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A B S T R A C T

High-quality reflection has been a challenging barrier in the socially shared regulation of learning (SSRL). 
Especially with the emergence of generative artificial intelligence (GAI), traditional methods such as reflection 
reports may increase the students’ risk of superficial reflection. This study uses an artificial intelligence agent (AI 
agent) to design a reflection assistant, which aims to enhance students’ reflection ability through continuous 
questioning and real-time, content-specific feedback based on their written reflections. Through a comparative 
experiment conducted over three semesters, this study demonstrates the different impacts of three reflection 
methods, reflection reports, reflection short-answer questions, and AI agents, on the quality of university stu
dents’ reflections. The results indicate that there is a significant difference in the quality of reflection among the 
three reflection methods. Students using AI agents show the highest levels of reflection, characterized primarily 
by connective reflection and critical reflection. Epistemic network analysis further reveals that the AI agent 
reflection method is more effective in improving the reflection quality of low-performance teams than that of 
high-performance teams. This expands AI agents’ use in SSRL reflection, introduces new methods for the GAI era, 
and provides practical experience and reflection intervention strategies for teachers and instructional designers 
in SSRL.

1. Introduction

With the rapid advancement of generative artificial intelligence 
(GAI), numerous challenges in collaborative learning have been 
addressed with innovative solutions [1,2]. GAI applications, represented 
by artificial intelligence agents (AI agents), have introduced revolu
tionary transformations to education. These transformations are mainly 
due to the powerful expert-level conversational abilities and 
user-friendly accessibility [3].

The socially shared regulation of learning (SSRL) strategy serves as a 
crucial mechanism for enhancing learning outcomes in collaborative 
learning [4]. Through the SSRL strategy, learners collaboratively set 
goals and monitor progress, thereby improving their performance [5]. 
Reflection is a critical component of SSRL, aiding learners in recognizing 
and refining their learning processes [6]. However, achieving 
high-quality reflection remains a challenge [7].

There are various methods to enhance reflection quality in SSRL, 
such as providing prompts and templates in reflection reports [8]. 

Nowadays, these traditional methods fall short of addressing the chal
lenges posed by GAI [9]. Students may easily rely on tools like ChatGPT 
to complete short-answer questions, journals, and reports. Kiy [10] has 
shown that 76 % of university students use ChatGPT for their assign
ments, with the percentage being even higher among software engi
neering students, reaching 93 % [11]. The widespread use of GAI has 
profoundly transformed traditional methods of learning and teaching, 
and this era calls for new approaches to reflection.

AI agents are computing systems with capabilities for autonomous 
perception, decision making, and action [12]. They use GAI to learn, 
reason, and perform corresponding tasks or actions from the surround
ing environment and input information. To enable practical imple
mentation, rule-based AI agents have been developed that require no 
programming and can be deployed simply by defining task objectives 
and roles via prompts. In educational contexts, these rule-based AI 
agents are commonly used for personalized instruction and intelligent 
tutoring due to their ability to engage in real-time dialogue and provide 
immediate feedback [13].
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The rule-based AI agent provides an effective approach for sup
porting SSRL reflection. Instructors can set specific SSRL task directions, 
and the agent guides students based on the reflection checklist while 
adaptively generating questions according to students’ responses. Each 
follow-up question is dynamically generated based on the student’s 
prior answers and the specific SSRL task, making it difficult for students 
to rely on external AI tools like ChatGPT to provide generic responses. 
This continuous dialogue mechanism supports deeper, more analytical 
reflection and reduces the risk of superficial reflection [14]. Despite AI 
agents having broad application prospects, current research on 
improving learners’ reflection quality by AI agents remains limited and 
requires further in-depth exploration.

Against this backdrop, this study introduces a rule-based AI agent 
reflection assistant within the SSRL framework to help learners enhance 
their reflection quality. This study aims to examine the impact of the AI 
agent on SSRL reflection quality by comparing three reflection methods: 
reflection reports, short-answer reflection questions, and the AI agent- 
based reflection. In addition, different methods may lead to different 
reflection qualities among learners in high and low-performance teams 
[15]. Therefore, we further explored the differences in reflection quality 
between high and low-performance teams when using these three 
reflection methods. We proposed the following research questions: 

RQ1: How does the AI agent reflection assistant affect learners’ 
reflection quality in SSRL?
RQ2: What differences do high and low-performance teams show in 
reflection quality when using the three reflection methods?

This study conducted a three-semester comparative teaching exper
iment to evaluate the impact of AI agents and two traditional reflection 
methods (reflection reports and short-answer questions) on university 
students’ reflection quality. Using statistical analysis, content analysis, 
and epistemic network analysis (ENA), this study examines the effec
tiveness of AI agents in enhancing university students’ reflection quality 
in SSRL.

The main contributions of this study are summarized as follows: 

- We introduce a practical SSRL activity, providing educators with a 
valuable instructional framework for facilitating collaborative 
learning.

- We integrated an AI agent reflection assistant in SSRL and provided a 
comprehensive debugging process, offering instructors examples and 
considerations of AI agent implementation.

- We revealed the reflection quality differences between high and low- 
performance teams in various reflection approaches and demon
strated the advantages of the AI agent for low-performance teams.

The research is organized as follows: Section 2 reviews prior research 
on AI agents in education, SSRL theory, and reflection. Section 3 de
scribes the participants, research design, and methods for data collection 
and analysis. Section 4 compares reflection quality across the three 
methods and examines differences between high and low-performance 
teams using ENA. Section 5 discusses the results and implications. The 
paper concludes with a summary and potential directions for future 
research.

2. Literature review

To explore the impact of AI agents on learning processes, it is 
essential to examine their application in education, followed by a dis
cussion on SSRL and reflection.

2.1. AI agents in teaching

Generative Artificial Intelligence (GAI), defined as AI systems 
capable of autonomous learning and content generation, has been 

widely applied in education [16]. It can support collaborative learning 
through personalized instruction, real-time feedback, and intelligent 
assessment [17]. AI agents, a form of GAI equipped with autonomous 
learning and decision-making capacities, have emerged as key instruc
tional tools in global educational research.

Empirical studies have shown that AI agents significantly improve 
student engagement [18,19], learning motivation [20,21], and aca
demic performance [22]. AI agents exist in various forms, such as 
chatbots [23], intelligent tutoring systems (ITS; [24]), embodied 
conversational agents (ECA; [25,26]), and intelligent virtual assistants 
(IVA; [13,27]). Among these, GAI-based chatbots have been widely 
adopted in education due to their customizable roles and flexible 
deployment. The present study focuses on this type of conversational AI 
agent.

In higher education, AI agents have been shown to support higher- 
order thinking skills, such as critical thinking, metacognition, and 
problem-solving [23,28,29]. In these studies, GAI was embedded within 
structured reflection activities, allowing students to engage in guided 
reflective processes targeting specific cognitive skills. For example, 
Hong et al. [29] employed AI to handle lower-level tasks in essay 
writing, enabling students to focus on evaluation and reflection, thereby 
enhancing critical thinking. Chen et al. [28] implemented metacognitive 
strategy-supported AI agents that prompted process-oriented reflection 
and multi-perspective discussion, improving metacognitive skills. Zhou 
et al. [23] situated reflection within a self-regulated learning frame
work, showing that GAI-supported reflection indirectly benefits critical 
thinking and problem-solving.

Although these studies demonstrate that AI agents can enhance 
higher-order thinking, reflection itself has often been treated merely as a 
learning process rather than a measurable skill. Reflection is a core 
component of higher-order thinking and an essential learning compe
tency for 21st-century university students. Empirical evidence directly 
examining the impact of AI agents on learners’ reflective abilities, 
particularly in collaborative learning environments, remains scarce. 
Investigating this relationship is therefore necessary to understand how 
AI agents can effectively support the development of reflection.

2.2. Socially shared regulation of learning and reflection

Collaborative learning includes three primary types of regulation: 
self-regulation (SR), co-regulation (CoR), and socially shared regulation 
(SSR) [30,31]. Based on SSR theory, socially shared regulation of 
learning (SSRL) is an emerging collaborative learning strategy empha
sizing mutual support and feedback among team members. The strategy 
consists of four key stages: goal setting, task distribution, progress 
monitoring, and reflection evaluation [32–35]. Research indicates that 
the SSRL strategy has a positive impact on collaborative learning [36]. 
Learners may enhance their awareness of the collaborative process and 
facilitate the activation of regulatory processes through SSRL [4]. And 
SSRL helps to enhance learners’ cognitive and metacognitive abilities, 
boosting learning motivation and engagement [37,38]. Additionally, 
SSRL fosters communication among team members, improving collab
orative efficiency [39]. Thus, SSRL has been widely incorporated into 
collaborative learning and plays a significant role in enhancing various 
learner abilities.

Reflection quality is a key indicator for assessing the success of SSRL 
[39]. High-quality reflection is an indispensable component of SSRL, as 
it enables learners to examine and evaluate their learning processes and 
outcomes [40]. Unlike conventional collaborative learning, the reflec
tion content in SSRL emphasizes the process of mutual regulation and 
monitoring among group members. However, since reflection is the final 
stage of SSRL, educators often overlook its significance [41]. Teachers’ 
lack of emphasis on the reflection stage may lead to low-quality 
reflection among students [42]. Achieving high-quality SSRL reflection 
remains a persistent challenge for educators and students [43].

To enhance students’ reflective abilities, it is essential to focus on the 
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definition of reflection. Dewey [44] defined reflection as a continuous 
process of exploring and evaluating experiences, which helps in
dividuals gain a deeper understanding of their behaviors and outcomes. 
Zimmerman [45] further emphasized that self-reflection is a complex 
learning process involving various aspects of self-monitoring, such as 
self-assessment and feedback on contributions. In the theory of SSRL, 
reflection encompasses not only self-assessment but also shared moni
toring processes with others [39]. These theories provide support for 
exploring and promoting the reflective process.

In reflective activities, teachers can support students’ deep learning 
and reflective abilities through various intervention strategies, such as 
scaffolding, reflective prompts, and feedback [46]. Reflective scaf
folding involves providing structured guidance to help students more 
effectively review and analyze their learning experiences [47]. When 
designing reflection tasks for SSRL, teachers often utilize the SSRL 
reflection scaffolds developed by Panadero et al. [48]. Additionally, 
reflective prompts and guiding questions steer students toward specific 
directions for reflection, assisting them in identifying potential barriers 
and challenges in their learning [49]. Feedback provides learners with 
suggestions or information to improve task performance, helping them 
optimize both their reflection and learning processes [50]. From a 
cognitive perspective, feedback serves as guidance to enhance students’ 
task performance [51]. Timely feedback on students’ reflections not 
only improves the quality of subsequent reflections but also deepens 
their understanding of reflective concepts [52].

Reflection journals, reflection reports, and reflection short-answer 
questions have been explored to improve reflection quality [53,54]. 
However, the traditional methods may not adapt to the advancements of 
GAI. These require students to submit longer texts, which inevitably 
causes a risk of superficial reflections due to the use of GAI. Some 
scholars have also modified reflection methods from a technological 
perspective by using various reflection platforms, such as Google Docs 
[55], Flipgrid [56], the VEO app [57], and Wiki [58]. However, these 
platforms primarily offer static or limited interaction, which constrains 
students’ ability to adaptively engage in reflective processes. The 
low-quality reflection issues in SSRL urgently require new solutions.

Although GAI poses challenges to traditional reflection methods, it 
also offers new solutions. AI agents are increasingly regarded as effective 
tools for supporting reflection practices. Research indicates that the use 
of AI agents in reflection activities may enhance students’ learning 
motivation and engagement [59]. Teachers can use AI agents to design 
reflection scaffolding, assisting learners in conducting more in-depth 
and systematic reflections [60]. In addition, AI agents may enhance 
reflection quality through data analysis and intelligent feedback [61]. 
Therefore, AI agents demonstrate potential in addressing the issue of 
improving SSRL reflection quality.

Thus, this study designed a reflection assistant by AI agents to 
enhance university students’ reflection quality in SSRL. Statistical 
analysis, content analysis, and ENA were employed to collect and 
analyze textual data related to reflection quality. By comparing the AI 
agent reflection assistant with traditional SSRL strategy reflection scaf
folding, this study analyzed the differences in reflection content and 
reflection levels among university students across three methods. 
Additionally, previous research suggests that high and low-performance 
teams may experience different effects from various reflection methods 
[62]. Therefore, this study further explores the differences between high 
and low-performance teams when using three reflection methods. This 
study provides new theoretical evidence for using AI agents in SSRL 
reflection practices.

3. Methodology

This study employed a quasi-experiment to explore the differences 
among three reflection methods in SSRL. And examine whether AI 
agents improve the reflection quality of university students. Firstly, we 
provided information about the participants and the course. Then, we 

elaborated on the activities of SSRL and the design process of the AI 
agent. Lastly, we discussed the coding scheme for reflection quality and 
provided the methodology for data collection and analysis.

3.1. Participants

The participants were from the course “Internet Thinking and Digital 
Self-Learning” over three semesters: Spring 2023, Fall 2023, and Spring 
2024. A total of 97 undergraduate students, aged 18 to 22, took part in 
this study (Table 1).

At the beginning of each semester, students completed a pre-test 
using the CThQ [63], which assesses six cognitive dimensions: mem
ory, comprehension, application, analysis, evaluation, and creation 
(overall reliabilityα= 0.87). According to Dewey [64], critical thinking 
is a deepening and extension of reflective thinking, with high consis
tency in cognitive processing, reasoning, and evidence evaluation. The 
CThQ pre-test provides a valid proxy for students’ baseline reflection 
levels. One-way ANOVA indicated no significant differences in pre-test 
total scores among the three groups (Group 1: M = 105.07, SD =
6.13; Group 2: M = 103.72, SD = 4.19; Group 3: M = 105.22, SD =
4.24), F(2, 86) = 1.33, p = 0.27, suggesting comparable reflection 
abilities across groups prior to the intervention.

Participants were divided into 3 groups, each employing a different 
reflection method, and within each group, students were further divided 
into teams using random assignment to minimize potential biases arising 
from prior academic performance, familiarity, or interpersonal prefer
ence. Random assignment was chosen over self-selection or instructor- 
based grouping to ensure group equivalence and to enhance the inter
nal validity of the comparative analysis [65].

The first group (G1), consisting of 31 students from the Spring 2023 
semester, conducted reflection reports and were further divided into 7 
teams. The second group (G2), consisting of 30 students from the Fall 
2023 semester, conducted short-answer reflections and were divided 
into 7 teams. The third group (G3), consisting of 36 students from the 
Spring 2024 semester, conducted reflections through continuous ques
tioning by an AI agent and were divided into 9 teams. Additional in
formation about the participants is provided in Table 1.

3.2. Design of socially shared regulation of learning activities

During the 4-week activity, students collaborated in teams to pro
duce micro-lesson videos lasting 5 to 8 min. The activity was divided 
into 4 stages, each lasting one week (Table 2).

In the first week (goal setting), students were required to establish a 
common goal, select the video’s theme, and outline the content frame
work. Then, they submitted a project proposal detailing the topic, ob
jectives, task distribution, and timeline. In the second week (task 
distribution), the teams followed their project plan to allocate tasks and 
begin executing the project. The instructor provided guidance and 
suggestions throughout this process. In the third week (progress moni
toring), each team submitted a video sample that was between 1 and 2 
min long. The instructor conducted an initial evaluation based on the 
sample and suggested improvement. Students refined and adjusted their 
video production based on the feedback. In the fourth week (reflection 
evaluation), students submitted their completed micro-lesson videos 

Table 1 
Participant and group information.

Group Course Reflection 
method

Team Participant Female Male

G1 Spring 
2023

Report 7 31 17 14

G2 Fall 2023 Short-answer 
questions

7 30 19 11

G3 Spring 
2024

AI reflection 
assistant

9 36 20 16
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and individual reflection assignments (employing different reflection 
methods for each of the three semesters). Finally, a reflection-sharing 
session was held in class, where students exchanged learning experi
ences and insights.

3.3. Design of the three reflection methods

Prior to the reflection phase, all students completed a four-week 
SSRL activity in which the instructor introduced and practiced the 
four SSRL stages. Consequently, all reflections were anchored in the 
teams’ performance across these four stages. In G1, the reflection 
remained open-ended within this framework and only specified a min
imum length of at least 200 words (no SSRL question list was provided).

In G2, students conducted individual reflections through short- 
answer questions. The guiding questions were derived from the SSRL 
reflection scaffolding [48]. For example, questions included “What is the 
group’s current assignment?” and “What obstacles might the group 
encounter?”

G3 students used the AI agent reflection assistant for their re
flections. After the SSRL task, the instructor provided students with a 
quick response code (QR code) linking to the AI agent’s website. Stu
dents scanned the QR code with their phones to initiate a conversation 
with the AI agent. Each student completed the reflection task through 
the dialogue.

The development process of the AI agent is illustrated in Fig. 1. The 

AI agent reflection assistant, Crystal, was developed using the Coze 
platform (https://www.coze.cn/). The AI agent consists of 4 core com
ponents, with Part A being the AI agent’s name, Part B defining the role 
setting and response logic, Part C specifying the conversational experi
ence, such as the opening dialogue, and Part D serving as the preview 
interface. Developing the AI agent requires following these operational 
steps. 

Step 1: Create the AI agent and assign it to the name Crystal (as 
shown in Fig. 1, Part A). Define it as the reflection assistant for the 
course “Internet Thinking and Digital Self-Learning. Set its duty to 
guide students in completing tasks (as shown in Fig. 1 Part B) and 
design the opening statement (as shown in Fig. 1 Part C).
Step 2: Set up the reflection task (as shown in Fig. 1, Part B). Input all 
the questions from the SSRL reflection scaffolding developed by 
Panadero et al. [48] into the AI agents as the question base. This 
ensures a logical flow of questions from the AI agent to the students, 
preventing task misdirection. In addition, the AI agent was not 
restricted to this fixed list but generated follow-up questions, 
particularly “Why” questions, based on the students’ specific an
swers, which reflected its adaptiveness.
Step 3: Set up the response rule (as shown in Fig. 1, Part B). Establish 
the response rules for the AI agent:
a. Ask only one reflection question per interaction.
b. Provide encouraging feedback that adapts dynamically after each 
response (e.g., “You did a great job”, “Your reflection is very 
insightful”).
c. Avoid using academic terms.
d. Use only special interrogative questions (e.g., “What, ” “Why”), 
with follow-up questions adjusted according to students’ responses.
e. After answering all questions, conclude the conversation and ex
press gratitude.
Step 4: Testing and deployment (as shown in Fig. 1, Part D). Check 
the conversation flow and ensure the AI agent’s smooth and effective 
interactions. Select 5 students for a second round of testing to ensure 

Table 2 
The stages of SSRL.

Week SSRL stages Description

1 Goal setting Students discuss the goal, theme, and framework.
2 Task distribution Students allocate tasks and make the micro lesson 

videos.
3 Progress 

monitoring
Students monitor the task and submit a video sample.

4 Reflection 
evaluation

Students submit completed micro-lesson videos and 
individual reflection assignments.

Fig. 1. AI agent development interface on the Coze platform.
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the conversation flows smoothly. Once confirmed, the AI agent can 
be deployed and available to all students.

3.4. Experimental procedure

The experimental procedure is illustrated in Fig. 2. As described in 
the Participants section, all students completed the CThQ [63] as a 
pre-test before the course. They then attended a 16-week course 
covering basic concepts. All students were taught by the same instructor, 
with the course content, teaching methods, and learning resources 
remaining entirely consistent across the three semesters. Students 
participated in a 4-week group collaboration activity, “creating micro 
lesson videos”, conducted using the SSRL strategy. After the group ac
tivity finished, each student was assigned an individual reflection task. 
G1 and G2 used traditional reflection methods, with G1 completing 
reflection reports and G2 answering short-answer questions. G3 
employed a new reflection method, utilizing the AI agent reflection 
assistant.

3.5. Data collection and analysis

After the three semesters, the reflection texts of all students were 
collected and anonymized. G1 produced 31 reflection reports totaling 
8032 words. G2 submitted 30 reflection short-answer texts, totaling 
15,468 words. G3′s AI agent reflection assistant dialogues comprised 36 
submissions, totaling 16,801 words (excluding the AI agent’s questions).

Content analysis was used to process the reflection texts. Through 
systematic coding rules, this method reduced the influence of subjective 
judgment and personal bias, thereby providing more objective results. 
The coding scheme consists of two parts: reflection level and reflection 
content, as shown in Table 3. The reflection level coding scheme is based 
on Plack et al. [66], and it is used to assess the overall reflection level of 
learners, categorized into no reflection (NOR), low reflection (LOWR), 
and high reflection (HIGHR). The reflection content coding scheme is 
based on Wang et al. [67] and is used to explore the differences in the 
types of learners’ reflection content. The reflection content is catego
rized into 4 types: descriptive reflection (DESR), explanatory reflection 
(EXPR), connected reflection (CONR), and critical reflection (CRIR), 
with reflection quality progressively increasing across these categories.

The reflection texts in the reflection reports and short-answer re
flections were relatively longer, while those in the AI agent dialogues 
were shorter. To mitigate the differences caused by these length dis
crepancies, this study used a single complete sentence as the minimum 
coding unit. For example, the statement “As the group leader, I am quite 
decisive. I directly assigned tasks to everyone, and the group was sup
portive.” should be coded as two separate sentences.

To ensure reliability, a coding discussion group comprised two ex
perts and two professional coders. First, the two coders preliminarily 
coded the first 10 % of the reflection texts. In cases of disagreement, they 
consulted with the experts to reach a consensus. After training and 
repeated practice, the coders achieved a high level of consistency. The 
coders strictly adhered to the revised coding scheme during the formal 
coding process. After coding, inter-coder reliability was calculated, 
yielding a Cohen’s kappa coefficient of 0.87, indicating that the coding 
process had a high level of reliability. The coders consulted with experts 
for different coding results and ultimately reached an agreement.

After coding the reflection texts using the content analysis, ENA was 
employed to conduct a fine-grained analysis of the reflection data. 
Content analysis excels at systematically and objectively analyzing large 
volumes of textual content. ENA focuses on uncovering the complex 
relational networks between elements, such as reflection levels. The 
combination of the two methods allows for attention to both the char
acteristics of the text itself and the internal relationships between the 
content elements. Additionally, the ENA Webkit (http://www.epist 
emicnetwork.org/) provides a stable environment for data analysis.

To investigate the differences in reflection quality between the high 
and low-performance teams, we assessed the micro lesson videos 
completed by students in SSRL. The videos were assessed by two experts 

Fig. 2. Experimental procedure.

Table 3 
Learner reflection quality coding scheme.

Categories Coding Description

Reflection 
level

NOR Lacking a reflection mindset.
LOWR Having a reflective mindset involves reviewing 

experiences, describing facts and feelings, and 
reflecting on what has been learned. It also 
encompasses the ability to connect new knowledge 
with existing knowledge and to improve learning 
strategies.

HIGHR Critically analyzing the current situation, attempting to 
view problems from different perspectives, forming 
new viewpoints from available resources, and seeking 
to test hypotheses.

Reflection 
content

DESR A description of “what” the object of reflection is.
EXPR An explanation of the causes behind the object of 

reflection, addressing the “why” often indicated by 
keywords such as “in order to”, "due to", or "so as to".

CONR Understanding whether the object of reflection has 
changed across different times and contexts, coupled 
with an analysis of the reasons for these changes and 
their impact on behavior, represents a higher level of 
analysis concerning the “what” and “why”.

CRIR It identifies personal or team issues and analyzes them 
with theory and practice to solve problems, focusing on 
“how” to achieve self-reconstruction. This may include 
keywords like “needs improvement” or “next stage”.

Y. Zheng et al.                                                                                                                                                                                                                                   Computer Standards & Interfaces 97 (2026) 104094 

5 

http://www.epistemicnetwork.org/
http://www.epistemicnetwork.org/


in education, each with over 10 years of teaching experience. The 
evaluation criteria included the following categories, with topic selec
tion worth 10 points, instructional design 40 points, content complete
ness 20 points, audio-visual quality 20 points, and artistry 10 points. 
Each group received a score ranging from 0 to 100 points. The two ex
perts thoroughly discussed the evaluation criteria to ensure consistency 
in scoring and then individually assessed all instructional designs and 
materials. The scoring consistency between the two experts (Spearman 
correlation coefficient) was 0.86 (p < 0.01).

The average score from both experts was used as the final score for 
each group (Table 4). The grouping criteria for high and low performing 
teams proposed by Hou [68] have been widely adopted by scholars [69]. 
In this study, based on those criteria, the top 15 % of teams were clas
sified as the high-performance teams, including G1-team7, G2-team2, 
and G3-team1. The bottom 15 % of teams were classified as the 
low-performance teams, including G1-team5, G2-team6, and G3-team4. 
Using ENA, we further explored the differences between the high and 
low-performance teams of students.

3.6. IRB approval and AI agent data privacy

This study has received approval from the Institutional Review Board 
(IRB) of the university, ensuring that all ethical standards are met. All 
students participated voluntarily, fully aware of the study’s purpose and 
procedures, and signed informed consent forms prior to the 
commencement of the experiment. In addition, to protect participants’ 
privacy, all data collected during the study were anonymized.

All conversations on the Coze platform were fully anonymized, and 
students were reminded before using the platform not to enter any 
personal or sensitive information (such as name, student ID, gender, or 
school). Data was labeled only with class sequence numbers (e.g., Stu
dent 1, Student 2), and access was strictly limited to the research team. 
In addition, all students signed the Coze platform’s privacy protection 
agreement, and the platform further ensures data security through 
anonymization and encryption techniques.

4. Results

The results are organized to address the key research questions 
regarding the effectiveness of the AI agent and the differences in 
reflection quality across various reflection methods.

4.1. How does the AI agent reflection assistant affect learners’ reflection 
quality in SSRL?

A Kruskal-Wallis H test was conducted to assess the differences in 
SSRL reflection scores among the 3 groups of students using different 
reflection methods, as shown in Table 5. The test compares independent 
samples without assuming a normal data distribution. This makes it 
highly suitable for analyzing the multiple groups of non-normally 
distributed reflection data in this study.

For this analysis, an overall reflection quality score was calculated 
for each student by taking the meaning of all seven reflection codes 
(NOR, LOWR, HIGHR, DESR, EXPR, CONR, CRIR). This composite score 
was used for the Kruskal-Wallis H test, while the mean scores for indi
vidual codes presented in Table 5 are provided only for descriptive 
purposes.

The results showed a chi-square value of 6.557, and an asymptotic 

significance of 0.038. The mean ranks for the 3 groups were G1 = 9.14, 
G2 = 8.00, and G3 = 15.86. The results indicate a statistically significant 
difference in reflection scores between the groups (p = 0.038). Specif
ically, G3′s mean rank was significantly higher than G1 and G2, indi
cating that using the AI agent is associated with higher performance.

To further investigate the observed differences, we applied ENA for a 
fine-grained analysis of the students’ reflections across the 3 reflection 
methods. This analysis aims to uncover the epistemic structures and 
patterns, providing deeper insights into how different reflection 
methods influence the quality and complexity of students’ reflection 
processes. By analyzing epistemic networks, we may better understand 
the specific epistemic factors and relationships underlying the differ
ences observed in the statistical results.

Fig. 3 presents a comparative ENA network model of reflection 
content for the three groups using different reflection methods. In this 
model, nodes represent individual reflection codes, and edges indicate 
the co-occurrence of codes within each unit of analysis. Blue, red, and 
purple dots denote the centroids of students in G1, G2, and G3, 
respectively, while the four black dots represent the four categories of 
reflection content (DESR, EXPR, CRIR, CONR). ENA applies singular 
value decomposition (SVD) to reduce the network model to two di
mensions, which together account for 70.1 % of the variance (SVD1 =
51.5 %, SVD2 = 18.6 %). The x-axis in the ENA space (SVD1) defines the 
dimension of reflection content, with the right side (higher x-values) 
representing DESR codes and the left side (lower x-values) representing 
CONR codes. The y-axis (SVD2) in the ENA space defines the dimension 
of reflection content, where the CRIR and EXPR codes are positioned 
higher (with higher y-values). The DESR code is located lower in the 
ENA space (with lower y-values). This model allows comparison across 
students and groups, showing which types of reflection are more 
dominant and how reflection content patterns differ between groups.

The right side of Fig. 3 displays the mean networks of the 3 groups. 
Overall, the reflection content of all 3 groups predominantly features 
EXPR and DESR, with a strong association observed between these two 
points. The reflection content network of G1 is the sparsest, with only a 
few occurrences of CRIR, aside from the relatively frequent appearances 
of EXPR and DESR. The network of G2 is more concentrated, with dis
tribution across all 4 reflection types and a stronger CRIR-DESR 
connection (value of 0.10). The reflection content of G3 is the most 
densely connected, with all 4 types having a relatively high proportion 
of representation. The CRIR-CONR (0.23) and CONR-EXPR (0.13) con
nections are relatively strong. In contrast, the other pairs based on 
traditional SSRL reflection did not exhibit strong correlations.

Table 6 demonstrates how the AI agent, through guided dialogue, 
facilitated the transition of G3 students from connective reflection 
(CONR) to critical reflection (CRIR), thereby deepening the SSRL 

Table 4 
Scores of the SSRL performance for the 3 groups.

Group team1 team2 team3 team4 team5 team6 team7 team8 team9

G1 86.0 90.0 88.5 76.5 68.5 87.0 92.0 NA NA
G2 83.5 93.5 87.0 90.5 81.0 71.5 76.5 NA NA
G3 94.0 84.5 75.0 71.5 88.0 76.0 89.5 84.5 90.5

Table 5 
The result of the Kruskal-Wallis H test.

Codes Mean score χ² p

G1 G2 G3

Reflection quality NOR 0.018 0.005 0.088 6.557 0.038
LOWR 0.267 0.163 0.232 ​ ​
HIGHR 0.018 0.044 0.218 ​ ​
DESR 0.229 0.197 0.262 ​ ​
EXPR 0.100 0.103 0.264 ​ ​
CONR 0.038 0.028 0.221 ​ ​
CRIR 0.006 0.037 0.200 ​ ​
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reflection process. Under the guidance of the AI agent, student 9 and 
student 31 shifted from describing the current state of teamwork and 
time management, such as “We solved problems through communica
tion with team members” (CONR), to deeper reflections on self- 
improvement and future learning plans, exemplified by “I hope for 
more team projects to utilize everyone’s potential” (CRIR). Prompted by 
the AI agent’s questioning, student 10 and student 36 reflected on the 
shortcomings of the SSRL tasks, noting that “The resources were not 
comprehensive, and most content lacked innovation” (CONR), and 
further analyzed the root causes of these issues, along with potential 
improvement measures (CRIR). Inspired by the AI agent, student 18 first 
identified the issue of inadequate presentation in the task (CRIR) and 

then proposed a concrete plan for deeper learning of AI technology 
(CONR). The AI agent’s continuous questioning and feedback prompted 
students to progress from simple descriptive reflection to more critical 
and in-depth reflection throughout the reflection process.

Table 7 presents reflection examples from some G1 and G2 students, 
highlighting the impact of different reflection forms and guidance 

Fig. 3. Comparison of reflection content.

Table 6 
Transcribed example of the G3 reflection content.

Student Transcript

1 AI agent: What problems did you encounter, and how did you solve them? 
Student 9: We initially struggled, but by discussing with our team and 
leader, we solved the problems and saw how teamwork improved our 
process over time. (CONR) 
AI agent: What are your plans moving forward? 
Student 9: I hope for more team projects to use everyone’s strengths and 
improve how I contribute next time. (CRIR)

2 AI agent: What were the shortcomings of this micro-lecture task? 
Student 18: Our PPT didn’t cover everything, so next time I’ll make it 
more complete. (CRIR) 
AI agent: I see, that’s a very insightful analysis. What plans do you have for 
your future studies? 
Student 18: I plan to learn more about AI video production to improve my 
skills for future jobs. (CONR)

3 AI agent: Did you encounter any difficulties and challenges while 
completing the task? If so, what were they, and how did you solve them? 
Student 31: Our biggest challenge was managing time, but adjusting our 
schedule helped us complete the tasks. (CONR) 
AI agent: Great. How did you overcome these difficulties and challenges? 
Student 31: We held weekly meetings to discuss. (DESR)

4 AI agent: Please summarize the successful aspects of this task. 
Student 36: The tasks were well-organized, and because our team 
cooperated closely, we were able to complete the work more efficiently 
than at the beginning. (CONR)

Table 7 
Transcript example of the G1 and G2 reflection content.

Group Transcript

G1 G1-Student 4: Our group chose a radio show format for this Himalaya 
assignment. (DESR) I’ve always been a fan of radio shows, so I was very 
happy to have the opportunity to create one this time. (DESR) Of course, I 
also faced some challenges during the production process (DESR), such as 
the tone not fitting the storyline and the quality of the program needing to 
be better. (EXPR)

G1 G1-Student 30: Regarding this task, firstly, we didn’t do well in the 
presentation aspect. The presentation was only in the form of a document, 
which needed to ensure a smooth connection between the presentation and 
the work, making it difficult to access the content. (CONR) Secondly, the 
content presentation was poorly executed and lacked a logical structure. 
(EXPR) Finally, the speech was not coherent during the presentation, and 
the preparation was insufficient. (EXPR)

G2 G2-Student 6: 
Task: We approached the task mainly in two aspects. (DESR) The first part 
determined the theme and type of work, and the second part recorded the 
work. (DESR) 
Division of labor: Our division of labor and cooperation were very 
reasonable, and each member completed their assigned tasks. (EXPR) 
Self-evaluation: Very successful. (DESR) 
Outlook: We plan to work more collaboratively on each task and strive to do 
our best. (CRIR)

G2 G2-Student 27: 
Task: This task enhanced our understanding of content production and 
strengthened the collaboration among team members. (EXPR) 
Division of labor: Our team had a clear division of responsibilities, and 
everyone had their tasks (EXPR). I was responsible for the recording, which 
was quite challenging. (EXPR) 
Self-evaluation: Although our team may not have been the best among all 
the teams, we had unique messages to convey. (CONR) If there is a next 
time, we will strive to improve it. (CRIR) 
Outlook: We should promote our work more effectively. (CRIR)
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methods on students’ reflection quality. Two G1 students (student 4 and 
student 30) conducted their reflections in the form of reports. Due to the 
lack of specific guidance from the instructor, who only provided general 
requirements, their reflections remained superficial, primarily involving 
DESR and EXPR. For example, student 4 wrote, “I have always enjoyed 
radio shows, so I was very pleased to have the opportunity to create one 
this time. “Student 30 mentioned, "The tone did not match the storyline, 
and the sound quality of the program was poor. These reflections remain 
limited to mere descriptions of the phenomena, needing more in-depth 
analysis of the underlying causes and offering no insights for future 
improvement. This tendency may be related to the relatively broad 
scope of the reports. These examples demonstrate that structured 
guidance exerts a positive effect on the quality of reflection. In addition, 
they highlight the importance of timely feedback and question 
prompting. Providing students with immediate feedback based on their 
responses and guiding them toward more elaborated answers contrib
utes to fostering deeper levels of reflection.

In contrast, two students from Group G2 (student 6 and student 27), 
guided by the 4 aspects provided by the instructor and reflecting 
through short-answer questions, demonstrated a higher reflection 
quality. The instructor guided students to reflect on four dimensions, 
including task, division of labor, self-evaluation, and outlook. This 
approach, particularly in the latter two areas, effectively fostered CRIR 
and CONR. For example, student 6 mentioned, “We plan to collaborate 
more effectively in completing each future learning task, striving to 
achieve the best outcome” (CRIR). At the same time, student 27 stated, 
“Although our team may not be the best among all teams, we conveyed 
our unique message. If there is a next time, we will work harder to 
improve” (CONR and CRIR). This structured guidance enhanced the 
depth of reflection. However, since short-answer questions are a one- 
way form of reflection for students, the instructor may not intervene 
in their responses. As a result, there may be instances where students 
provide irrelevant answers or overly brief responses, which can affect 
the overall reflection quality. For instance, student 6 responded with 
“Very successful” in the self-evaluation section (DESR), which lacked 
depth in reflection. The AI agent could address this shortcoming by 
facilitating continuous interaction and feedback, encouraging students 
to engage in deeper reflection.

When comparing the effectiveness of the reflection methods in G1, 
G2, and G3, G1′s reflection reports were of lower quality, primarily 
focusing on DESR and EXPR. Due to the absence of specific guidance, the 
reflections needed more depth. The short-answer questions format in G2 
improved reflection quality to some extent. Students’ reflections became 
more focused with the instructor’s guidance, particularly improving 
CRIR and CONR. However, this approach is still constrained by the 
limitations of outcome-based assessment. The AI agent guidance in G3 
further enhanced reflection quality. Through real-time feedback and 
targeted questioning, students could engage in deeper levels of CRIR and 
CONR.

To scale these differences, the Mann-Whitney U test was employed to 
evaluate the distribution of the projection points of the 3 groups of 
students within the ENA space. The results indicated that at the α = 0.05 
significance level, G1 and G2 showed significant differences in both the 
first dimension (U = 147,537, p = 0.01, r = 0.09) and the second 
dimension (U = 147,204, p = 0.01, r = 0.08). This suggests that the 
structured guidance provided by short-answer questions enhances 
reflection quality. G1 and G3 also showed a significant difference in the 
first dimension (U = 99,595.5, p = 0.00, r = 0.34), highlighting the 
impact of integrating the AI agent in G3 to enhance reflection quality. 
However, no difference was observed in the second dimension (U =
147,049.5, p = 0.42, r = 0.03). Additionally, G2 and G3 exhibited dif
ferences in both the first dimension (U = 127,246.5, p = 0.00, r = 0.36) 
and the second dimension (U = 215,386.5, p = 0.01, r = − 0.08), further 
demonstrating the effectiveness of the AI agent in fostering deeper 
reflection. This effect surpasses that of the structured short-answer 
questions approach alone. Notably, due to the large sample size in this 

study, the U values are relatively high; however, they remain within the 
acceptable range for statistical analysis. Some of these differences 
showed relatively small effect sizes, which will be further addressed in 
the discussion section.

4.2. What differences do high and low-performance teams show in 
reflection quality when using the three reflection methods?

Fig. 4 illustrates the distribution of students from the 3 reflection 
methods (G1, G2, G3) along the two principal component axes (SVD1 
and SVD2). The points of different colors and shapes in the figure 
represent high and low-performance teams within each group, indi
cating their performance across various reflection categories, such as 
DESR, EXPR, CONR, and CRIR. The SVD1 axis accounts for 77.3 % of the 
total variance, while the SVD2 axis explains 16.8 %. The position of each 
point represents the students’ tendencies in reflection content, with 
points closer to a specific reflection category indicating that the group’s 
performance is more concentrated in that category.

In Fig. 4, the centroids of the low-performance teams in G1 and G2 
are positioned relatively close to each other, with the low-performance 
teams located higher near DESR. Conversely, the high-performance 
teams are situated lower, closer to CRIR. This indicates a certain de
gree of similarity in the reflection content between the low-performance 
teams in G1 and G2. G3 is distributed on the right side of the figure, with 
a greater distance between the high and low-performance teams, indi
cating a more pronounced difference in reflection content than the other 
teams. Unlike G1 and G2, the G3 high-performance teams are positioned 
at the top, closer to CONR, while the low-performance teams are located 
at the bottom, near CRIR and EXPR. This suggests that the high- 
performance teams in G3 tend to engage more in connective reflec
tion, whereas the low-performance teams focus more on critical and 
explanatory reflection.

The study employed the Mann-Whitney U test to elucidate further 
the scaling characteristics of the differences in reflection content be
tween the high and low-performance teams across the 3 cohorts 
(Table 8). According to the results of the Mann-Whitney U test, there are 
differences in the reflection content performance between the high and 

Fig. 4. The centroid distribution of high and low group students across the 
three reflection methods.
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low-performance teams across different reflection approaches. In G1, 
the high and low-performance teams did not exhibit significant differ
ences in either dimension (MR1: U = 4932.00, p = 0.41, r = 0.05; MR2: 
U = 5463.00, p = 0.44, r = 0.05). In G2, the high and low-performance 
teams showed a significant difference in the MR1 dimension (U =
3303.00, p = 0.03, r = 0.19) but no difference in the MR2 dimension (U 
= 3051.00, p = 0.26, r = 0.10). For G3 (students using AI agent-driven 
continuous questioning), the high and low-performance teams showed a 
significant difference in the MR1 dimension (U = 1136.50, p < 0.001, r 
= 0.45). In contrast, the difference in the MR2 dimension was insignif
icant (U = 2187.50, p = 0.54, r = 0.06).

In G3, the differences between the high and low-performance teams 
were the most pronounced, particularly on the MR1 dimension. Further 
analysis of the ENA diagram revealed that low-performance teams 
exhibited stronger connections in EXPR-CRIR (0.46) and EXPR-CONR 
(0.61). This suggests that the AI agent-driven reflection method may 
help low-performance teams focus more on specific reflection content.

5. Discussion

This section analyzes the findings based on the research questions. It 
covers the positive impact of AI agents on students’ SSRL reflection, 
differences in reflection quality between high and low-performance 
teams, and key considerations for using AI agents effectively in SSRL.

5.1. The positive role of AI agents in students’ SSRL reflection

In SSRL, the AI agent reflection assistant enhanced the quality of 
students’ reflections. This outcome aligns with previous research [70,
71]. For instance, Maedche et al. [70] demonstrated the positive role of 
AI agents in fostering deeper reflection among students. Sigman et al. 
[71] also found that AI assistants emulate and augment human cogni
tion, thereby promoting reflection. These studies provide more evidence 
of the positive impact AI agents have on facilitating reflective practices 
in education.

This study further clarifies how AI agents enhance the quality of 
student reflection in the SSRL process through ENA. In these activities, 
student reflections guided by AI agents exhibited higher levels of critical 
thinking and coherence. In contrast, the other two traditional reflective 
texts displayed lower levels of reflection, focusing primarily on 
descriptive and exploratory reflection. As Rusandi et al. [72] 

highlighted, AI may assist learners in constructing their learning pro
cesses, thereby enhancing critical thinking. In higher education, Xia and 
Li [73] also suggested that AI assistants have a positive impact on stu
dents’ imagination, creativity, critical thinking, and autonomous 
learning. Zang et al. [69] experimentally confirmed the role of AI agents 
in enhancing students’ critical thinking in English learning. However, 
the systematic review by Mohamud et al. [74] indicated that the 
introduction of AI in higher education may diminish students’ critical 
thinking. This conclusion contradicts the findings of this study. The 
differences may be due to a lack of proper instructional design by 
teachers when using AI [74]. Cronje [75] argued that AI may serve as a 
teaching assistant to facilitate learning, but it should be integrated with 
instructional design and necessary prompts. In this study, the SSRL 
reflection checklist was operationalized as structured prompts to cali
brate the AI agent, enabling it to scaffold students’ reflections across the 
four phases of SSRL. By embedding SSRL principles into its dialogic 
design, the agent acted as both a facilitator of reflection and a medium 
for delivering theoretical scaffolds. This underscores the importance for 
educators and researchers to apply instructional theory and design 
thoughtfully when integrating AI into the classroom.

In addition to SSRL theoretical guidance, the AI agent leveraged its 
technological capabilities, including continuous questioning and real- 
time feedback, to actively scaffold deeper student reflections. Wolf
bauer et al. [76] noted that continuous dialogue with intelligent assis
tants enhances students’ levels of reflection. In the G3 group, the AI 
agents not only guided students to explore the root causes of issues but 
also helped them develop specific improvement plans. This guiding 
process is similar to the “Socratic method” in educational psychology. 
Through a series of targeted questions, students are encouraged to 
engage in deep thinking and gain a more profound understanding of the 
knowledge [77]. In addition, the timely feedback function of AI agents 
plays a crucial role in enhancing the quality of students’ SSRL re
flections. Self-determination theory suggests that providing positive 
emotional support through feedback helps students gain a sense of 
belonging, thereby enhancing their motivation to learn and willingness 
to reflect [78]. Uygur et al. [79] suggested that timely feedback 
enhanced students’ reflection and learning. However, traditional SSRL 
reflection reports and short-answer questions are one-way reflective 
activities, lacking immediate feedback and guidance. The AI agent 
reflection assistant compensates for the shortcomings of teachers in 
providing timely feedback, enhancing the effectiveness of collaborative 

Table 8 
The reflection content distribution of high and low-performance teams across the three methods.

Y. Zheng et al.                                                                                                                                                                                                                                   Computer Standards & Interfaces 97 (2026) 104094 

9 



learning.
This study indicates that the level of reflection guidance directly 

affects learners’ reflection quality, which is consistent with previous 
research [80–82]. G1, with minimal guidance, showed the lowest 
quality, while G2, guided by the SSRL reflection checklist, exhibited 
higher-quality reflections, demonstrating the importance of SSRL scaf
folds. G3 combined SSRL scaffolding with real-time feedback and 
encouragement for deeper reflection. Comparisons suggest that while 
structured short-answer questions had a limited impact, the AI agent 
provided a practically meaningful enhancement of students’ reflective 
practices. However, these findings are based primarily on qualitative 
data, and further quantitative research is needed to validate them.

In summary, AI agents play a substantial role in promoting student 
reflection. Although the comparison between structured short-answer 
questions and traditional reflective reports showed statistically signifi
cant but very small effects, this suggests that short-answer questions 
alone had a limited impact on enhancing students’ reflection quality. In 
contrast, the AI agent had a substantially greater impact on students’ 
reflective practices. It is essential for educators and instructional de
signers to integrate AI agents into classrooms and develop more 
instructional design case studies. Moreover, teachers should prioritize 
the importance of instructional theories and provide essential design 
guidance when applying AI agents.

5.2. Differences between high and low-performance teams under various 
SSRL reflection methods

The results indicate a significant difference in the high and low- 
performance teams that utilized reflective short-answer questions and 
the AI agent reflection assistant. In short-answer questions, high- 
performance teams performed better. This aligns with the conclusions 
of Knight et al. [83], who found that high-performance students out
performed low-performance students in reflective questions. The 
disparity in reflection between high and low-performance learners is 
primarily attributed to their metacognitive levels and learning strategies 
[84–86]. For instance, Safari and Fitriati [85] found that 
high-performance learners were able to use all strategies equally, but 
low-performance learners more frequently relied on metacognitive and 
social strategies. These differences may impact learners’ outcomes, 
including their learning effectiveness and reflection [84].

In contrast, the reflection quality of low-performance teams using the 
AI agent reflective assistant was better than that of the high- 
performance teams. This is a novel finding of the study, suggesting 
that the AI reflective assistant played a positive role in guiding low- 
performance learners through the reflection process. This finding 
aligns with previous evidence showing that AI technologies tend to 
provide greater benefits for lower performers [87–90]. Prior studies 
have suggested that such differential effects often occur because an AI 
chatbot can use adaptive strategies and personalized feedback to address 
the strategic gaps of low performers [88]. AI tutoring can also offer both 
cognitive and emotional support [89]. Xu et al. [90] further found that 
low-performing learners become more engaged when they receive im
mediate feedback and external help. This engagement encourages them 
to apply higher-order thinking strategies more actively.

These mechanisms may also explain the current results in our SSRL 
reflection task. The AI reflection assistant provided structured guidance 
in real time and reduced the cognitive load of producing reflections. This 
allowed low-performing learners to focus more on critical and creative 
thinking. In contrast, high-performing learners may already have 
established reflection routines. Extra guidance could interfere with these 
processes, leading to smaller gains in reflection quality [87].

This study, therefore, not only confirms that differential effects exist 
in reflection tasks but also highlights the potential of AI support to 
promote higher-order thinking in low-performing learners. In educa
tional practice, this suggests that AI reflection assistants could be stra
tegically deployed to close performance gaps. Future research could 

examine how to fine-tune AI guidance so that it benefits high performers 
without disrupting their existing strategies.

Additionally, there was no significant difference in performance 
between high and low-performance student teams in reflective reports, 
with both showing low quality reflections. This may be due to learners 
lacking clear guidance in the reflection process. Maedche et al. [70] 
found that in reflective environments lacking external feedback or 
structured guidance, the quality of students’ reflections is constrained. 
This suggests that instructors should provide the necessary scaffolding 
when designing reflective tasks. The SSRL scaffolding demonstrated 
significant value in this study and is well-suited for broader application 
in collaborative settings.

5.3. Considerations for the effective use of AI agents in SSRL

Although experiments have demonstrated that AI agents enhance 
SSRL reflection quality, there are several limitations in their usage. To 
better promote the outcomes of this study, we offer considerations for 
teachers and instructional designers regarding the use of AI agents.

Firstly, the quality and reliability of feedback provided by AI agents 
still present limitations. This finding aligns with the studies of Maloney 
et al. [91] and Fedus et al. [92], which suggest that the accuracy and 
effectiveness of AI agents depend on algorithm design and data quality. 
In this study, the AI agent exhibited two primary issues: repeated 
questioning and unexpected interruptions during conversations. To 
address the issue of repeated questioning, adjustments to the prompt 
design can be implemented. For example, the prompts specify that each 
question should be asked only once and repeated only if the student 
responds off-topic or does not answer. For unexpected interruptions, 
teachers need to guide students in testing their network environment 
and re-engaging with the task. These observations show that AI agents 
need improvement in handling complex contexts and dynamic learning 
needs.

In addition, data privacy and ethical concerns pose another chal
lenge in the application of AI agents. AI agents require extensive data 
collection, including students’ reflection content, behavioral patterns, 
and learning habits [93]. To mitigate this issue, this study incorporated 
an opening message in the AI agent’s script. The message advised stu
dents: “Please do not disclose personal sensitive information, such as 
your name or school, during the interaction.” Furthermore, before 
implementing the AI agent, teachers need to raise students’ awareness of 
data security and privacy protection [94].

The risks associated with over-reliance on AI technology should also 
be carefully evaluated. Although AI agents can provide personalized 
support, they cannot fully replace the role of human teachers, particu
larly in offering emotional support and fostering social interaction [95]. 
In this study, AI agents were utilized exclusively in the post-class 
reflection phase. The remaining instructional time relied on 
face-to-face interactions between teachers and students. As GAI tech
nology becomes increasingly accessible, preventing students from 
developing dependency behaviors may become more challenging. 
Future research could explore strategies to prevent learners from 
becoming overly reliant on GAI technologies.

While AI agents have demonstrated advantages in enhancing stu
dents’ SSRL reflection quality, their widespread applicability is con
strained by feedback quality, data privacy, and ethical considerations. 
Future research should emphasize these limitations, refining the appli
cation framework of AI to ensure its effectiveness and sustainability in 
the educational domain.

6. Conclusion, limitations, and future research

This study explores methods to enhance student reflection quality by 
designing an AI agent that supports reflection through continuous 
questioning and real-time feedback. Using content analysis and ENA, 
this study conducted a three-semester experiment comparing reflection 
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reports, short-answer questions, and an AI agent reflection assistant. The 
results indicate that AI agents improve reflection quality, particularly for 
low-performance teams. The study offers practical guidance for inte
grating AI into SSRL-based instruction.

Although this study contributes to understanding students’ reflection 
behaviors in SSRL, several limitations remain. The first limitation arises 
from the study participants. Conducted within a higher education 
setting, this research primarily examines the effectiveness of using AI 
agents to facilitate reflection among university students. Only 97 stu
dents from the “Internet Thinking and Digital Self-Learning” course 
participated, so the findings may not be generalizable to other courses or 
age groups. Further research is needed to explore the potential impact 
and adaptability of AI agents in secondary and primary education set
tings [96]. Secondly, the AI agent still has limitations in the quality and 
reliability of feedback, which may affect the depth and quality of stu
dents’ reflections. Addressing this issue relies on rapidly updating and 
optimizing large AI model algorithms to provide higher-quality and 
more targeted feedback. The third limitation is that the three reflection 
methods used in this experiment all fall under outcome-based reflection, 
overlooking the dynamic process of students’ reflections at different 
stages of collaborative learning. Additionally, the proposed mechanisms 
underlying the AI agent’s impact on reflection quality, particularly for 
low-performance teams, remain hypothetical and require further 
empirical validation through quantitative studies. Lastly, this study did 
not differentiate the specific contributions of individual design elements 
in the AI agent’s interaction strategy (e.g., sequential questioning, 
encouraging feedback, simplified language). More research could adopt 
ablation analysis to examine how these elements independently influ
ence students’ reflective practices.

Based on the limitations identified in this study, future research 
could expand the study to more diverse educational contexts, including 
secondary and primary education, to examine the generalizability and 
adaptability of AI agents. Incorporating multi-modal data, such as stu
dents’ facial expressions, gestures, and dialogue, may offer a more 
comprehensive understanding of reflective behaviors in SSRL. Im
provements in AI models are needed to enhance the quality and reli
ability of feedback, supporting deeper and higher-quality student 
reflections. In addition, investigating the individual contributions of 
specific design elements in AI agents’ interaction strategies, for example, 
through ablation-style comparisons, could clarify which features most 
effectively promote high-order reflection, particularly among low- 
performance teams. We therefore urge more researchers to focus on 
this area of study, exploring the impact of GAI on educational outcomes 
to better understand and harness its potential for improving educational 
practices.
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Appendix A. The Critical Thinking Questionnaire (CThQ)

Instructions: For each statement below, please indicate how much 
you agree using a 5-point Likert scale (1 = Strongly disagree, 2 =
Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly agree). 

1. After reading a text, I check important information, even if it 
seems to be true.

2. I like combining information from different texts.
3. I am willing to share newly acquired information.
4. In-depth analyses of reality is a waste of time.
5. After reading a text, I can recall important points.
6. The same content can be expressed in many different ways.
7. I can understand texts from various fields.
8. I form my impressions based on various pieces of information that 

I combine.
9. Everything already exists, so nothing completely new can be 

created.
10. When I talk, I give many examples.
11. In discussions, I care about justifying my stance while under

standing the other party.
12. I like finding connections between seemingly different 

phenomena.
13. I can see the structure of a text, and I could reorganize it.
14. When discussing, I try to use practical examples to justify my 

stance.
15. If necessary, I can recall information I have read before.
16. I do not remember much of what I learned at school.
17. When I am interested in some information, I try to verify whether 

it is true.
18. I can extract the most relevant parts of a text.
19. To evaluate information, I check multiple sources.
20. I like discussing new interpretations of texts I already know.
21. I like to collate different opinions and compare them.
22. I have difficulties with paraphrasing.
23. I try to apply the information I have learned in everyday life.
24. When I read, I look for relationships between its information and 

other texts I have read.
25. I pay attention to the contexts, nuances, and overtones of 

statements.

Data availability

The datasets generated and analyzed during the current study are 
available from the corresponding author on reasonable request.

References

[1] S. Ahmad, M. Rahmat, M. Mubarik, M. Alam, S. Hyder, Artificial intelligence and 
its role in education, Sustainability 13 (22) (2021) 12902.

[2] X. Gong, Z. Li, A. Qiao, Impact of generative AI dialogic feedback on different 
stages of programming problem solving, Educ. Inf. Technol. 30 (7) (2025) 
9689–9709.

[3] O. Tapalova, N. Zhiyenbayeva, D. Gura, Artificial Intelligence in Education: aIEd 
for personalised learning pathways, Electron. J. e-Learn. 20 (5) (2022) 639–653.
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