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ABSTRACT: Despite the prevalence of online learning, the lack of student self-regulated learning (SRL) 
skills continues to be persistent issue. To support students’ SRL, teachers can prompt with SRL-related 
questions and provide timely, personalized feedback. Providing timely, personalized feedback to each student 
in large classes, however, can be labor-intensive for teachers. This 2-stage study offers a novel contribution by 
developing a Large Language Model (LLM)-based chatbot system that can automatically monitor students’ goal 
setting and planning in online learning. Goal setting and planning are two important skills that can occur in all 
SRL phases. In stage 1, we developed the Goal-And-Plan-Mentor ChatGPT system (GoalPlanMentor) by 
creating an SRL knowledge base with goal and plan indicators, using Memory-Augmented-Prompts to 
automatically detect student goals and plans, and providing personalized feedback. In stage 2, we compared 
the accuracy of GoalPlanMentor’s detection (coding) of students’ goals and plans with human coders, examined 
the quality of GoalPlanMentor’s feedback, and students’ perceptions about the usefulness of GoalPlanMentor. 
Results show substantial to near perfect agreement between GoalPlanMentor’s and human’s coding, and high 
quality of GoalPlanMentor’s feedback in terms of providing clear directions for improvement. Overall, students 
perceived GoalPlanMentor to be useful in setting their goals and plans, with average values being significantly 
higher than the midpoint of the scale. Students who highly perceived the system’s usefulness for goal-setting 
exhibited significantly greater learning achievements compared to those with a low perception of its 
usefulness. Implications for future research are discussed. 
 
Keywords: Generative artificial intelligence, Chatbot, Self-regulated learning, Online learning, Large language 
models  
 
 
1. Introduction 
 
The COVID-19 pandemic has dramatically shifted online learning into the mainstream of education. Even after 
the pandemic has ended, online learning will remain an option for students, offering flexibility and 
convenience (Dos Santos, 2022). Online learning is also an essential component of blended learning which 
combines face-to-face and online activities. The use of online learning will expand since blended learning will 
become more important in a post-COVID world (Singh et al., 2021) 
 
Although online learning has benefits, the lack of student self-regulated learning (SRL) skills is concerning. In 
online or blended courses, resources are placed in learning management systems for on-demand use (Pedrotti 
& Nistor, 2019). With students determining the ‘when,’ ‘how,’ and ‘where’ of learning, self-regulation 
becomes crucial (Pedrotti & Nistor, 2019; Rasheed et al., 2020). Poor self-regulation can lead to unrelated 
online activities (Rasheed et al., 2020), negatively impacting learning. 
 
SRL involves individuals intentionally planning, monitoring, reflecting, and adapting their learning progress 
to achieve learning goals (Pintrich, 2000; Zimmerman, 2002). Students with strong SRL tend to perform better 
(Cheng et al., 2023). Training students in SRL is thus crucial for enhancing online learning. Scholars identify 
multiple SRL phases (Panadero, 2017), with Wolters and Brady (2021) proposing three main phases based on 
prominent models: forethought, performance, and post-performance. 
 
In the first phase, forethought, students prepare for learning (Zimmerman, 2002). Key processes in this stage 
include goal setting and planning. Setting goals is vital for student self-regulation and successful completion of 
courses (Handoko et al., 2019). According to Latham and Locke (1991), “goal setting facilitates self-regulation 
in that the goal defines for the person what constitutes an acceptable level of performance” (p. 234). During goal 
setting, a student determines the specific goals of their learning effort as specific goals promote more consistent 
student performance than vague goals (Latham & Locke, 1991). The learning goals should also be achievable 
rather than infeasible. Many students with lower self-regulation skills have unrealistic goals, which may 
disappoint the learners after their learning (Shih et al., 2010). Goal setting and planning are closely related to 
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each other as students first define their learning goals and then propose how they plan to reach their goals 
(Nussbaumer et al., 2011).   
 
In the second phase, performance, students engage in academic work, such as completing writing tasks on the 
learning management system. Monitoring, a key process in this phase, involves students’ ongoing awareness 
of their actions and adaptation during academic work (Usher & Schunk, 2017). It helps students plan and set 
goals for future efforts more effectively (Zimmerman & Paulsen, 1995). For example, monitoring writing 
behavior, during the early stages of a semester, can help students plan subsequent writing sessions, evaluate the 
effectiveness of writing strategies, and decide on future writing goals. 
 
In the third phase, post-performance, students engage in self-regulation by assessing and reflecting on their 
learning performance (Usher & Schunk, 2017). Described as self-judgment (Zimmerman, 2002), this phase 
involves people evaluating the outcomes of their efforts in light of previously established goals (Wolters & 
Brady, 2021). Depending on whether their performance met their goals, people may need to revise their future 
goals and plans in order to better achieve their desired outcomes.  
 
Given the importance of SRL, scholars have explored various strategies to promote students’ SRL in online 
learning. One strategy is to use reflective writing exercise to foster students’ awareness of SRL. For example, 
students completed a weekly planning exercise by stating their learning goals of the week, the time spent on the 
previous week’s course activities, and things they learned in the previous week (Pérez-Sanagustín et al., 2021). 
Butzler (2016) employed a document, called exam wrapper, asking students to answer questions such as how 
they prepared for the exam.  
 
Another strategy is to embed SRL-related prompts into video lectures. Moos and Bonde (2016) embedded 
planning prompts (e.g., What do you already know about [this topic]?) at the start of the video, monitoring 
prompts (e.g., Do you need to adjust how you are learning?) halfway through the video, and reflection prompts 
(e.g., Do you need to go back in the video and fill any gaps in understanding) at the end of the video. Students 
verbalized their replies to these prompts. Van Alten et al. (2020a, 2020b) also embedded SRL prompts (e.g., 
What are your goals when learning from this video?) into video lectures. Students answered the questions in 
order to continue the video. In about half the SRL prompts, hints would pop up after a student’s answer to show 
an example of that SRL behavior. 
 
These strategies have two drawbacks. First, they often lack timely feedback after students complete reflective 
writing activities. Hattie and Timperley (2007) define feedback as providing information about students’ 
performance regarding what they attempted. Without timely feedback, less proficient self-regulating students 
may struggle to know their next steps. Feedback should be within 48 hours to prevent context loss (Barboza & 
da Silva, 2016; McCarthy, 2016). For Generation Z, raised in an instant-reaction world (Gabrielova & 
Buchko, 2021), immediate feedback is crucial, as they dislike delays (Eckleberry-Hunt et al., 2018). 
 
Teacher feedback on students’ reflections may not be timely due to the laborious process of reading individual 
responses and tracking his/her goals and plans. For example, in Butzler’s (2016) study, students completed 
exam wrappers, and the teacher provided individual student feedback on SRL strategies. This feedback was 
not immediate due to the time needed to read each student’s answers. Scaling up such feedback for larger 
student numbers is challenging. The second drawback is the lack of personalized feedback, as seen in van 
Alten et al. (2020a, 2020b), where hints were general to all students (e.g., make notes, rewind video) and not 
tailored to each student’s unique response. 
 
This study aims to address the drawbacks by exploring whether a Large Language Model (LLM)-based 
chatbot can detect and monitor students’ goal setting and planning in online learning. LLMs are deep learning 
models generating outputs based on prompts (Floridi & Chiriatti, 2020), using transformer models with self -
attention mechanisms (Vaswani et al., 2017) for better context understanding (Tam, 2023). OpenAI’s GPT 
series, specifically ChatGPT, demonstrates impressive linguistic abilities and has been used for various 
educational-related tasks such as creating course materials (Topsakal & Topsakal, 2022), translating languages 
(Baidoo-Anu & Owusu, 2023), and generating answers to assessment questions (Fergus et al., 2023). 
 
 
2. Purpose of the present study 
 
This article is similarly concerned with using ChatGPT in education but explores the problem from a novel 
angle. It develops and evaluates a prototype Goal-Plan-Mentor Chatbot System (GoalPlanMentor) to 
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automatically monitor students’ goal setting and planning activities in online learning. Although goals and 
planning most often occur in the forethought phase, they can also occur in the performance phase (monitoring 
goal progress and plans), and post-performance phase (evaluating whether one has achieved one’s goal and 
adjusting future plans). 
 
In this two-stage study, we first addressed a key major LLM limitation – the inability to store new experiences in 
long-term memory during a dialog (Sejnowski, 2023). LLMs are “amnesics, like humans who have lost their 
hippocampus and are unable to remember new experiences for more than a few minutes, unable to create long-
term memories” (Sejnowski, 2023, p. 327). We developed an SRL knowledge base to store the user chat records, 
along with relevant Memory-Augmented-Prompts that enabled GoalPlanMentor to retrieve students’ goals and 
plans and provide personalized feedback. Next, we compared GoalPlanMentor’s detection (coding) accuracy of 
students’ goals and plans with human coders, assessed the quality of GoalPlanMentor’s feedback on students’ 
goals and plans, and student perceptions on the usefulness of the feedback. We addressed the following research 
questions:  
 
Research question 1: Can GoalPlanMentor accurately detect students’ goals and plans, and in particular, what 
is the comparative accuracy between GoalPlanMentor system and human evaluators? 
 
Research question 2: What is the quality of the feedback provided by GoalPlanMentor? 
 
Research question 3: What are students’ perceived usefulness of the GoalPlanMentor? 
 
 
3. Designing the goal-plan-mentor chatbot system (GoalPlanMentor) 
 
3.1. Overview of GoalPlanMentor 
 
GoalPlanMentor is a web-based system designed to facilitate the goal setting and planning processes of students’ 
online learning. We utilized Vue.js, a JavaScript framework, for the frontend development of the system. The 
frontend webpage allows students to interact with the chatbots (see Figures 1 and 2). Initially, students input their 
usernames before selecting a chatbot by clicking on the green button (see Figure 1) to start a conversation. Upon 
concluding the conversation, students can submit their current assignments to teacher or access previous 
submission records through the system (see Figure 2). 
 

Figure 1. Website login and chatbot selection 

 
 
For the backend, we chose Python and Django, a framework for swift, secure, and maintainable web 
development, providing a set of application programming interfaces (APIs) that the frontend uses to interact with 
the system (Christie et al., 2020). They enable essential operations such as user authentication, conversation 
management, and assignment submission. The core of the backend comprises the agent module (Figure 3), which 
integrates OpenAI’s latest generative AI for processing and understanding user inputs, providing appropriate 
responses, and maintaining conversational context. We leveraged algorithms related to databases, prompt 
engineering, and finite state machines (FSM) to develop GoalPlanMentor with a dual-agent architecture. The 
system comprises two agents: (1) GoalPlanDetectAgent (GPDA) identifying students’ goals and plans based on 
their chat logs, and (2) GoalPlanAwareTeachingAgent (GPATA) assisting students in reflecting on and revising 
their previous goals and plans throughout course instruction. By combining the GPDA and the GPATA agents, 
our system creates an environment that both recognizes students’ goals and plans, and actively assists students in 
achieving them. 
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Figure 2. User interaction webpage: (1) chat message input box, (2) homework upload button, (3) query button 
for submitted homework 

 
 
Figure 3. The Agent module in GoalPlanMentor, illustrating a suite of algorithms designed to comprehend and 

react to user inputs 
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3.2. GoalPlanDetectAgent (GPDA) 
 
Key SRL indicators such as goal-setting and planning facilitate insights into students’ learning strategies, 
enabling pattern recognition and progress tracking. This allows for personalized feedback that cultivates SRL 
behaviors and ultimately improves learning outcomes (Raković et al., 2022). Thus, we intended the GPDA agent 
to recognize patterns and phrases indicating a student’s goals and plans from chat logs. Once identified, they are 
stored in a database for future reference and tracking. 
 
 
3.2.1 Database design 
 
Our database system employs SQLite, a lightweight and reliable relational database engine (Gaffney et al., 
2022). We utilized Object-Relational Mapper (ORM) technology to execute operations on persistently stored 
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objects in the relational database using Python. GPDA comprises two databases: the Chat History Database 
(CHDb) and the Goal setting and Planning Database (GPDb).  
 
The CHDb stores the chat records of each student with each chatbot, as well as the progress of each conversation 
(e.g., welcome, ongoing, and finished). It can provide accurate context for each dialogue, aiding the chatbot in 
remembering and understanding past discussions, thus reducing the generation of hallucinatory responses by 
supporting the LLM’s external memory. The GPDb is responsible for storing the weekly goals and plans set by 
students that are extracted from dialogues.  
 
Relational databases simplify the storage, query, and analysis of the aforementioned personalized goal and plan 
data. The structured storage approach allows data attributes such as goal content and planning time frame to be 
independently managed, thereby enhancing data consistency and validity and improving data readability and 
operability.  
 
The relational database also facilitates efficient and flexible data queries and analysis. We can obtain the goals 
and plans of specific students or count the number and proportion of student goals achieved over a period by 
writing SQL queries. Additionally, by leveraging the database’s data correlation, we can gain a deeper 
understanding of students’ learning behaviors and progress. Analyzing students’ goals, plans, and their 
completion status can reveal learning patterns (e.g., whether students tend to set long- or short-term goals, their 
pace in achieving those goals, etc.). This information forms a significant reference in our design and provision of 
personalized learning support. 
 
 
3.2.2 Goal and plan detection 
 
The GPDA’s main task is to extract specific content relating to students’ goal-setting and planning behavior from 
chat records. As these goals and plans often gradually emerge over multiple rounds of dialogue, stronger Natural 
Language Understanding (NLU) capabilities are needed to recognize intent and entity in context. Transformer-
based LLMs such as GPT, unlike humans, inherently lack long-term memory beyond their immediate context 
window due to their auto-regressive nature, which predicts the next token purely based on preceding context 
(Vaswani et al., 2017).   
 
To address this, we designed a Memory-Augmented Prompt (MAP) to drive GPT-4 (via the OpenAI API, model 
name gpt-4-0613) (OpenAI, 2023), which is among the most advanced current LLMs. MAP incorporates past 
interactions into current context, simulating the model’s “memory” and overcoming its inherent inability to 
remember past interactions. Accordingly, the dialogues stored in the CHDb are made available for GPT-4 to 
query and analyze. By combining past interactions, MAP stimulates GPT-4 to perform more accurate intent and 
entity recognition across multiple dialogue turns. 
 

Table 1. Memory-augmented prompt (MAP) for goal/plan detection 
MAP 
Component 

Prompt Text Description 

Chain of 
Thought 
Nodes 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

You are skilled at extracting key information from conversations, and you 
can analyze the intent and entity of each sentence. 

Your task is to analyze the whole conversation history and determine: 
1. What personal learning goal has the user established? 
2. What plan has the user formulated to meet this goal? 

Role 
Configuration 

 
 
 
 

Here are the steps to identify the user’s goal and plan: 
1. Examine the assistant’s discussions about the user’s goals and plans. 
2. Derive from the user’s replies their specific goals and plans for the 

course. Prioritize the user’s actual learning objectives for the course over 
the assistant’s hypothetical situations or proposed cases. 

3. Locate user plan: Users may use the SMART framework to make plans 
for achieving goals, or they might also directly say their own plans. 

4. Addressing undefined goals and plans: In situations where the user’s 
goals remain undefined, it is reasonable to infer that plans associated 
with these goals are also absent. 

Dialogue History 
Analysis 

 
 
 
 
 
 
 
 

Here is a corner case to help you better understand and analyze user 
objectives and strategies: 

EXAMPLE #1: 

One-Shot Corner 
Case 
Demonstration 
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Conversation History: 
“““ 
Assistant: What are the desired learning objectives for Jennifer’s makeup 

course? What specific behaviors should students demonstrate upon 
completion? If you were Jennifer, how would you design the make-up 
course? 

User: I think I should demonstrate confidence and proficiency in makeup 
application across different situations. 

“““ 
For this example, your response should be: 
{ 
“goal”: “<null>,” 
“plan”: “<null>,” 
} 
Explain: From the given conversation history, it can be observed that the 

user hasn’t explicitly stated their personal learning objectives or 
strategies. Instead, the user and the assistant are discussing objectives 
and strategies for a hypothetical situation, where “Jennifer” is conducting 
a makeup course. Therefore, the user’s personal goal and plan are not 
defined in this conversation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Response 
Formatter 
 
 
 
 
 
 

Please provide your response in JSON format (can be recognized by 
python json.loads): 

{ 
“goal”: “Place the identified goal here. If the user did not mention it or 

uncertain, insert ‘<null>‘.,” 
“plan”: “Place the identified plan here. If the user did not mention it or 

uncertain, insert ‘<null>‘.,” 
} 

Render the Model 
Output into 
JSON Format 

 
 
 
 
 

Memory 
Injection 
 

Now, I will provide you with a history of a human user and an AI assistant 
talking to each other: 

{CHAT_HISTORY} 

Retrieve from 
CHDb 

 
 
Table 1 shows how our MAP integrates the Chain of Thought (CoT), Response Formatter, and Memory Injection 
components to enhance the GPT-4 model’s understanding of these “memories.” Fundamentally, CoT aims to 
provide LLMs with illustrative examples that clarify an underlying reasoning which the LLM should mirror 
within its responses, enhancing the precision of generated text (Wei et al., 2022). Our CoT method delineates the 
essential steps involved in extracting goals and plans, providing the model with a structured approach to 
processing and understanding information retrieved from CHDb.  
 
The first CoT node is Role Configuration, which involves assigning the model a specific role and task. This 
pivotal step equips the model to better grasp the actions it is anticipated to perform. 
 
The following node is Dialogue History Analysis. Here, the MAP directs the model to critically analyze previous 
dialogues the assistant has participated in, focusing on the user’s goals and plans. CoT then shifts the model’s 
attention to deriving these goals and plans. This reasoning process emphasizes the user’s actual learning 
objectives for a particular course, giving precedence to these over any theoretical scenarios (e.g., course design 
cases) suggested by the assistant. Once identified, the CoT transitions to fine-tuning and validating the extracted 
goal and plan; it instructs the model to determine if the user has utilized a specific framework, such as SMART, 
to achieve their goals, or if they have explicitly outlined their plans. This process exemplifies the reasoning 
involved in understanding the user’s strategies for achieving their objectives. In this way, the model gains a 
comprehensive understanding of the conversational context and nuances; thus, it learns a reasoning process 
facilitating accurate analysis and information extraction. 
 
In the subsequent One-Shot Corner Case Demonstration node, the MAP addresses situations where the user’s 
goals are vaguely defined. The model is guided to deduce that associated plans are likely null in these instances. 
This design aims to strike a trade-off between providing structured guidance and preserving the model’s 
generative potential. Controlling the breadth and depth of examples in prompts presents a significant challenge: 
overly detailed examples may make the model’s generative direction overly singular, while a lack of detail can 
exacerbate hallucinations (Sun et al., 2023). Accordingly, we emphasize using negative examples in the MAP. 
This helps the model understand unclear user goals and plans and promotes its capacity to generate concise 
summaries of user goals and plans from multiple-round dialogues. 
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Finally, the MAP asks the model to render its response in a structured JSON format, which is compatible with 
Python’s “json.loads” function. This enhances the programming accessibility of model output, which in turn 
optimizes subsequent ORM code execution and facilitates the storage of goal and plan data in the GPDb. 
 
 
3.3. GoalPlanAwareTeachingAgent (GPATA) 
 
The GPATA chatbot is specifically designed to interact directly with students. It leverages the capabilities of 
prompted GPT3.5 (via the OpenAI API, model name gpt-3.5-turbo-16k-0613) and an FSM to enable smooth 
conversation and effective dialogue-state management. Its core functionality lies in retrieving individual student-
related information from the GPDA. It focuses mainly on the learning goals and plans set by the student in the 
weeks leading up to the current interaction and chat records within the same timeframe. Therefore, the GPATA 
can integrate the information of goals and plans to form a personalized conversational context for each student. 
This context not only reflects a history of the student’s interactions with the GPATA to complete their learning 
tasks, but also serves as a reference for understanding the student’s learning situation. With this context, the 
GPATA obtains an accurate awareness of each student’s goal setting and planning behaviors during current chat 
interactions and provides personalized recommendation. We explained the overall design of the FSM and the 
prompts for GPT3.5 in GPATA below. 
 
The FSM is a mathematical model used to simulate sequential logic and procedural control. It is an abstract 
machine that can be in one of a finite number of states, transitioning between them in response to external inputs 
(Lee et al., 2018). By managing conversation states clearly, the FSM ensures organized and systematic dialogue 
progression. It also bolsters maintainability and scalability, permitting state transitions without system disruption. 
Moreover, FSM is beneficial in error handling, effectively managing unexpected user inputs and steering the 
conversation towards a stable state. 
 

Figure 4. Unified Modeling Language diagram of the FSM used in GPATA 
GoalPlanReflectAndModify

TaskInstruction

ClassifyCases

entry / retrieveGPDb
do / readPastGoalsAndPlans 
exit / doJudgement

Case 2
[SetGoalPlanTwoWeeksAgo]

Case 1
[SetGoalPlanLastWeek]

Case 3
[else]

Reflection

entry / inputRecalledGoalPlan 
do / returnPastGoalPlan
exit / askReVisitPastGoalPlan 

Modification

entry / askModify 
do / inputNewGoalPlan 
exit / saveIntoGPDb

ChatGeneration

entry / readPresetPrompt 
do / waitForStudentInput 
exit / respondToStudent

WriteCHDb ReadCHDb
DialogueContext

[ConversationFinished]

[ConversationOngoing]  
 
The Unified Modeling Language (UML) diagram in Figure 4 lists the various states and transitions defined in the 
proposed FSM, systematically demonstrating the dialogue flow progression. Student–GPATA dialogues begin 
by entering the GoalPlanReflectAndModify state, in which GPATA retrieves the student’s goals and plans 
established over the past two weeks from the GPDb. It then employs a rubric to categorize the student into one of 
three cases:  
• The student established goals and plans in the previous week. 
• The student only set goals and plans two weeks prior and not in the preceding week. 
• The student did not set any goals or plans over the past two weeks. 
 
Once the GPATA identify students’ status, it can guide individual students to reflect and modify learning goals 
and plans and guiding them to complete weekly online learning tasks. For each stage, the GPATA utilize 
prompts to stimulate GPT3.5 to generate dialogues. Prompt engineering—strategically crafting input prompts to 
obtain desired model outputs (Liu et al., 2023)—is crucial when working with LLMs. Appendix A shows the 
prompts design in each stage of the GPATA. 
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3.3.1 Reflection stage 
 
For cases 1 and 2, GPATA guides the student to reflect. It initially prompts the student to recall and input the 
goals and plans they set. Regular reflection allows students to evaluate whether their current goals are realistic 
and attainable. Next, GPATA returns the stored “ground truth” from GPDb to the student, encouraging them to 
revisit their previous goals and plans. Figure 5 demonstrates how the GPATA support a student to recall and 
revisit her goals and plans. The dialogue then transitions into the Modification stage, where GPATA queries 
whether the student needs to modify their current goals and plans. The student can inform GPATA of newly 
established goals and plans (if any), which GPATA subsequently stores in the GPDb. For case 3, GPATA 
directly enters the Modification stage. 
 
 
3.3.2. Modification stage 
 
The modification process is initiated by a prompt that encourages students to reconsider and potentially revise 
their goals and plans. The SMART framework, encompassing Specific, Measurable, Attainable, Relevant, and 
Time-bound elements, guided the improvement of learning objectives. The SMART framework is largely 
underpinned by good practices drawn from goal-setting theory – which according to Locke and Latham (2002), 
goals should be specific, relevant or important to the individual, achievable for the individual, and time-bound 
(deadlines, e.g., Locke & Latham, 1990). In addition, goals should be measurable so that the degree of 
accomplishment can be accurately assessed (MacLeod, 2012). Students have the flexibility to modify their 
current goals and plans based on their needs. Upon choosing to revise their goals, students engage in a systematic 
exploration of each SMART element. This modification process is designed to be personalized, with students 
provided suggestions on their revised goals and plans and encouraged to adapt them to their unique aspirations. 
The final step in this process involves summarizing the refined goals and plans. 
 
 
3.3.3 TaskInstruction state 
 
The dialogue subsequently transitions into the TaskInstruction state, where students are asked to complete the 
usual weekly learning tasks (e.g., to design an adult education course). The GPATA can discuss the course 
design with students step by step. In each dialogue turn, GPATA initially reads from the CHDb to obtain chat 
context. It then generates personalized responses based on the student’s input and a preset prompt. The chat 
records between the student and GPATA are then stored in the CHDb. This state repeats until the dialogue 
concludes as per the preset prompt, at which point it exits. 
 

Figure 5. Screenshot of GoalPlanMentor interacting with a student. GoalPlanMentor effectively facilitates 
students in revisiting the goal and plan they established the previous week 
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4. Method 
 
4.1. Participants and context 
 
A total of 25 Asian students (20 female, 5 male) participated in an eight-week Education course. Ethical approval 
was obtained from the University Ethics Review Board. The course consisted of six weeks of lectures on adult 
learning strategies, followed by two weeks in which students demonstrated the application of these strategies in 
the classroom. 
 
During the six-week lecture period, the GoalPlanMentor system was implemented to help students set personal 
learning goals and plans and monitor students’ goals and plans by giving personalized feedback. 
GoalPlanMentor also guided students to complete the weekly online learning tasks. GoalPlanMentor was 
accessible via Moodle, a learning management platform where the teacher had uploaded all learning materials. 
 
In the first week, a researcher introduced the study and GoalPlanMentor. From week 1 to week 3, students 
interacted with GoalPlanMentor to familiarize themselves with it. During this time, students were able to set 
their personal learning goals and plans with GoalPlanMentor. At the same time, we fixed any technical issues 
reported by the students and make the necessary updates. In week 4, we implemented the goal and plan detection 
feature (i.e., GPDA) in the backend of the system. This feature is used to recognize each student’s previously set 
goals and plans and later provide them with appropriate feedback for their personal learning. Before releasing 
this feature to students in the frontend, we measured its accuracy in detecting students’ goals and plans by 
comparing it with human coders in week 4 (RQ1). Since the detection accuracy was satisfactory, 
GoalPlanMentor started monitoring students’ goals and plans by the GPTAT agent from week 5.  
 
After the intervention, we assessed the quality of the system’s feedback in terms of coherence, relevance, and 
positive tone (RQ2). Students’ perceptions of the GoalPlanMentor’s feedback on their goals and plans were 
assessed through a usefulness questionnaire and follow-up semi-structured interviews (RQ3). Figure 6 illustrates 
the intervention process. 
 

Figure 6. The intervention process of this study 

 
 

 
4.2. Measurements 
 
4.2.1. Accuracy of goal and plan detection 
 
To answer the first research question, we coded the accuracy of the system’s goal and plan detection in weeks 4-
6 on a scale of five: 5 for being completely accurate, 4 for being more than half accurate, 3 for being half 
accurate, 2 for less than half accurate, and 1 for being not at all accurate. Appendix B presents some examples of 
the goal and plan detection. 
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4.2.2. Quality of feedback 
 
Drawing from prior studies (e.g., Motz et al., 2021; Munoz et al., 2006; Siekmann et al., 2022), we evaluated the 
quality of feedback provided by the chatbot system in week 5 and week 6 based on three dimensions: Coherence, 
Relevance, and Positive Tone (see Appendix C for examples). Our scores for these dimensions are calculated as 
follows: 
• Coherence: Coherence refers to “a form of connecting sentences and ideas aimed at supporting readers’ 

understanding” (Siekmann et al., p. 2). Coherent feedback relates information together so that the reader can 
follow the thread of ideas (Munoz et al., 2006). We give a score of 3 if the feedback is coherent, 2 if the 
feedback is somewhat coherent, and 1 if it is incoherent. 

• Relevance: Students should be provided with relevant feedback on their work because this will motivate 
them to improve both the work they have already done and the work they will do in the future (Goodwin & 
Kirkpatrick, 2023). We give a score of 3 if the feedback relates to the students’ goal setting and planning, 2 
if the feedback has some digressions and irrelevancies, and 1 if the feedback is not related to the students’ 
goals and plans. 

• Positive tone: Feedback should also be affirming and uses a supportive tone. Positive feedback (e.g., praise) 
can motivate students to complete a task (Motz et al., 2021). We give a score of 3 if the feedback has an 
overall positive tone, 2 if it is neutral, and 1 if it is negative. 

 
 
4.2.3. Students’ perceived usefulness 
 
Participants were invited to complete a 5-point Likert-scale questionnaire (1 = strongly disagree; 5 = strongly 
disagree) in week 7. This survey was to assess their perceived usefulness of GoalPlanMentor in setting and 
monitoring their goals and plans. Perceived usefulness refers to the extent to which individuals believe that using 
a particular system would improve their job performance (Davis, 1989). The perceived usefulness scale was 
adapted from the original Technology Acceptance Model questionnaire (Davis, 1989, p. 340). The perceived 
usefulness questionnaire in this study consisted of 10 items, including 5 items on the perceived usefulness of the 
system for goal setting and 5 items on the perceived usefulness for planning. We received an 80% response rate, 
with 20 participants completing the questionnaire. The reliability of the questionnaire was high in this study, as 
shown by the Cronbach’s α coefficients of 0.939 for perceived usefulness in goal setting and 0.942 for perceived 
usefulness in planning. 
 
Following the intervention, semi-structured interviews were conducted to further explore students’ perspectives 
on the usefulness of the system, and to gather suggestions for improving GoalPlanMentor. The interview 
questions included examples such as “In what ways do you find the system useful in setting and monitoring your 
personal goals and plans?” and “How can we improve the system to better support your goal setting and planning 
process?” Fifteen participants volunteered to take part in the interviews (13 online interviews and 2 face-to-face 
interviews at their own discretion). Each interview lasted approximately 30 minutes. 
 
A grounded theory approach was used to analyze the interview data. To ensure the reliability of the qualitative 
data analysis, two independent researchers coded the interview data and identified initial themes. They then 
compared the initial findings and identified common themes through a consensus process. Inter-rater agreement 
was calculated (92%). The disagreements were resolved through discussion between the two researchers. 
 
 
5. Results and discussion 
 
5.1. Automatic detection of students’ goals and plans 
 
Cohen’s kappa was computed to determine the agreement between two coders’ judgments of whether the chatbot 
system could accurately identify the goals and plans of 25 students in Week 4.  
 
In terms of students’ goal detection, the two coders agreed that the goals of 20 students were 100% correctly 
identified; the goals of 3 students were half correctly detected. The goals of 2 students were partially recognized. 
Based on Landis and Koch’s (1977) standards for strength of agreement for the kappa coefficient, there was near 
perfect agreement between the two coders’ judgements, κ = 0.84, 95% CI [0.53, 1.15], p < .001. 
 
In terms of students’ plan detection, the two coders agreed that the plans of 17 students were 100% correctly 
identified; the plans of 2 students were almost correctly identified. The plans of 5 students were half correctly 
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detected. For 1 student who did not discuss personal learning plans with the system, it generated plans based on 
the students’ chat history. There was perfect agreement between the two coders’ judgements, κ = 1.000, 95% CI 
[1, 1], p < .001. 
 
The Cohen’s kappa results show that the observed agreements between the two coders are statistically significant 
(for both goal and plan detection, p < .001), indicating a high level of agreement between the coders. Therefore, 
we averaged the system detection accuracy levels coded by the two researchers. The average goal detection 
accuracy was 4.68 (SD = .802), while the average plan detection accuracy was 4.32 (SD = 1.215).  
 
To further verify the accuracy of the automatic detection system, we implemented it during weeks 5 and 6. As 
there was one missing value for each week, we examined the goals and plans of 24 students. In week 5, the 
average goal detection accuracy was 4.58 (SD = 1.100), while in week 6, it was 4.54 (SD = .833). Regarding 
plan detection, the average accuracy for week 5 was 4.21 (SD = 1.179) and for week 6, it was 4.58 (SD = 
1.176). We conducted a Friedman test to investigate any significant differences in the system ’s goal and plan 
detection accuracy across weeks 4, 5, and 6 (Table 2). This test was chosen due to the violation of the 
normality assumption in the data for each of the three weeks. The results showed no significant differences in 
the system’s goal detection accuracy over the three weeks, with χ²(2) = 0.950, p = 0.622. Similarly, the 
system’s plan detection accuracy results were χ²(2) = 3.636, p = 0.162, indicating no significant differences 
across the three weeks. Thus, the automatic detection system demonstrated consistent accuracy in detecting 
goals and plans during weeks 4, 5, and 6. 
 

Table 2. Friedman’s ANOVA Test on the system’s goals and plans detection accuracy 
Dimension Group N Mean (SD) Chi-Square df Sig. 
Goal Accuracy Week 4 24 4.68 (0.082) .950 2 .622 

Week 5 24 4.58 (1.100) 
Week 6 24 4.54 (1.179) 

Plan Accuracy Week 4 24 4.32 (1.215) 3.636 2 .162 
Week 5 24 4.21 (1.179) 
Week 6 24 4.58 (1.176) 

 
 
5.2. Quality of feedback of GoalPlanMentor 
 
In Week 5, twenty-one students participated in the goal setting and planning activity, and the feedback provided 
by GoalPlanMentor to these students was analyzed. Both coders agreed that 20 students received coherent 
feedback, except for one student who received partially coherent feedback (“Apologies for any confusion earlier. 
Let’s focus on your goal...”) due to this student’s brief input (“no”). The agreement between the two coders was 
substantial as indicated by the Cohen’s kappa result, κ = 0.64, 95% CI [0.01, 1.28], p = .002. Additionally, there 
was perfect agreement between both coders that GoalPlanMentor provided relevant feedback with a positive 
tone to all 21 participants. For example, the GoalPlanMentor suggested a student specifying his goal: “That 
sounds like a fantastic goal! To make it more specific, let’s clarify the target audience for your curriculum.” 
 
In Week 6, twenty-two students completed the goal-setting and planning activity, and the feedback provided by 
GoalPlanMentor to these students was analyzed. In terms of the coherence, the two coders agreed the 
GoalPlanMentor provided 18 participants with coherent feedback. Three students received partially coherent 
feedback, again due to their short input. Two of them received the response “Apologies... Let’s revise your 
goal...” after responding with a single word “yes”; while the system repeated this goal-setting and planning 
process after one student deliberately asked the system to continue the conversation but typed “yes.” There was 
near perfect agreement between the two coders’ judgments, with, κ = 0.831, 95% CI [0.51, 1.15], p < .001. 
Additionally, there was perfect agreement between both coders that GoalPlanMentor was able to provide 
relevant feedback on all 22 participants’ goals and plans with an overall positive tone. For example, after a 
student shared that he had tried to reach a previously set goal “I have recently written the script for the 2 of the 
24 interactive video lessons,” GoalPlanMentor responded: “That’s great to hear that your goal remains the same! 
It sounds like you’ve made progress by writing....” 
 
 
5.3. Students’ perceived usefulness of GoalPlanMentor 
 
In Table 3, we present the descriptive statistics for students’ perceived usefulness of the system in goal-setting 
and planning. Overall, students perceived the GoalPlanMentor system to be moderately useful in setting and 
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monitoring their goals (item 4) and plans (item 10). We conducted t-tests to determine if the results are 
statistically different from the midpoint. Following the practice of previous research (e.g., Beder et al., 2011; 
Wang et al., 2017), we defined the midpoint as a score of 2.5 (midpoint of rating 1 to 5), which indicates neither 
a positive nor negative finding. Results show that the overall mean perceived usefulness in goal-setting score (M 
= 3.40, SD = 0.94), and overall mean perceived usefulness in planning score (M = 3.35, SD = 0.93) were 
significantly greater than the midpoint score of 2.5, t(19) = 4.28, p < .001, and t(19) = 4.09, p < .001 
respectively. This suggests that participants found the system to be useful in both goal-setting and planning 
aspects. 
 

Table 3. Mean and standard deviation for students’ perceived usefulness of the system 
 Item M (SD) 
Perceived 
usefulness 
in goal-
setting 
(n = 20) 

1. Using the system enabled me to reflect on my personal goal-setting. 3.15 (.81) 
2. Using the system made it easier to comprehend my personal goal-setting. 3.35 (.88) 
3. My comprehension of the personal goal-setting would be easy to obtain with the 
system. 

3.20 (.83) 

4. The system enhanced my effectiveness in preparing my personal goal-setting. 3.30 (.87) 
5. Overall, I found the system was useful in my personal goal-setting. 3.40 (.94) 

Perceived 
usefulness 
in 
planning 
(n = 20) 

6. Using the system enabled me to reflect on my personal plan. 3.50 (1.00) 
7. Using the system made it easier to comprehend my personal plan. 3.30 (.92) 
8. My comprehension of the personal plan would be easy to obtain with the system. 3.35 (.93) 
9. The system enhanced my effectiveness in preparing my personal plan. 3.30 (.80) 
10. Overall, I found the system was useful in my personal plan. 3.35 (.93) 

 
We examined the differences in students’ learning achievement on their final assignment between the low- and 
high-groups in terms of their perceived usefulness. Students were categorized into either a high-perceived 
usefulness group (n = 5, top 25% of students) or a low-perceived usefulness group (n = 5, bottom 25% of 
students) based on the ranking of their responses on perceived usefulness in the goal setting and planning scales. 
The course instructor, with eight years of experience, assessed students’ final assignments on designing an 
adult workshop toolkit, which included a document outlining the workshop’s topic, goals, activities and their 
rationale. Both the instructor and a coder individually rated the assignments and then reconciled any 
differences in their evaluations. 
 
 
5.3.1. Difference in learning performance between the low- and high-perceived usefulness groups in terms of 
goal-setting 
 
The final scores of the high-perceived group (M = 51.0, SD = 5.15) and the low-perceived group (M = 31.8, SD = 
14.26) were normally distributed for both groups (Shapiro-Wilk’s test, p ≥  .05). The variances of the final scores 
were homogeneous for both groups (Levene’s test, p = .119). An independent-samples t-test (Table 4) showed 
that students who highly perceived GoalPlanMentor’s usefulness for goal-setting exhibited significantly 
greater learning achievements compared to those with a low perception of its usefulness, t(8) = 2.833, p = 
0.022.  
 
 
5.3.2. Difference in learning achievement between the low- and high- perceived usefulness groups in terms of 
planning  
 
The final scores of the high-perceived group (M = 52.0, SD = 5.52) and the low-perceived group (M = 40.6, SD = 
14.35) were normally distributed for both groups (Shapiro-Wilk’s test, p ≥  .05). The assumption of homogeneity 
of variances was violated (Levene’s test, p = .048). We, therefore, used the statistics for the t-test under the 
condition of equal variances not assumed. An independent-samples t-test showed that there was no statistically 
significant difference in learning performance between the two groups in terms of perceived usefulness of the 
system for planning, t(5.16) = 1.658, p = .156. Overall, the results suggest that higher perceived usefulness of 
GoalPlanMentor for goal setting could significantly improve learning achievement. One possible reason is 
that GoalPlanMentor’s emphasis on goal setting may have a more substantial impact on learning achievement, 
as it helps students establish clear objectives and stay focused on their desired achievements.   
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Table 4. Independent-samples t-tests on students’ learning performance between the low- and higher-achievers 
Perceived usefulness Group n Mean (SD) p-value 
Goal setting High  5 51 (5.15) .022 
 Low  5 31.8 (14.26)  
Planning High  5 52 (5.52) .156 
 Low  5 40.6 (14.35)  
 
We analyzed students’ interview data to better understand their perceptions of GoalPlanMentor’s usefulness and  
gather suggestions for future improvements. Three key themes emerged from the interview data highlighting the 
usefulness of GoalPlanMentor: clear goals and plans clarification, ongoing learning reflection, and personalized 
communication. 
 
 
5.3.3. Clear goals and plans clarification 
 
Setting clear goals and plans is crucial, especially at the beginning of a course. Students (n = 8) reported 
GoalPlanMentor clarified their goals and plans through the SMART framework and provided diverse ideas and 
suggestions. Students elaborated on the initial simplicity of their goals and how they gradually refined them with 
the guidance of GoalPlanMentor. For example: 
 
At the beginning of our conversation, I stated my goals in a very simple way. However, as it [GoalPlanMentor] 
prompted me to become more specific using the SMART framework, my learning goals became more concrete 
at the end. (Participant 8)  
 
Providing diverse ideas and suggestions on students’ goals “broaden my perspectives and expand my thinking 
during the goal-setting and planning process” (Participant 12). This highlights students’ active engagement with 
GoalPlanMentor for varied perspectives in goal setting. Clear goals and plans at the start of the course 
encourages student ownership and set the tone for a self-regulated learning experience. 
 
 
5.3.4. Ongoing learning reflection 
 
In weeks 5 and 6, GoalPlanMentor displayed students’ previous goals and plans, “providing a time-saving 
advantage” (Participant 14), enabling students to recall and reflect on their personal goals and plans without the 
need for extensive memory retrieval. These students (n = 12) highlighted the importance of the weekly reminders 
in maintaining their learning focus. For example:  
 
In the midst of absorbing new knowledge and completing various learning activities throughout this course, I 
sometimes forget my learning objectives. The weekly reminders not only help me recall my goals but also allow 
me to reflect on my learning progress and assess whether I am on track. (Participant 6)  
 
Students also appreciated the flexibility offered by GoalPlanMentor to modify their goals and plans as their 
understanding of the course content deepened in later sessions: 
 
My initial goals were unrelated to the course since I was not familiar with the learning content at the beginning 
of the semester. As my knowledge of the course material deepened, I tended to revise some of my initial goals. I 
would ask the system to repeat what we discussed last week. Based on that, I would make modifications. 
(Participant 4)  
 
The ability to revise goals and plans helped students reflect on their own learning and align their objectives with 
the course material, ensuring that their goals remain relevant and mirror their developing understanding. 
 
 
5.3.5. Personalized communication 
 
Some students (n = 3) reported that GoalPlanMentor helped them customize learning goals and plans to their 
individual needs and professional contexts. The lack of human judgment allowed students to freely explore 
goal-setting questions related to their unique backgrounds. One student share: 
 
It [GoalPlanMentor] allows me to make my goals more related to my personal development. I work in a startup 
and my background is different from the majority of my classmates who are in-service teachers. Sometimes I’m 
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hesitant to ask questions in class because my questions may not be relevant to them. So having this 
[GoalPlanMentor] allows me to set my personal learning goals because I know that it is really just for me, and I 
don’t need to worry about if my goals relate to others. (Participant 7)  
 
Students suggested improvements for the system’s utility in goal and plan setting. Currently, the system 
generates feedback based solely on students’ previous messages/utterances. Students (n = 13) stressed the need 
for the system to provide more specific feedback that is tied to the course content. For example: 
 
It would be helpful if the system could give me feedback like, ‘For the first learning goal, you need to pay more 
attention on the learning contents in week 4.’ Perhaps in this way, it can help me think more deeply about the 
goals I set. (Participant 10) 
 
Other students (n = 6) stressed the importance of teacher involvement in providing feedback and adjusting the 
course design based on students’ goals and plans. This fosters a sense of connection and support, while lack of 
teacher feedback may decrease students’ interest in goal setting and online learning activities: 
 
I also wonder if the goals we set are noticed by the teacher, and if the teacher would adjust the course content 
based on our goals. In this course, there was no such process. Personally, I might lose enthusiasm for this goal-
setting activity as time goes on. (Participant 14) 
 
 
6. Conclusion 
 
Given the importance of self-regulation, this study developed and evaluated a LLM chatbot system 
(GoalPlanMentor) to automatically detect and monitor students’ goal setting and planning. The results suggest 
GoalPlanMentor to be a feasible solution to provide timely and personalized feedback regarding students’ goals 
and plans. Results suggest substantial to near perfect agreement between GoalPlanMentor and human coding, 
with clear feedback directions. Students found GoalPlanMentor useful for goal setting and planning, with 
higher perceptions of usefulness in terms of goal setting related to significantly greater learning achievements.  
Consequently, this study presents new insights into circumventing the inability of current LLMs to create long-
term memories by developing a SRL knowledge base and using appropriate Memory-Augmented Prompt to 
simulate GoalPlanMentor’s “memory” and overcoming its inherent inability to remember past interactions.  
 
Although the results appear promising, it is important to acknowledge certain limitations that may affect their 
generalizability and applicability. One limitation is the small and homogeneous sample size used in our study. 
The participants were selected from a specific demographic group, which may not accurately represent the 
broader population. Consequently, the results may not be readily applicable to other demographic groups or 
settings with different characteristics. Future research should aim to replicate the study with larger and more 
diverse sample sizes to enhance the generalizability of the findings. Second, our system employs a combination 
of technologies, including Vue.js. SQLite, Python, Django, and ChatGPT-4. While Vue.js. SQLite, Python and 
Django are open source and freely available, ChatGPT-4 is a proprietary language model. The dependency on 
proprietary software may pose challenges in terms of accessibility, adaptability, and cost. The use of ChatGPT-4 
can limit the accessibility of our system to other researchers or practitioners who may not have access to this 
proprietary technology. Depending on proprietary software can also reduce the system’s adaptability, making it 
more difficult to integrate with other tools or platforms that are not supported by OpenAI. Additionally, access to 
proprietary software often involves subscription fees or usage-based costs, which can be expensive over time. As 
usage scales, costs can increase significantly, making it potentially prohibitive for large-scale applications 
without substantial financial resources. Third, the current study focuses on students’ goal setting and planning 
strategies in their forethought phase of SRL. There is a need to include a broader range of SRL indicators, such 
as help-seeking and monitoring during the performance and self-reflection phases to develop a more 
comprehensive SRL recommendation system. Finally, the generative AI-based SRL recommendation system in 
this study may generate fabricated output in terms of learners’ goals and plans. Such phenomenon is known as 
artificial hallucination (Varghese & Chapiro, 2024). In our future research, we plan to use Retrieval-Augmented 
Generation which integrates external sources of verifiable facts into the chatbot generative processes, thereby 
improving response relevance and accuracy. 
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Appendix A. Prompts design in GPATA 
 
Stage Prompt text 
Reflection Taking Case 1 as an example, we prompted the GPT3.5 as follow: 

 
Your first prompt is: We’ve been putting in effort to become self-regulated learners, and I 
really hope you’re actively embracing your learning journey in this course, aligning it with 
your own personal goals for growth and improvement. Can you recall what personal 
learning goal you’ve set in week 4? 
 
You should refine the following sentence using the expression of the second person:  
I remember we talked about your goal and plan in week 4: “<week 4 goal>,<week 4 plan>.” 
Have you changed/modified your learning goal and plan? If so, what are your goal and plan 
now? Here you should wait for my answer. 

Modification We just finished recalling my own personal learning goal of the course in week 4.  
 
Your first prompt should be: “Do you want to revise your goal and plan using the SMART 
framework?.” You should wait for my response.  
 
If I don’t want to revise my goal and plan, you should skip the first section, and dive into the 
second section directly. 
 
If I want to revise, you should guide me to clarify and plan my new goals based on 5 aspects 
(“SMART,” “Specific,” “Measurable,” “Attainable,” “Relevant,” “Time-based”) in SMART 
in order. 
 
Here are some example questions for SMART Framework you can use in your response to 
my goal: 
1. Specific: Define a clear, specific goal (e.g., What do I want to accomplish?) 
2. Measurable: make sure you can track progress (e.g., How will I know when it is 
accomplished?) 
3. Relevant: A relevant goal can answer “yes” to these questions (e.g., Does this match my 
other efforts/needs?) 
4. Attainable: (e.g., How can I accomplish this goal?) 
5. Time-bound/ Timely (reference data for completion): (e.g., When do you expect to 
achieve your learning goals?” 
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#Rules for setting personal learning goals based on SMART framework: 
1. If I ask for your suggestion, you should provide suggestions and ask me to revise or adapt 
your suggestion to my own goal. 
2. Keep your response under 100 words.  
3. You should give me a concise summary of my personal learning goals. After giving me a 
summary, you should ask me: Did I summarize your goals and plans accurately? If not, feel 
free to edit. 
 
After discussing all 5 aspects (i.e., specific, measurable, relevant, attainable, Time-
bound/Timely) of the SMART framework, you can go to the second section below. 
 

TaskInstruction Now, you will act as a guide to help me complete a course design activity. you should say: 
“Your task is to design a lesson to teach adults on the topic ‘Writing an effective resume’. I 
will guide you step by step. Shall we start?.” You should wait for my answer. 
 
In this section, you should guide me to design the “resume course” for my adult learners 
from five components: learning objectives, course structure, course content, teaching 
methods, and assessment. If I skip any of the components, you should remind me, and ask 
me to complete these missed components. 
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Appendix B.  Examples of the accuracy of goal and plan detection 
 
Accuracy 
scale 

Definition Student response System detection result 

[1] 0% 
accuracy 

The system 
generates fabricated 
goals or plans 
based on the 
students’ chat 
history. 

Nil (Student did not explicitly 
mention any plan) 

The user plans to focus on specific 
areas within instructional design such 
as the proper way of information 
presentation and facilitation skill 
(generate by system). 

[2] < 50% 
accuracy 

The system 
correctly detected a 
minor portion of 
goals or plans 
based on the 
students’ chat 
history. 

I plan to use feedback as a way 
of goal measurement; I plan to 
achieve my goal via creating an 
engaging and student-centred 
learning environment ... by the 
end of this semester. 

The student plans to achieve these 
goals by the end of the semester. 

[3] 50% 
accuracy 

The system half 
correctly detected 
goals or plans 
based on the 
students’ chat 
history. 

I would like to organize adult 
learning workers to engage 
them and create my own 
workshop. 

The student aims to create own 
workshop relevant to job duties. 

[4] > 50% 
accuracy 

The system almost 
correctly detected 
goals or plans 
based on the 
students’ chat 
history. 

I can also receive feedback to 
evaluate my progress. Lecture 
ppt and related reference should 
be reviewed and apply to my 
planned activities. I think that 
half year for the literature review 
and framework development is 
needed and half year for the 
execution. To learn the related 
theories, framework, or cases of 
adult learning so that I can try to 
apply to my situation. I can apply 
what I learned in the planning of 
staff development. 

Learn related theories, frameworks, or 
cases of adult learning and apply them 
to the user’s situation. The user plans 
to review lecture PowerPoint 
presentations and related references, 
and apply this knowledge to planned 
staff training activities. The user 
expects to spend half a year on 
literature review and framework 
development, and another half year on 
the execution of planned activities. 

[5] 100% 
accuracy 

The system 100% 
correctly detected 
goals or plans 
based on the 
students’ chat 
history. 

I want to learn how to engage 
adult learner. 
I want to learn skills to encourage 
learner to join my class. 

Learn skills to encourage learners to 
join the student’s class. 

Note. The bolded responses were not automatically detected by the system. 
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Appendix C.  The quality of feedback coding scheme 
 
Dimension Scale Definition Examples of system response 
Coherence 1 The feedback is incoherent. 

e.g., lacking a clear logical flow.  
e.g., making confusing or vague 
statements. 

[Not found] 

 2 The feedback is somewhat 
coherent. 
e.g., does not fully grasp the user’s 
intent but response with clear 
logical flow. 

I apologize for any confusion caused. Let’s refocus 
on your goal of designing courses specifically for 
adult learners. When considering the relevancy of 
your goal, it’s essential to ensure that the courses 
you design meet the unique needs and interests of 
adult learners.  

 3 The feedback is coherent. e.g., 
demonstrate clear logic and well-
structure statement, e.g., without 
any ambiguity or confusion. 

That’s a great way to measure the effectiveness of 
your course! By conducting pre-course and post-
course surveys to gauge participants’ perception of 
their stress levels and their knowledge and 
understanding of stress reduction strategies, you 
can track their progress. A positive shift in their 
self-reported stress levels and increased knowledge 
would indicate that your goal has been 
accomplished. 

Relevant 1 The feedback is not related to the 
students’ goals and plans. 

[Not found] 

 2 The feedback has some digressions 
and irrelevancies in terms of 
studetns’ goals and plans. 

[Not found] 

 3 The feedback relates to the 
students’ goal setting and planning. 

I understand that you may feel pressed for time, but 
revising your goal and plan using the SMART 
framework can greatly benefit your learning 
journey. It will help ensure that your goals are well-
defined and achievable. Taking the time to go 
through each aspect of the framework can provide 
you with a clear direction and roadmap for your 
online program for adult learners. Are you open to 
giving it a try? 

Positive 
Tone 

1 The feedback lacks supportive and 
encouraging elements and may 
highlight criticism. 

[Not found] 

 2 The feedback is neutral, without 
expressions of support or criticism. 

[Not found] 

 3 The feedback is positive, providing 
supportive and encouraging words. 

It’s great to hear that you have enough time to 
prepare for the training and that you can 
communicate with other on-the-job teachers to 
understand the problems students may face in 
different schools. This will definitely help you in 
tailoring your online training to address those 
specific challenges. 
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