy
skills such as understanding how chatbots work, how to use them effectively and the lim-
itations of chatbots (Jeon, 2021; Tan, 2023). They can also learn how to formulate effective
questions/prompts, interpret responses and use chatbots to support their learning. In today's
world, Al literacy has become increasingly important, and incorporating Al tools like chatbots
into education can help students develop their learning skills (Chiu et al., 2021; Tan, 2023).

CONCLUSION AND LIMITATIONS

In conclusion, this study has demonstrated that ChatGPT-enhanced bot is not only useful
for supporting science learning but also for enhancing students' SRL. This study has shown
that SRLbot, in particular, is effective in promoting SRL due to its adaptability and flexibility
in providing personalized feedback and guidance to students. By leveraging the power of
generative Al, chatbots can help students develop their self-regulation skills, such as plan-
ning, acting and reflecting, which are essential for success in science and other academic
domains. However, at the same time, teachers also need to be aware of the limitations of
different Al tools.

SRL is a complex and multifaceted process that involves multiple cognitive, metacogni-
tive and affective strategies used by learners to manage their own learning (Hsu et al., 2023;
Wong et al., 2019; Zimmerman, 2002). It is a dynamic process that requires learners to con-
tinuously monitor and regulate their learning activities, set goals, plan strategies and evalu-
ate their progress towards achieving those goals. When a chatbot provides fixed (rule-based
Al) or too general advice (ChatGPT-enhanced Al), it may not effectively stimulate students'
learning. Both fixed or over-generalized advice does not take into account the individual
differences and needs of learners to effectively regulate their learning.

This study makes a valuable contribution to the current Al education field by comparing
generative Al and rule-based Al chatbots for enhancing students' SRL and science learning.
By incorporating chatbot technologies into blended learning practices, this study adapted
a plan—act-reflect SRL cycle to empower students to become more self-directed and in-
dependent learners, helping them achieve their full potential. The study also discusses the
benefits and limitations of using chatbots for educational purposes, providing useful insights
for future research and practice.

While this study provides insights into the use of chatbots to support SRL, there are
limitations that need to be addressed in future research. First, the sample size in this study
was small, and further research could involve larger samples to enhance the generalizability
of the findings. Second, given its existing research scope, this study did not examine what
factors, such as students' prior SRL knowledge and experience, learning strategy and their
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other individual differences, may have contributed to the differences in science learning
and SRL. Due to the current research scope, future research is needed to address this lim-
itation and provide further analytical directions. More participants could be invited to focus
group interviews to generate more information and foster greater interactivity. This can help
provide insights into educational technology design and development (eg, ‘when’ and ‘how’
generative Al works). Finally, while this study primarily focuses on aspects of SRL, Al liter-
acy and motivation, future research should explore other dimensions of learning that incor-
porate a more holistic understanding of Al to support the findings.

ACKNOWLEDGEMENT
This project is supported by the EdeX Grant (No. 03INS001595C130) from the Centre for
Teaching, Learning and Pedagogy, NTU.

CONFLICT OF INTEREST STATEMENT

The authors have no conflicts of interest to disclose. The manuscript has not been published
previously and is not being simultaneously submitted elsewhere. There are no real or po-
tential conflicts of interest that could be seen as having an influence on the research. No
reproduction of copyrighted material is evident in this manuscript, hence there is no need to
apply for any necessary permission.

DATA AVAILABILITY STATEMENT
Data are available on request from the authors.

ETHICS STATEMENT

Ethical approval for this study was granted by the University. All procedures performed in
studies involving human participants were in accordance with the ethical standards of the
institutional and/or national research committee and with the 1964 Helsinki declaration and
its later amendments or comparable ethical standards. The research has gained approval
from institutional ethics committee. Informed consent was obtained from all individual par-
ticipants included in the study.

ORCID
Davy Tsz Kit Ng ® https://orcid.org/0000-0002-2380-7814
Chee Wei Tan (@ https://orcid.org/0000-0002-6624-9752

REFERENCES

Afzaal, M., Nouri, J., Zia, A., Papapetrou, P., Fors, U., Wu, Y., & Weegar, R. (2021). Explainable Al for data-driven
feedback and intelligent action recommendations to support students self-regulation. Frontiers in Artificial
Intelligence, 4, 723447.

Alam, A. (2021). Should robots replace teachers? Mobilisation of Al and learning analytics in education. In 2021
International Conference on Advances in Computing, Communication, and Control (ICAC3), Mumbai, India
(pp. 1-12). IEEE.

Alpaslan, M. M., Yalvac, B., Loving, C. C., & Willson, V. (2016). Exploring the relationship between high school stu-
dents' physics-related personal epistemologies and self-regulated learning in Turkey. International Journal of
Science and Mathematics Education, 14, 297-317.

Azevedo, R., Moos, D. C., Johnson, A. M., & Chauncey, A. D. (2010). Measuring cognitive and metacognitive
regulatory processes during hypermedia learning: Issues and challenges. Educational Psychologist, 45(4),
210-223. https://doi.org/10.1080/00461520.2010.515934

Breitwieser, J., Nobbe, L., Biedermann, D., & Brod, G. (2023). Boosting self-regulated learning with mobile inter-
ventions: Planning and prompting help children maintain a regular study routine. Computers & Education,
205, 104879.

Buchner, J., & Kerres, M. (2023). Media comparison studies dominate comparative research on augmented reality
in education. Computers & Education, 195, 104711.

a ' 'v20e 'SeS8LIYT

woyy

Juo'seunol-

D PUE SLLLB L 31 39S *[7202/60/60] U0 AR1QITBUIUO ABIIM *ALISHIAINA TYOIO0TONHOIL ONVANYN Ad ¥GYET RI/TTTT 0T /10p/w00 oM AR.

o)1

-pUe:

35UB017 SUOWILWLOD dAIES.1D 3|geal jdde ay) Aq peusenof ae sap e YO ‘8N Jo Sa|ni Joj Aiq i aulluQ A1 uo (st


https://orcid.org/0000-0002-2380-7814
https://orcid.org/0000-0002-2380-7814
https://orcid.org/0000-0002-6624-9752
https://orcid.org/0000-0002-6624-9752
https://doi.org/10.1080/00461520.2010.515934

CHATGPT VS. RULE-BASED Al British Journal of 1349

Educational Technology

Caruccio, L., Cirillo, S., Polese, G., Solimando, G., Sundaramurthy, S., & Tortora, G. (2024). Can ChatGPT pro-
vide intelligent diagnoses? A comparative study between predictive models and ChatGPT to define a new
medical diagnostic bot. Expert Systems with Applications, 235, 121186.

Chang, C. Y., Hwang, G. J., & Gau, M. L. (2022). Promoting students' learning achievement and self-efficacy:
A mobile chatbot approach for nursing training. British Journal of Educational Technology, 53(1), 171-188.

Chang, D. H., Lin, M. P. C., Hajian, S., & Wang, Q. Q. (2023). Educational design principles of using Al chatbot that
supports self-regulated learning in education: Goal setting, feedback, and personalization. Sustainability,
15(17), 12921.

Chen, C. M., & Huang, S. H. (2014). Web-based reading annotation system with an attention-based self-regulated
learning mechanism for promoting reading performance. British Journal of Educational Technology, 45(5),
959-980.

Chen, L., Chen, P., & Lin, Z. (2020). Artificial intelligence in education: A review. IEEE Access, 8, 75264—75278.

Cheng, K. H., & Tsai, C. C. (2020). Students' motivational beliefs and strategies, perceived immersion and atti-
tudes towards science learning with immersive virtual reality: A partial least squares analysis. British Journal
of Educational Technology, 51(6), 2140-2159.

Chiu, T. K., Meng, H., Chai, C. S., King, I., Wong, S., & Yam, Y. (2021). Creation and evaluation of a pretertiary
artificial intelligence (Al) curriculum. IEEE Transactions on Education, 65(1), 30—39.

Chiu, T. K., Sun, J. C. Y., & Ismailov, M. (2022). Investigating the relationship of technology learning sup-
port to digital literacy from the perspective of self-determination theory. Educational Psychology, 42(10),
1263-1282.

Cho, M. H., & Heron, M. L. (2015). Self-regulated learning: The role of motivation, emotion, and use of learning
strategies in students' learning experiences in a self-paced online mathematics course. Distance Education,
36(1), 80—-99.

Cooper, G. (2023). Examining science education in ChatGPT: An exploratory study of generative artificial intelli-
gence. Journal of Science Education and Technology, 32(3), 444—-452.

Dao, X. Q., & Le, N. B. (2023). Investigating the effectiveness of ChatGPT in mathematical reasoning and prob-
lem solving: Evidence from the Vietnamese National High School Graduation Examination. arXiv preprint
arXiv:2306.06331.

Deci, E. L., & Ryan, R. M. (Eds.). (2004). Handbook of self-determination research. University Rochester Press.

Deveci Topal, A., Dilek Eren, C., & Kolburan Geger, A. (2021). Chatbot application in a 5th grade science course.
Education and Information Technologies, 26(5), 6241-6265.

Devolder, A., van Braak, J., & Tondeur, J. (2012). Supporting self-regulated learning in computer-based learning
environments: Systematic review of effects of scaffolding in the domain of science education. Journal of
Computer Assisted Learning, 28(6), 557-573.

Dignath, C., & Veenman, M. V. (2021). The role of direct strategy instruction and indirect activation of self-regulated
learning—Evidence from classroom observation studies. Educational Psychology Review, 33(2), 489-533.

Dominguez, A., Saenz-de-Navarrete, J., De-Marcos, L., Fernandez-Sanz, L., Pagés, C., & Martinez-Herraiz, J.
J. (2013). Gamifying learning experiences: Practical implications and outcomes. Computers & Education,
63, 380-392.

Durall, E., & Kapros, E. (2020). Co-design for a competency self-assessment chatbot and survey in science ed-
ucation. In Learning and collaboration technologies. Human and technology ecosystems: 7th International
Conference, LCT 2020, held as part of the 22nd HCI International Conference, HCIl 2020, Copenhagen,
Denmark, July 19—-24, 2020, Proceedings, Part Il 22 (pp. 13—24). Springer International Publishing.

Fan, Y., Matcha, W., Uzir, N. A. A, Wang, Q., & GaSevi¢, D. (2021). Learning analytics to reveal links between
learning design and self-regulated learning. International Journal of Artificial Intelligence in Education, 31(4),
980-1021.

Fritz, C. O., Morris, P. E., & Richler, J. J. (2012). Effect size estimates: Current use, calculations, and interpreta-
tion. Journal of Experimental Psychology: General, 141(1), 2.

Gelan, A,, Fastré, G., Verjans, M., Martin, N., Janssenswillen, G., Creemers, M., Lieben, J., Depaire, B., & Thomas,
M. (2018). Affordances and limitations of learning analytics for computer-assisted language learning: A case
study of the VITAL project. Computer Assisted Language Learning, 31(3), 294—319.

Go, E., & Sundar, S. S. (2019). Humanizing chatbots: The effects of visual, identity and conversational cues on
humanness perceptions. Computers in Human Behavior, 97, 304—316.

Hsu, T. C.,, Chang, C., & Jen, T. H. (2023). Artificial intelligence image recognition using self-regulation learning
strategies: Effects on vocabulary acquisition, learning anxiety, and learning behaviors of English language
learners. Interactive Learning Environments, 1-19.

Hu, J., & Gao, X. (2017). Using think-aloud protocol in self-regulated reading research. Educational Research
Review, 22, 181-193. https://doi.org/10.1016/j.edurev.2017.09.004

Hwang, G. J., & Chien, S. Y. (2022). Definition, roles, and potential research issues of the metaverse in education:
An artificial intelligence perspective. Computers and Education: Artificial Intelligence, 3, 100082.

a ' 'v20e 'SeS8LIYT

woyy

D PUE SLLLB L 31 39S *[7202/60/60] U0 AR1QITBUIUO ABIIM *ALISHIAINA TYOIO0TONHOIL ONVANYN Ad ¥GYET RI/TTTT 0T /10p/w00 oM AR.

o)1

-pUe:

35UB017 SUOWILWLOD dAIES.1D 3|geal jdde ay) Aq peusenof ae sap e YO ‘8N Jo Sa|ni Joj Aiq i aulluQ A1 uo (st


https://doi.org/10.1016/j.edurev.2017.09.004

British Journal of
1350 | Educational Technology NG ET AL.

Jeon, J. (2021). Exploring Al chatbot affordances in the EFL classroom: Young learners' experiences and per-
spectives. Computer Assisted Language Learning, 1-26.

Jin, S. H.,, Im, K., Yoo, M., Roll, I, & Seo, K. (2023). Supporting students' self-regulated learning in online learning
using artificial intelligence applications. International Journal of Educational Technology in Higher Education,
20, 32.

Kasneci, E., Seller, K., Kiichemann, S., Bannert, M., Dementieva, D., Fischer, F., Gasser, U., Groh, G.,
Gunnemann, S., Hullermeier, E., Krusche, S., Kutyniok, G., Michaeli, T., Nerdel, C., Pfeffer, J., Poquet, O.,
Sailer, M., Schmidt, A., Seidel, T., ... Kasneci, G. (2023). ChatGPT for good? On opportunities and chal-
lenges of large language models for education. Learning and Individual Differences, 103, 102274.

Kim, C., Park, S. W., & Cozart, J. (2014). Affective and motivational factors of learning in online mathematics
courses. British Journal of Educational Technology, 45(1), 171-185.

Kohnke, L., Moorhouse, B. L., & Zou, D. (2023). ChatGPT for language teaching and learning. RELC Journal, 54,
537-550. https://doi.org/10.1177/00336882231162868

Lau, K. L. (2022). Adaptation and validation of a Chinese online self-regulated learning questionnaire. Journal of
Psychoeducational Assessment, 40(3), 438—-444.

Lee, J. C. K,, Yin, H., & Zhang, Z. (2010). Adaptation and analysis of motivated strategies for learning question-
naire in the Chinese setting. International Journal of Testing, 10(2), 149-165.

Li, J., Ling, L., & Tan, C.-W. (2021, June). Blending peer instruction with just-in-time teaching: Jointly optimal
task scheduling with feedback for classroom flipping. In Proceedings of the Eighth ACM Conference on
Learning@ Scale (pp. 117-126). ACM.

Lin, M. P. C., & Chang, D. (2023). CHAT-ACTS: A pedagogical framework for personalized chatbot to enhance
active learning and self-regulated learning. Computers and Education: Artificial Intelligence, 5, 100167.
Ling, L., & Tan, C. W. (2018, June). Pilot study on optimal task scheduling in learning. In Proceedings of the Fifth
Annual ACM Conference on Learning at Scale (pp. 1-4). ACM. https://dl.acm.org/doi/abs/10.1145/3231644.

3231677

Littlejohn, A., Hood, N., Milligan, C., & Mustain, P. (2016). Learning in MOOCs: Motivations and self-regulated
learning in MOOCs. The Internet and Higher Education, 29, 40—48.

Lo, C. K. (2023). What is the impact of ChatGPT on education? A rapid review of the literature. Education
Sciences, 13(4), 410.

Maldonado-Mahauad, J., Pérez-Sanagustin, M., Carvallo-Vega, J., Narvaez, E., & Calle, M. (2022, September).
Miranda: A chatbot for supporting self-regulated learning. In European Conference on Technology Enhanced
Learning (pp. 455—462). Springer International Publishing.

McCombs, B. L. (2013). Self-regulated learning and academic achievement: A phenomenological view. In B.
J. Zimmerman & D. H. Schunk (Eds.), Self-regulated learning and academic achievement (pp. 63—117).
Routledge.

Molenaar, I. (2022). The concept of hybrid human-Al regulation: Exemplifying how to support young learners' self-
regulated learning. Computers and Education: Artificial Intelligence, 3, 100070.

Molenaar, |., de Mooij, S., Azevedo, R., Bannertd, M., Jarvelde, S., & Gasevicf, D. (2022). Measuring self-
regulated learning and the role of Al: Five years of research using multimodal multichannel data. Computers
in Human Behavior, 139, 107540.

Ng, D. T. K. (2022). Online aviation learning experience during the COVID-19 pandemic in Hong Kong and
Mainland China. British Journal of Educational Technology, 53(3), 443—-474.

Ng, D. T. K, & Chu, S. K. W. (2021). Motivating students to learn STEM via engaging flight simulation activities.
Journal of Science Education and Technology, 30(5), 608—629.

Ng, D. T. K., & Fang, X. (2023). Inequity issues in online learning of chinese cross-border students under the
COVID-19 pandemic. Educational Technology & Society, 26(4), 123—135.

Ng, D. T. K, Leung, J. K. L., Chu, S. K. W,, & Qiao, M. S. (2021). Conceptualizing Al literacy: An exploratory re-
view. Computers and Education: Artificial Intelligence, 2, 100041.

Ng, D. T. K., Leung, J. K. L., Su, M. J,, Yim, I. H. Y., Qiao, M. S., & Chu, S. K. W. (2023). Al literacy in K-16 class-
rooms. Springer International Publishing AG.

Ng, D. T. K., Wu, W, Leung, J. K. L., Chiu, T. K. F., & Chu, S. K. W. (2023). Design and validation of the Al literacy
questionnaire: The affective, behavioural, cognitive and ethical approach. British Journal of Educational
Technology, 1-23. https://doi.org/10.1111/bjet.13411

Peres, R., Schreier, M., Schweidel, D., & Sorescu, A. (2023). On ChatGPT and beyond: How generative artificial
intelligence may affect research, teaching, and practice. International Journal of Research in Marketing,
40(2), 269-275.

Perez-Alvarez, R., Jivet, |., Pérez-Sanagustin, M., Scheffel, M., & Verbert, K. (2022). Tools designed to support
self-regulated learning in online learning environments: A systematic review. IEEE Transactions on Learning
Technologies.

Pintrich, P. R. (2004). A conceptual framework for assessing motivation and self-regulated learning in college
students. Educational Psychology Review, 16, 385—407.

a ' 'v20e 'SeS8LIYT

woyy

D PUE SLLLB L 31 39S *[7202/60/60] U0 AR1QITBUIUO ABIIM *ALISHIAINA TYOIO0TONHOIL ONVANYN Ad ¥GYET RI/TTTT 0T /10p/w00 oM AR.

o)1

-pUe:

85UB0 17 SUOWIWOD) BAIEa1D 3|qedldde ay) Aq peusenob afe sop e WO ‘8sn Jo Sa|ni Jo) ARiq 1 aulluo A3|1IM Lo (st


https://doi.org/10.1177/00336882231162868
https://dl.acm.org/doi/abs/10.1145/3231644.3231677
https://dl.acm.org/doi/abs/10.1145/3231644.3231677
https://doi.org/10.1111/bjet.13411

British J I of
CHATGPT VS. RULE-BASED Al B e nology | 1351

Reeve, J., Ryan, R., Deci, E. L., & Jang, H. (2012). Understanding and promoting autonomous self-regulation:
A self-determination theory perspective. In Motivation and self-requlated learning (pp. 223-244).
Routledge.

Roll, I., & Winne, P. H. (2015). Understanding, evaluating, and supporting self-regulated learning using learning
analytics. Journal of Learning Analytics, 2(1), 7-12.

Sadriu, S., Nuci, K. P,, Imran, A. S., Uddin, |., & Sajjad, M. (2021, December). An automated approach for an-
alysing students feedback using sentiment analysis techniques. In Mediterranean Conference on Pattern
Recognition and Atrtificial Intelligence (pp. 228—239). Springer International Publishing.

Salvagno, M., Taccone, F. S., & Gerli, A. G. (2023). Can artificial intelligence help for scientific writing? Critical
Care, 27(1), 1-5.

Schunk, D. H., & DiBenedetto, M. K. (2020). Motivation and social cognitive theory. Contemporary Educational
Psychology, 60, 101832.

Stevenson, M. P., Hartmeyer, R., & Bentsen, P. (2017). Systematically reviewing the potential of concept mapping
technologies to promote self-regulated learning in primary and secondary science education. Educational
Research Review, 21, 1-16.

Strobelt, H., Webson, A., Sanh, V., Hoover, B., Beyer, J., Pfister, H., & Rush, A. M. (2022). Interactive and vi-
sual prompt engineering for ad-hoc task adaptation with large language models. IEEE Transactions on
Visualization and Computer Graphics, 29(1), 1146-1156.

Tan, C.-W. (2022). The value of cooperation: From AIMD to flipped classroom teaching. SIGMETRICS
Performance Evaluation Review, 49(4), 8—13.

Tan, C. W. (2023). Large language model-driven classroom flipping: Empowering student-centric peer question-
ing with flipped interaction. arXiv, arXiv:2311.14708. https://doi.org/10.48550/arXiv.2311.14708

Tlili, A., Shehata, B., Adarkwah, M. A., Bozkurt, A., Hickey, D. T., Huang, R., & Agyemang, B. (2023). What if
the devil is my guardian angel: ChatGPT as a case study of using chatbots in education. Smart Learning
Environments, 10(1), 15.

van der Waa, J., Nieuwburg, E., Cremers, A., & Neerincx, M. (2021). Evaluating XAl: A comparison of rule-based
and example-based explanations. Artificial Intelligence, 291, 103404.

Veenman, M. V. J., van Hout-Wolters, B. H. A. M., & Afflerbach, P. (2006). Metacognition and learning: Conceptual
and methodological considerations. Metacognition and Learning, 1(1), 3—14.

Velayutham, S., & Aldridge, J. M. (2013). Influence of psychosocial classroom environment on students' motiva-
tion and self-regulation in science learning: A structural equation modeling approach. Research in Science
Education, 43, 507-527.

Wang, C. Y., & Lin, J. J. (2023). Utilizing artificial intelligence to support analyzing self-regulated learning: A
preliminary mixed-methods evaluation from a human-centered perspective. Computers in Human Behavior,
144, 107721.

Wang, M. T, & Eccles, J. S. (2013). School context, achievement motivation, and academic engagement: A longitu-
dinal study of school engagement using a multidimensional perspective. Learning and Instruction, 28, 12—23.

Wardat, Y., Tashtoush, M. A., AlAli, R., & Jarrah, A. M. (2023). ChatGPT: A revolutionary tool for teaching and
learning mathematics. Eurasia Journal of Mathematics, Science and Technology Education, 19(7), 2286.

Winne, P. H., & Baker, R. S. (2013). The potentials of educational data mining for researching metacognition,
motivation and self-regulated learning. Journal of Educational Data Mining, 5(1), 1-8.

Wolters, C. A., & Taylor, D. J. (2012). A self-regulated learning perspective on student engagement. In S. L.
Christenson, A. L. Reschly, & C. Wylie (Eds.), Handbook of research on student engagement (pp. 635-651).
Springer Publishing.

Wong, J., Baars, M., Davis, D., Van Der Zee, T., Houben, G. J., & Paas, F. (2019). Supporting self-regulated
learning in online learning environments and MOOCs: A systematic review. International Journal of Human—
Computer Interaction, 35(4-5), 356—373.

Wu, R., & Yu, Z. (2024). Do Al chatbots improve students learning outcomes? Evidence from a meta-analysis.
British Journal of Educational Technology, 55(1), 10-33.

Xia, Q., Chiu, T. K., Chai, C. S., & Xie, K. (2023). The mediating effects of needs satisfaction on the relationships
between prior knowledge and self-regulated learning through artificial intelligence chatbot. British Journal of
Educational Technology, 54, 967-986.

Yang, D., & Dalton, J. E. (2012, April). A unified approach to measuring the effect size between two groups using
SAS. In SAS global forum (Vol. 335, pp. 1-6). SAS Institute.

Young, J. C., & Shishido, M. (2023). Investigating OpenAl's ChatGPT potentials in generating Chatbot's dia-
logue for English as a Foreign language learning. International Journal of Advanced Computer Science and
Applications, 14(6), 65—-72. https://doi.org/10.14569/IJACSA.2023.0140607

Zimmerman, B. J. (2002). Becoming a self-regulated learner: An overview. Theory Into Practice, 41(2), 64—70.

Zimmerman, B. J., & Schunk, D. H. (2011). Self-regulated learning and performance: An introduction and an
overview. In D. H. Schunk & B. Zimmerman (Eds.), Handbook of self-regulation of learning and performance
(pp. 15-26). Routledge.

a ' 'v20e 'SeS8LIYT

woyy

D PUE SLLLB L 31 39S *[7202/60/60] U0 AR1QITBUIUO ABIIM *ALISHIAINA TYOIO0TONHOIL ONVANYN Ad ¥GYET RI/TTTT 0T /10p/w00 oM AR.

o)1

-pUe:

35UB017 SUOWILWLOD dAIES.1D 3|geal jdde ay) Aq peusenof ae sap e YO ‘8N Jo Sa|ni Joj Aiq i aulluQ A1 uo (st


https://doi.org/10.48550/arXiv.2311.14708
https://doi.org/10.14569/IJACSA.2023.0140607

British Journal of
1352 | Educational Technology NG ET AL.

How to cite this article: Ng, D. T. K,, Tan, C. W,, & Leung, J. K. L. (2024). Empowering
student self-regulated learning and science education through ChatGPT: A pioneering
pilot study. British Journal of Educational Technology, 55, 1328—1353. https://doi.
0rg/10.1111/bjet. 13454

APPENDIX 1
AN EXAMPLE OF CONVERSATIONS BETWEEN SRLBOT AND STUDENTS

SRLbot: I'm a science teacher and will help you set your self-regulated learning plans.
I will help you design your learning plan and set goals to make you sustain your learning.
[Introduce itself and tell students the aim of the chatbot]

Student: Thanks. Teachers asked us to set goals. Do you have any suggestions? [Ask for
suggestions about goal setting]

SRLbot: Of course! Setting goals is an important part of your learning journey. Here are a
few suggestions for setting science learning goals... Improve understanding: Set a goal
to deepen your understanding of a specific scientific concept or topic. This could involve
reading additional resources, conducting experiments, or seeking clarification from your
teacher or classmates... Remember, it's important to set specific, measurable, achiev-
able, relevant, and time-bound (SMART) goals. This will help you stay focused and moti-
vated throughout your learning journey.

Student: Good suggestions. I'm learning about force and motion. Can you suggest ways for
me to evaluate my learning? [Ask for suggestions about self-evaluation]

SRLbot: Certainly! Evaluating your learning is an important step to ensure that you have a
solid understanding of the concepts you are studying. Here are a few ways you can eval-
uate your learning in the context of force and motion... Self-assessment; Take some time
to reflect on your understanding of force and motion. Ask yourself questions like: Can |
explain the relationship between force, mass, and acceleration? Can | apply Newton's
laws of motion to real-life situations? Can | solve problems related to force and mo-
tion? Assess your own knowledge and identify areas where you feel confident and areas
where you may need further review.

Student: How about task strategies? [Ask for suggestions about task strategies]

SRLbot: Certainly! Task strategies are specific approaches or techniques that you can use
to effectively tackle science problems and tasks. Here are some task strategies that can
help you with force and motion:
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Read and understand the problem: Start by carefully reading and understanding the prob-
lem statement. Identify the key information, variables and relationships involved. Pay
attention to any given data or constraints.

Student: No, | mean note-taking skills. [Clarify his previous conversation]

SRLbot: Apologies for the misunderstanding. Note-taking skills are indeed important for
effective learning. Here are some strategies you can use to improve your note-taking
skills in the context of force and motion... Active listening: During class or while studying,
actively listen to the teacher or read the material, and identify the main ideas and key
concepts related to force and motion. Take notes on these main points rather than trying
to write down everything...

Student: How about displacement versus distance? What are the differences between
them? I'm doing a question in my task. [Asking questions]

APPENDIX 2
INTERVIEW PROTOCOL

. How did you interact with SRLbot during your learning activities?

. Can you describe any specific SRL strategies you employed while using SRLbot?

. In what ways did SRLbot support your SRL processes?

. Were there any challenges or limitations you encountered while using SRLbot?

. What are your thoughts on the limitations of rule-based Al design in Nemobot, particularly
in comparison to SRLbot?

. How did the experience of using SRLbot differ from using Nemobot?
Did you find SRLbot or Nemobot helpful in addressing your individual learning needs? If
so, how?
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