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Introduction: The application and influence of artificial intelligence (AI), and

specifically Large Language Models (LLMs), in educational processes is widely

discussed. However, there remains a gap in research on using LLMs as peer-like

contributors in collaborative learning contexts.

Methods: This article reports a mixed-methods quasi-experimental study

investigating how positioning ChatGPT as a peer-like feedback provider

shapes student-teachers’ learning and collaboration during group lesson-

design activities. The study employed a counterbalanced crossover structure for

knowledge assessment and a sequential two-task design for authentic artifact

production. A total of 102 teachers in training (M_age = 38.87, SD = 8.01),

organized into 21 groups, completed two authentic design tasks within a single

session.

Results: Across the session, students progressively adapted to AI interaction,

refining how they queried the model and how they evaluated and integrated its

suggestions. Results indicate a Post-Withdrawal Sustained Performance (PWSP)

effect: improvements observed during AI-available phases were not followed

by a detectable decline in the immediately subsequent AI-withdrawn phase

within the study timeframe. This pattern was clearest for technology-related

knowledge and was consistent with stable artifact quality after AI removal. While

ChatGPT support increased efficiency and contributed to technology-focused

insights, qualitative evidence also pointed to tensions, including reduced peer-

to-peer idea-building in some groups and concerns about creativity.

Discussion: Overall, the findings suggest that integrating LLMs as a feedback

team-mate can support collaborative design work without immediate post-

withdrawal performance costs, particularly when learners are scaffolded to

engage critically with AI output rather than accept it unreflectively. These

results carry implications for the design of AI-enhanced collaborative activities,

highlighting the need to balance AI efficiency gains with sustained opportunities

for authentic peer dialogue.
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1 Introduction 

OECD defines an AI system as a “machine-based system 
that, for explicit or implicit objectives, infers, from the input it 
receives, how to generate outputs such as predictions, content, 
recommendations, or decisions that can influence physical or 
virtual environments. Dierent AI systems vary in their levels of 
autonomy and adaptiveness after deployment” (OECD, 2024, p. 4). 

The field of Artificial Intelligence in Education (AIED) has 
made significant strides over the past 25 years, advancing both 
theoretical understanding and practical applications (VanLehn, 
2006; Koedinger and Corbett, 2006; Heernan and Heernan, 
2014; Roll and Wylie, 2016). Instead of just automating the 
instruction of students sitting in front of computers, AI could help 
open up teaching and learning opportunities that would otherwise 
be diÿcult to achieve: it questions conventional pedagogies and 
may assist instructors in becoming more successful. 

Other AIED technologies are designed to monitor student 
progress and provide personalized feedback, enabling educators 
to assess whether a student has achieved mastery of a given 
topic (Corbett and Anderson, 1994; Meyer et al., 2024; VanLehn, 
2011). Similarly, AIED tools developed to facilitate collaborative 
learning can collect comparable data (Chandler et al., 2025), while 
advanced intelligent essay assessment systems can analyze and 
infer a student’s level of understanding (Pack et al., 2024). These 
technologies have the potential to capture a wide range of data 
throughout a student’s formal education journey (Mohammadi 
et al., 2025). This aligns with the long-standing recognition in 
the learning sciences of the importance of constructive assessment 
activities in fostering deeper learning (Black and Wiliam, 1998; 
Nicol and Macfarlane-Dick, 2006). 

Moreover, such systems could extend beyond formal education 
settings to track participation in non-formal learning experiences, 
such as acquiring skills in music, crafts, or other hands-on 
disciplines, as well as informal learning opportunities, including 
language acquisition or cultural immersion (Volta and Di Stefano, 
2024; Zhou et al., 2025). By integrating insights from these diverse 
learning contexts, AIED technologies can oer a more holistic 
understanding of a student’s knowledge, skills, and growth (Holmes 
et al., 2023). 

In the light of this evidence, the current research is based 
on a shared vision of AI in Education as a powerful medium 
to co-create knowledge and experiences in class, both in relation 
with teachers and students. The relationship between AI, students 
and university teachers is seen through the lens of Computer 
Assisted Collaborative Learning approach (CACL) which, within 
educational contexts, involves the use of computers to facilitate 
and enhance collaborative learning processes. The main aim of 
introducing technology—in our case for AI enhanced learning 
experiences—is to help students learn eectively together by 
enabling them to exchange ideas, access information, and exchange 
feedback during problem-solving or authentic activities (Stahl et al., 
2006; Thorsteinsson and Page, 2012). 

Within this framework, our aim is to use Artificial Intelligence 
as an active agent in the teaching, learning, and assessment 
processes, grounded in a constructivist perspective that emphasizes 
the co-construction of knowledge. Rather than merely functioning 
as a technological tool, AI operates as an adaptive and interactive 
facilitator that supports learners in building understanding and 

developing competences in collaboration with the peers and the 
teacher. In this sense, the integration of AI acquires particular 
significance for its potential to scaold students’ learning within 
their Zone of Proximal Development (Agostini and Picasso, 2024; 
Vygotsky, 1966; Yousif, 2025), thereby reinforcing the idea of AI as 
a mediating presence that dynamically supports learners’ cognitive 
growth and self-regulated learning. 

Despite the rapid diusion of LLMs in higher education, the 
empirical picture is still uneven. Much of the available evidence 
focuses on individual adoption, attitudes, and self-reported 
practices, rather than on learning-sensitive designs that observe 
what changes in students’ work and learning processes (Acosta-
Enriquez et al., 2024; Arum et al., 2025; Bektik et al., 2025). At 
the same time, empirical work on LLMs in collaborative settings is 
emerging, but it remains fragmented across contexts (e.g., ideation 
and programming), often relies on between-group comparisons or 
context-specific implementations, and rarely triangulates outcomes 
with artifact quality and process evidence (Kovari, 2025; La Scala 
et al., 2025; Shaer et al., 2024; Wang et al., 2025; Yan et al., 2025). 
This makes it diÿcult to conclude not only whether AI “works,” but 
also how it changes collaboration and learning, and to what extent 
eects are confounded by practice, task familiarity, or task sequence 
(Bektik et al., 2025; Kovari, 2025). This study addresses these gaps 
by examining LLM-as-peer collaboration in authentic small-group 
lesson-design tasks through a counterbalanced crossover design 
and by triangulating knowledge gains, artifact quality, and process 
evidence. 

2 Theoretical framework: AI in 
education 

The potential of AI in educational settings, as well as the 
necessity for AI literacy, places educators at the forefront of these 
new and exciting breakthroughs that were previously relegated to 
obscure computer science laboratories. At the same time, teachers 
and administrators are required to have clear perspectives on 
the potential of AI in education and, eventually, to incorporate 
this ground-breaking technology into their practice (Holmes and 
Tuomi, 2022). 

To focus on the characteristics of Artificial Intelligence in 
Education (AIED) concept, Holmes et al. (2019) created a 
taxonomy for AIED systems, which is helpful to categorize tools 
and applications into three dierent but intersecting categories:(1) 
student-focused, (2) teacher-focused, and (3) institution-focused 
AIED. 

Student-focused tools enable learning support through 
individualized guidance and feedback systems, which include 
intelligent tutors, dialogue-based tutors, AI-assisted applications 
and simulations, automated essay writing, chatbots, formative 
assessment tools, learning-network orchestrators, exploratory 
environments and lifelong learning assistants. Teacher-focused 
systems, on the other hand, improve educational processes 
through plagiarism detection, smart material selection, classroom 
observation, automated summative assessment, and AI-based 
teaching support and classroom management tools. Finally, 
the institution-focused systems concentrate on governance and 
operational management through their implementation of student 
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selection systems, course scheduling, school security, student risk 
and dropout identification and online proctoring tools. 

Looking at the current study through the lenses of this 
classification, the focus is on Student-focused AIED. We may 
categorize it as Automatic Formative Assessment with the interface 
of a Chatbot, that we see as a category about the means of 
interactions more than about the scope of the AI employed. 

2.1 AI in the loop 

The concept of “human-in-the-loop” is a well-established 
framework that spans the intersection of computer science, 
cognitive science, and psychology (Wu et al., 2022). It represents 
a semi-supervised learning paradigm in which human input 
and machine learning systems work together to achieve optimal 
outcomes. This method leverages the precision and scalability of 
machine learning while incorporating the nuanced understanding, 
creativity, and adaptability of human intelligence. By integrating 
human oversight and intervention, the human-in-the-loop 
approach aims to enhance the accuracy of machine learning 
models while simultaneously supporting and enriching human 
learning experiences (Maadi et al., 2021, Monarch, 2021). 

Notwithstanding this well-established framework, there is a 
new, growing, one that is thought to better address the ideal 
situation in most of the contexts of AI-Human collaboration: 
the AI-in-the-loop approach, that moves from an automation 
paradigm, where the human have a general oversight and some 
space of intervention on the AI-lead process, to a paradigm of 
collaboration and structured interaction between AI and human(s) 
(Natarajan et al., 2025; Sharma et al., 2023). This approach moves 
its steps from documents like the European Commission (2019b) 
and European Commission (2019a) that focused on the idea of the 
Human-Centric AI and the Human-in-Command (HIC) concepts, 
and gained traction in events like 2022 Stanford HAI’s conference 
titled “AI in the Loop: Humans Must Remain in Charge” where the 
general topic of discussion was to rethink AI systems where humans 
remain at the center of the decision-making (Lynch, 2022). 

Unlike the traditional “Human-in-the-loop” model, where 
humans merely oversee an automated system, the “AI-in-the-
loop” framework posits the human as the primary driver of the 
workflow. In this configuration, AI is not a replacement but a 
specialized tool integrated into the human process (Shneiderman, 
2020). It is utilized selectively for specific computational tasks— 
such as processing data or interactions at a scale unmanageble by 
humans (Ebel et al., 2021)—while the human retains full ownership 
of the context, the direction, and the final decision-making. This 
approach ensures that AI complements human expertise rather 
than replacing it (Amershi et al., 2019). 

In educational contexts, this framework can be particularly 
powerful, creating a synergistic relationship that enhances both 
teaching and learning. For example, LLMs, teachers, and students 
might interact within the same educational process: AI can handle 
repetitive or data-intensive tasks, such as grading or progress 
tracking, while teachers focus on fostering critical thinking, 
creativity, and emotional engagement. Students, in turn, benefit 
from personalized learning pathways and immediate feedback, 
all while being guided by the expertise and mentorship of their 
teachers. This triadic interaction between AI, educators, and 

learners creates a dynamic and adaptive educational ecosystem that 
maximizes the strengths of each participant (Luckin and Holmes, 
2016). 

One has to consider not only the development of AI models but 
also the design of the interactions and behaviors that compose the 
human experience around the AI models (van Allen, 2018). 

This leads to the definition of two new terms related to the 
relationship between humans and AI models that go beyond 
cooperation in learning, called “Usable AI” and “Useful AI” (Xu, 
2019), which are fundamental to ensure that an AI models’ 
implementations are successful. Usable AI focuses on designing 
AI systems that are intuitive, accessible, and easy to interact with 
for the people who use them. Useful AI, on the other hand, takes 
a broader perspective. It goes beyond usability to ensure that AI 
systems are meaningful and beneficial to society as a whole. This 
approach considers the human conditions and contexts in which 
AI operates, striving to address real-world challenges and improve 
quality of life (Mosqueira-Rey et al., 2023; Xu, 2019). 

Importantly, when an LLM is introduced into a collaborative 
task, it is not merely an additional resource: it becomes a new 
interaction partner that can reshape participation, co-regulation, 
and the division of labor within the group (Kovari, 2025). 
Recent studies of LLM-supported teamwork illustrate both the 
potential to enrich collaborative activity (e.g., expanding idea 
spaces in group ideation) and the risk of shifting work from co-
construction to selection-and-editing when AI output becomes 
the “fastest voice in the room” (La Scala et al., 2025; Shaer 
et al., 2024). Related classroom-oriented quasi-experimental work 
also shows how LLM-based or agent-based support can change 
outcomes and perceived workload in collaborative programming 
contexts, reinforcing the need to conceptualize AI as a contributor 
to group cognition rather than a passive tool (Wang et al., 
2025; Yan et al., 2025). This is where the AI-in-the-loop stance 
matters: the pedagogical design must ensure that humans remain 
epistemically responsible (contributing, interpreting, judging, and 
deciding), while AI remains a contingent contributor whose 
output is treated as fallible input for collective sense-making 
(Bektik et al., 2025). Framing ChatGPT as a “peer-like feedback 
provider” therefore operationalizes AI-in-the-loop in a way 
that is directly testable: it specifies an intended role (team 
member), an intended process (discussion and validation), and 
a clear point of tension (eÿciency vs. collaborative meaning-
making). 

2.2 Large language models 

Lately, Large Language Models (LLMs) have grown 
increasingly common in society and educational contexts. 
These AI-powered models can generate, analyze, and summarize 
text, as well as communicate dialogically with humans (Kasneci 
et al., 2023). Most of them are based on the General Pretrained 
Transformer (GPT) architecture, a model that looks at every word 
in context at once (self-attention) to figure out how they relate, 
then writes by guessing the next word statistically, given the input, 
using the probabilities it learned during training (Vaswani et al., 
2017). Recently, other techniques add up to the GPT and, for 
example, enable multi-step inference at generation time through 
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internal computation (called test-time compute), giving the new 
models “reasoning” capabilities (Chen et al., 2024). 

OpenAI’s ChatGPT, which is built on several GPT models, 
is one of the most well-known instances of LLMs. Anthropic’s 
Claude, Google’s Gemini and X-AI’s Grok are also prominent 
LLMs, delivered by the biggest technology players in the World 
scene. While these models are powerful, there are concerns about 
data privacy and results consistency (Chen et al., 2023). However, 
there are other options available. There are open-weight foundation 
models (such as Meta’s LLAMA, DeepSeek’s V3 and R1, OpenAI’s 
GPT-OSS, AliBaba’s Qwen and many others) that share weights, 
tokenizer and inference/fine-tune code, but not the pretraining 
data, with licenses that range from permissive (MIT/Apache-2.0) 
to custom restricted. These models can be used, customized, fine-
tuned, or even trained specifically for one’s use case, allowing 
for greater flexibility and control (Martin et al., 2023). Such 
open-weights are very capable thanks to the advancement on the 
algorithmic and computational optimizations, and can run on 
powerful personal computers and servers of several institutions, 
that may, in this way, retain total control on the data, the 
behavior of the model several other aspects of the interactions. 
For example, OpenAI reports that GPT-OSS-20B (a model fittable 
on a laptop) matches or outperforms o3-mini (a 7-months-older 
reasoning model selectable in ChatGPT) on the same benchmarks, 
achieving even better results in competitive mathematics and 
medical reasoning despite its smaller size (OpenAI, 2025). 

Generally speaking, LLMs can analyze massive amounts of 
text (in the order of the hundreds of thousands words for the 
average LLM) aggregate it, and then oer feedback based on 
previously established standards, rules and preferences (Tamkin 
et al., 2021). From an educational standpoint, the outcomes of 
that analysis can be applied to provide feedback to the student as 
well as to assist the instructor in evaluating the text. LLMs can 
support teachers and instructors in some time-related sustainability 
diÿculties, enabling them, with the appropriate pedagogical and 
technical framework, to scale meaningful and authentic assessment 
and feedback approaches, where in the past generic feedback and 
structured tests (such as multiple choice) were the only sustainable 
ways. 

Kasneci et al. (2023), for example, see opportunities for higher 
education students, where large language models assist in research 
and writing tasks, and in developing critical thinking and problem-
solving skills. For teachers they envision LLMs used to create 
personalized learning experiences. These models, in general, are 
capable of analyzing students’ writing and responses, oering 
individualized feedback, and suggesting instructional materials that 
match their particular learning requirements. This type of support 
has the potential to economize teachers’ time and eort in crafting 
personalized materials and feedback, allowing them to focus on 
other aspects of teaching, such as creating engaging and interactive 
lessons (Kasneci et al., 2023). 

2.3 AI and feedback: promises and 
challenges 

According to Lipnevich et al. (2016) and Lipnevich and Smith 
(2018), instructional feedback is any information related to a 
performance that students can use to improve their performance 

or learning. The most eective feedback bridges the gap between 
where a student currently is, the state of the goal they are aiming 
for and the steps they need to take to get from the current state 
to the desired state (Hattie and Timperley, 2007). Shute (2008) 
also argues that feedback should help reduce uncertainty between 
performance and goal, as well as being supportive, timely, non-
evaluative and specific. Feedback might come from any source; 
for a long time literature has focused on teachers’ feedback, which 
remains a valuable resource, but the recent studies on feedback have 
broadened this vision with a deeper focus on other sources such as 
peers, or the task itself. 

Hattie and Timperley (2007) suggested that feedback, to 
support the student learning process, should explicitly clarify 
expected learning outcomes to students, in order for the feedback 
process to be eective and truly “for learning,” promote awareness, 
providing information on where the learner is on the path taken, 
what progress he/she has made and what is lacking to achieve 
the set goals and indicate strategies for bridging the gap. In other 
words, feedback must be provided through strategies that can 
support the learner in achieving the expected learning outcomes, 
providing useful information to bridge the gap in knowledge and 
competences detected (Hattie and Timperley, 2007; Wisniewski 
et al., 2020). 

Feedback can dier regarding three main elements. The 
medium through which feedback is proposed changes according to 
the context and the task; it can be in the form of written comments, 
or through the aid of software and learning platforms, or feedback 
can be proposed orally (Hattie and Timperley, 2007). The feedback 
can be dierentiated regarding the recipient: it can in fact be 
individual, thus provided directly to the author of the task/product, 
or group-based, thus given to the entire class, or to a group, with 
respect to the critical aspects detected by the instructor or by peers 
(Nicol and Macfarlane-Dick, 2006). Another fundamental aspect 
is the source of the feedback, which may be external or internal. 
External therefore provided by the teacher or by the student’s 
peers; while internal is understood as feedback self-generated by 
the subject him/herself through processes of reflection and self-
assessment (Carless and Boud, 2018; Nicol and Macfarlane-Dick, 
2006). 

Nicol (2021) theorizes the idea of “inner feedback” as 
an internal generative process through which knowledge and 
understanding of the discipline are constructed through evaluative 
action and the formulation of judgment. Literature has shown that 
any feedback, if processed by students, becomes self-feedback (To 
et al., 2023; Panadero et al., 2019; Tomazin et al., 2023). Students 
produce self-feedback by evaluating their ongoing work against 
various reference points, such as teacher feedback, peer feedback, 
technology-generated feedback, rubrics, exemplars, or instructional 
materials. This allows them to assess how well they are meeting task 
goals and their performance level, decide whether to seek academic 
support, and refine their goals, strategies, and eorts for future tasks 
(Nicol, 2021). 

By generating feedback on their own, students enhance their 
awareness of their strengths and areas needing improvement while 
also cultivating crucial metacognitive skills that foster lifelong 
learning and academic achievement (Lipnevich and Smith, 2022; 
Nicol and Kushwah, 2024). 

Lee and Moore (2024) in their systematic review present 
findings which demonstrate that AI delivers varied feedback 
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across dierent contexts, serving a range of instructional purposes. 
By automating routine grading and feedback tasks, AI systems 
alleviate instructor workload, enabling educators to concentrate on 
more complex teaching responsibilities with enhanced eÿciency 
(i.e., identifying gaps, reducing cognitive load, and correcting 
information). From this study it seems that integrating AI-powered 
feedback systems enhances educational outcomes while creating 
a more eective and inclusive experience for both students and 
instructors. 

An interesting perspective is that one proposed in some studies, 
where the AI is integrated in students’ work as a tutor/agent that 
can act as an intermediary among students, teaching assistants, 
and lecturer (Hobert and Berens, 2023). Moreover, recent studies 
show (Zheng et al., 2024) the eÿcacy of AI-driven feedback 
and feedforward approach to enhance collaborative knowledge 
construction, coregulated behaviors, and group performance. 
When it comes to students’ performance, research findings are 
still contradictory, as it is a very new research field. Escalante 
et al. (2023) reported findings from a writing task for university-
level English as a New Language (ENL) learners over a 6-week 
period, where the experimental group received writing feedback 
from ChatGPT, while the control group received feedback from 
a human tutor. In this study there was no significant dierence 
in learning outcomes between the two groups and the authors 
claim for a blended approach that maximizes the strengths of both 
feedback types. 

3 The current study 

This quasi-experimental study contributes to research on 
pedagogical approaches and technologies that strengthen students’ 
self-feedback generation and support authentic learning. Departing 
from models that position AI as a tutor or authority, we 
implemented ChatGPT as a collaborative group member within 
a constructivist task. In this role, the AI oered information 
and preliminary feedback for students to analyze and interpret 
together, encouraging critical engagement with AI-generated 
content and promoting collective sense-making. Framing AI as 
a peer was intended to enhance students’ ability to evaluate 
diverse inputs, generate meaningful self-feedback, and build critical 
thinking skills—competencies essential in emerging human–AI 
collaborative contexts. 

This study advances current research on GenAI in collaborative 
learning in three ways that directly respond to limitations 
highlighted in recent syntheses and to the methodological 
fragmentation of the field (Bektik et al., 2025; Kovari, 2025). 
First, we examine LLM use in an authentic, discipline-relevant 
design setting (collaborative lesson design by pre-service teachers), 
where the key outcomes include both individual knowledge 
development and the quality of group-produced artifacts. Second, 
we adopt a counterbalanced crossover structure (AI in Task 
1 vs. AI in Task 2), which helps disentangle AI eects from 
task order, practice, and familiarity—issues that can otherwise 
complicate interpretation when studies rely on a single sequence 
or simple between-group comparisons (Wang et al., 2025; Yan 
et al., 2025). Third, we triangulate outcomes with mixed-methods 
evidence, combining repeated knowledge tests, expert rubric 

ratings of artifacts, and qualitative reflection/process data, thereby 
connecting “whether it works” claims to plausible mechanisms 
of change that remain under-specified in much of the emerging 
collaborative GenAI literature (La Scala et al., 2025; Shaer et al., 
2024). 

The study’s primary aim is to examine whether, and how, 
ChatGPT influences the design and implementation of learning 
activities for a specific student group. By analyzing its use 
in collaborative tasks, we explore how ChatGPT may enrich 
learning processes, support decision-making, and contribute to 
more eective educational experiences. 

RQ1. What is the impact of using ChatGPT as a peer-like 
feedback provider on the acquisition of knowledge and skills during 
collaborative activities, particularly in the execution of specific 
tasks? 

RQ2. How do the outcomes dier between groups that use 
ChatGPT at dierent stages? 

4 Materials and methods 

4.1 Participants 

102 post-grad students, perspective special education teachers 
(82 women, 15 men, and 5 with another gender identity) enrolled 
in a course of instructional design with technology for inclusion, 
within a 1-year program of specialization and habilitation for 
special education teachers. The age groups distribution was: 5 
students from 23 to 26 y.o. (4.9%), 66 from 27 to 42 y.o. (64.7%), 
and 31 from 43 to 58 y.o. (30.4%). The estimated mean age was 
38.87 years (SD = 8.01). 

They were divided into groups of 4–6 students based on spatial 
proximity, resulting in 21 groups, 8 of which were composed 
exclusively of women. 

4.2 Study design and procedures 

The study employed a quasi-experimental, counter-balanced 
crossover design, as illustrated in the study flow chart (Figure 1). 
The 102 participants, organized into 21 clustered groups, engaged 
in two sequential, authentic tasks over the course of the experiment. 

A key procedural instruction for all groups, regardless of their 
condition, was to treat ChatGPT 3.5 as a collaborative “team 
member” and to keep brief notes for their own use about how 
they used it (e.g., the kinds of questions asked and how outputs 
informed discussion), to support the post-task written reflection. 
The experimental manipulation involved controlling which task 
was AI-assisted. The 21 groups were randomly assigned to one of 
two conditions for the first task: 

• Experimental Group 1 (GT1): Used ChatGPT for Task 1 and 
worked without it for Task 2 (hence the name GT1: Group that 
used ChatGPT at Task 1). 

• Experimental Group 2 (GT2): Worked without ChatGPT for 
Task 1 and used it for Task 2. 

• The experimental procedure unfolded across four main phases 
that took place contiguously in a single session of 240 min: 
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FIGURE 1 

Study design flow chart. 

1. Pre-Experiment (T0 – 0–15 min): Before any group 
work began, all participants completed an individual 
knowledge pre-test. 

2. Task 1 Phase (T1 – 15–120 min): Groups worked 
collaboratively on Task 1 (Selection and justification of ICT 
tools). Upon completion, and each group submitted written 
feedback reflecting on their process, and all participants, 
in the last 15 min, took the individual knowledge test 
the second time. 

3. Task 2 Phase (T2 – 120–225 min): Following the crossover 
of conditions, groups proceeded to Task 2 (Design of an 
educational intervention). Afterwards, a second round of 
group written feedback was collected, and, in the last 15 min, 
participants completed the final individual knowledge test. 

4. Plenary Phase (T3 – 225–240 min): The study concluded with 
a plenary session where students shared reflections on the 
entire process with the whole class, moderated by the teacher. 

The specific instruments used for the knowledge tests, 
task evaluation, and feedback collection are detailed in the 
following section. 

4.3 Measures and tasks 

To address our research questions, we collected data using three 
primary instruments: an individual multiple-choice knowledge 
test to measure learning gains, group-produced artifacts to assess 
performance, and written feedback to understand the collaborative 

process. The multiple-choice test assesses conceptual knowledge; 
skill-related outcomes are operationalized via artifacts (products of 
Task 1 and Task 2) quality/rubric and qualitative evidence. 

A custom-designed multiple-choice knowledge test was 
administered to all participants at three time points (T0, 
T1, and T2) to assess conceptual knowledge aligned with 
the course learning objectives. The instrument included a 
short demographic section followed by 13 multiple-choice 
items: seven focused on educational technology (D1–D7) 
and six on teaching methodology and instructional design 
(D8–D13). Item cognitive demand was characterized using 
Anderson and Krathwohl’s revised Bloom taxonomy (Anderson 
and Krathwohl, 2001). Consistent with the test’s purpose as a 
brief content-sampling knowledge check, items predominantly 
target the lower cognitive processes of Remembering and 
Understanding (e.g., recognizing key principles, or matching 
an instructional goal to an appropriate technological or 
methodological choice), rather than scenario-based application 
or higher-order reasoning. A full item-by-item mapping to the 
taxonomy and content domains is provided in Supplementary 
Data Sheet 1. 

Each item presented five response options plus an “I don’t 
know” option to discourage random guessing; for scoring, 
responses were coded dichotomously as correct versus non-correct. 
Internal consistency (KR-20/Cronbach’s alpha on dichotomous 
scoring) was modest across time points (T0 α = 0.387, T1 α = 0.320, 
T2 α = 0.278) and did not improve when splitting items by 
content domain (technology: α = 0.347/0.230/0.097; methodology: 
α = 0.090/0.142/0.131). Given the instrument’s intentionally 
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heterogeneous content coverage and its use as a knowledge check 
rather than a unidimensional scale, these coeÿcients are reported 
just as a description; nonetheless, we complement them with 
item-level statistics (e.g., diÿculty/discrimination) reported in 
Supplementary Data Sheet 1. As a robustness check, we repeated the 
Wilcoxon analyses excluding the only item showing negative item– 
total correlations at multiple waves (D11); the substantive pattern 
of results was unchanged (see Supplementary Data Sheet 1). 

The core of the experiment involved two authentic tasks 
performed in groups: 

• Task 1 where participants were asked to define the pedagogical 
objectives of a proposed teaching intervention and to select 
suitable inclusive technologies to achieve those aims, oering a 
written rationale for their selections (see Table 1). Instructions 
for Task 1 were as follows (translated from Italian): “Identify 
a learning objective (conducive to a competence) to be 
developed. Select a digital technology to support that objective, 
and justify (a) why this technology is appropriate for the 
objective, and (b) why and how its use is inclusive.” 

• Task 2 where participants were asked to use those selected 
technologies to design a detailed, ready to use, educational 
intervention (see Table 1). Instructions for Task 2 where 
as follows (translated from Italian): “Develop the full 
design of the inclusive lesson/intervention: target group, 
learning objectives, school level, class, title, contents, activities, 
tools/technologies, and any other relevant elements. Provide a 
well-structured lesson plan.” 

• Groups using ChatGPT in either Task had the additional 
instruction: “During both tasks, treat and address ChatGPT 
as if it were a group member. Use it in a peer-like way: 
keep it in the loop of the conversation, ask its view and 
suggestions when needed, challenge or ask for clarification of 
its proposals, interact with the answers as you would do with a 
colleague.” 

The final written artifacts (i.e., the justifications and the lesson 
designs) produced by each group served as the primary measure of 
task performance. 

To capture insights into the collaborative experience, each 
group was required to submit written, semi-structured feedback 
after completing both Task 1 and Task 2 with the following 
instructions (translated from the Italian): “Describe how you 
worked as a group. If you used ChatGPT, describe how you used 
it and your impressions of the group dynamics with ChatGPT as 
a peer. If you did not use ChatGPT, describe how you worked 
among yourselves. Please address: (i) how we organized the work; 
(ii) strengths; (iii) weaknesses.” 

The open-ended prompts were designed to elicit reflections 
on their group’s internal dynamics, decision-making processes, the 
perceived role and influence of ChatGPT (in the experimental 
condition), and their overall design experience. This qualitative 
data was essential for understanding the students’ workflow 
and their evolving perceptions of AI-human collaboration. 
We prioritized groups’ immediate post-task feedback/reflections 
because our primary interest was the collaborative meaning-
making process (e.g. how prompts and AI outputs were negotiated, 
interpreted, and integrated into the team’s work) and how these 
dynamics related to individual knowledge development and group-
produced artifact quality; these links would have been only partially 
observable from interaction transcripts alone. 

The quality of the group-produced artifacts from Task 1 
and Task 2 was assessed by two independent expert evaluators 
using the rubric detailed in Table 1. The instrument used two 
distinct criteria for each task to align with its specific objectives, 
plus a transversal one. For Task 1, criteria included “Depth of 
Reflection,” “Argumentation,” and “Originality.” For Task 2, criteria 
were “Completeness,” “Relevance of Methodological Choices,” and 
“Originality.” Each criterion was rated on a three-level scale, 
yielding a maximum score of 9 points per evaluator for each task. 

TABLE 1 Evaluation rubrics of Task 1 and Task 2 artifacts. 

Dimension Level 1 Level 2 Level 3 

Task 1: reflection and argumentation 

Depth of reflection (C1) The group develops disconnected 

reflection points 
The group develops deep reflection with 

disconnected themes 
The group develops deep reflection with 

the ability to connect themes 

Argumentation (C2) The group partially argues the themes 
emerging from brainstorming with basic 

vocabulary 

The group argues the themes emerging from 

brainstorming with adequate vocabulary 

The group thoroughly argues the themes 
emerging from brainstorming with rich 

and detailed vocabulary 

Originality (C3) The group proposes the introduction of 
limited approaches/tools, without an 

innovation perspective 

The group proposes the introduction of some 

approaches/tools with a partially innovative 

perspective 

The group proposes the introduction of 
multiple tools and approaches through 

innovative thinking 

Task 2: design and implementation 

Completeness (C1) The group develops a design with limited 

activities described summarily 

The group develops a design with adequate 

activities well described and articulated 

The group develops a rich design in terms 
of proposed activities, which are described 

comprehensively 

Methodological choices 
relevance (C2) 

The group selects methodologies and tools 
that are barely relevant to the objectives 

The group selects methodologies and tools 
partially aligned with the objectives 

The group selects methodologies and tools 
fully aligned with the objectives 

Originality (C3) The group proposes the introduction of 
limited approaches/tools, without an 

innovation perspective 

The group proposes the introduction of some 

approaches/tools with a partially innovative 

perspective 

The group proposes the introduction of 
multiple tools and approaches through 

innovative thinking 

Originality (C3) intentionally uses identical descriptors across Task 1 and Task 2 because we treat it as a transversal learning-design quality (i.e., the extent to which groups propose and 
integrate approaches and tools in an innovative way). See Boxes 1,2 for task-specific anchors. 
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The scores from both evaluators were summed, resulting in a final 
task score out of a possible 18 points. 

While the two tasks produced dierent artifacts (tool 
selection/justification vs. full lesson design), originality was 
conceptualized as a transversal construct capturing the breadth and 
novelty of approaches/tools introduced in the group product. Task-
specific instantiations of originality are illustrated in the rubric 
anchors (Boxes 1,2), which show how the same construct was 
interpreted for tool selection/justification (Task 1) versus lesson-
plan integration (Task 2). 

To improve interpretability of the rubrics, we include de-
identified anchoring excerpts illustrating typical Level 1 versus 
Level 3 performance for Task 1 and Task 2 (see Boxes 1,2). 

4.4 Data analysis 

To answer our research questions, we employed the following 
approach. Quantitative data from the knowledge tests and task 
evaluation rubrics were analyzed using JASP statistical software. 
Qualitative data from the group feedback sessions were analyzed 
using thematic content analysis in Atlas.ti. The analysis was 
structured to directly address our two research questions. 

4.4.1 RQ1: the impact of ChatGPT on knowledge 
and skills acquisition 

Research Question 1 sought to understand the impact of using 
ChatGPT as a peer-like feedback provider on the acquisition of 
knowledge and skills. This was assessed using both quantitative and 
qualitative data. 

• Quantitative Analysis of Knowledge Acquisition: To measure 
changes in students’ content knowledge, we analyzed scores 
from the 13-item multiple-choice knowledge test administered 
at three time points (T0, T1, T2). Each score was computed 
as the number of correct responses (0–13), with non-correct 
responses (including “I don’t know” ones) scored as 0. 
Because the test was designed as a brief content-sampling 
check across heterogeneous course topics rather than a 
unidimensional scale, internal consistency coeÿcients are 
reported descriptively and item-level diÿculty/discrimination 
statistics are provided in Supplementary Data Sheet 1. For each 
counterbalanced sequence (GT1 and GT2), we tested within-
group changes using Wilcoxon signed-rank tests between the 
adjacent phases relevant to that sequence (e.g., T0 vs. T1 for 
GT1; T1 vs. T2 for GT2). This non-parametric approach was 
chosen due to deviations from normality, and scores that are 
bounded and discrete. Eect sizes were quantified using the 
rank-biserial correlation (rrb). These analyses estimate whether 
performance on the knowledge check changes after the phase 
in which students had access to AI and whether performance 
is maintained in the subsequent phase. In addition to the 
within-sequence Wilcoxon tests, we performed a model-based 
crossover validity check using interval change scores (T1– 
T0 and T2–T1). We conducted a 2 × 2 mixed-design 
ANOVA on interval change scores, with Treatment (AI vs. 
no-AI interval; within-subject) and Sequence (GT1 vs. GT2; 

between-subject), focusing on the Treatment × Sequence 
interaction as the explicit test of order/carryover dependence. 

• Qualitative Analysis of Skill and Process Impact: To explore 
the perceived impact on skills, collaborative processes, and 
student experience, we conducted a thematic content analysis 
of the written group feedback. Using a bottom-up, inductive 
coding approach in Atlas. ti, we identified key themes 
related to students’ reflections on AI use, its eect on group 
work dynamics, and the development of specific skills like 
prompting and critical evaluation. This analysis provided rich, 
contextual insights into how and why ChatGPT influenced 
the learning process. Second, the oral feedback from the 
final plenary session (T3) was transcribed and reviewed. 
While not formally coded in the same manner, key quotes 
and overarching themes from this session were used as a 
standpoint to triangulate and interpret the findings from the 
written feedback and quantitative results in our Discussion 
section. In the qualitative results section, direct quotations 
from student groups are cited using a (Code:Quote) format, 
where the first number corresponds to the code from Table 8 
and the second is a unique identifier for the quotation. 

4.4.2 RQ2: differences in outcomes between 
groups 

Research Question 2 aimed to determine how outcomes 
diered between groups that used ChatGPT during the initial 
task (GT1) versus the design task (GT2). This was evaluated 
by comparing the quality of their final products and their 
described processes. Our analyses are design-aligned and 
deliberately conservative: bounded rubric scores and a modest 
number of independent groups argue for simple contrasts with 
minimal assumptions. 

• Quantitative Analysis of Task Outcomes: The quality of 
groups’ work on Tasks 1 and 2 was assessed with the 
evaluation rubrics (Table 1) by two independent expert 
raters. For each group and task, we computed a total 
product score by summing the three rubric dimensions and 
summing the two raters’ scores. Given the small sample 
size and the limited/ordinal nature of the scoring scale, 
our primary inferential approach was non-parametric. We 
analyzed (i) the within-group change from Task 1 to Task 
2 using Wilcoxon signed-rank tests (overall and within each 
sequence). Eect sizes are reported as paired-samples Cohen’s 
d. For transparency, we also report a 2 × 2 mixed ANOVA 
(Task as within-group factor; sequence as between-group 
factor) as a robustness check, while retaining the non-
parametric analyses as the primary basis for inference. 

• Qualitative Analysis of Workflow and Process Dierences: 
We further analyzed the coded qualitative data by comparing 
themes that emerged from groups in the GT1 condition 
versus the GT2 condition. This involved examining how the 
timing of AI integration influenced reported workflows, the 
nature of collaboration, the challenges faced, and the perceived 
trade-os between eÿciency and creativity. This comparative 
analysis allowed us to understand the dierent experiential 

Frontiers in Education 08 frontiersin.org 

https://doi.org/10.3389/feduc.2026.1751618
https://www.frontiersin.org/journals/education
https://www.frontiersin.org/
https://Atlas.ti


feduc-11-1751618 March 24, 2026 Time: 10:41 # 9

Agostini et al. 10.3389/feduc.2026.1751618 

outcomes of using ChatGPT at dierent stages of the design 
process. 

5 Results 

Data from 82 students who completed all three tests were 
included in the final analysis. Of these, 38 were in the GT1 
condition and 44 were in the GT2 condition. 

5.1 Quantitative analysis 

5.1.1 GT1 knowledge test results 

Results of the students using ChatGPT during the first group 
task (GT1) (Figure 2 and Table 2) suggest that they had a significant 
increment in the knowledge test performance after this task 
(p = 0.015, rrb = -0.429) and in particular in the technological part 
(p = 0.001, rrb = -0.692). 

As shown in Figure 2 and Table 3, the results of the knowledge 
test administered after Task 1 and the one after Task 2, where Group 
GT1 was not permitted to use ChatGPT, remained essentially stable. 
This suggests that the absence of ChatGPT in Task 2 did not 
significantly impact the knowledge retention or performance of 
GT1, indicating consistency in their learning outcomes across the 
two tasks. 

5.1.2 GT2 knowledge test results 

The results for students who used ChatGPT during the second 
group task (GT2) (Figure 2 and Table 4) indicate that their 
performance on the knowledge test remained essentially stable 
between the pre-test (T0) and the post-test after the first group task 
(T1). This is to be expected since they did not use ChatGPT during 
the first task. 

On the other hand, after the second group task, when they 
had to use ChatGPT as a group member, the results (Figure 2 and 
Table 5) suggest that learners had a significant increment in the 

FIGURE 2 

Graphic highlighting through Rank-biserial Correlation over time 
the boost given from the AI to the individual knowledge test for GT1 
and GT2, and the PWSP effect for GT1. 

knowledge test’s overall score (p = 0.023, rrb = –0.371) and in the 
technological part (p = 0.022, rrb = –0.442). 

5.1.3 Robustness check: sequence × treatment 
interaction (knowledge test) 

To explicitly test whether the AI-related change depended on 
exposure order, we conducted a 2 × 2 mixed-design ANOVA on 
interval change scores (T1–T0 and T2–T1), with Treatment 
(AI interval vs. no-AI interval) as a within-subject factor and 
Sequence (GT1 vs. GT2) as a between-subject factor (Table 6). 
The Treatment × Sequence interaction was not significant for the 
overall knowledge score or for either sub-score (all ps ≥ 0.387). The 
Treatment main eect was significant for the technological sub-
score, whereas it was not significant for the overall score or the 
methodological sub-score (Table 6). 

5.1.4 Work groups product analysis 

To compare the quality of educational designs across groups, 
each artifact was scored independently by two expert raters 
using the three-dimension rubrics (Table 1). For each group 
and task, we computed a total product score by summing the 
three dimension of each rubric and summing the two raters’ 
scores [J_total = (J1_C1+J1_C2+J1_C3) + (J2_C1+J2_C2+J2_C3); 
theoretical range 6–18]. Interrater reliability was estimated using 
a two-way random-eects intraclass correlation coeÿcient with 
absolute agreement [ICC(2,1)]. Rubric anchors and representative 
artifact excerpts are illustrated in Boxes 1,Box 2. Reliability 
for the summed rubric score was excellent for both Task 1 
[ICC(2,1) = 0.934; ICC(2,2) = 0.966] and Task 2 [ICC(2,1) = 0.944; 
ICC(2,2) = 0.971], supporting the use of the sum of the two 
assessors’ scores in subsequent analyses. 

Given the small sample and the limited/ordinal nature of the 
scoring scale the primary inferential analyses were non-parametric. 
We first examined overall change from Task 1 to Task 2 using a 
Wilcoxon signed-rank test on paired group scores, which indicated 
a reliable increase in Task 2 relative to Task 1 (Table 7B). Planned 
within-sequence Wilcoxon tests showed that the early-AI (GPT 
in Task 1) sequence did not exhibit evidence of a decrease when 
ChatGPT was removed in Task 2 (two-sided p = 0.236; one-tailed 
test for decrease p = 0.882; d = 0.43), whereas the late-AI (GPT 
in Task 2) sequence showed a positive Task1→Task2 change that 
was supported under a directional hypothesis (two-sided p = 0.056; 
one-tailed test for increase p = 0.028; d = 0.64) (Figure 3 and 
Table 7). 

For transparency and as a robustness check, we additionally 
report a 2 × 2 mixed ANOVA with Task (Task 1 vs. Task 2) 
as a within-group factor and sequence (early-AI vs. late-AI) as a 
between-group factor. The ANOVA showed a main eect of Task, 
F(1, 19) = 6.33, p = 0.021, but neither a main eect of sequence, 
F(1, 19) = 0.27, p = 0.612, nor a Task × sequence interaction, F(1, 
19) = 0.08, p = 0.776 (Table 7C). Interpretation of these eects is 
presented in the Discussion. 

Finally, the final product quality in Task 2 did not dier between 
sequences [early-AI: M = 14.75, SD = 2.92; late-AI: M = 14.38, 
SD = 4.43; Welch’s t(18.84) = 0.23, p = 0.82, d = 0.09], indicating 
comparable end performance regardless of whether ChatGPT had 
been used in Task 1 or Task 2 (Table 8). 
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TABLE 2 Paired samples Wilcoxon signed-rank test for knowledge scores in Group 1 (GT1) before and after Task 1. 

Measure W Z p Rank-biserial 
correlation (rrb) 

95% CI for rrb 

T0 vs. T1 

Total knowledge score 170.00 –2.18 0.015 –0.43 (–0.80, –0.06) 

Technology knowledge subscore 54.00 –3.09 0.001 –0.69 (–1.12, –0.26) 

Methodology knowledge subscore 110.00 –0.85 0.200 –0.20 (–0.65,0.25) 

This analysis is for Group 1 (GT1; n = 38), which used ChatGPT for Task 1. T0, Pre-test scores; T1, Post-Task 1 scores. Technology and Methodology scores are subscales of the total knowledge 
test. The test is one-tailed, hypothesizing that scores at T1 are higher than at T0. The column “df” from the original was removed as it is not typically reported for Wilcoxon tests; n is provided 
instead. p values are rounded to three decimal places. 

TABLE 3 Paired samples Wilcoxon signed-rank test for knowledge scores in Group 1 (GT1) before and after task 2. 

Measure W z p Rank-biserial 
correlation (rrb) 

95% CI for rrb 

T1 vs. T2 

Total knowledge score 226.00 –0.134 0.451 –0.028 (–0.43,0.38) 

Technology knowledge subscore 142.50 0.137 0.561 0.033 (–0.43,0.49) 

Methodology knowledge subscore 86.00 –0.709 0.244 –0.181 (–0.67,0.31) 

This analysis is for Group 1 (GT1; n = 38), which used ChatGPT for Task 1. T1, Post-Task 1 scores; T2, Post-Task 2 scores. Technology and Methodology scores are subscales of the total 
knowledge test. The test is one-tailed, hypothesizing that scores at T2 are higher than at T1. 

TABLE 4 Paired samples Wilcoxon signed-rank test for knowledge scores in group 2 (GT2) before and after Task 1. 

Measure W z p Rank-biserial 
correlation (rrb) 

95% CI for rrb 

T0 vs. T1 

Total knowledge score 373.50 –0.230 0.412 –0.042 (–0.40, 0.31) 

Technology knowledge subscore 244.50 0.247 0.602 0.052 (–0.035, 0.46) 

Methodology knowledge subscore 176.00 –0.897 0.186 –0.191 (–0.60, 0.22) 

This analysis is for Group 2 (GT2; n = 45), which used ChatGPT for Task 2. T0, Pre-test scores; T1, Post-Task 1 scores. Technology and Methodology scores are subscales of the total knowledge 
test. The test is one-tailed, hypothesizing that scores at T1 are higher than at T0. 

TABLE 5 Paired samples Wilcoxon signed-rank test for knowledge scores in Group 2 (GT2) before and after Task 2. 

Measure W z p Rank-biserial 
correlation (rrb) 

95% CI for rrb 

T1 vs. T2 

Total knowledge score 233.00 –1.994 0.023 –0.371 (–0.73, –0.01) 

Technology knowledge subscore 105.50 –2.006 .022 –0.442 (–0.87, –0.02) 

Methodology knowledge subscore 174.00 –0.360 .363 –0.079 (–0.50,0.35) 

This analysis is for Group 2 (GT2; n = 45), which used ChatGPT for Task 2. T1, Post-Task 1 scores; T2, Post-Task 2 scores. Technology and Methodology scores are subscales of the total 
knowledge test. The test is one-tailed, hypothesizing that scores at T2 are higher than at T1. 

TABLE 6 Robustness check (2 × 2 mixed ANOVA on interval change scores). 

Outcome  during AI 
interval, M (SD) 

 during no-AI 
interval, M (SD) 

Treatment main effect Treatment × Sequence 
(carryover/order check) 

Total (13 items) 0.044 (0.171) 0.011 (0.167) F(1, 82) = 0.95, p = 0.333, 
ηp 

2 = 0.011 

F(1, 81) = 0.76, p = 0.387, ηp 
2 = 0.009 

Technological (7 items) 0.079 (0.215) –0.003 (0.201) F(1, 82) = 4.28, p = 0.042, 
ηp 

2 = 0.050 

F(1, 81) = 0.50, p = 0.480, ηp 
2 = 0.006 

Methodological (6 items) 0.009 (0.211) 0.026 (0.201) F(1, 82) = 0.20, p = 0.656, 
ηp 

2 = 0.002 

F(1, 81) = 0.65, p = 0.422, ηp 
2 = 0.008 

 scores are computed per participant for the two adjacent intervals (T1–T0 and T2–T1). For each participant, the AI interval is the interval corresponding to their sequence (GT1: T0→T1; 
GT2: T1→T2), and the no-AI interval is the other interval. The Treatment × Sequence interaction tests whether the AI-related change diers by order (i.e., order-dependence/carryover). 
N = 83 (GT1 = 38, GT2 = 45). 
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Box 1 Representative artifact excerpts and Task 1 rubric anchors. 

Notes: Excerpts are translated from Italian and lightly edited for readability. The first excerpt is from a group that received Level 1 on all three Phase 1 
criteria; the second excerpt is from a group that received Level 3 on all three criteria. 

Anchor A—Level 1 across criteria (Phase 1/Task 1) 

“We chose to develop the competence of preparing and 
deliver an oral presentation or a debate on an advanced topic, 
using multimedia aids because it helps develop European key 
competences and citizenship competences.” 

“We chose Canva because it is easy to use, accessible, inclusive, 
intuitive, free, and already known by most students. Using 
Canva supports debate.” 

“We proposed Canva because it has already been used in class 
and received positive feedback from students.” 

Why this corresponds to Level 1: 

• Depth of reflection (L1): The reflection consists of brief statements 
with limited elaboration and weak integration across ideas. 

• Argumentation (L1): Justification remains generic (e.g., “easy,” 
“inclusive,” “already used”) with minimal supporting reasoning and 
limited conceptual detail. 

• Originality (L1): The proposal centers on a single familiar tool 
previously used in class, with little evidence of a broader or innovative 
design perspective. 

The product rated by both judges is not strictly incorrect but, in relation to the specific rubric criteria, it presents fragmented and poorly connected 
ideas, develops the identified themes only superficially using limited language, and proposes few basic approaches or tools without demonstrating 
innovation or critical reflection. 

Anchor B—Level 3 across criteria (Phase 1/Task 1) 

Competence goal: preparing and delivering an oral presentation 
or debate on an advanced topic using multimedia supports. 

Topic: “The death penalty: pros and cons” (interdisciplinary: 
history, philosophy, law, civic education). 

“To select the most suitable technologies, we relied on ChatGPT. 
We asked both for supporting materials for the two positions and 
for multimedia technologies to use.” 

“Based on its suggestions, we selected: (i) Google Forms for a 
diagnostic pre-test of prior knowledge; (ii) PowerPoint and video 
to support information and argument construction; (iii) debating 
platforms for the debate itself; (iv) a final online poll to examine 
whether students changed their initial view after engaging with 
new information.” 

(Continued) 
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BOX 1 (Continued) 

Why this corresponds to Level 3: 

• Depth of reflection (L3): The submission provides a coherent rationale 
connecting the competence goal, topic choice, and a sequenced set 
of learning and assessment activities. 

• Argumentation (L3): The design decisions are justified in a specific and 
detailed way (diagnostic → multimedia support → debate tools → 
post-debate polling), using richer and more precise language than 
generic tool claims. 

• Originality (L3): The group integrates multiple tools and approaches 
into an innovative instructional sequence (interdisciplinary framing, 
diagnostic + formative elements, and change-of-mind check). 

This Level 3, connected to the judges’ assessment procedure, is related to a product which demonstrates a high level of elaboration, with deep and 
well-connected reflections, thorough and well-argued development of the brainstorming themes using rich language, and the proposal of multiple 
innovative tools and approaches. 

5.2 Qualitative analysis 

A qualitative analysis was carried out to explore the relationship 
developed between the use of ChatGPT and its influence on 
students’ work (Table 9). 

5.2.1 Students’ feedback 

This feedback was collected via written, open-ended prompts 
submitted by each group after the completion of Task 1 and Task 2. 
Students proposed general reflection on the use of AI during their 
formative activities in class: specifically, they reflected on the group 
dynamics during the design activity and the AI use during the 
process. For example students from the Group GT1 aÿrmed that 
“Unlike the previous work, in this case we did not use any research 
technology, nor did we feel the lack of it. There was an interaction 
based on sharing personal experiences” (Code 2: Citation 1, from 
now on 2:1) and again in relation to the specific use of ChatGPT 
“In this second phase of work, the group benefited from a broader 
and more personal sharing of the various points elaborated in the 
outline, as they did not use ChatGPT” (2:2). 

They highlighted both pros and cons related to the use of AI: 
for example, they underlined the power of ChatGPT’s response 
that allowed them to reduce the discussion time by making the 
choice concrete, in fact, “the use of ChatGPT facilitated the work in 
terms of timing and structuring the learning units/modules” (1:7). 
Specifically, the use of ChatGPT facilitated the work in terms of 
timing and structuring the teaching design: in general, students 
aÿrmed that “We found it diÿcult at first to understand how to ask 
ChatGPT questions. ChatGPT’s response allowed us to reduce the 
discussion time by making the choice concrete. It was also diÿcult 
to stay within the allotted time because of the dierent degrees of 
precision each of us wanted to use in the work. The enthusiasm 
in designing the activity grew during the processing as did the 
satisfaction in using AI” (1:2). 

In connection with the previous reflection theme concerning 
tool management, students emphasized the importance of carefully 
selecting and planning the activities suggested by ChatGPT. They 
highlighted the need to iteratively create and revise prompts, 
as well as critically evaluate the generated outputs, in order to 
obtain accurate and useful information for instructional design 
tasks. On the negative side, students reported that the use of 

AI during group activities reduced opportunities for discussion 
and debate. Additionally, they initially found it challenging to 
formulate eective prompts and understand how to interact with 
ChatGPT productively. 

For the category “AI use modalities,” in relation to the code 
“ChatGPT as “oracle” for selecting TIC,” groups use ChatGPT as a 
collaborative information partner to sustain the selection process 
of the most appropriate technology to be implemented in their 
formative design project, to achieve the learning outcomes. For 
example, “after choosing the objective, we asked ChatGPT which 
was the most eective tool to achieve the objective. After collecting 
ChatGPT feedback, after a comparison, we chose the most suitable 
tool for our initial objective” (4:1). To better emphasize ChatGPT 
use as a collaborative information partner, for example it is possible 
to report a strategy adopted by one of the group in which 
one member proposed consulting ChatGPT to identify a suitable 
technology for their purpose. The group agreed, collaboratively 
refining the prompt before submitting it. They then reviewed 
ChatGPT’s response together: “One member of the group suggested 
asking ChatGPT what technology might be suitable for achieving 
the objective. Since we all agreed, we decided together what the 
best request to write would be. We then read ChatGPT’s response 
together. While going through the response, one member suggested 
replacing the word technology in the request with innovative and 
inclusive technologies to see whether ChatGPT would propose 
dierent technologies” (3:2). 

In another instance, two group members independently 
submitted the same prompt to ChatGPT to assess the consistency 
and quality of the responses. After comparing the outputs, they 
selected the one they judged to be the most comprehensive: “Two 
of us entered the same request into ChatGPT to evaluate the quality 
of the response. We then selected the one we considered the most 
complete” (1:14). 

ChatGPT was sometimes seen as an oracle, a very expert 
peer, and a collaborative resource and therefore able to guide the 
generative group flow and to choose the most suitable technology 
with a specific connection with the specificity of the design. The 
students’ comments show that ChatGPT is used as a specific tool 
to support decision-making within the group in relation to ICT 
selection, but at the same time, each Chat proposal/output is 
analyzed and critically discussed within the team in order to adopt 
the best design strategy and tools at an educational level. Groups 
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BOX 2 Representative artifact excerpts and Task 2 rubric anchors. 
Notes: Excerpts are translated from Italian and lightly edited for readability (e.g., bulleting/spacing only). The first excerpt is from a group that 
received Level 1 on all three Phase 2 criteria; the second excerpt is from a group that received Level 3 on all three criteria. 

Anchor A—Level 1 across criteria (Phase 2/Task 2) 

Objective: “Identify and name the continents and oceans of the 
world.” 

“The required points are addressed in the chat.” [list of 
unreasoned lessons names follows in the chat] 

“Critical issue: we did not understand that we had to keep the 
same objective as in Phase 1.” 

Why this corresponds to Level 1: 

• Completeness (L1): The submission does not provide a structured 
lesson plan; activities and instructional sequence are missing or 
only alluded to. 

• Relevance of methodological choices (L1): Methods/tools are not 
specified and are not explicitly aligned to the stated objective. 

• Originality (L1): There is no evidence of multiple approaches or 
innovative design choices; the content remains minimal. 

As for Task 1, the product rated by both judges is not strictly incorrect but, in relation to the specific rubric criteria, it shows a minimal level of 
planning, with few and superficially described activities, weak alignment between objectives, methodologies, and tools, and a limited number of 
approaches lacking innovation, which justifies a Level 1 (minimum score) assessment. 

Anchor B—Level 3 across criteria (Phase 2 Task 2) 

Lesson: “Responsible Use of Technology for 14-year-olds (AI).” 

Objectives: understand responsible technology use; identify 
challenges for this age group; develop practical skills for 
navigating the digital world responsibly. 

Introduction (10 min): discussion on students’ uses of technology 
(positive experiences and challenges). 

Activity 1 (15 min): identify age-relevant challenges (e.g., social 
media pressure, time management, privacy). 

Activity 2 (20 min): digital etiquette and respect online, using 
scenarios and concrete examples. 

Activity 3 (15 min): online safety and privacy (e.g., strong 
passwords, privacy settings, recognizing risky situations). 

Activity 4 (20 min): critical evaluation of online content 
(reliability, manipulation). 

(Continued) 
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BOX 2 (Continued) 

Conclusion (10 min): recap and Q&A; emphasize responsible 
use. 

Homework: students produce a short guide for peers on 
responsible technology use. 

Assessment: formative; group (60%) and individual (40%); self-
assessment and brief satisfaction questionnaire; optional meeting 
with families facilitated by an expert. 

Why this corresponds to Level 3: 

• Completeness (L3): The lesson plan is structured and detailed, with 
multiple activities, timing, progression, assessment, 
and follow-up work. 

• Relevance of methodological choices (L3): Activities and tools are 
coherently aligned to the objectives (responsible use, privacy/safety, 
critical evaluation), with a clear instructional sequence. 

• Originality (L3): The plan combines multiple approaches (discussion, 
scenarios, practical skill-building, critical analysis, peer-facing product, 
family involvement), indicating broader and more innovative design 
thinking. 

The products related to Task 2 and rated with Level 3 by the two independent judges demonstrate an advanced level of design, with well-developed 
and clearly described activities, full alignment between objectives, methodologies, and tools, and the integration of multiple innovative approaches. 

FIGURE 3 

Difference in scoring between Task 1 and Task 2 of the groups that 
used GPT at T1 and T2. 

frequently blended multiple interaction modes with ChatGPT 
(e.g., information-seeking alongside more dialogic processes of 
refinement and justification). Accordingly, it was introduced the 
term “peer-like” as the intended pedagogical positioning, while 
characterizing the observed enactment as hybrid and dynamic. 
In Fact, the percentage of ChatGPT use as “an oracle” (43%) is 
related to the fact that the groups that mentioned this type of 
adoption declare to use it as an expert guide at list one time during 
their product development. The column dedicated to “Percentage 
of Groups (%)” is related to the proportion of the 21 groups 
that mentioned a theme in that code and this is applied also for 
the code discussed. 

For the code “Chat GPT for formative design” groups reported 
the use of AI to identify a specific topic for their formative 
design process but also suggestions and ideas to build the design 
and programming process itself. In fact, for example, one group 
aÿrmed that “ChatGPT helped us identify macro areas for the 
chosen topic, find reference sites and find material suitable for the 
lesson to present to the students” (5:5). 

For the code “Chat GPT chain of thoughts,” a few groups 
reported the importance of revising and enhancing the prompting 
process in groups. For example they aÿrmed that “after a 
discussion within the group, we defined clear instructions for 
ChatGPT, also taking into account the learning objectives, without 
neglecting “feedback” and evaluation” (3:1). It is crucial to discuss 
and to try to specify better and better the information for ChatGPT 
in order to receive the most accurate output and to guide the 
workflow. It is important to be aware of the clarity, eÿcacy 
and accuracy of the information produced by ChatGPT, then the 
prompting process has to be shared and well-structured with a 
specific alignment with the other design parts. 

5.2.2 Students’ interactions during the group 
work 

A detailed analysis of the students’ feedback in relation to the 
use of AI during specific moments of the in-class activity proposed 
(group task 1 and group task 2) was developed. The process of 
design in Task 1 and Task 2 was explored through a content analysis 
process by using Atlas.Ti. 
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TABLE 7 Change in product quality from Task 1 to Task 2 (sum of two raters’ scores; range = 6–18). 

(A) Descriptive statistics (cell means and change scores). 

Sequence (first use 
of ChatGPT) 

n Task 1: M (SD) (95% CI) Task 2: M (SD) 
(95% CI) 

 = Task2-Task1: 
M (SD) [95% CI] 

Task 1 (early-AI) 8 12.25 (3.99) (8.91, 15.59) 14.75 (2.92) (12.31, 
17.19) 

2.50 (5.86) (–2.40, 7.40) 

Task 2 (late-AI) 13 11.19 (4.30) (8.59, 13.79) 14.38 (4.43) (11.71, 
17.06) 

3.19 (5.01) (0.17, 6.22) 

(B)Planned within-sequence tests (paired Wilcoxon signed-rank). 

Sequence n Wilcoxon 
statistic 
(W) 

p (two-
sided) 

p (one-
tailed, 
directional) 

Cohen’s d 
(paired) 

Direction tested 

Early-AI (GPT in Task 1) 8 7.0 0.236 0.882 0.43 Task 2 < Task 1 (decline 

test) 

Late-AI (GPT in Task 2) 13 11.5 0.056 0.028 0.64 Task 2 > Task 1 

(C)Robustness check: 2 × 2 mixed ANOVA (Task within; Sequence between). 

Effect F(df1, df2) p Partial η 2

Sequence (between) F(1, 19) = 0.27 0.612 0.014 

Task (within) F(1, 19) = 6.33 0.021 0.250 

Task × Sequence F(1, 19) = 0.08 0.776 0.004 

Early-AI, groups used ChatGPT in Task 1 (and not in Task 2). Late-AI = groups used ChatGPT in Task 2 (and not in Task 1). One-tailed p-values match the planned hypotheses (no decline for 
Early-AI; improvement for Late-AI). 

Table 10 presents a thematic analysis of the codes that emerged 
from the students’ written feedback about their workflow process. 
T1 and T2 are used to describe the task of reference in which 
students integrated or not the use of AI. 

In Task 1, groups working without AI demonstrated higher 
engagement with traditional workflows (46%) and showed 
substantial reflection on digital tools (69%). These groups typically 
began with collaborative brainstorming sessions, focusing on 
technology assessment and methodological discussions. The non-
AI groups exhibited stronger emphasis on collective decision-
making and creative expression, as evidenced by Group 11’s 
observation of their strength in "heterogeneous thinking and good 
level of knowledge, diverse professional and personal training 
experiences, abundant production of ideas" (T1, no AI, Strength). 
A little less than half the groups that used AI in the first phase 
demonstrate to reflect about it (44%) (Table 10). 

A significant shift occurred in Task 2, where the groups that 
now cannot use AI think back about it (67%) feeling the contrast, 
while AI-using groups showed markedly higher engagement with 
the instructional design process (100%) and increased reflection 
on AI integration (75%). However, this came with notable trade-
os. As Group 16 pointed out, AI usage sometimes led to “less 
motivated to introduce personal creativity, adopting more standard 
solutions,” (T2, AI, Weaknesses AI) while Group 19 noted “less 
cooperation among group members and mental commitment” (T2, 
AI, Weaknesses AI). 

Interestingly, groups that transitioned from AI to non-AI 
approaches provided particularly insightful reflections. Group 9 
acknowledged AI’s utility while emphasizing human agency: “it was 
very useful to be able to benefit from ChatGPT’s input in the first 
phase, but we recognized that it was fundamental and necessary for 
us to be able to select and plan in detail the activities suggested by 
Chat GPT.” (T2, no AI, Reflection on AI use). Similarly, Group 2 

noted that traditional approaches were “more stimulating and more 
confronting because it was more creative, divergent and generative” 
(T2, AI, Reflection on AI use). 

The analysis revealed distinct patterns in the evolution of 
group workflows, particularly concerning the incorporation of 
artificial intelligence (AI). Groups not utilizing AI exhibited notably 
stronger collaborative dynamics and higher levels of creative 
engagement, as Group 14 which reported that “Compared to the 
teaching unit carried out without artificial intelligence, where we 
discussed things much more and tried to respect everyone’s ideas, 
with AI there was less discussion and we all immediately agreed 
with the unit proposed by the computer” (T2, AI use, Reflection on 
Ai use). In contrast, groups incorporating AI tools demonstrated 
increased eÿciency, though this often appeared to come at the 
expense of interpersonal interactions and group cohesion, as Group 
16 mentioned as the input of AI use promoted “greater comparison 
of experiences in order to arrive at the choice of intervention.” (T2, 
AI use, Group workflow with AI). 

A notable learning curve emerged in relation to AI utilization. 
Initially, groups encountered diÿculties in eectively formulating 
prompts, as exemplified by Group 13’s reflection: "We found it 
diÿcult at first to understand how to pose questions to ChatGPT" 
(T2, AI, Reflection on AI use). Despite these initial challenges, 
participants progressively recognized the value of AI as a practical, 
time-saving tool, while simultaneously becoming more aware of its 
inherent limitations. 

Dierences in the quality and focus of group reflections were 
also evident between AI and non-AI groups. Non-AI groups 
tended to concentrate more thoroughly on aspects related to the 
collaborative process and group dynamics. Conversely, groups 
using AI developed insights that were technologically richer and 
more precise, yet these groups reported comparatively diminished 
levels of interpersonal engagement and interaction. 
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TABLE 8 Descriptive statistics and independent-samples Welch t-test for Task-2 product quality (sum of the two raters’ scores; possible range = 6–18). 

First use of 
ChatGPT 

n M SD 95% CI for M t(df) p Cohen’s d 95% CI for d 

Task 1 (early-AI) 8 14.75 2.92 (12.31, 17.19) 

Task 2 (late-AI) 13 14.38 4.43 (11.71, 17.06) 0.23 (18.84) 0.822 0.09 (–0.85, 1.03) 

Welch’s t-test indicates no reliable dierence in Task-2 product quality between sequences. Cohen’s d is positive when the Task-1 group mean is higher. 

TABLE 9 Frequencies of categories and codes from qualitative feedback on AI use. 

Category Code Frequency (n) Percentage of groups (%) 

Students’ reflections 1. Reflection on AI use 18 86 

2. General reflection about group work 4 19 

3. ChatGPT chain of thoughts 3 14 

AI use modalities 4. ChatGPT as "oracle" for selecting ICT 9 43 

5. ChatGPT for formative design 7 33 

6. ChatGPT for assessment selection 2 10 

7. ChatGPT as peer for ICT selection 2 10 

Analysis is based on written feedback from 21 student groups collected after Tasks 1 and 2. “Frequency (n)” refers to the number of quotations coded into each category from a total of 45 
relevant quotations. “Percentage of Groups (%)” is the proportion of the 21 groups that mentioned a theme in that code. ICT, Information and Communication Technology. 

TABLE 10 Thematic analysis of student group feedback on workflow and process, by task and AI condition. 

Task AI condition Theme/Code Frequency (n) Percentage of Groups (%) 

1 No AI Group workflow 6 46 

Instructional design process without AI 6 46 

Reflection on digital tools 9 69 

Strengths 3 23 

Weaknesses 3 23 

AI used Group workflow 2 22 

Instructional design process with AI 4 44 

Reflection on AI use 1 11 

Strengths 2 22 

Weaknesses 2 22 

2 No AI Group workflow without AI 1 11 

Instructional design process without AI 7 78 

Reflection on AI use 6 67 

Reflection on group work 2 22 

Strengths 1 11 

Weaknesses 2 22 

AI used Group workflow with AI 3 25 

Instructional design process with AI 13 100 

Learning outcomes description with AI 1 8 

Reflection on AI use 9 75 

Reflection on digital tools 4 33 

Strengths of AI 5 42 

Weaknesses 2 17 

Weaknesses of AI 2 17 

This table presents a thematic analysis of the written feedback submitted by the 21 student groups after each task. The analysis is based on a total of 96 coded quotations. "Frequency (n)" 
indicates the number of quotations coded for each theme. “Percentage of Groups (%)” refers to the proportion of groups within that specific condition that mentioned a theme (e.g., for 
“Task 1, No AI,” the percentage is out of the 13 groups in that condition). Codes in the “Theme/Code” column that specify “with AI” or “without AI” are presented as they were coded from 
the source data. 
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Certain quotes captured during the research process highlight 
these observations eectively. Group 5, which worked initially 
without AI, reflected strategically on technology integration, 
stating: “We thought of integrating this technology to be 
administered at the beginning and end of the lesson to assess how 
the perception of the subject matter and the content assimilated 
changes.” (T1, non-AI, Reflection on digital tools). Group 13, which 
engaged directly with AI, emphasized practical advantages and 
growing enthusiasm: “ChatGPT’s response allowed us to reduce the 
discussion time by making the choice concrete. The enthusiasm in 
designing the activity grew during the process as did the satisfaction 
in using AI.” Finally, Group 7, transitioning from prior AI exposure 
to a session without AI, noted the absence of technological reliance 
positively: “Unlike the previous work, in this case we did not use 
any research technology, nor did we feel the lack of it. There was 
an interaction based on sharing personal experiences” (T2, non-AI, 
Reflection on group work). 

6 Discussion 

The goal of this study was twofold: to understand what is the 
impact of using ChatGPT as a peer-like feedback provider on the 
acquisition of knowledge and skills during collaborative activities, 
particularly in the execution of specific tasks, and to understand 
how the outcomes dier between groups that use ChatGPT during 
the selection of technological tools for inclusive teaching design and 
those that use it during the actual design process. 

6.1 Impact of ChatGPT as a peer-like 
feedback provider 

6.1.1 Post-withdrwal sustained performance 
effect 

The findings are consistent with what we refer to as a post-
withdrawal sustained performance (PWSP) eect, defined here 
as improved performance observed during the AI-available phase 
that is not followed by a detectable decline in the immediately 
subsequent AI-withdrawn phase within the study timeframe. In 
collaborative instructional design, this pattern is reflected in the 
absence of poorer artifact quality when AI support was removed, 
alongside a knowledge-check pattern in which gains occur in 
the AI-allowed phase and remain stable thereafter. Given our 
timing constraints (240 min total, with knowledge tests spaced 
approximately 90 min apart and the two design tasks separated 
by roughly 25 min from the end of the first to the beginning 
of the second, or ∼105 min end-to-end), we can only speak to 
short-term dynamics. 

First, in terms of artifact quality, groups that used ChatGPT 
during the initial task (GT1; early-AI) showed no evidence 
of deterioration when moving to Task 2 without AI. This is 
reflected in the paired non-parametric test within this sequence: 
the Task1→Task2 change was not negative, and the one-tailed 
Wilcoxon test specifically targeting a decline was non-significant. 
The mixed ANOVA robustness check (Table 7C) similarly showed 
no evidence that the Task 1→Task 2 change diered by sequence 

(no Task × sequence interaction), consistent with the absence 
of deterioration after AI withdrawal. While the small sample 
limits precision, the pattern is inconsistent with a “dependency” 
interpretation and instead supports the possibility that early AI-
supported activity helped groups internalize design strategies that 
remained available when AI was no longer accessible (at least 
in the short term). This aligns with recent quantitative syntheses 
suggesting that LLM-supported learning can yield durable gains 
when used as a learning aid rather than as a shortcut (Deng et al., 
2024; Wang and Fan, 2025). 

Second, the knowledge test results converge with this 
interpretation. Within-sequence Wilcoxon tests show that 
improvements are phase-specific: GT1 increased from T0 to T1 
(immediately following the AI-allowed task), with no significant 
change from T1 to T2 (after AI withdrawal), while GT2 showed 
no significant change from T0 to T1 (no AI in Task 1) and a 
significant increase from T1 to T2 (immediately following the 
AI-allowed task). This phase-locked pattern is especially clear on 
the technological sub-score, consistent with the notion that the 
AI-supported activity was most closely aligned with technology-
focused content and decisions. Importantly, the post-AI phase in 
GT1 does not show a detectable drop, which is consistent with 
short-term maintenance of the gain rather than a transient boost 
limited to AI availability. 

Third, because crossover and counterbalanced designs can be 
sensitive to order-related artifacts, we explicitly tested whether 
the AI-related change depended on exposure order in the 
knowledge data. Using a 2 × 2 mixed-design ANOVA on 
interval change scores (AI interval vs. no-AI interval × sequence), 
the Sequence × Treatment interaction was non-significant 
for the overall score and both sub-scores (all ps ≥ 0.387), 
providing no evidence that the AI-related change depended 
on receiving AI first versus second. In the same robustness 
check, the Treatment main eect was significant only for 
the technological sub-score [F(1, 82) = 4.28, p = 0.042, 
ηp 

2 = 0.050), whereas it was not significant for the overall 
score or the methodological sub-score. Taken together with 
the Wilcoxon pattern, this supports the interpretation that 
the observed improvements are linked to the AI-allowed 
phase without indicating order-dependent artifacts, and that 
gains were maintained when AI was removed (in the short 
window of this study). 

To situate these findings relative to prior work, it is useful 
to highlight that several influential studies observing either 
harms or performance parity with LLM support operate within 
similarly short, contiguous time windows. Bastani et al. report 
that the harmful eect of “vanilla” ChatGPT (and, by contrast, 
performance parity with the control condition when ChatGPT 
is constrained via tutor-like prompting) emerges within three 
consecutive phases delivered in a single 90-min classroom session 
(teacher review, assisted practice, and an unassisted, closed-
book/closed-laptop evaluation), although the paper does not 
specify the exact minutes allocated to each phase. Lehmann et al., 
in turn, find no statistically significant learning advantage (i.e., 
parity with the control condition) across two lab experiments 
conducted in a single 85-min sitting: a 20-min pre-test, a 45-
min learning phase (with AI access in the treatment condition), 
followed immediately by a 20-min post-test. In this respect, 
despite our own timing constraints and the short interval between 
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AI-allowed and AI-withdrawn phases, our study speaks to the 
same “within-session” dynamics that have been central in recent 
experimental work. 

Against that backdrop, our results strengthen the idea that 
the conditions under which learners engage with generative AI— 
especially whether its use is explicitly scaolded—may be a key 
moderator of outcomes. Even on a short timescale, structuring 
AI as a team-member that oers candidate ideas for discussion, 
alongside explicit metacognitive scaolds (rules, roles, instructions, 
guidelines, and environmental/technical supports), may help shift 
generative AI from oracular answer-giving toward procedural and 
strategic support (Tankelevitch et al., 2024), potentially reducing 
the risks reported when access is comparatively unstructured (e.g., 
Bastani et al., 2025; Lehmann et al., 2025). 

6.1.2 Knowledge development pattern 

The data suggest that this PWSP pattern diered between 
technological and methodological domains, with technological 
knowledge showing larger gains than methodological knowledge. 
This was echoed in the groups’ reflections: several described using 
ChatGPT in Task 1 primarily to surface, compare, and select 
candidate tools. In the same reflections, some groups reported 
that when AI was not available in Task 2, they proceeded 
“the old way” and/or felt freer working without it, and at 
least one explicitly noted that they “did not miss it.” Our 
qualitative coding of the groups’ written reflections supports 
this interpretation: reported AI use often centered on requesting 
tool options and making selections, more than on pedagogical 
rationales (e.g., running the same request twice to judge response 
quality and then selecting the most complete output; asking 
which tool would be most eective and then choosing the 
most suitable option after discussion; Table 9; Codes 4 and 
7). One plausible mechanism is near transfer: Task 1 required 
selecting and justifying technologies, which overlaps closely with 
technological knowledge and may therefore transfer more readily 
than methodological reasoning. This aligns with classic accounts 
suggesting that transfer is strongest when a subsequent task 
is highly similar to what was practiced (Perkins and Salomon, 
1992). The task design may have amplified this short-term PWSP 
pattern. 

6.1.3 Reflection and meta-learning 

The qualitative data reveals substantial reflection on AI use 
(40% of coded responses, 86% of groups). Notably, groups 
engaged in reflection about AI even during phases where they 
weren’t actively using it (code “T2 0 Reflection on AI use” 
with 67%), suggesting that exposure to AI prompted continuous 
critical evaluation of tool selection and design processes. When 
students engage in resource comparison activities, they develop 
enhanced self-feedback abilities that extend beyond the immediate 
task, and our participants demonstrated metacognitive awareness 
about when and why to use AI tools (Nicol and Kushwah, 
2024). 

On a similar line, Group 7 reflected: “Unlike the previous 
work, in this case we did not use any research technology, nor did 
we feel the lack of it. There was an interaction based on sharing 
personal experiences” (T2, No AI use, Reflection on AI use). This 

type of reflection exemplifies what Lipnevich and Smith (2022) 
describe as behavioral processing of feedback, a critical component 
where learners actively decide which strategies to employ based 
on cognitive and aective evaluations. In their Student-Feedback 
Interaction Model, this represents the “What am I going to 
do with the feedback?” stage, where students make deliberate 
choices about tool utilization rather than passively accepting 
technological assistance. The students’ critical evaluation of when 
AI was unnecessary demonstrates the self-regulatory processes that 
both Lipnevich and Smith (2022) and Nicol and Kushwah (2024) 
identify as essential for developing learner agency and eective 
feedback processing. 

Finally, student’s feedbacks suggest a learning curve in AI 
interaction. They reported that “the initial diÿculty encountered 
by the group was to clearly identify which specific questions to ask 
the AI in order to receive a comprehensive answer” (T2, AI use, 
Reflection on AI use) reflecting the necessity of an initial phase 
of exploration that lead to more eective strategies. Additionally, 
students recognize the prompting creation as an iterative process, 
and this is highlighted from the fact that they refined their 
prompts for better alignment with learning objectives. Similar 
findings in higher education have been reported by Carrasco-
Sáez et al. (2025) that noted how students adapt, progressively 
refining their prompting approaches and adopting more purposeful 
strategies. 

The ability to critically evaluate and modify AI suggestions 
seems to be an emergent one in the groups during the 
experimentation, as noted in other studies where it appears to 
develop as part of a broader metacognitive engagement with 
the tool (Teng, 2025). In collaborative contexts, this evaluation 
capacity often becomes collective, with groups co-constructing 
and refining prompts to improve AI responses, an emergent skill 
that strengthens through shared experimentation (Perifanou and 
Economides, 2025). 

6.1.4 Trade-offs in collaborative learning 

Looking again at the qualitative data, a tension emerges 
about the use of the AI as a group member. While ChatGPT 
improved task performance and knowledge retention, some 
groups noted reduced peer interaction. For example, Group 16 
noted that “through the use of AI, groups are less motivated 
to introduce a personal reworking/creativity” (T2, AI use, 
Weaknesses AI) and Group 19 observed that AI “seems to 
prompt less cooperation among the group members and less 
mental commitment” (T2, AI use, Weaknesses AI). These 
observations align with challenges identified by Zheng et al. 
(2024), who emphasized that learners often face diÿculties in 
collaborating with one another and co-regulating their learning in 
online collaborative environments, which can lead to diminished 
group performance. Their research specifically highlights that 
eective collaborative knowledge building requires not just 
technological support, but also carefully designed feedback and 
feed forward mechanisms that promote co-regulation among 
participants. 

Similar trade-os have been observed elsewhere. In a recent 
computer-supported asynchronous collaborative learning study, 
introducing ChatGPT reshaped students’ interaction patterns, 
sometimes reducing the depth of peer exchange when the AI 
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became a dominant conversational partner (Kim et al., 2024). 
Likewise, research on interdisciplinary collaborative learning found 
that while ChatGPT enhanced eÿciency and output quality, 
students also reported a decline in creativity and self-discipline 
(Zhu et al., 2023). 

While our findings show that AI can enhance task outcomes, 
they also suggest that without proper scaolding for collaboration, 
AI integration might inadvertently reduce the social regulation 
processes that are crucial for successful collaborative learning. 
This tension can be solved by keeping the balance between 
technological enhancement and maintaining the essential human 
elements of co-regulation and collaborative knowledge building 
in technology-mediated learning environments (Zheng et al., 
2024). 

6.2 Effect of AI on group interactions and 
final product quality 

Each group produced one AI-assisted and one non-AI 
artifact. We summarized the within-group AI impact as 
the dierence between these two products and compared 
that impact between sequences (GT1 vs. GT2). This 
tests whether AI changes product quality dierently 
depending on whether groups encountered it first or second 
(see section 3.4). 

Looking at the data, synthesized in Table 8, the eect was 
small and the CI crossed zero (d = 0.24, 95% CI [–0.63, 1.08]), 
indicating no reliable dierence in final product quality (the 
product of Task 2) between groups that used ChatGPT during 
the selection of ICT tools for inclusive teaching design (Task 1) 
and those that used it later during the actual design process (Task 
2). 

Moreover, looking at the process highlighted by the qualitative 
analysis, this study results do not provide a simplistic AI-positive or 
AI-negative perspective, highlighting both strengths (time-saving, 
structured output, technology insights) and challenges (decreased 
discussion, initial diÿculty in prompting, potential loss of creativity 
and motivation) as discussed in the previous section about trade-
os (Zheng et al., 2024; Kim et al., 2024; Zhu et al., 2023). 

In terms of comparison between AI and non-AI approaches 
used for the activity development, we identified workflow shifts. 
For example, non-AI groups seemed to be engaged in richer 
collaborative design processes, while AI-assisted groups supported 
eÿciency and structured output. Through this lens, AI, at the 
same time, speeds up work but may limit deeper students’ 
engagement during the group work. These findings are coherent 
with broader research showing that AI can streamline tasks (Noy 
and Zhang, 2023) while simultaneously reducing opportunities for 
co-regulation that underpin deeper learning (Järvelä and Hadwin, 
2013). 

Nonetheless, those reflections were shared by most of the 
groups at a certain time, not only by the ones that used ChatGPT 
in Task 1 or Task 2. On the other hand, three quarters of those who 
used ChatGPT in Task 1, did reflect about it, or about its absence, 
even during Task 2. This illustrates how technological mediation 
influences learners’ regulation strategies beyond its immediate use, 
reinforcing the need for scaolding that preserves co-regulation 
while harnessing AI’s eÿciency (Zheng et al., 2024; Zhu et al., 2023). 

6.3 Why do we have different results 
compared to other literature about 
knowledge transfer and retention using 
LLMs? 

Recent research has raised significant concerns about the 
potential for generative AI to hinder authentic learning. For 
instance, studies such as Bastani et al. (2024) and Lehmann et al. 
(2025) have found that when students use AI tools individually, 
they often fall into a pattern of passive acceptance, taking the 
AI’s output at face value without critical evaluation. This behavior, 
where the AI is treated as an infallible oracle, can lead to reduced 
cognitive eort, an “illusion of understanding” or “crutch eect” 
and ultimately, harm the development of durable knowledge. A key 
distinction in these studies is the context of use: students worked 
alone and were not prompted to collaboratively discuss or critically 
deconstruct the AI-generated content, a stark contrast to the 
methodology employed in our study. In our study, improvements 
were observed in the AI-available phase, and we did not observe 
a decline in the subsequent AI-withdrawn phase; this pattern was 
clearest on technology-related knowledge and was consistent with 
stable artifact quality after AI removal. This aligns with qualitative 
feedback where Group 9 noted: “it was very useful to be able to 
benefit from ChatGPT’s input in the first phase, but we recognized 
that it was fundamental and necessary for us to be able to select and 
plan in detail the activities suggested by ChatGPT.” 

The preservation of knowledge appears tied to students actively 
processing and critically evaluating AI suggestions, rather than 
passively accepting them. This finding parallels Escalante et al.’s 
(2023) research, which demonstrated that ENL students could 
achieve comparable learning outcomes with AI-generated feedback 
as with human tutor feedback, particularly when students engage 
critically with the AI suggestions. 

The request of using ChatGPT as a group member, keeping 
it in the loop of the conversation, and discussing its feedback 
as one would with a human group member, seems to have 
contributed critically to the positive outcome of these interactions. 
This highlights the importance of a blended feedback model 
that leverages the strengths of AI feedback, such as its clarity, 
specificity, and availability, while encouraging student engagement 
through discussion and critical evaluation of the feedback received 
(Escalante et al., 2023). 

7 Implications 

This study set out to understand how positioning ChatGPT as 
a “feedback team-mate” during collaborative lesson-design tasks 
shapes students’ knowledge, skills, and group dynamics. Drawing 
on a quasi-experimental, mixed-methods design with 102 student-
teachers across two authentic design challenges, we compared 
groups that worked with or without ChatGPT. The evidence 
gathered provides a rich picture of the benefits and tensions that 
emerge when an LLM becomes an active participant in learning. 

The results extend the current debate on the impact of 
AI on learning by showing that AI-supported work does not 
necessarily produce fragile performance that collapses once the tool 
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is removed. In our study, improvements were observed in the AI-
available phase, and we did not observe a decline in the subsequent 
AI-withdrawn phase; this pattern of Post-Withdrawal Sustained 
Performance—clearest on technology-related knowledge—was 
consistent with stable artifact quality after AI removal. Although 
the present design only speaks to short-term dynamics, the findings 
are compatible with the idea that AI-mediated collaboration can 
seed strategies and conceptual understanding that continue to 
serve students in later, tool-free contexts. This invites longitudinal 
research to trace how long such benefits endure and whether 
repeated alternations between AI-supported and unsupported tasks 
strengthen or dilute them. 

Equally significant is the shift in group workflow. Across 
our qualitative evidence, ChatGPT often streamlined production 
and helped groups move forward, yet in some cases it appeared 
to dampen spontaneous, peer-to-peer idea-building exchanges 
that are central to collaborative creativity. Educators face a 
design dilemma: how can they harness the eÿciency gains 
without compromising the generative dialogue that fuels creativity? 
Alternating phases with and without AI, assigning explicit roles 
such as “AI checker” or “human synthesizer,” and scheduling 
reflective debriefs may help restore conversational balance. 

Prompt development emerged from the qualitative analysis 
as an important metacognitive skill. Students attempted to 
refine prompts, evaluate AI output, and decide when to accept, 
adapt, or discard suggestions. Embedding explicit instruction on 
prompt-craft and, more in general, critical AI interaction into 
curricula could therefore enhance both digital literacy and self-
regulated learning. 

Methodologically, the study illustrates the value of mixed-
methods approaches for capturing the often invisible processes 
of AI-human interaction. Quantitative gains told only part of 
the story; only by triangulating scores, expert ratings, and 
coded reflections could we surface the tension between speed 
and interaction. 

At the policy level, a binary “ban or allow” framing is no 
longer adequate. Institutions should instead cultivate a culture 
of critical adoption, providing safe AI sandboxes, professional-
development time, and assessment redesign guidance. When AI 
is invited into, rather than over, the learning conversation, it can 
amplify eÿciency and catalyze metacognitive growth—provided 
that educators orchestrate its participation deliberately and remain 
attentive to the social fabric of collaboration. 

7.1 Limitations 

A limitation of this study is that the post-test was administered 
immediately following the tasks, also, ideally, there would have 
been a final follow up where none of the groups could use 
AI. Therefore, while our results indicate sustained performance 
immediately after AI withdrawal within the study timeframe, future 
research should incorporate delayed post-tests to assess longer-
term knowledge retention. Furthermore, participants were not 
formally trained in prompt crafting and AI interaction. Although 
the instruction was to “treat it like a team-member,” so to let the 
participants use a known type of interaction, individual dierences 
in their ability to query the AI may have influenced the outcomes. 

Future studies could include a prompt-crafting/AI-interaction 

tutorial to control for this variable. 
We did not collect verbatim ChatGPT interaction transcripts; 

therefore, our characterisation of AI interaction modes is based on 

groups’ immediate post-task reflections and feedback rather than 

direct log-based coding. Future work should complement these 

accounts with automatic capture of ChatGPT interaction traces 
(to code prompt types and prompting strategies), while retaining 

process-oriented measures to interpret how inputs and outputs 
were negotiated and taken up within the group. 

A small number of items in the knowledge test showed 

weak/negative discrimination at specific waves, consistent with a 

short heterogeneous content-sampling knowledge check; future 

iterations will refine or replace these items. Finally, additional 
studies are needed for validating the results in other tasks, 
disciplines, cultures and in general to widen the sample. Because of 
the small group numbers several intervals are broad (e.g., -score 

CI spans –2.20 to –0.09); true eects may therefore be smaller (or 

larger) than our point estimates. 
In conclusion, this study suggests that AI tools such as 

ChatGPT can support immediate performance gains and may also 

foster the development of design skills with potential for transfer, 
particularly when used as a team member in small-group settings. 
Despite the study’s limitations, these findings add to the emerging 

evidence on AI-supported collaborative learning and point to clear 

directions for future empirical research and instructional design. 
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