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Abstract

Peer-argumentation is an effective and widely adopted learning activity, yet it remains
difficult to enact at scale. While pedagogical conversational agents (PCAs) have been
extensively studied, their role as arguing peers that engage students in dialogic argumen-
tation is underexplored. To address this gap, we present ArguBot, a didactic Al arguing
partner designed to support scalable case-based peer-argumentation activities. ArguBot
deliberately adopts an opposing stance, challenging students’ correct claims with com-
mon student misconceptions and countering incorrect claims with arguments grounded in
course lecture materials, supported by Retrieval-Augmented Generation (RAG). We con-
ducted a semester-long field study in a graduate robotics course of 172 students, in which
both in-class peer-peer argumentation and after-class peer-Al argumentation with ArguBot
were offered under regular instructional conditions. Analyses draw on pre-post multiple-
choice question responses from students who voluntarily participated in in-class activities
(n = 85) and/or engaged with ArguBot after class (n = 68), as well as post-semester
perception surveys (n = 57). Results show no statistically significant differences between
conditions in error correction or correctness preservation. In contrast, students rated the
Al arguing partner significantly lower than a human peer, including reporting lower lev-
els of interest/enjoyment. These findings provide early, ecologically valid evidence on the
opportunities and challenges of deploying Al arguing agents in higher education to scale
argumentation-based learning.

Keywords: AI Arguing Agent, Pedagogical Conversational Agent, Misconception, Peer
Argumentation Exercise, Arguing to Learn.

1. Introduction and Background

Peer-argumentation is an effective classroom activity in which students engage in argu-
mentative dialogue to collaboratively construct knowledge around course content (Iordanou
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et al., 2019). Prior work on “Arguing to Learn” demonstrates that such activities can en-
hance learning by requiring students to engage with the material deeply, critically analyse
information, formulate (counter)arguments, and consider alternative perspectives (Iordanou
et al., 2019; Asterhan and Schwarz, 2016; Jonassen and Kim, 2010). Beyond knowledge
learning, participating in argumentation has been linked to the development of metacogni-
tive skills, such as critical thinking and complex problem solving (Kuhn and Moore, 2015;
Duschl and Osborne, 2002).

Despite these benefits, deploying peer-argumentation activities at scale remains chal-
lenging. In typical classroom settings, time constraints limit how many activities can be
run and for how long. Instructors must also form pairs or groups (often with opposing
views) and cannot simultaneously support many discussions with timely feedback. One
promising solution avenue is to use Artificial Intelligence (AI) to provide on-demand prac-
tice and scalable support. Prior AIED research has investigated Pedagogical Conversational
Agents (PCAs) that facilitate learning through interactive dialogue and feedback. Existing
work has mainly used PCAs for tutoring (e.g., mathematics (Cai et al., 2019) and language
learning (Bear and Chen, 2023)), for moderating collaborative learning (Cini et al., 2025),
or for knowledge practice as naive tutees (Wang et al., 2026b). However, comparatively
little work has examined PCAs as an arguing peer that can engage students in dialogi-
cal, case-based peer argumentation. This need is evident in the graduate robotics course
at the authors’ institute, where the instructor regularly runs short, in-class, case-based
peer-argumentation activities. Each activity begins with a multiple-choice question (MCQ)
describing a concrete robotic application case: students respond individually, discuss in
pairs with classmates who selected different options, and then re-answer. In line with the
aforementioned scaling bottleneck, students have also requested additional opportunities to
practise these activities outside class.

In response, as shown in Figure 1, we introduce ArguBot, a didactic Al arguing agent
that supports scalable, case-based peer-argumentation. ArguBot deliberately adopts an
opposing stance: it challenges correct claims with common student misconceptions and
counters incorrect claims with grounded arguments, which are supported by Retrieval-
Augmented Generation (RAG) over course materials and instructor-synthesised misconcep-
tions from prior cohorts. While a closely related arguing PCA has been explored by Wang
et al. (2026a), ArguBot differs by grounding its argumentative behaviour in both course
content and misconception-based retrieval, enabling more context-specific and conceptually
targeted challenges. Using ArguBot we conducted a field study in Fall 2025 by deploying it
as an on-demand, after-class activity in the graduate robotics course of 172 students for the
whole semester. In parallel, in-class peer—peer argumentation was implemented throughout
the semester as the original course plan. To complement behavioural data, we administered
a post-semester survey to capture students’ perceptions of the interaction across the two
conditions. In this paper, we present early results by focusing on the following research
questions (RQ):

RQ1: How does engaging with ArguBot influence students’ conceptual understanding,
compared to in-class case-based peer-argumentation?

RQ2: How do students perceive ArguBot as an arguing partner in case-based peer-
argumentation, compared to a student peer?
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This paper focuses on analyses based on students’ pre—post MCQ responses and perception
surveys. Future work has been planned to extend this analysis by coding peer—ArguBot
dialogues for qualitative insights and examining process-oriented measures. Overall, the
findings of this paper provide preliminary ecologically valid evidence on opportunities and
challenges of deploying Al arguing agents at scale in higher education, offering early empir-
ical insights to inform future AIED research on argumentation-based learning.

ArguBot:
Ex2: Which statements are correct with this robot? [...] Refer to the slides SLAM, for example [Slides 9], if necessary.

I think answer A is correct because we can see that [...]
ArguBot:

Interesting, but I'm not convinced that we should conclude [...] Why do you think the robot was able to [...] ?

We can see that the robot will search every corner [...]
ArguBot:

| don't see how going to search for corners excludes |[...]
... 16 more interactions ...

Okay, so my answer is B.
ArguBot:

You choose B (the robot locates itself). I'll take the other side. Against B: the trace [...]
Stop arguing, give me the answer.

ArguBot:
Okay. Do you want the complete solution now? If so, here's the explanation [...] therefore, the correct answer is A.

Damn it, | was right.

Chat with ArgueBot... &

Figure 1: ArguBot, a didactic Al arguing agent that supports scalable, case-based peer-
argumentation: it challenges correct claims with common student misconceptions
and counters incorrect claims with grounded arguments.

2. Experimentation

ArguBot is developed as an Al arguing partner to support peer-argumentation in the grad-
uate mobile robotics course at EPFL. The system mirrors the structure of in-class peer-
argumentation activity and guides students through three phases: 1) the agent presents
a concrete robotics application case as a MCQ (Figure 2, right) and elicits the student’s
initial answer with a justification; 2) the agent engages the student in multi-turn argu-
mentation by defending a different answer; and 3) the student gives the final answer and
request for solutions with a detailed explanation. ArguBot is implemented as a web app
using OpenAl GPT-5, built with the LangChain framework with Langfuse for interaction
logging. The agent is pedagogically grounded through the RAG approach that draws on
course lecture slides, notes, exercises with solutions, and selected forum Q&A. To promote
productive cognitive conflict, common student misconceptions — extracted from past exams
and synthesised in advance by the instructor — are explicitly included and used by the agent
to challenge students’ initial responses.
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2.1. Semester-long Field Study
2.1.1. PARTICIPANTS

We deployed ArguBot in the same class in which students requested more after-class peer-
argumentation opportunities and evaluated it in the field for the whole fall semester 2025.
In total, 85 students provided identifiable pre—post MCQ responses for the in-class argu-
mentation exercises, and 68 students engaged with the ArguBot as an optional after-class
activity. These groups were not mutually exclusive, as 41 students experienced in both
conditions. Participation was voluntary, based on informed consent, and no incentives were
provided. Gender distribution was comparable across conditions (peer-ArguBot/peer-peer):
male (48/61), female (18/22), and undisclosed (2/2).

Week n ‘Week n+1 ‘Week n+2
L Case Scenario
[ Theory ] [ Theory ] [ Theory ] You have to design the navigation algorithm for a robotic ship

Lecture Lecture Lecture that navigates around the UK, outside the territorial waters
(22km from the coast), based on the vector map on the right.

Question: Which of the statements below are correct
In-class ) ;
. ... (multiple correct answers possible)?
Peer-peer argumentation A. Potential field navigation would not work here, as [...]

B. Voronoi diagrams need the information of the limits of [...|
] C. Visibility graphs applied to the borders extended by |...

D. An occupancy-grid map with cells of 10km of side |...]

[ After-class

Peer-ArguBot argumentation

Figure 2: (Left) Weekly course structure; (Right) Example of a case-based peer-
argumentation exercise in the form of an MCQ.

2.1.2. COURSE STRUCTURE AND DEPLOYMENT

As shown in Figure 2(left), the course curriculum was co-designed with the instructor to
integrate ArguBot and implemented as a nine-week intervention. Each week comprised
a theory lecture, followed one week later by in-class peer-peer argumentation exercises
regarding the corresponding lecture content of the previous week. In parallel, students were
given access to the different argumentation exercises of the same topic with ArguBot as an
after-class activity for a two-week period. As Figure 2(right) shows, each exercise consisted
of a short introductory scenario followed by multiple-choice questions. All exercises used
in the two conditions were matched in difficulty and were drawn from exam questions from
the previous cohort. The peer-argumentation of the two condition are unfolded as follows:

In-class, peer-peer condition. During each in-class session, three to four exercises were
presented within a 45-minute lesson. For each exercise, students first submitted an indi-
vidual response (pre) within two minutes using an online tool!, without peer discussion.
Students with different responses were paired together. They then engaged in a 3-5 minute
peer discussion to argue and refine their reasoning, followed by a second individual submis-
sion (post). Finally, the instructor provided a detailed explanation of the correct answer.

After-class, peer-ArguBot condition. After class, students had access to ArguBot to
complete 3-5 exercises per topic online as outlined in Section 2.

1. https://participant.turningtechnologies.eu/
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2.2. Data collection and Analysis

Pre-post MCQ answers. To address RQ1, we examined students’ conceptual under-
standing through changes in MCQ responses before and after peer-argumentation. Over
the semester, for the in-class peer-argumentation condition, we collected pre-post MCQ
responses from 499 exercises?. For the after-class peer-ArguBot condition, we collected 463
exercises with dialogue data from the 68 active students. The pre-post MCQ answers were
extracted using an automated pipeline from the dialogue data. To assess its performance,
two researchers reviewed 20% of the exercises against the automated extraction, yielding
95.4% accuracy; the remaining answers were extracted automatically.

Perception surveys. We conducted a post-semester survey to measure students’ per-
ceptions of the interaction for the two conditions. A total of 57 students completed the sur-
vey and reported having participated in both conditions. The survey was on a 6-point Likert
scale, and internal consistency was evaluated using McDonald’s w. Three constructs were
measured: (i) Germane Cognitive Load (GCL) during argumentation, using five items from
Krieglstein et al. (2023) (w = .85); (ii) students’ perception of usefulness of the argumen-
tation exercises, assessed with five items (w = .75); and (iii) students’ interest/enjoyment,
assessed with four items from the subscale of the Intrinsic Motivation Inventory (Ryan,
1982) (w = .81). The complete survey is available at this link®.

Data Analysis Methods. To examine the effect of argumentation condition, i.e.,
peer—ArguBot vs. peer—peer, on individual answer revisions, we adopted mixed-effects
logistic regression models. The argumentation condition was specified as a fixed effect, with
student-level random intercepts to account for repeated measures. To address RQ2, for each
construct, we compared within-subject ratings between conditions using two-sided paired
Wilcoxon signed-rank tests, after Shapiro-Wilk tests indicated non-normality.

3. Results

3.1. RQ1: How does engaging with ArguBot influence students’ conceptual
understanding, compared to in-class case-based peer-argumentation?

Figure 3 summarises pre-post answer correctness in two conditions. To distinguish between
different cognitive impacts of peer-argumentation, we conducted two separate analyses by
fitting the mixed-effect model:

Error Correction. To examine whether the argumentation condition influenced stu-
dents’ likelihood of correcting initially incorrect answers, we fitted a mixed-effects logistic
regression model on exercises with incorrect initial responses (N = 590). Compared to the
peer-peer condition, the peer-ArguBot condition did not significantly affect the likelihood
of correcting an initially incorrect answer (f = 0.10, SE = 0.20, z = 0.48, p = .632).
Regarding effect size, the estimated odds ratio was 1.10 (95% CI [0.74,1.63]), indicating
a small, statistically non-significant increase in the odds of error correction in the peer-
ArguBot condition. The variance of the random intercepts (o2 = 0.21) suggests moderate
between-student variability in baseline error-correction performance.

2. Students were allowed to opt out of data collection for the in-class activity.
3. https://drive.switch.ch/index.php/s/iTPALh1nIKTHEkS
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Figure 3: Pre-post answer correctness confusion matrix by condition.

Correctness Preservation. To examine whether the argumentation condition in-
fluenced students’ ability to retain correct answers, we fitted a model on exercises with
initially correct responses (N = 372). Compared to the peer-peer condition, the peer-
ArguBot condition did not significantly affect the likelihood of retaining a correct answer
after argumentation (8 = 0.13, SE = 0.27, z = 0.47, p = .636). The corresponding odds
ratio was 1.13, with a 95% confidence interval of [0.67,1.91], suggesting a small and statis-
tically non-significant difference between conditions. The variance of the random intercepts
(02 = 0.18) indicates moderate between-student variability.

3.2. RQ2: How do students perceive ArguBot as an arguing partner in
case-based peer-argumentation, compared to a student peer?

p =.001 p <.001 = p <.001
6 » 6 o6 8
(%] c
- I L [}I
O 4 S 4 =4
0] “qw‘, 2 o
o —
o = o]
Peer-ArguBot Peer-Peer Peer-ArguBot Peer-Peer Peer-ArguBot Peer-Peer
(a) Germane cognitive load. (b) Usefulness. (¢) Interest/enjoyment.

Figure 4: Students’ self-reported perceptions of the argumentation exercise when working
with ArguBot versus a student peer (N = 57).

As summarised in Figure 4, Germane cognitive load (GCL) was moderate to high in
both conditions (means above the scale midpoint), but significantly lower in the peer-
ArguBot condition (M = 4.19, SD = 0.85) than in the peer—peer condition (M = 4.66,
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SD = 0.70; W = 321.00, z = —3.21, p = .001, r = 0.43). Perceived usefulness of the
arguing partner was also lower for peer—-ArguBot (M = 4.04, SD = 0.68) compared to
peer—peer interaction (M = 4.48, SD = 0.63), with a statistically significant difference of
moderate effect (W = 271.50, z = —3.68, p < .001, r = 0.49). Interest/enjoyment showed
the larger divergence: students reported substantially lower interest in the peer-ArguBot
condition (M = 3.56, SD = 0.98) than in the peer—peer condition (M = 4.86, SD = 0.69),
corresponding to a statistically significant and large effect (W = 13.50, z = —6.03, p < .001,
r = 0.80).

4. Discussion and Future Work

The impact of student-Al argumentation on students’ conceptual understanding in educa-
tional settings remains underexplored (Corbett and Tangen, 2025; Xu et al., 2026), despite
evidence that Al dialogues can influence people’s beliefs in other domains, such as conspir-
acy and misinformation (Costello et al., 2024). Through a semester-long deployment of
ArguBot, this study provides early insights into how a didactic Al arguing agent, grounded
in domain knowledge, influences students’ conceptual understanding and how such systems
are perceived in an authentic graduate robotics course. Compared with student peers as
argumentation partners, our results reveal a contrasting pattern: although students rated
ArguBot significantly lower on subjective dimensions, no significant differences were ob-
served in conceptual understanding change.

Regarding the impact on students’ conceptual understanding (RQ1), we found no sta-
tistically significant difference in error correction between conditions. Following conceptual
change theory (Chi et al., 1994), such correction of initially incorrect responses can be in-
terpreted as a proxy for learning, reflecting shifts from naive or misconceived knowledge
toward more scientifically grounded understanding through argumentative dialogue. From
this perspective, our findings might suggest that ArguBot can support misconception cor-
rection by presenting lecture-grounded counterarguments and tailored explanations that
prompt student reflection. In addition, ArguBot was designed to challenge students’ ini-
tially correct answers by introducing common misconceptions, which could plausibly reduce
correctness preservation (i.e., increase confounding). However, we did not observe a statisti-
cally significant difference in this confounding effect for ArguBot, i.e., shifting from correct
to incorrect answers after argumentation. Although concerns have been raised about the
deceptive potential of AI (Park et al., 2024), this risk is mitigated in our setting because
correct solutions are always revealed in the end. Overall, these findings suggest that an
AT arguing peer informed by common student misconceptions can be comparably “safe”
for argumentation-based learning, without measurably increasing confusion or degrading
conceptual understanding.

In contrast, students reported significantly higher perceived germane cognitive load,
usefulness, and interest/enjoyment in the peer-peer condition than in the peer-ArguBot
condition. Although differences in germane cognitive load and usefulness were moderate,
mean ratings indicate that ArguBot still induced cognitive conflict and was perceived as
useful for learning. Interest/enjoyment, however, showed a large negative shift for ArguBot.
This dissociation between comparable conceptual outcomes and lower interest/enjoyment
highlights a key challenge for AI deployment in higher education: an intervention may be

86



WHEN A MISCONCEPTIONS-INFORMED AI AGENT JOINS PEER-ARGUMENTATION

instructionally effective yet difficult to scale if students do not perceive it as a desirable
partner for repeated use. A similar pattern was reported by Nazaretsky et al. (2026), who
found that university students perceived Al feedback as less credible than human feedback
despite comparable quality. For our ArguBot, a plausible explanation is that argumenta-
tive exchanges with an AI may feel less socially attuned or less “fair” than peer debate
(e.g., reduced rapport, limited conversational flexibility, or asymmetric knowledge base),
increasing interactional friction despite scalability benefits. Also, for students experiencing
both conditions on the same topic, interest in the after-class condition may have declined
as novelty diminished. These findings point to design implications such as improving trans-
parency and credibility, offering students control over challenge intensity and pacing, and
incorporating interactional strategies that preserve rapport during disagreement.

Limitations and Future Work. This study provides early empirical insights from a
semester-long field deployment of ArguBot in a real course; however, this ecological valid-
ity necessarily limits experimental control. In particular, in-class peer-peer argumentation
dialogues were not possible to collect in classroom settings, preventing direct process-level
comparisons and limiting our ability to control or assess dialogue quality. Consequently,
our analyses focus on outcome-level measures rather than fine-grained interactional mech-
anisms. The following work will therefore conduct more in-depth qualitative analyses of
student argumentation discourse, examining epistemic moves, misconception trajectories,
and interaction patterns in student-Al dialogues. In addition, while we capture conceptual
understanding via pre-post MCQ responses, such item-level change is an imperfect proxy for
conceptual change because it may reflect transient response shifts (e.g., short-term persua-
sion) rather than stable conceptual restructuring. Future studies should therefore triangu-
late learning with delayed measures (e.g., follow-up assessments) and with process-oriented
indicators (e.g., explanation quality and confidence calibration). Finally, we acknowledge a
potential selection bias in the reported analyses: students who did not participate in either
the peer—peer or peer—ArguBot condition may have differed from those included in the anal-
ysis. Also, given the exploratory nature of the field study and the width of some confidence
intervals, non-significant effects in Section 3.1 should also not be interpreted as evidence
of equivalent effectiveness. Therefore, sufficiently powered controlled laboratory studies are
needed to more systematically isolate causal effects by manipulating dialogue quality, agent
stance-taking strategies, learner motivation, and comparison conditions, thereby triangu-
lating and strengthening the findings from this exploratory field study.
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