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Highlights Abstract

This study explored pre-service science
teachers’ perceptions of Al-supported
argument feedback and how these evolved
over time.

Findings show that while the number of
arguments decreased, their quality and use
of refutation and multi-component
structures improved with Al feedback.

The study derives design principles for Al-
supported feedback, emphasizing holistic
argument analysis, speed, interaction, and
individualization.

This study aimed to examine pre-service teachers’ (PST) perceptions of Al-
supported argument feedback (AIAF), changes in their perceptions,
argument level and component development, process experiences, and to
derive principles for AIAF design. The research was conducted in two
cycles using the Design-Based Research approach. In the first cycle,
prompts based on the Toulmin argumentation model (2003) and Erduran et
al. (2004)’s argument level framework was developed for ChatGPT (GPT-
4). In the second cycle, these prompts were tested through transcripts of
scenario-based discussions with PSTs to provide personalized feedback.
Data were collected from semi-structured interviews, discussion
transcripts, and Al-generated feedback outputs. The study group consisted
of nine science PSTs selected through purposive sampling from a state
university in Turkey. The findings showed that the PSTs’ perceptions of

feedback evolved from a descriptive level to a pedagogical and affective
understanding; they began to see Al as a complementary tool. While the
quantity of arguments decreased, their quality increased; progress was
made in refutation and multi-component argument production. PSTs found
Al feedback positive in terms of speed and motivation but limited in terms
of personalization. The study recommends the principles of holistic
argument analysis, speed, interaction, and individualization for Al-
supported feedback design. This study presents original data to the relevant
literature, and its findings form the basis for a comprehensive study
currently being conducted with a larger sample using a pre-test—post-test
design.
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1. Introduction

The ability to evaluate data, synthesize perspectives, and generate innovative solutions for scientific and
social problems is fundamental to the production of new knowledge and the reinterpretation of existing
knowledge (Nusche et al., 2025; Osborne, 2010). Argumentation cultivates rational thinkers, competent
problem solvers, and proactive decision-makers by fostering multiple perspectives through scientific
inquiry (Ugar & Demiraslan Cevik, 2020). In this thought process, rather than receiving an argument from
a teacher as a cumulative set of factual knowledge (Kuhn, 1993) the learner constructs the connection
between the data and the claim by pointing to specific characteristics of the data (Sandoval & Millwood,
2005). Beyond this structural definition, Walton (1989) emphasizes the relational dimension of the
argument between the two parties and defines the argument as reasoning that aims to make the other party
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accept a controversial proposition based on the premises that the other party accepts or can be persuaded to
accept. Complementing this dialogical perspective, Kuhn et al. (2013) consider the persuasion process as
reasoning in which the other party takes into account the data that will weaken the claim as well as
supporting the claim and presents it in a comprehensive and complementary way by making use of more
than one complementary source of data. On the other hand, the rapid transmission of both misleading
information and argumentation is a gateway to accepting new knowledge after evaluating it applying critical
thinking skills (Chotijah et al., 2025). In an era where misleading information spreads rapidly,
argumentation is a tool for evaluating information through critical thinking. Therefore, it is essential that
preservice teachers (PSTs) are equipped with the necessary pedagogical skills to understand the interaction
between science and society and to provide their students with environments for rational decision-making
through argumentation (Han-Tosunoglu et al., 2025). This underscores the need for the PSTs to equip
themselves with the required pedagogical skills to effectively implement argumentation in their classrooms.

The development of argumentation skills depends on effective teaching methods and feedback practices.
Research shows that PSTs can produce more sophisticated arguments as a result of participating in
argumentative teaching, support, and feedback sessions (Christenson & Walan, 2023; Cakiroglu et al.,
2025; Kaya, 2013). However, there are significant deficiencies in argumentation skills among students at
all educational levels: students often only present claims, fail to provide warrant, or show weak data
(Fadillah & Deta, 2020; Sik et al., 2023). PSTs also struggle to teach these skills. For example, they have
difficulty evaluating student arguments, especially in constructing warrant, data, and counter-arguments
(Aydeniz & Ozdilek, 2016). They tend to make superficial and one-dimensional explanations of socio-
scientific issues (Martin-Gamez & Erduran, 2018) and use data mostly to support their own views (Iordanou
& Constantinou, 2014) Therefore, learning environments that include individual monitoring and continuous
feedback are necessary (Marco-Bujosa et al., 2017).

Data from multiple sources confirms the effect of feedback on the argumentation process is limited.
Standard statements (e.g., "good") do not contribute to the learning process (Adalberon, 2021), while
individual biases can negatively affect it. PSTs tend to jump to conclusions quickly and may not use critical
thinking sufficiently (Ma et al., 2025) and may struggle to generate constructive solutions to problems
encountered during argumentation (Chen, 2008). This shows that argumentation requires high-quality and
structured feedback.

In recent years, Al-powered tools have become widespread in the process of evaluating student arguments
and providing feedback. These tools have been found to reduce student anxiety and improve self-efficacy
and the organization of ideas (Kim et al., 2022; Ruwe & Mayweg-Paus, 2023). However, it has also been
noted that Al-assisted feedback does not improve PSTS’ arguments (Cai et al., 2025; Ruwe & Mayweg-
Paus, 2023), and that the reasoning in their arguments may lack originality (Kim et al., 2022). Given PSTS’
limited argumentation skills, there is a continuing need for well-structured, personalized, and pedagogically
enriched feedback (Nazaretsky et al., 2023).

The role of Al in developing PSTS’ argumentation skills is controversial due to the opportunities and
limitations it offers. There is a gap in the literature regarding how PSTS interpret and apply Al feedback as
well as their developmental needs in this area. Current studies mainly include a comparison of different
assessment tools aimed at improving the argumentation skills of pre-service teachers (Rochmah et al., 2025;
Guo et al., 2022), examined the effects of technology support to improve argumentation skills (Lin et al.,
2026; Ucar-Longford et al., 2024) typically through pre-post comparisons. However, it is not well known
how Al feedback affects high-level skills such as rebuttal and counterargument. In addition, how teacher
candidates interpret and use this feedback over time has not been sufficiently researched. At this stage, we
decided to use design-based research, a long-term research initiative that involves iterative feedback,
design, implementation, and redesign, to generate practical solutions to potential problems that we may
encounter while developing and implementing our design (Wang, 2020). In this study, in which the context
of argumentation comes to the fore, it was aimed to establish a shared balance between the researcher-
defined and candidate-defined goals. This balance was pursued while also considering two factors: the
PSTS’ limited experiences with argumentation and developments that emerged through the feedback
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provided in each design cycle (Zinger et al., 2017). Similarly, a number of studies in the literature that use
Al chatbots as both a learning and assessment tool to increase teacher candidates' cognitive engagement
have revealed the experiences and feedback of teacher candidates through design-based research (Amir,
2026; Jaramillo et al., 2025; Zhang & Liu, 2026). This research aims to contribute to the development of
pedagogically valid and needs-responsive Al tools by providing empirical data on the effects of Al tools
on PSTS’ argumentation skills. This study constitutes the first phase of a broader series of studies, and the
findings obtained will guide the next phase, which is being conducted using a pre-test—post-test design.

2. Literature
2.1. Feedback Dynamics in the Argumentation Process: Functions, Sources, and Pedagogical Implications

Argumentation is the process of using reasoning to support or question a claim (Van Eemeren et al., 2013).
In this process, learners support their claims with data and logic, evaluate counter-arguments, and construct
an argument (Martin-Gdmez & Erduran, 2018). Toulmin's Argumentation Model is commonly used to
explain this structure (Toulmin, 2003). The model consists of claim, data, warrant, backing, qualifier, and
rebuttal (Capkinoglu et al., 2020; Wang et al., 2024).

The strength of the Toulmin model lies in its ability to systematically analyze the structure of arguments
(Cramer & Kempen, 2022; Erduran et al., 2004). However, the model does not adequately describe how
students dynamically evaluate data (Kim & Kim, 2022) or identify implicit assumptions (Macagno &
Konstantinidou, 2013). Therefore, it is often used as a scaffold providing a "horizon of possibilities" while
acknowledging its limitations (Erduran, 2018). The analytic scheme of Erduran et al. (2004), derived from
the model, evaluates argument quality ranging from Level 1 (simple claims) and Level 5 (arguments
containing comprehensive refutations). Merely giving students grades is not enough; it is more beneficial
for them to receive clear feedback on the strengths and weaknesses of their arguments (Carlile et al., 2018).
Consequently, strong and reliable feedback is essential for learners to improve the arguments they produce
(Morawski & Budke, 2023; Ugar & Demiraslan Cevik, 2020).

Feedback is a multifaceted concept encompassing information transmission (Wu, 2014), performance
measurement, and guiding future development (Hattie & Timperley, 2007; Lipnevich & Panadero, 2021).
There is broad consensus that for feedback to be effective, students must actively participate in making
sense of it and applying it in their subsequent learning (Carless, 2022; Carless & Boud, 2018; Winstone et
al., 2017). Integrating feedback into argumentation instruction is highly effective in developing their
argumentation skills in PSTs. For example, the combination of peer feedback and argument mapping has
been shown to strengthen PSTs’ higher-level skills such as refutation and counter-argument development
(Ugar & Demiraslan Cevik, 2020). Similarly, embodied and integrated feedback has promoted data-based
counter-argument skills (Hornstein et al., 2025). Furthermore, discussions, peer feedback, and reflective
assessment have enabled PSTs to advance from content-based explanations to value-based warrants
(Christenson & Walan, 2023). Consequently, well-structured feedback is an essential tool for prospective
teachers to construct more critical and nuanced arguments.

2.2. AlI-Supported Feedback: A Viable Pedagogical Solution or a Superficial Approach?

The expansion of feedback sources now also includes Al as an emerging area of instructional support. Al
has developed significantly in machine learning and natural language processing, enabling new learning
uses (Say, 2024). Educational applications of these technologies are well-suited for educational
implementation by their capability to process written texts and provide instant computerized feedback
(Kavitha et al., 2023; Ozmutlu, 2021). Along with supporting learners, Al gives teachers powerful means
to create content and offer personalized feedback at a previously unmatched level (isler & Kilig, 2021).
Natural language processing-based systems, in particular, have demonstrated powerful capacity in
assessing written arguments, offering automated feedback, and being useful in augmenting formative
assessment practices (Engeness & Gamlem, 2025; Hopfenbeck et al., 2023).

Al-supported tools have increasingly been used to provide feedback to students on the process and the
product of argumentative writing. Al-supported tools help students at the planning, outlining, and revising
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stages of argumentation, resulting in the efficient use of concepts, strategic selection of data, and logical
reorganization of arguments (Kim et al., 2022). However, literature reflects a dualistic perspective. For
example, Al supported tool was found to reduce students’ writing apprehension and enhance their self-
efficacy but remained insufficient in helping them elaborate on their arguments more extensively (Ruwe &
Mayweg-Paus, 2023). Similarly, while Al-assisted argumentation tools assisted the students in organizing
their ideas, their directive and template-driven structures were found to be perhaps confining independent
thinking and reasoning (Cai et al., 2025; Kim et al., 2022). Conversely, other research has discovered that
students provided with Al-supported feedback on claims, warrants, and data wrote with more components,
integrated them in a more complete way, and exhibited significant improvements in the quality of argument
(Zhu et al., 2017; Zhu et al., 2020). These improvements were particularly significant for students who
started at a lower level and needed several revisions. Al-assisted collaborative argumentation with
generative Al also promotes a multiperspectival understanding of argument and allows students to apply
argument elements more methodically (Liu & Cui, 2024). Finally, though a tool called ArgueBot provided
promising real-time, individualized feedback, researchers emphasized the need for larger studies to evaluate
its effectiveness systematically (Wambsganss et al., 2021).

2.3. Comparing the Feedback Capacities of Al Models: Accuracy, Style, and Alignment with Human
Feedback

A recent comparative analysis revealed the differences between the level of accuracy and the reliability of
feedback given by various tools for Al. For instance, for the analysis of the writings of Chinese language
learners, it was found that the tools such as ‘ChatGPT’ and ‘Bard’ are superior in the sense of grammatical
and formal correctness; whereas ‘Claude’ showed a very empathetic and expository (Obaidoon & Wei,
2024). A comparative study was conducted by (Uppalapati & Nag, 2024), where the performance of
‘ChatGPT,” ‘Bard,” ‘Bing Chat,” and ‘Claude’ for questions on medicine and public health was evaluated
in the aspects of correctness, comprehensiveness, and clarity. The results showed the consistency of
‘ChatGPT’ in correctness, ‘Bard’ for the depth of information, and ‘Claude’ for the description of the
context, but ‘Claude’ lacked the aspects of correctness. The reason for the consideration of ‘ChatGPT’ for
the analysis might be the consistency in grammatical and formal correctness for the proper analysis of
results.

Additionally, studies are available in the literature comparing the quality of the feedback delivered by
ChatGPT and human feedback. A study by Steiss et al. (2024) compared the quality of the feedback
delivered to students for their written assignments and found human feedback to score higher on the grounds
of accuracy and focusing on the major details. However, Yu and Xie (2025) found the quality of the
grammatical error feedback delivered by the chatbot to be as high as the quality of the teachers’ feedback,
yet the feedback delivered additional information about the content and organization of the written piece.
Students’ feedback implementation rates remained equal for both teachers and the chatbot; the rate for the
teachers’ feedback stood at 78%, whereas the rate for the chatbot stood at 70%. A study by Escalante et al.
(2023) revealed the quality of the chatbot feedback to be equal to the quality of the teachers’ feedback in
improving the students’ writing skills, whereas the study by Usher (2025) revealed the quality of the
teachers’ feedback to be superior to the chatbot in improving the skills for the complex task.

2.4. Current Study

Studies prove that Al feedback can foster the identification of structural aspects of argument (Cai et al.,
2025), but not significantly impact the depth of their arguments (Kim et al., 2022). PSTs need to develop
sound argumentation skills, as these will enable them to provide inquiry-based and data-based learning
experiences in their classroom. However, this reveals a qualitative imbalance: there are few studies on how
PSTs process and use Al feedback to implement these improvements. To address the imbalance, this study
is guided by the following research questions:

1. How do PSTs’ perceptions of artificial intelligence change throughout their participation in the
Al-supported feedback?

512



JETOL 2026, Volume 9, Issue 3, 509-536 Yildiz-Feyzioglu, E. & Aymak, S.

2. In what ways does the Al-supported feedback influence PSTs’ argumentation levels and the use
of argument components in scenario-based discussions?

3. What specific affordances and constraints do PSTs experience when receiving Al-supported
feedback during scenario-based argumentation discussions?

4. Which design principles have been identified for the improvement of Al-supported feedback?

3. Methodology
3.1. Research Model/Design

This study applied Design-Based Research (DBR) methodology, with the aim of designing new learning
environments and empirically examining their effect Brown (1992). Conducted through researcher-

practitioner collaboration, DBR aims to develop practical solutions for real-world educational problems
(Anderson & Shattuck, 2012).

DBR involves a four-stage process: (1) analyzing a problem, (2) developing a solution prototype, (3)
iterative testing and refinement, and (4) final generalization of principles (Reeves, 2006). Through these
iterative cycles, DBR has been shown to systematically enhance both feedback processes and students’
argumentative writing skills (Reeves, 2006). Through undergoing such recursive cycles, it has been proven
that DBR systematically fosters feedback processes along with students’ argumentative writing ability (Gu
et al., 2022; Guo et al., 2025; Schwarts et al., 2024). For this reason, an Al-rich pedagogical environment
to enhance the argument-writing abilities of PSTs was created in this research. The initial draft of the design
was discussed with a small group of PSTs, and based on the feedback received, the design was updated.
After resolving these errors, the instructional environment was set. This final version was then implemented
with another group of PSTs, and how Al-supported feedback was studied. The Al-supported argumentation
feedback (AIAF) for science PSTs is a novel pedagogical tool, which was developed and tested through
field applications in this current study.

3.2. Context and Participants

Participants were nine PSTs (7 female, 2 male) who were purposively selected according to criteria of
voluntary registration and willingness. Participants were selected from students enrolled in the
undergraduate courses “Science Education Programs” (FB0O250), and General Physics 1 (FBO101) for
which the first author is responsible. At the beginning of the semester, all course participants
(approximately 40 individuals) were informed verbally about the purpose, process, rights, and
confidentiality conditions of the study, and a written information form was distributed. Following this
information session, those who wished to voluntarily participate in the study contacted the first author via
email within one week. From among the applicants, nine PSTs who met the predefined cohort criteria
(academic class and prior knowledge of argumentation) were selected as the final participants. A total of
three different groups of teacher candidates took part in the two cycles of the study. Two of these groups
(n=6) consisted of second- and third-year students who had prior knowledge of argumentation gained from
the courses they took during their undergraduate education and took part in Cycle 1. The rich and diverse
argument components of these groups were used in the iterative development of AIAF prompts. On the
other hand, the group participating in Cycle 2 (n=3) consisted of first-year teacher candidates who had no
prior knowledge of argumentation. This group was deliberately selected because their lack of prior
argumentation knowledge allowed the effect of Al feedback to be observed more clearly, independent of
pre-existing knowledge. All of the necessary ethical permissions (Protocol No: 2025/10-XXVII) were
obtained and written informed consent was received from all participants prior to the study.

3.2.1. Cohort I (Cycle 1: AIAF Prompt Development and Validation)

They were a group of six second- and third-year PSTs who possessed prior knowledge of argumentation
theory, having taken the "Argumentation in Science Education." Their background was central to the first
cycle, in that their role was to critique, challenge, and authenticate the very first Al-given feedback and
prompts and provide expert-level commentary for system development. How the six participants who make
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up Cohort 1 were divided into two subgroups and the place of each subgroup in the implementation process
are summarized in Table 1.

Table 1.
Cohort 1 (Cycle 1) Participant Groups and Implementation Process

Group Number of Participants Scenario Purpose
Group 1 3 PST Earthquake scenario Pilot testing of AIAF's
audio/text feedback

functions; Detection of
code mismatches caused
by interruption and social
interaction

Group 2 3PST Vaccination scenario Validation of "merging
dispersed arguments "
and "interactive
argument" prompts

3.2.2. Cohort 2 (Cycle 2: Main Implementation with the Validated AIAF)

This cohort consisted of three first-year PSTs (PST-1, PST-2, and PST-3) who were at the initial year of
their teacher education. Unlike Cohort 1, they hadn’t taken the argumentation-based courses, and therefore
their initial experience regarding argumentation was minimal in comparison to others. This novice profile
was particularly selected for the main implementation to rigorously test the efficiency of the completed
AIAF with a new cohort of PSTs in enabling and promoting argumentation skill from a baseline level. For
anonymity and clarity reasons, the elaborate individual analysis in the following sections only presents the
analysis of the three Cohort 2 participants.

3.3. Data Collection Instruments
3.3.1. Semi-Structured Interviews

A semi-structured interview, developed by the researchers based on recent literature (e.g., Bauer et al.,
2023; Engeness & Gamlem, 2025; Zhou et al., 2024), was used to track changes in participants’ knowledge.
The guide touched on three topics: (1) views of Al (2) experiences of Al-facilitated feedback, and (3)
evaluation of the strengths and limitations of the AIAF. Pre- and post-interviews (approximately 30 minutes
each) were conducted, audio-taped, and transcribed verbatim. Some of the interview questions are
summarized in Appendix A.

3.3.2. Scenario-Based Argumentation Discussions

Two scenario-based tasks were developed-one in earthquake engineering and another one in vaccination.
Both were specifically constructed to guide PSTs through consideration of the crossing of technical
solutions with their socio-ethical implications, for instance, responsibility and equity. The science
component involved PSTs in assessing domain-level innovations such as "floating foundation" and "mRNA
technology" to construct arguments from scientific data. Upon exploring the social component, the
scenarios highlighted society's balances and justice issues. The earthquake scenario revolved around the
balance of cost versus building safety, and the vaccine scenario focused on the balance of choice and public
health advantages. Surely, these generated arguments regarding mandates for vaccines and access equity.
The scenario-based argumentation discussions were recorded using a voice recorder. The recordings were
transcribed into written text by researchers and compared with the original recordings for accuracy. This
process took approximately one day. The day after the transcription was completed, the participants were
invited to individual feedback sessions. The participants’ arguments showed distinct differences in length
depending on the level. Arguments at the basic level (Level 1) consisted of a single sentence and 4—6 words,
while the most developed arguments (Level 5) reached 2—3 sentences and 76 words. Arguments at the
intermediate levels (Levels 2—4) ranged from 2—3 sentences to 3454 words.
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3.3.3. Al-Generated Argument Analysis Reports

The AIAF generated automated analysis reports for each PST argument, from the refined prompts of Cycle
1. Two important data points were presented in the reports:

. The frequency of Toulmin argument components (warrant, data, claim, etc.).
. The argument’s quality according to the framework proposed by Erduran et al. (2004).

These reports were crucial to the computation of inter-rater agreement during the tool’s development stage
(Cycle 1) and served as the main quantitative data source for monitoring changes in argument structure and
quality between the first and second scenarios.

3.4. Cycle 1: Development and Validation of the AIAF
3.4.1. Design

In the first cycle of this study, the researchers focused on developing appropriate prompts for Al-powered
feedback. Prompts to be used with ChatGPT (GPT-4) are designed to evaluate argument components
(claim, warrant, data, etc.) and argument levels. The prompts consist of two dimensions. The first dimension
aims to determine the components of the argument, and the second dimension aims to evaluate the quality
of the argument. In this research, Toulmin's Argumentation Model (1958) was used for the argument
components dimension of claims. While some of the studies in the literature based on Toulmin's
Argumentation Model only consider whether the components are present (Diola et al., 2025; Lin & Mintzes,
2010), some of which have scored the quality levels of these components; that is, beyond whether the
student presented warrants or data, it was examined how detailed, clear and based on scientific principles
they were (Hardcastle et al., 2021; Schen, 2013). In other rubrics, alternative explanations and their ability
to refute opposing views were measured (Viyanti et al., 2017). In addition, classifications were made from
arguments containing only claims to advanced arguments containing multiple strong rebuttals using five-
level quality analyses (Fakhriyah et al., 2022; Oztiirk & Okumus, 2022). In this study, since it was
determined whether these components were present rather than the quality of the argument components of
the candidates, it was ensured that the artificial intelligence focused only on the components while writing
the prompts. For this purpose, ChatGPT (GPT-4), a pre-trained large language model, is directed to identify
the candidates' arguments through structured prompts for the pre-service teachers' arguments.

Erduran et al. (2004), argument level classification was used to evaluate the quality of the argument, which
is the second dimension of the claims developed using Toulmin's Argumentation Model (1958). To this
end, ChatGPT (GPT-4) is directed to conduct quality assessments through structured prompts for pre-
service teachers' arguments. In both prompt sets, ChatGPT was not trained, but only prompted. It was

decided to conduct trials to test whether the Al would give voice or written feedback while providing
feedback.

During the writing process of the claims, support was received from both field experts (faculty members of
the Faculty of Science Education, CEIT and Engineering) and people experienced in artificial intelligence
applications; claim writing principles (clear, specific, contextual, step-by-step, specifying length and depth)
have been clarified in line with these views.

3.4.2. Implementation and Initial Evaluation

In the first applications, group 1 of three pre-service teachers participated in a scenario-based discussion
using the scenario on earthquake. To pilot-test the AIAF's feedback functions, data from two of these three
participants were used: the Al first attempted to provide feedback to one pre-service teacher using its voice
response feature. Then, the written texts of the second pre-service teacher were uploaded to the Al-
supported feedback tool as a file, and the tool analyzed the students' argument components within the
framework of Toulmin's Argumentation Model (1958) and the argument levels according to the
classification of Erduran, Osborne, and Simon (2004).
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The voice response feature has been found to be under-functional due to its inability to accurately detect
conversations, generate inappropriate responses, and provide timely feedback. As noted above in the second
analysis, the functionality of the prompts was tested through written texts, and the deficiencies in the
feedback given by AIAF were determined. For this purpose, the similarity between the argument
components determined by AIAF and the researcher codes was calculated with percentage agreement. The
coding unit was determined as each sentence/statement in the speech transcripts and was independently
coded by two researchers according to the components of the Toulmin Argumentation Model (Claim, Data,
Warrant, Backing, Qualifier, Rebuttal). Percentage agreement is a metric often used in Al-human
comparisons. For example, Prescott et al. (2024) reported a 36—47% agreement between Al-human thematic
coding. Similarly, Lippi and Torroni (2015) examined the rate at which different coders similarly labeled
the same text in their argument mining studies and reported agreement of 58—67%, and in some cases 84%.

The percentage agreement between the AIAF and the researcher was calculated by dividing the number of
units agreed by both coders by the total number of units evaluated at that stage and multiplying by 100.
This formula was applied separately at each stage of the pilot testing process. In the sections that follow,
each reported agreement rate is presented along with the number of units agreed upon and the total number
of units assessed. In this study, it was found that the agreement rate between the AIAF and the researcher
was 97% when a student continued the participant's argument without interruption from the beginning to
the end of the speech. This rate is based on consensus in 97 out of a total of 100 units evaluated at this
stage. In this study, the agreement rate between AIAF and the researcher was found to be 97% only when
a student formed an argument by continuing the conversation from the beginning to the end without
interruption. However, it was observed that when a student's speech was interrupted by another student in
the written text, AIAF did not include the argument components of the first speaking student in the analysis.
Therefore, in such cases, the agreement rate between AIAF and the researcher has decreased to 29.76%.
This rate is based on consensus in 25 out of a total of 84 units evaluated at this stage. On the other hand, it
was determined that when a student contributed to another student's argument or presented a dissenting
opinion during the speech, the AIAF did not include these contribution components in the analysis. For
example, a participant's statement in support of a data previously presented by a peer was not identified by
the AIAF as a separate argumentative contribution, but human coders identified it as a supporting
component linked to the ongoing discussion. This has led the tool to consider only individual statements,
leaving out argumentative elements arising from social interactions. At this stage, the percentage of
agreement between AIAF and the argument components determined by the researcher was found to be
72%. This rate is based on consensus in 144 out of a total of 200 units evaluated at this stage. Coding
differences between researchers (e.g., disagreements such as whether a component should be considered
separate or combined) were discussed and consensus was reached, and the prompts directed to the AIAF
were updated in the process. Due to this ratio, the accuracy of the feedback on the quality of the argument
could not be calculated.

3.4.3. Revision

In addition to using the voice response feature of the AIAF, group discussions were tape-recorded,
transcribed, and Al was asked to generate feedback based on text transcripts. Nevertheless, listening to the
text feedback in audio form remained optional to the participants.

In the initial analyses, the system treated every sentence as an independent unit, regardless of its length or
complexity; this led to misclassifications, particularly in the case of long, multi-component arguments that
spanned multiple sentences. The tool prompts were altered in two stages. Initially, a new prompt titled
"merging dispersed arguments" was developed. This prompt requested the Al to recognize that components
of the same argument might be spread across various sentences, to consider inter-sentential relationships,
and to assemble all components belonging to one argument. Following the initial update, the updated
prompt was validated using a total of 25 argument components derived from the discussion data of a pre-
service teacher in group 2. The agreement rate between AIAF classifications and researcher coding was
calculated as 96%. This rate is based on consensus in 24 of the 25 units evaluated. It should be noted that
this agreement rate reflects the agreement between the AIAF's automated coding and the researcher's
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manual coding, and is a different metric from the inter-investigator reliability reported in the thematic
analysis section. Percentage agreement was preferred as the metric because it allows for direct comparison
with the sample sizes and results reported in previous Al-human comparison studies (Prescott et al., 2024;
Lippi & Torroni, 2015) were preferred because they were directly comparable. This improvement enabled
the tool to analyze a participant’s argument more comprehensively. Subsequently, to include peer
interactions in analysis, another prompt called "interactive argument" was added. This prompt was added
to recognize a PST’s contribution to, or counterargument against, other PST’s arguments as new elements
of an argument. Following this revision, the percentage of agreement between the argument components
identified by the written AIAF and those ascribed by the researcher had climbed to 98.51%. This rate is
based on consensus in 132 of the 134 units evaluated. The final agreement rate (98%) exceeds the ranges
reported in prior Al-human comparison studies (36—47%, Prescott et al., 2024; 58—84%, Lippi & Torroni,
2015), suggesting that the revised AIAF prompts achieved a notably higher level of coding accuracy. As a
result, it became possible to study arguments built in discussion situations as a whole, involving individual
and social interaction levels. This revised prompt was then tested using data from the same group of three
pre-service teachers, who took part in a discussion on the vaccine scenario at a later point in time, with their
conversations being recorded and added to the AIAF. The system was shown to be capable of accurately
analyzing both individual arguments and peer conversation. Following the revision phase, full agreement
was achieved between the AIAF and the researcher on all 28 arguments, which were evaluated according
to the argument level typology of Erduran et al. (2004). The results that were gained during this cycle
indicated that analysis of both argument components and argument levels had reached a satisfactory level
to be included in the application during the second cycle.

3.5. Cycle 2: Main Implementation with the Validated AIAF
3.5.1. Design

In the second cycle, the goal was to utilize the prompts created and tested in the first cycle to allow the Al
to have a conversation with participants and offer individualized feedback. This cycle was carried out with
the new group of participants (Cohort 2), who were first-year PSTs.

3.5.2. Al-Supported Argument Feedback Session

After loading the participants’ argument transcripts onto the AIAF, each participant was provided with a
personal feedback session according to a step-by-step protocol. The session began with an introduction to
basic concepts of argument and argumentation, followed by an introduction to Toulmin’s Model and
Erduran et al.’s (2004) proposed levels of argument quality, which were discussed with detailed examples.
PSTs’ own arguments were then mapped onto Erduran et al.’s levels and Toulmin components, for instance,
highlighting a statement as "Level 2: Claim, Data, Warrant." The argument level assessment was performed
automatically by the system. To enable onward development, an example of argument demonstrating
development to the next level (e.g., Level 3) was provided. The session concluded with multiple-choice
questions, together with follow-up questions to assess understanding more extensively. A sample copy of
this feedback mechanism is included in Appendix B.

At the end of the implementation, PSTs were given a comparative development report and motivation tool-
a graphical report comparing their performance on the earthquake and vaccine scenarios side-by-side, with
the breakdown of argument levels and overall development assessment. Appendix C presents the entire
framework for argument development assessment and supportive feedback.

3.5.3. Personalized Action Plans

Following the feedback session, the Al generated personalized action plans along two main axes: Individual
Development Suggestions (e.g., writing short arguments from current news, keeping an "argument journal")
and Collaborative Development Suggestions (e.g., engaging in discussions by assuming different roles like
claim defender or opponent, evaluating peers’ arguments). Appendix D presents actual samples of the
personalized action plans. The plans were tailored to each participant’s level of argumentation and areas
needing improvement. Each plan included two components: concrete example statements illustrating the
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area needing improvement, and actionable steps to develop that skill. This allowed participants to clearly
see both what they needed to improve and how to go about doing so. A before-and-after example of the
argument development process of PST-3, one of the participants, is presented in Appendix E.

3.5.4. Evaluation and Revision

Individual post-interviews were conducted to elicit participant views on the AIAF process, the ease of
understanding of the comparative report, and the viability of the individual action plans. Both qualitative
and quantitative data obtained were used in experimenting with the feasibility of the design. The results of
the evaluation indicated that the AI dialogues enabled individual interaction and growth. However, to
further develop critical thinking capabilities, it was identified that the action plans needed to be augmented
with more concrete examples and more applicable to day-to-day life scenarios. Thus, the Al prompts were
redesigned for a final time to provide PSTs with strategic questions for group debate and more direct activity
prompts for individual study.

3.6. Data Analysis

The first, third, and fourth research questions were examined using thematic analysis (Braun & Clarke,
2006; Finlay, 2021). The audio recordings of the interviews were transcribed verbatim and the analysis was
carried out manually. The analysis focused only on interview data directly related to the experiences and
perceptions of pre-service teachers regarding the Al-powered feedback process. Accordingly, only data
segments that address these experiences and perceptions are included in the thematic analysis. Through an
inductive approach, the two researchers read the transcripts repeatedly, primarily to gain an in-depth
exposure to the data, creating data-driven initial codes without adhering to predetermined categories. The
coding unit was defined as the smallest piece of text (unit of meaning) that expresses a single idea,
experience, or assessment related to research questions. When a participant expressed more than one
independent opinion within the same response, each was treated as a separate coding unit.

The dataset encompasses nine transcripts from two separate sets of interviews with three Cycle 2
participants: six pre- and post-implementation interviews that feed into the theme of "Reconceptualizing
AlL" and three follow-up interviews that feed into the theme of "PSTs' Experiences and Views on the
AIAF." A total of 186 meaning units were identified in the entire dataset, 92 of which were within the scope
of the first theme and 94 of them were within the scope of the second theme. The data were analyzed for
each pre-service teacher in turn, starting with the first participant. After each participant's data was coded,
the resulting codes and candidate themes were continuously compared with those identified in previous
transcripts. Following the analysis of the third participant, no new code or theme emerged, and the existing
coding framework was found to adequately reflect the full range of participant experiences. For this reason,
data collection and analysis for this cycle were terminated, and data saturation was accepted (Fusch & Ness,
2015).

Inter-coder reliability between the two researchers was evaluated separately for each theme by percentage
agreement method, taking into account the nature of the coding unit and the limited sample size. Agreement
was calculated as 93% for "Reconceptualizing AI" and 91% for "PSTs' Experiences and Views on the
AIAF", with an average agreement rate of 92% across the dataset. This value represents only inter-coder
(human) agreement and should not be confused with the agreement between the Al Argumentation
Feedback (AIAF) classifications and researcher coding reported in section 3.4.3. Coding discrepancies,
which were limited in number, were resolved through discussion until consensus was reached through
discussion. The agreed coding framework was then used to organize conceptually related codes into broader
categories and to develop candidate themes from these categories. These themes have been reviewed
iteratively, comparing them with both coded citations and the entire dataset, to ensure internal coherence,
clear separation between themes, and alignment with research questions. The thematic structure was refined
until the final themes accurately reflected participants' experiences of the Al-powered feedback process.

To answer the second research question, a three-stage analysis integrating quantitative and qualitative
methods was employed. In the first stage, the arguments of the pre-service teachers were classified
according to the five-step argumentation levels framework developed by Erduran, Simon and Osborne

518



JETOL 2026, Volume 9, Issue 3, 509-536 Yildiz-Feyzioglu, E. & Aymak, S.

(2004) by the Artificial Intelligence-Supported Feedback tool (AIAF). In this context, Level 1 represents
simple arguments consisting only of claims, and Level 5 represents multi-component high-level arguments
that take into account opposing views and include rebuttal and qualitative elements. These classifications
created by artificial intelligence were verified by the researchers and included in the analysis process.

In the second stage, the Average Level Score (ALS) was calculated in order to determine the general
argumentation tendencies of the teacher candidates. In this process, looking only at the number of
arguments was not considered sufficient to reflect the development of the candidates; because this approach
ignores the quality level of the components. Indeed, although more argument components were produced
in the earthquake scenario and fewer in the vaccine scenario, this quantitative difference alone cannot
explain the change in the quality of the arguments. For this reason, ALS was calculated using coefficients
corresponding to each argument level (Level 1=1 point, Level 2=2 points, ..., Level 5=5 points); the total
score obtained in each scenario was divided by the number of arguments in the relevant scenario and the
average argumentation level of the teacher candidates was determined.

To examine qualitative development, argument components (claim, data, warrant, counterargument, etc.)
were thematically analyzed; warrants were categorized as functional/economic/health-based, and
counterarguments as superficial/multidimensional. In order to increase the validity of the analyses, direct
student quotations from the discussion transcripts were also included in the analysis process. These
quotations illustrated the most prominent examples of low, medium and high-level arguments from each
participant in different scenarios. Reliability was assessed through independent coding by two researchers,
and as a result of this process, agreement was achieved at rates of 93% and 91% (average 92%).

As the study was conducted in accordance with the cyclical structure of DBR, the data obtained not only
revealed the strengths and weaknesses of the current process but also informed the development of design
principles to guide subsequent cycles. These principles, derived from the experiences and views of teacher
candidates which were grounded in patterns directly emerging from the data, provided actionable
recommendations for improving the system.

4. Findings
4.1. Reconceptualizing Al: From a Tool of Utility and Risk to a Complementary Aid

PSTs’ perceptions of artificial intelligence (Al) were mixed in the early stages; they saw its potential but
expressed serious concerns about reliability and long-term effects. Its value was emphasized by PST-1,
who stated that "it makes assignments and can also prove useful for experiments in calculations." PST-2,
on the other hand, took a contradictory approach, saying "artificial intelligence makes me happy because it
makes my job easier... but when I think about the future, it scares me." On the other hand, PST-3 drew
attention to the reliability problem of artificial intelligence and expressed its concerns with the words "it
can make reliability and accessibility nervous". Following the intervention, the PSTs' attitudes evolved
toward one that was more pedagogically sophisticated and balanced. They have always positioned Al as an
adjunct to teachers rather than as a substitute for them. PST-1 was insistent, "it cannot replace the teacher,
but it can complement," an opinion precisely stated by PST-2: "Al-supported feedback cannot replace
teacher feedback; it can only be a complement." PST-3 also supported this stance, stating that "it has to be
seen as a complementary tool; it cannot replace the teacher." While reliability and passivity continued to
be issues, they were now formulated in terms of Al as a second and secondary function to human command.

4.2. Changes in PSTs’ Argumentation Levels

As shown in Table 2, the number of arguments at the lowest level (Level 1) decreased markedly from the
earthquake scenario to the vaccination scenario (from 13 to 8), whereas the number of arguments at the
highest level (Level 5) more than doubled (from 1 to 3) over the same transition. These findings suggest
that pre-service teachers move away from superficial claims and turn to more advanced arguments that take
into account opposing views and include a rebuttal component. The limited decline in arguments at the
intermediate level (Levels 2 and 3) and the constancy at Level 4 suggest that this development has occurred
in a gradual and balanced manner. In addition, although the number of arguments decreased from 28 to 23
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in total, the increase in the Average Level Score (ALS) from 2.04 to 2.48 indicates a qualitative progress.
This finding suggests that this progress in argumentation quality, together with content differences between
scenarios and other instructional elements used in practice, could be one of the possible contributions of
Al-supported feedback.

Table 2.

Argument Level Distribution and Average Level Score Across Scenarios

Argument Level Earthquake Scenario Vaccination Scenario
Level 1 13 8

Level 2 7 6

Level 3 3 2

Level 4 4 4

Level 5 1 3

Number of Arguments 28 23

Average Level Score 2.04 2.48

Table 3 details the changes in the individual PSTs’ ALS values from the earthquake scenario to the vaccine
scenario. Although the ALS of every PST rose from the earthquake scenario to the vaccine scenario, the
outcome revealed the change among the individual PSTs happened at various levels. For instance, PST-2
indicated the greatest level of enhancement from 2.00 to 2.57, then PST-3 from 1.89 to 2.38, and lastly
PST-

1 from 2.25 to 2.50. This development may also reflect the potential contributions of Al-supported
feedback, along with the differences between the scenarios and other instructional elements included in the
implementation.

Table 3.

Individual participants’ development in argumentation levels

PSTs ALS (Earthquake) ALS (Vaccination)
PST-1 2.25 2.50
PST-2 2.00 2.57
PST-3 1.89 2.38

4.2.1. Argumentative Development: Analysis of the First PST

In the earthquake and vaccine scenarios, some of PST-1’s arguments are low-level constructs consisting of
claims, data, and warrants. In the earthquake scenario, the statements “buildings will be needed” and in the
vaccine scenario, “something that has increased life expectancy” reflects this situation. Therefore, both
arguments have been evaluated at Level 2. At this level, the warrants are formulated as “functional and
architectural aesthetics” in the earthquake scenario and “life span extension due to protection from diseases”
in the vaccine scenario.

In both scenarios, PST-1 diversified the argument components by comparing advantages and disadvantages
and using counterarguments. In the earthquake scenario, "the advantage is that it is suitable for today’s
architecture and more durable; the disadvantage is the cost. If this system is implemented in most places,
the cost will decrease. “This explanation contains the components of claim, data, warrant, counterargument
(“high cost”), and qualifier (“if this system is implemented in most places") and corresponds to Level 3.
Here, the warrant is explained in economic terms; the counterargument points to the cost disadvantage,
while the qualifier indicates a conditional possibility.

PST-1’s strongest arguments were again observed in the earthquake scenario. "This project I'm talking
about is a whole package... The system in Project 1 may not work or may not be properly monitored. But
the pendulum is already a constantly swinging structure..." contains the components of claim, data, warrant,
refutation, and support, and is positioned at Level 4. Here, the warrant is based on technical operation, the
refutation on the lack of control of the system, and the support on the durability of the pendulum structure.
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In the vaccination scenario, the statement “I also agree to be vaccinated... I was saved thanks to my tetanus
shot... I’ll wait a year or two for the new vaccine” combines claim, data, warrant, qualifier, and
counterargument, reaching Level 5. The warrant is based on personal experience; the refutation is a cautious
approach, and the qualifier contains a conditional statement.

Overall, it was observed that PST-1 constructed medium-level arguments in the earthquake scenario and
more advanced, multi-component arguments in the vaccine scenario, showing significant progress,
especially in the vaccine scenario.

4.2.2. Argumentative Development: Analysis of the Second PST

In discussions based on earthquake and vaccine scenarios, many of PST-2’s arguments are low-level
constructs based on limited components. In the earthquake scenario, the statement “I also chose the first
project because it starts immediately within half a second during the tremor...” is an example of this
situation; in the vaccine scenario, the statement “I thought vaccines were important in terms of herd
immunity... but they may not have the same effect on everyone” is another example. Since both arguments
only contain claim and warrant components, they were evaluated at Level 2. In the earthquake scenario, the
warrants are “functional and one-dimensional” (e.g., quick response), while in the vaccine scenario, they
are based on “herd immunity.” No counterarguments were observed at this level, and qualifiers were
limited. Supporters in the earthquake scenario leaned toward “subjective” (“I think it’s a good advantage”)
warrants, while those in the vaccination scenario leaned toward ‘concrete’ (“infant vaccination still
protects”) warrants.

In both scenarios, PST-2 increased the variety of arguments by using advantage-disadvantage comparisons
and counterarguments. The statement in the earthquake scenario, “It is more affordable than the third
project in terms of cost... the only disadvantage is in terms of durability,” demonstrates Level 3 by including
claim, data, and counterargument components. The warrants are economic, and the counterarguments are
superficially focused on “durability.” In the vaccine scenario, the statement “You watch those who get
vaccinated... | would observe whether the vaccine worked” corresponds to Level 3 again with observation-
based data. At this level, the earthquake warrants are “economic-practical” and the vaccine warrants are
“observational-empirical.”

High-level arguments were observed in both scenarios. In the earthquake scenario, cost- and feasibility-
based explanations were supported by refutations that acknowledged opposing elements, exhibiting a
structure approaching Levels 4-5. In the vaccine scenario, the statement “Vaccine opponents... but they can
be persuaded with numerical data” is at Level 5, containing a claim, data, warrant, and multiple refutations.

Overall, PST-2 showed consistent progress between Levels 3 and 5 in the earthquake and vaccine scenarios,
with a decrease in superficial structures; warrants developed in an “economic” manner in the earthquake
scenario and in a “social and data-driven” manner in the vaccine scenario.

4.2.3. Argumentative Development: Analysis of the Third PST

In earthquake and vaccine scenarios, some of PST-3’s arguments are low-level constructs based on limited
components. In the earthquake scenario, the statement “I remember shock absorbers being used in Japan...”
consists solely of a claim, while in the vaccine scenario, the statement “I think quality of life will improve
and contagion will decrease” contains a claim, reasoning, and data, but no counterarguments. Therefore,
the statements were evaluated at Level 1 and Level 2, respectively. The low-level warrants are based on
“personal observation” in the earthquake scenario and “social benefit” in the vaccine scenario. While there
are no refutations, the qualifiers are limited, and the supporting elements are subjective.

As the process progressed, the argument components of PST-3 diversified. In the earthquake scenario, the
statement “The average cost... is 250 kg per square centimeter... | can say that as a disadvantage™ is at Level
3, containing a claim, data, warrant, and a weak counterargument. The warrants are based on “technical-
economic” factors, while the counterarguments are based on “lack of resilience.” In the vaccine scenario,
the statement “I saw that mercury, ether, and aluminum were used in vaccines but are no longer used” is
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also at Level 3. Here, the warrant is “information comparison,” while the counterargument is directed at
“current safety practices.”

In high-level arguments, PST-3 has taken opposing views into account. In the earthquake scenario, the
statement “Our friend PST-1 is right... but not all buildings are the same size, so the first project may be
logical” is at Level 4, refuting the opposing view and containing a conditional qualifier. In the vaccine
scenario, the statement “80% have been vaccinated, 363 people have fallen ill... we need to talk about the
data” is a strong Level 4 structure based on statistical data.

The most advanced arguments were seen in Level 5. In the earthquake scenario, the statement “The first
project is weak in terms of resilience... when calculated with the coefficient, the difference increases.” was
used, while in the vaccination scenario, the statement “The disease is not the same as it used to be... there
is a greater need for vaccination due to population, GMOs, and pollution.” was used. This last argument
represented the highest level with multiple reasons, supporting data, and two counterarguments.

In general, PST-3 transitioned from low-level structures to statistical, multifaceted, and counterargument-
based arguments; it developed technical-economic reasons in the earthquake scenario and health and social-
based reasons in the vaccine scenario.

4.3. PSTs’ Experiences and Views on the AIAF

Findings indicate that artificial intelligence-supported feedback (AIAF) may have contributed to the
development of metacognitive awareness toward argument analysis skills among preservice teachers.
Participants stated that the tool allowed them to "see aspects they hadn't noticed before" and to identify
their "gaps in counter-arguments." One participant noted that this awareness translated into a concrete
development plan, saying, "I will construct more cautious arguments in future discussions by using stronger
counter-arguments."

The system's "instant response" and interactive dialogue structure were among the most appreciated
features. The text-to-speech feature provided participants with a "more intimate and focused environment."
As one participant highlighted, the system's "continuous questioning on incorrect answers" facilitated
learning. The individual action plans presented to the candidates were effective in forming these opinions.
The following statement of PST-2 embodies the contribution of individualized feedback to learning:
Analyzing my own sentences and the fact that the analysis was specific to me helped me understand the
concepts better." PSTs predicted that this technology could serve as supportive aid in "regular group work"
and "peer discussions" in the classroom. However, criticisms directed at the current system suggesting it
"feels like it's repeating the same things to everyone" and that it should offer "more personalized
suggestions."

Despite these positive features, participants agreed that Al cannot replace teachers. Comments such as
"Teacher feedback is more effective; Al can only be an assistant" and "receiving feedback from someone
you are constantly interacting with is more realistic" highlighted that technology can only have
complementary value in a holistic learning environment guided by a teacher.

5. Discussion

Research findings showed that teacher candidates' perceptions of feedback evolved from being a functional
tool to gaining a pedagogical and emotional dimension. The perception of artificial intelligence (Al) shifted
from the initial benefit-risk dilemma to positioning it as a complementary support. A qualitative
improvement in the participants' argument of quality was observed. While speed, interaction, and
motivation emerged as Al's strengths, lack of personalization and repetitive expressions were identified as
areas for improvement. These results highlight the potential and limitations of integration.
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5.1. Positioning Al in Education: From Ambivalent Technology to Complementary Tool

With respect to attitudes towards artificial intelligence, PSTs initially had a combination of hope about its
potential usefulness and fear of potential harm. When the intervention ended, they consistently reinterpreted
it as a supportive tool that maximizes but does not substitute for the instructor.

PSTs’ perception of artificial intelligence (AI) has evolved from an initial benefit-risk dilemma to viewing
it as a complementary support tool. Thanks to personalized and interactive feedback, PSTs have moved
beyond seeing Al as an uncertain technology and now define it as a functional partner that contributes
pedagogically. PSTs view artificial intelligence’s facilitation of access to information positively. This
finding aligns with the study by Alejandro et al. (2024). That study also found that positive attitudes toward
artificial intelligence are reinforced, particularly by perceptions of ease of use and usefulness. However,
candidates also express concerns about the diminishing role of teachers and the devaluation of the
profession. Haseski (2019) points to a similar pattern, showing that teacher candidates simultaneously
express expectations of benefit and concerns about the devaluation of the profession. While previous
research generally depicted the current acceptance levels and determining factors of pre-service teachers,
this study revealed that pre-service candidates' initial perceptions of uncertainty and anxiety-oriented
transformed into a perception of a complementary tool that contributes to the teaching process through
experience.

5.2. Advancing Argumentation: A Qualitative Leap in Reasoning

The research reveals that teacher candidates construct simple arguments on the topic of earthquakes and
advanced arguments based on health, society, and science on the topic of vaccines. The use of various
refutations and qualifiers in the vaccine scenario has increased the candidates' high-level argumentation
skills. Previous studies in the literature offer different results. It was determined that the candidates could
not produce high-level arguments on vaccine, curfew and distance education, which they directly
experienced in many areas of daily life such as education, social life and health (Atabey, 2021). On the
contrary, it was revealed that the candidates produced higher-level arguments about topics that they were
more familiar with or had prior knowledge about through news, social media, and TV advertisements
(Khishfe, 2025). In this study, the previous level of familiarity of the participants with earthquake and
vaccine scenarios was not directly measured. Thus, part of the improvement in the quality of arguments
observed may have been due to the fact that participants became more familiar with the vaccine scenario
through their daily lives (news, social media, health discussions). Additionally, the two scenarios differed
in content, which may have caused the candidates to reach different levels of arguments. Due to the
socioscientific nature of the vaccine scenario, candidates may have been able to find their justification more
easily (Tang et al., 2025). This may explain the fact that despite the decrease in the number of arguments,
the arguments have become more qualified.

Throughout the implementation process, it was observed that the candidates developed more qualified and
multidimensional structures in their arguments. It is thought that artificial intelligence-supported feedback
may contribute to this process. The tool analyzed the components, illustrated strengths and weaknesses with
examples, and offered strategies. The feedback process unfolded in three stages. In the first stage,
participants were shown, in concrete terms, in which areas they needed to improve so they could identify
their missing components. In the second stage, the system presented participants with model arguments by
illustrating the target argument component. In the third stage, action plans tailored to each participant’s
profile clearly showed them what to do in the next argumentation process. This three-stage structure ensured
that feedback served not only an evaluative but also a guiding function. It was observed that this three-stage
process coincided with the participants moving away from superficiality and establishing argument
relations more consciously. It is considered that the personal action plans and exercises presented may have
served as a support for critical thinking and may have contributed to the production of high-level arguments.
These findings follow a similar direction to recent studies where Al-driven feedback was correlated with
pre-service teachers' argument levels. Ba et al. (2025) found that the feedback provided through ChatGPT
contributed to candidates' shift from one-dimensional claims to multi-component arguments supported by
warrant and rebuttal elements during their debate process. Similarly, the ArgueBot system, developed by
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Wambsganss et al. (2021), has achieved a gradual advancement in argument quality through instant
feedback.

However, some studies show that the effects are not equally strong in all dimensions. Guo et al. (2024)
reported that while they observed improvement in students' use of arguments and warrants in chatbot-
supported classroom discussions, there was no significant progress in counterargument and rebuttal skills.
Duran (2024) conducted research using tools such as ChatGPT, Gemini, Claude, and Mistral, showed that
pre-service teachers structured their claims and data more strongly, but some of them leaned towards
superficial explanations rather than in-depth warrant. Scheuer et al. (2010) emphasized that computer-
assisted argumentation environments improve argument skills, but this effect is limited without teacher
guidance. Additionally, Wambsganss et al. (2022) revealed that the ArgumentFeedback system contributes
to students' development of more persuasive and high-quality arguments, but its use may be limited without
human guidance due to the algorithm's occasional emphasis on incorrect components. Therefore, the
literature generally shows that Al-assisted feedback improves the quality of arguments, but this effect may
be limited depending on context, pedagogical prompts, and individual differences.

While a decrease was observed in the number of arguments produced by the candidates in the transition
from the first to the second scenario, a significant progress was made in the quality of these arguments.
This suggests two possible explanations. Firstly, the Al-powered feedback tool may have helped candidates
address their shortcomings and encouraged candidates to deepen their arguments through their individual
feedback. This is in line with the idea that it may be more effective to design artificial intelligence as a
supportive partner that systematically develops and advances human thoughts rather than a "creativity
trigger" that produces different ideas in human-artificial intelligence joint production (Komura & Yamada,
2026). Second, candidates may have omitted weak arguments so as not to diminish the persuasive power
of a strong argument (Obermaier & Koch, 2024). Therefore, these findings should be interpreted with
caution, as they align with other studies reporting that Al-based feedback is not equally effective across all
argumentation components. This preference for teacher support, as reflected in participants' comments (see
Section 1.4), may be attributable to the fact that Al interaction follows a standardized structure, applying
instructions uniformly rather than adapting to each individual's specific needs (Farrokhnia et al., 2026). The
findings suggest that Al-powered feedback may have contributed to the quality of arguments; however, this
effect appears to vary based on context, pedagogical guidance, and individual differences.

This study revealed that PSTs found Al feedback valuable in terms of speed, interaction, and motivation,
but perceived lengthy explanations and lack of personalization as limitations. These results are in line with
similar findings in the literature. As a matter of fact, Jho and Ha (2024) stated that the ChatGPT-based
feedback system contributed to their recognition of argument components, but due to their lack of
personalization, students saw feedback as a complementary tool rather than a guiding tool. Similarly, Kim
et al. (2022), emphasized that while Al-powered prompts enhance students' argument quality, the process
cannot be fully personalized due to out-of-context suggestions and technical limitations. Alawad (2025)
reported that while significant improvements were observed in students' consecutive written assignments
due to Al-powered feedback, their opposing arguments remained weak. Liu and Cui (2024) showed that
the use of claims, warrants, and rebuttals increased in ChatGPT-powered group discussions; however, since
it is not a substitute for natural human interaction, it has revealed that students see the tool as a supporting
element. Similarly, Nguyen and Barbieri (2025) noted that while large language models excel in
recognizing claims and support elements in arguments, they fail to rebuttal and provide detailed warrants,
making their outputs repetitive and devoid of personalization. When these findings are evaluated together,
it 1s seen that artificial intelligence-supported feedback brings speed, diversity and motivation to the
learning process; however, it is clearly seen that it cannot replace teacher feedback both individually and
in a group context. Therefore, the candidates' positioning of such tools as functional but complementary
coincides with the pedagogical and affective limitations revealed in the literature.
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6. Conclusion and implications

Based on these findings, we present four data-based design principles for future Al feedback software like
AIAFS. First, Al systems should analyze arguments holistically, not just at the level of individual sentences,
but by gathering scattered statements throughout the conversation to provide feedback. This approach
prevents fragmented feedback and ensures the student's argument structure is evaluated accurately. This
principle, refined during Cycle 1 of this study, is critical to prevent fragmented feedback and ensure a more
accurate assessment of a student's overall argumentative structure, thereby addressing the limitation of
superficial analysis highlighted by Guerraoui et al. (2023). Second, effective systems should provide
concise and personalized suggestions tailored to the individual's learning needs. This directly addresses the
limitations identified by our participants and supported by Htaw et al. (2024), moving beyond generalized
patterns to provide truly personalized learning pathways. Third, the system's capacity for persistent,
dialogic interaction (e.g., follow-up questions after incorrect answers) was a key motivational driver. Future
designs should prioritize this supportive and engaging communicative style to sustain engagement and
foster a positive learning environment. Fourth, the tool's effectiveness depends on its speed and ability to
provide immediate support for the learning process. Beyond these four principles, it is also essential that
such tools be positioned as a teaching companion rather than a substitute for the teacher, in order to prevent
the devaluation of the teacher's role. It should be noted that the findings of this study were derived from an
exploratory DBR cycle conducted with a limited sample. The design principles and preliminary findings
obtained are currently being tested in a comprehensive study being conducted with a larger group of
participants using a pre-test—post-test design. It is recommended that future research validates these
principles in different contexts and with larger samples.

7. Limitations

The small sample of nine PSTs from a single Turkish university is limiting in terms of generalizability but
facilitated rich qualitative insight. Another limitation of the study is that the data saturation was obtained
with a limited sample (three participants). The fact that no new code or theme appears after the third
participant suggests that saturation has been reached. However, this result is not conclusive because the
sample is small. Additional findings may occur in a larger sample. Therefore, it is recommended that future
studies confirm this finding with larger samples. The tight emphasis was on argument structure, eschewing
scientific correctness, and other aspects. Ecological validity was compromised through short-term
extracurricular application. Finally, the findings relate to the specific strengths of the GPT-4 model and its
prompts, emphasizing the technology-dependent nature of the findings.
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Appendix A: Interview Protocol

General Experiences and Perceptions Regarding Artificial Intelligence

1. What are your feelings about artificial intelligence? (e.g., It makes me anxious, it makes me
happy because it makes my work easier, it frightens me, etc.)

2. What are your thoughts on the concept of artificial intelligence?

3. What do you think about the role of artificial intelligence in education? Why?

4. Do you think AT applications will affect the teacher's workload positively or negatively? Why?

532


https://doi.org/https:/doi.org/10.1016/j.compedu.2019.103668

JETOL 2026, Volume 9, Issue 3, 509-536 Yildiz-Feyzioglu, E. & Aymak, S.

5. When you consider Science class and Al applications together, what potential contributions
could Al make to this subject?

6. Considering the content of the Science class, in which topics could Al be more beneficial?

7. If you were a teacher, what kind of feedback would you prefer? Would you prefer the feedback
you would provide to your students, or the feedback provided by AI? What could be the
advantages and disadvantages of these two different types of feedback for a teacher?

8. Now, please answer this from a learner's perspective. Which type of feedback would be more
useful for you: Al feedback or teacher feedback?

9. Do you think Al-supported feedback can replace the feedback provided by teachers, or should
it be viewed as a complementary tool?
Views on Effectiveness of AI-Supported Feedback

10. How would an educational environment that includes Al feedback affect students' participation
rates in activities and the quality of instruction?

11.  If Al defended a counter-argument against your own argument, what would your reaction be?

12. Can Al feedback be used to support peer feedback? If so, how could it be used?

Evaluation from the Pre-service Teacher Perspective

13.  As a future teacher, do you think you could use Al in your students' learning processes? (e.g.,
for classroom management, curriculum)

14. What do you think are the advantages and challenges of using Al-supported feedback to identify
your students' individual learning needs?

15. How do you think Al-supported feedback will influence student achievement?

16. In your opinion, which is more likely to actively encourage student self-assessment: Al feedback
or teacher feedback?

17. Do you think your students would take initiative and set learning goals in Al-supported studies
and feedback environments?
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Hog geldin Eren! @

Bugn seninle birlikte daha dnce grup calgmasinda kurdugun argOmanlar:
degeriendirmek degil, argOman kurma ve geligtirme becerini desteldemek.
kavramlan birlikte gdzden gegirecegiz. Hazwsan baglayakm!

@ Once "argliman® ve "argiimantasyon” kavramlanmni tanryaim

* ArgOman, bir fikri savunmak icin olugturulan ve deyanaklarla desteldes
sOylersin ve bunu neden sdyledigini agidarsin,

* Argimantasyon ise bu argimans kurma sOrecidic. Bir iddiay savunurk
bilegenlerle nasil tartigtigu gosteric

Ornek vereyim:

£ *Deprem boigelerinde sarkag g0cO projesi kullarimak (iddia) ¢OnkO be

(gerekce) ve deprem giddetine karg en yOksek direnci saglar (veri).”

Bu aynmi anladin mi? Hazwsan Toulmin modeline gegelim mi?

Appendix B: Sample AI-Supported Feedback Interaction with PST-1

Hello, | am Eren,

Welcome Eren] &

Today, we will look at the arguments you previously developed In your group
work. Our goal ks not to evaluate you, but to support your ability to construct
and develop arguments. For this, we will first review some fundamental
concepts together. If you're ready, let's begin!

@ First, let’s get familiar with the concepts of ‘argument' and
‘argumentation";

* An Argument is a statement formed to defend an idea and Is
supported by grounds. In other words, you state an opinion and
explain why you are saying It.

= Argumentation is the process of constructing this argument. It shows
how you debate an assertion using data, warrants, and other
components.

Let me give an example:

® “The seismic isolation (pendulum power) project should be used in

earthquake zones (claim) because it increases durability in large buildings

(warrant) and provides the highest resistance against earthquake

intensity (data)” Did you understand this distinction? If you're ready,

0P - shall we move on to the Toulmin model?
B2 Argtman @ 1. Argument
= Sentence:
N © eyt e e radere Geh @ WP Gute ey Se e de bl e - mnw'cm"“mw Wmumu‘ﬂ'm,

N A T o P et bt eeaia s e b A gt g b b o P -

- R b

47 Temiberms Bileyeniert

O e e gy e Bee L e e he b R e
I i

P Beeles s ebe cw meme e e el e Ao

L] sevope Dwge (Ve Seman & O 2004)
[ - R
L e g mate wiea et e GETORLE e e e e G

7 Sevige Su Vuksettrmet b

R Ve

wider buildings, Since the human population is
increasing today, there will be a need for larger
buildings, like bigger skyscrapers, and today's aesthetics
and architecture already reflect this.

7 Toulmin Components:
« Claim: The reason | chose the third project is its use in
larger buildings.
« Data: The human population has increased, and there is a
need for larger buildings,
« Warrant: Today's aesthetics and architecture also reflect
this.

ul Level Assessment (Erduran, Simon & Osborne, 2004):

£ Level 2

Because the argument includes a claim, data, and a warrant,
but there is no rebuttal.

“+ To Raise to Level 5: By adding another sentence of yours,
we could say this: ‘Some people might think this system is
costly (rebuttal) but considering the increasing population

P by s — — g
A e e Pt e a8 b N M ot =t G p e b b A e -
o ——

P P b See s e G e SRAe ey wd e baemge b o ey

and need for construction under today's conditions, this cost
is at a level that can be met (rebuttal).'
Thus, multiple rebuttals are added, and Level 5 is reached.
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Hog geldin Eren! @
Bugain seninle birlikte daha Gnceki grup

kurdugun b

degil, ini nasil
baslangi seviyene. sonva ag i her bir ek en son olarak da
geligimini gosteren tabloya ve kisa Hazirsan Q
[l Eren - Argiiman Kalitesi Kargilastirma Tablosu
Seviye Deprem (i) gt (Gancel - Belgede)
Seviye 1 3 3
Seviye 2 2 2
Sevipe 3 1 0
Seviye 4 2 2
Seviye5 o 1

(3 Gelisim Degerlendirmesi - Destekleyici Geri Bildirim

Eren, senin argimanlannda gozle gortlir bir ilerdeme var. @

Deprem konugmanda qoguniukla diglincelerini kisa ve temel ddzeyde sunmustun. Agi konugmanda ise artik
Karst goraler degerlendiiyor, Cmekder veriyor ve veriere dayah gOcla gerekgelerle savianm
destekliyorsun. Ozellikle Seviye 5 dzeyindeki argmaninda, hem bilimsel giveni hem de bireysel
6290rkg0 birkikte degerlendirmis oiman gok dikkat gekiciydi. @

Bu geliim senin sadece bilgiye dayak d0sanmedigini, ayns zamanda farkh baksg acianns da dikkate adns
gosteriyor. Bilimsel dsinme becerilerini gok glizel geligtiriyorsun. Devam et, cok bagarisin! §§

$imdi son olarak, yapay zekamn or senin nasil

konugalim mi? Sana 6zel, kiglk ama etkili bir dneri kitapigi gibi hazirlayayim mi? @

@06 P -

hazirla

Harika! @ Igte senin igin 0zel olarak hazilanmig, argiiman kurma becerini yapay zeka olmadan da
gelistirebilecegin bir 6neri rehberl. Bu kiquk el kitabini bir yol haritasi gibi dusUnebilirsin:

M EREN iGIN ARGUMAN GELISTIRME REHBERI

@ "Daha gugla argumonlar kurmak senin elinde!”

Bl Her zaman bir IDDIA ile basla.

Bir konu hakkinda ne dusundugunu agikga soyle.
@ /pucu: “Bence...", "Bu proje daha iyi gUnka..."” gibi ifadelerle baslayabilirsin

&4 Gunlik Egzersiz Onerisi:

+  Ginluk haberlerden bir konu seg.

= Yukaridaki 6 bilegeni kullanarak kisa bir arguman yaz.

« Her gln bir tane yazarsan 1 haftada 7 g0glG argman kurmus olursun! &

Appendix C: Argument Development Assessment and Supportive Feedback

Welcome Eren! &

; Amscmizseni  Today we'll be looking at the arguments you developed during the
bieiide gdrmek. Bk olerak deprem komumendeki previous group work. Our aim s not to evaluate you, but to observe

1 h

how you d d your Firstly, we will look at
vour beginner-level argument from your earthquake speech, then
one example argument from each level in your vacclne speech, and
finally, we will look at the table showing and my
brief comment. If you're ready, I'll begin!

Eren - Argument Quality Comparison Table

Level Earthquake (First) Vaccine (Current)
Level 1 3 3
Level 2 2 2
Level 3 1 0
Level 4 2 2
Level 5 0 1

* Developmental Evaluation - Supportive Feedback
Eren, there has been a remarkable improvement in your arguments. ©

In your Earthquake discussion, you mostly presented your ideas briefly
and at a basic level. However, in your Vaccine discussion, you began to
evaluate opposing views, provide examples, and support your claims
with strong, data-based reasoning. Especially in your Level 5 argument,
your consideration of both scientific trust and individual freedom was
truly impressive.

This progress shows that you are not only thinking based on knowledge
but also taking different perspectives into account. You are developing
your scientific thinking skills beautifully. Keep it up—you’re doing an
excellent job! #

Appendix D: Example of Personalized Action Plans

Now, finally, should we talk about how you can improve your
arguments in environments without artificial intelligence? Should |
prepare it for you like a small but effective suggestion booklet? <

Prepare it

Great! © Here is a suggestion guide specially prepared for you,
where you can improve your argumentation skills even without
artificial intelligence. You can think of this little handbook as a
roadmap:

) ARGUMENT DEVELOPMENT GUIDE FOR C1

@ “Building stronger arguments is in your hands!”

Always start with a CLAIM.
State clearly what you think about a topic.
@ Tip: You can start with phrases like, "/ think...", "This project is
better because...”

// Daily Exercise Suggestion:
« Select a topic from the daily news.
* Write a short argument using the 6 components listed above.
« If you write one every day, you will have built 7 strong
arguments in 1 week!
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Appendix E: Example of One Participant's Argument Development, Before and After

+ 1. Original Argument (Raw Version) (Pre-training / Earthquake Scenario):

“1 defended the first project. I think the fact that it has an average cost is one of the most
important factors, and the fact that it can be used in every building means it doesn't have to be

a very large building or a very small building; I think it can be used in an average building.”

+ 2. Identified Components and Level:

0 Claim: | defended the first project.

o Data: It has an average cost.

o Justification: It can be applied to every building type.
0 Support: This applies to both small and large buildings.
0 Qualitative/Rebuttal: None

0 Level Assessment (Erduran, Simon & Osborne, 2004): Level 2

+ 3. Feedback Given:

“This argument is at Level 2 because it does not contain a refutation.”

¢ 4, Personalized Action Plan:
Mini Suggestion Package for Improving Your Arguments Even Without Al

o Always provide data for each claim:

o Example: “This system is cheaper because it only requires 3 million TL to build.”

o Make your justifications clear:

o Explanations starting with “Because...” strengthen the justification. Add supporting
evidence:

o Statements like “Experts also support this view” support your justification. Always

include a refutation:

o Addressing opposing views and explaining why you disagree strengthens your

argument. Set limits with a qualifying statement:

¢ Limiting statements like “It is only valid in newly constructed buildings” clarify your

claim.

* 5. Subsequent (Improved) Argument (Post-Training and Feedback / Vaccination

Scenario):

“80% vaccinated and 363 people became ill, but there were no deaths. When the vaccinated
rate dropped to 10%, over 2000 people died. I think it would be more logical to look at this with

the data I have later.”

+ 6. Identified Components and Level:
0 Claim: Vaccines reduce the mortality rate.

o0 Data: No deaths in an environment where 80% were vaccinated, thousands of deaths in an

environment where 10% were vaccinated.
o Justification: If the vaccination rate decreases, mortality increases.
o Support: Data-driven proposition.

0 Rebuttal 1: “A decrease in the vaccination rate does not affect the risk™ — directly refutes

the opposing view.

* Rebuttal 2: “This needs to be shown with data” — advocates for thinking based on concrete

evidence, not just belief.
* Level Assessment (Erduran, Simon & Osborne, 2004): Level 5

* Feedback Given: The expanded argument structure is at its highest level with multiple

rebuttals.

Based on the feedback received after the earthquake scenario, the participant integrated the

data-based rebuttal component into their argument in the vaccine scenario and raised their level.
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