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Providing appropriate support is important for helping students manage conceptual difficulties in
physics. Established scaffolding methods, such as structured tiered support, can be effective but are often
resource-intensive to develop and implement broadly. AI chatbots may offer a more easily scalable
alternative, but their potential as learning support tools needs to be examined carefully and in direct
comparison with established forms of support. As a first step, this study compares a custom-configured AI
chatbot, a tiered support system, and traditional textbook-style textual support with respect to students’
perceived cognitive load and affective-motivational outcomes during physics problem solving. In a cluster
randomized field study, 268 ninth-grade students in Germany worked individually on a buoyancy problem
using one of the three support formats. We measured intrinsic and extraneous cognitive load and affective-
motivational outcomes (enjoyment, hope, hopelessness, self-efficacy, and situational interest) via
research-validated questionnaires. Results showed that the AI chatbot and the tiered support system
were associated with significantly lower perceived intrinsic and extraneous cognitive load than textual
support. Post-test comparisons showed that students in the chatbot condition reported more favorable
affective-motivational outcomes than students in the textual-support condition, while differences between
the chatbot and tiered-support conditions were not statistically significant. Overall, the findings suggest
that interactive support formats may shape students’ short-term perceived cognitive and affective-
motivational experiences during physics problem solving; future research should examine how these
experiences relate to solution quality, conceptual learning, and longer-term outcomes.
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I. INTRODUCTION

Physics is widely recognized as a conceptually chal-
lenging subject. A primary difficulty for students is
translating theoretical principles into concrete conceptual
models, a skill that typically requires deliberate pedagogi-
cal support [1]. Without such guidance, many novices
resort to formula-based problem solving rather than
developing a deep understanding of the underlying physics
[1,2]. To address this challenge, Differentiated Instruction
(DI) is a well-established approach designed to tailor
teaching to the diverse needs of all learners [3,4]. A
pedagogical strategy for achieving DI is employing tiered

activities [5], a form of instructional scaffolding, which
provides temporary, adaptive support to help a student
succeed in a task that would otherwise be out of reach
[2,6]. In physics education, “tiered support” (in German:
gestufte Lernhilfen) exemplifies this by providing students
with a sequence of optional, increasingly explicit learning
aids, allowing them to individually adapt the level of
assistance they receive [7]. The effectiveness of such
scaffolding approaches is well documented, positively
impacting not only academic achievement but also student
motivation [8–10]. However, widespread application poses
a significant practical challenge. While teachers recognize
student heterogeneity, they are often constrained by high
workloads and limited time [11]. This makes the extensive
effort required to develop high-quality tiered materials
for every task a prohibitive undertaking. Generative AI
chatbots, especially when pedagogically tailored through
specific configurations, may offer one possible response
to this pedagogical dilemma. They have the potential to
act as personalized tutors, potentially reducing teacher
workload while offering scalable, on-demand support to
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students engaged in parallel, individualized learning
cf. [12,13]. Current research suggests that AI chatbots
can support cognitive and affective-motivational outcomes
in science, technology, engineering, and mathematics
education, for example, by acting as intelligent tutors or
providing personalized scaffolding [14–16], although
findings depend on the specific system, task, and outcome
measures considered. Other studies have explored the
application of generative AI in open-ended tasks such
as programming, creating teaching aids, or design thinking
[15,17–19]. However, it remains an open question how
affective outcomes, specifically achievement emotions
[20], self-efficacy [21], and interest [22], are affected
alongside cognitive load [23] when using an interactive AI
chatbot for physics problem solving, particularly in direct
comparison to established pedagogical support systems.
Specifically, the distinct effects of dynamic, interactive AI
assistance versus more static aids, such as structured tiered
hints or traditional textbook-style explanations, on stu-
dents’ affective and cognitive experiences are not yet well
understood.
This study directly addresses this gap by systematically

comparing the effects of AI chatbot assistance with those
of tiered support and traditional textbook-style explana-
tions. To contextualize this comparison, the following
section establishes a theoretical framework by examining
different forms of instructional support.

II. RESEARCH BACKGROUND

A. Support in physics education

A central concept in physics education is instructional
scaffolding: temporary, interactive support that helps a
student build on prior knowledge to complete tasks that
would otherwise be out of reach [2,6]. Crucially, effective
scaffolding is not merely the provision of information but
a dynamic process. Support is offered contingently—in
direct response to a student’s progress—and is gradually
faded as the learner’s competence grows [6,24].
This responsive nature distinguishes scaffolding from

passive instructional aids. A textbook, for example, is a
static resource that cannot adapt to a learner’s immediate
needs and therefore does not qualify as scaffolding [2].
Thus, instructional support can be viewed on a spectrum of
interactivity and adaptivity. To evaluate the potential of
new, highly interactive systems, it is necessary to compare
them against established support methods across this
spectrum, beginning with the most traditional form of
assistance.

1. Textual support

Traditional textual support, most commonly embodied
in textbooks, remains an important instructional tool in
science classes [25,26]. In many science courses, such
written materials are a fundamental requirement, and

instructors expect students to engage with them to enhance
academic performance [27]. They are designed to be
accessible resources that students can utilize according to
their individual learning styles [25]. However, a significant
discrepancy exists between the presumed importance of
textual resources and their actual use by students. Student-
reported compliance with assigned readings is varied,
ranging from approximately 20%–70% [28]. This underuti-
lization can be partly attributed to a perceived gap between
the complexity of homework tasks and the relatively low
complexity of explanations found in textbooks [27].
Learning from physics texts is an intrinsically challeng-

ing cognitive task [29]. The difficulty is compounded by
the integration of two distinct language systems: natural
language and mathematical-symbolic notation [29].
Furthermore, pedagogical features intended to aid com-
prehension, such as analogies, can sometimes increase
cognitive processing demands, thereby hindering rather
than helping learning [29]. From a constructivist perspec-
tive, a textual resource should be viewed not as a container
of knowledge, but as a tool for students to construct
meaning [30]. Yet, the perceived authority of texts can
constrain this process, as students may be less inclined to
elaborate on their own thinking [31].
Empirical work by Boxtel et al. [31] supports this,

finding that student pairs with access to a textbook
engaged in less collaborative elaboration compared to
those without. Students often consulted the text without
a specific goal, used inefficient search strategies, and failed
to integrate the information with their own conceptions.
Interestingly, despite the reduction in elaborative inter-
action, the study found no significant difference in post-
test scores, suggesting that individual acquisition of factual
knowledge from the text may have compensated for the
lack of deeper, collaborative meaning-making. This posi-
tions textual support as a relevant, albeit potentially
passive, baseline for comparison with more interactive
learning support.

2. Tiered support

A more dynamic form of instructional assistance can be
offered via scaffolding, where temporary support is pro-
vided to help a learner accomplish a task that would
otherwise be out of reach [24]. One specific implementa-
tion of this principle is “tiered support” (in German:
“gestufte Lernhilfen,” cf. [32]). In this approach, a com-
plex problem is accompanied by a sequence of written
hints that learners can access according to their perceived
needs, allowing the support to be adaptive [7]. These hints
are designed to prompt general learning strategies, such as
paraphrasing the task, focusing on relevant information,
activating prior knowledge, or visualizing the problem [8].
Typically, each hint consists of a question or prompt, with
the corresponding answer made accessible in a second
step [7]. The answer to the last hint is a complete sample
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solution that allows students to verify their answer [8]. The
tiered-support materials used in the present study are based
on a physics problem-solving task on Archimedes’ prin-
ciple developed in the context of a DFG (German Research
Foundation) project by Franke-Braun [8]. To illustrate this
structure, Fig. 1 shows the digital interface used in this
study, and the full text of the hints is provided in the
supplemental material [33].
The principles of tiered support are closely aligned with

the extensive research on worked examples, which provide
a problem statement, solution steps, and a final answer [8].
The efficacy of both approaches can be explained by
cognitive load theory (CLT, cf. [34]). CLT posits that
working memory has a limited capacity. When novice
learners attempt to solve a problem without guidance, they
often engage in inefficient search strategies (e.g., means-
ends analysis) that impose a high extraneous cognitive
load—effort that is not productive for learning [34,35].
By providing a clear solution path, worked examples and
tiered support eliminate this counterproductive search,
thereby reducing extraneous load and freeing up cognitive
resources [34].
Furthermore, structured methods such as tiered support

help manage a material’s intrinsic cognitive load. Intrinsic
cognitive load refers to the cognitive demands imposed by
the complexity of the learning task, which can be influ-
enced by factors such as the learner’s prior knowledge
[36]. Although instructional design cannot remove the

conceptual complexity of the content, it can manage its
impact on novices [37]. For example, segmenting a
problem into smaller steps or presenting interacting
elements in isolation before combining them facilitates
serial processing over simultaneous processing. This
strategy significantly reduces the demand on working
memory [37,38].
This process is further optimized in what is known as

faded worked examples, where parts of the solution are
gradually omitted, requiring the learner to fill in the gaps
[34]. This method creates a smooth transition from fully
guided example study to independent problem solving
[39]. Tiered support can be conceptualized as a learner-
controlled fading procedure; by choosing which hints to
access, students dynamically adjust the level of scaffold-
ing, effectively creating their own incomplete example.
Research has shown that such fading procedures lead to
better near-transfer performance and fewer errors during
learning when compared to traditional example-problem
pairs [34].
Empirical studies on tiered support systems have

demonstrated significant motivational benefits. Students
working with tiered hints reported higher feelings of
competence, higher intrinsic motivation, and a tendency
toward greater social inclusion during partner work com-
pared to groups receiving nonsequential help [8–10].
Furthermore, an incremental presentation of a worked
example leads to higher feelings of competence and a
reduced perceived cognitive load compared to presenting
the solution as a whole [40]. However, while incremental
presentation alone improves the affective experience, the
addition of strategic prompts appears necessary to signifi-
cantly improve the correctness of the final solution [40].
This suggests that while structured, sequential support is
beneficial, the quality and function of the guidance play a
key role in learning outcomes.

3. Chatbot support

The third form of support, AI chatbots, offer an increase
in interactivity and adaptivity. Unlike tiered support, which
follows a predefined, sequential path, AI chatbots provide
dynamic and interactive scaffolding [41]. Modern LLM-
based chatbots differ from earlier rule-based chatbots
because they can generate flexible, context-sensitive dia-
logue and can be configured through prompt or role
engineering to support specific pedagogical interaction
styles [42]. Their primary pedagogical potential lies in
their capacity for individualized support, which allows
them to address specific student queries and guide a
personalized learning process [12,43].
Empirical findings on GenAI-supported learning are

promising but heterogeneous. Meta-analytic evidence
suggests that AI chatbots and GenAI-supported interven-
tions can have positive effects on learning-related out-
comes, but these effects are highly heterogeneous and

FIG. 1. The digital interface for the tiered support system used
in this study. Students could sequentially get a series of pre-
written hints and optionally reveal their answer.
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depend on educational level, subject domain, intervention
duration, outcome type, and instructional design [44,45].
With respect to motivational outcomes, a scoping review
by Huang et al. [41] suggests that chatbot-supported
learning often shows advantages over conditions without
chatbot support, while effects tend to be weaker than those
of interventions involving human feedback or carefully
designed pedagogical approaches. A similar pattern is
emerging in physics education, where LLM-based tools
have been associated with improved learning performance,
motivation, and student engagement [14,16,46–49]. For
example, Lademann et al. [50] found that AI-generated
explanations produced by a custom chatbot in a math-
ematical and physical learning context enhanced positive-
activating emotions, situational interest, and self-efficacy,
and reduced intrinsic and extraneous cognitive load, while
effects on learning performance remained unclear.
Similarly, Kestin et al. [46] found that a carefully struc-
tured AI tutor in an undergraduate physics course was
associated with higher post-test performance and greater
reported engagement and motivation than an active-
learning class, while Chen and Chang [14] reported that
integrating ChatGPT into a game-based physics learning
environment improved students’ performance and per-
ceived competence and reduced intrinsic cognitive load
compared with game-based learning alone.
However, this promising body of research is subject to

important caveats. A central concern is that chatbot-
supported problem solving may blur the distinction
between producing a correct or polished response and
developing durable understanding, particularly when quick
answers or coherent explanations are treated as evidence of
learning [51]. For example, Bastani et al. [52] showed in a
field experiment with high school mathematics students
that access to a standardGPT-4 tutor improved performance
during assisted practice, yet students performed worse than
controls on a subsequent unassisted exam when access to
the tool was removed; these negative effects were largely
mitigated when the tutor was constrained to provide
teacher-designed hints rather than direct solutions. Such
findings point to a broader risk that GenAI use may
encourage students to off-load cognitive and metacognitive
work rather than engage in the reasoning processes needed
for learning [51,53,54]. For example, Stadler et al. [55]
found that using an LLM for a research task significantly
reduced students’ cognitive load but also led to a decline
in the quality of their reasoning and argumentation. In
physics education, Krupp et al. [53] similarly showed that
unguided ChatGPT-assisted problem solving can lead
students toward copy-and-paste strategies and uncritical
acceptance of incorrect AI-generated solutions. Against
this background, cognitive load and affective-motivational
responses to chatbot support should be interpreted as
indicators of students’ experience during problem solving,
rather than as direct evidence of learning effectiveness.

III. RESEARCH RATIONALE

A central challenge in physics education is effectively
addressing student heterogeneity through differentiated
support [4]. This study compares three instructional tools
that offer varying degrees of individualization. Textbook-
style support, serving as a baseline, is a static and stand-
ardized resource that cannot adapt to individual learner
needs, potentially imposing a high cognitive load [2,29]. An
improvement is tiered support, which offers learner-directed
differentiation but is too resource-intensive for educators
to create for every task [7,11]. In contrast, AI chatbots
represent another potentially scalable form for dynamic
individualization [12]. Building on prior work from the
DFG project by Wodzinski and colleagues on structured
support for physics problem solving, the present study
extends this design by adding an AI-chatbot condition and
comparing it with tiered and textual support in a common
physics problem-solving context.
However, there is still limited comparative evidence on

how these support modalities affect students’ self-reported
cognitive load and affective-motivational experiences dur-
ing physics problem solving. Existing research on AI in
physics education has primarily focused on learning
performance [46,48,49], or has been situated in gamified
learning environments [14] or at the university level [56].
Other studies have explored general AI tutors [16] or
examined user experience with task-specific tutors [57].
To our knowledge, no prior study has directly compared

a task-specific AI chatbot explicitly designed to assist with
physics problem solving for middle school-aged students
in a regular classroom context against both tiered support
and traditional textual support. While previous work often
emphasizes final performance outcomes, it frequently
overlooks the underlying cognitive processes (intrinsic
and extraneous cognitive loads) and affective experiences
that shape student learning and engagement during prob-
lem solving.
These dimensions are central for evaluating learning

support systems because different forms of guidance may
shape how students experience the problem-solving proc-
ess. From a cognitive-load perspective, support systems
can differ in the extent to which they help learners manage
the conceptual demands of a task, for example, by
segmenting complex information, guiding attention to
relevant elements, or prompting students to articulate their
reasoning [36,37,58,59]. From an affective-motivational
perspective, support may also shape students’ task-related
situational interest, self-efficacy, and achievement emo-
tions, which, for instance, can be influenced by mastery
experiences and verbal persuasion [21,60].
This study, therefore, provides a systematic classroom-

based comparison of three support types—static textbook-
style explanations, tiered support, and an AI chatbot—with
respect to students’ perceived cognitive load and concur-
rent affective-motivational states during physics problem
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solving. By doing so, we seek to generate practical,
evidence-based insights into how different support tools
shape students’ short-term problem-solving experiences.
Thus, this investigation is guided by the following research
questions:
RQ1: To what extent do AI chatbot support, tiered

support, and traditional textual support differ in
their effects on students’ perceived cognitive load
during physics problem solving?

RQ2: To what extent do AI chatbot support, tiered
support, and traditional textual support differ in
their effects on students’ situational interest, self-
efficacy, and achievement emotions (hope, hope-
lessness, and enjoyment) during physics problem
solving?

IV. MATERIALS AND METHODS

A. Study design and sample

We conducted a cluster randomized1 field study using a
pre-post-test design to compare the effects of different
learning support systems on student motivation and cog-
nitive load during physics problem solving. The final
sample consisted of 268 ninth-grade students who had
completed all questionnaires and explicitly confirmed their
use of the support system for problem solving during the
study. The study was conducted within the students’
classrooms and followed a standardized protocol to ensure
consistency across groups. Students were instructed to
work silently and individually.
During the intervention phase, each student indi-

vidually solved a physics task on buoyancy, taken from
Franke-Braun [8]. The task was presented on a paper
worksheet, and students were allotted 20 min for
completion and an additional 5 min to compare their
work with a sample solution. Each worksheet also
contained a brief guide for the accompanying support
tool, which offered practical instructions for its use
and guidance on applying metacognitive strategies.
Students recorded their answers and reasoning directly
on the worksheet.

All participants performed the same core task, but the
learning support they received varied across three exper-
imental conditions illustrated in Table I.
To assess the effects of the intervention, data were

collected via questionnaires administered directly
before (pretest) and after (post-test) the intervention.
Individual student responses were linked across the
two time points using an anonymous identifier. The
dependent variables were measures of interest, self-
efficacy, cognitive load, and achievement emotions
(hope, hopelessness, and enjoyment). To account for
potential confounding by prior physics knowledge,
we assessed participants’ prior physics knowledge.
A detailed overview of all measured variables, including
their abbreviations, measurement times, and scale proper-
ties, can be found in Table II. The study design is
visualized in Fig. 2.

B. Variable selection

To investigate our research questions, we developed a
questionnaire to assess key affective and cognitive vari-
ables related to the intervention. Affective and motiva-
tional variables were assessed before and after the
intervention, whereas cognitive load was assessed after
the intervention. The selection of these variables was
guided by established theoretical frameworks from educa-
tional psychology and physics education research.
To account for the effects of the different support

conditions, we controlled for prior conceptual understand-
ing of density, because it shapes how students experience
task difficulty and correlates with motivation, achievement
emotions, and cognitive load [36,61–63].
Our first research question addressed the cognitive

demands of the task, which we assessed through the lens
of cognitive load theory (CLT) [23,64]. Intrinsic cognitive
load was included to capture how demanding students
perceived the conceptual content and structure of the
buoyancy problem to be. Extraneous cognitive load was
included to capture cognitive demands that students
perceived as arising from the way the problem and the
accompanying support were presented.
For the second research question, we assessed students’

task-related affective and motivational experiences.
Situational interest was included because it captures

TABLE I. Overview of experimental conditions.

Group Description of support condition N

G1: Chatbot Participants interacted with a custom-configured AI chatbot for task-related guidance and feedback.
The chatbot was designed to promote independent problem solving and conceptual understanding.

103

G2: Tiered support Participants were provided with a series of structured, step-by-step hints on a website, which could be
revealed sequentially (adapted from Franke-Braun [8]).

64

G3: Textual support
(control)

Participants received a static digital textbook-style page, which contained all the information required
to solve the problem.

101

1Cluster randomization was performed at the class level.
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students’ immediate interest in the specific activity and
influences attention and the depth of learning [22]. Self-
efficacy was included because students’ beliefs about their
ability to solve the task are relevant for persistence and
engagement in challenging physics problems [65].
Enjoyment, hope, and hopelessness were included as
achievement emotions that capture positive and negative
affective experiences during the activity, as these are
highly predictive of academic outcomes and are linked
to the cognitive resources students deploy during a
task [20].
Together, these variables allowed us to compare

the three support conditions with respect to students’
short-term perceived cognitive demands and task-related
affective-motivational experiences during physics problem
solving.

C. Instrument development

The questionnaire used in this study was developed
using established and research-validated scales to measure
the variables of interest. Scales, originally developed in
English, were translated into German, with meticulous
attention to preserving their conceptual meaning. To
ensure relevance to the specific physics context, namely
buoyancy, the wording of some items and the introductory
text for each scale were systematically adapted. These
adapted items were then reviewed by two physics educa-
tion experts to ensure their meaning was preserved. For
consistency across measures and to simplify the response
process for students, all variables except prior physics
knowledge were assessed using a uniform five-point rating
scale, ranging from 1 (“Does not apply at all”) to 5 (“Fully
applies”). A comprehensive overview of all constructs,

FIG. 2. Overview of the study design, including the three different groups and the corresponding sample sizes as well as the assessed
variables and the dedicated time slots.

TABLE II. Overview of all assessed variables in terms of construct abbreviation, scale length, measurement times, and internal
consistency expressed via Cronbach’s α. If scales have been administered at both pre- and post-test points in time, two values for
Cronbach’s α are reported.

Variable (Abbr., No. of Items) Pretest Posttest Cronbach’s α References

Prior knowledge (PK, 9) ✓ ✗ 0.63 Zenger and Bitzenbauer [66]
Self-efficacy (SE, 7) ✓ ✓ 0.88 & 0.90 Duncan et al. [67]
Enjoyment (EE, 4) ✓ ✓ 0.79 & 0.88 Bieleke et al. [68]
Hope (EH, 4) ✓ ✓ 0.88 & 0.89 Bieleke et al. [68]
Hopelessness (EHL, 4) ✓ ✓ 0.84 & 0.82 Bieleke et al. [68]
Intrinsic CL (ICL, 2) ✗ ✓ 0.58 Klepsch et al. [69]
Extraneous CL exercise (ECLA, 3) ✗ ✓ 0.61 Klepsch et al. [69]
Extraneous CL support (ECLL, 3) ✗ ✓ 0.81 Klepsch et al. [69]
Situational interest (SI, 6) ✗ ✓ 0.85 Woithe [70]
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their corresponding scales, source references, and esti-
mates of internal consistency (Cronbach’s α) is provided in
Table II. While most scales demonstrated good internal
consistency (α > 0.70), the brief scales for intrinsic
cognitive load (α ¼ 0.58) and extraneous cognitive load
of the exercise (α ¼ 0.61) exhibited lower internal con-
sistency, alongside the prior knowledge test (α ¼ 0.63).

D. Materials

The final materials for all three conditions—the textual
support page, the tiered support task, and the chatbot’s
system prompt—are provided in Supplemental Material
[33] alongside the buoyancy task. Here, we provide an
overview of the selection of the physics problem and
development support materials.

1. Physics problem selection

The physics task asked students to determine how large
an ice floe would have to be in order to carry one person
without sinking, drawing on the concepts of density and
buoyancy in the context of Archimedes’ principle [8].
Prior research, primarily with university students, has
documented persistent difficulties in reasoning about
buoyancy and Archimedes’ principle. These include con-
flating mass, volume, and density, assuming that the
buoyant force depends on an object’s mass or depth,
and failing to distinguish the volume of an object from
the volume of fluid it displaces [71,72]. In a related task
involving a piece of ice floating in water, students some-
times failed to equate the buoyant force with the object’s
weight and instead focused directly on determining the
displaced volume [71]. More generally, students have also
been found to apply Newtonian equilibrium conditions
inconsistently in hydrostatic contexts, for example by
attributing a nonzero net force to an object at rest or
inferring force magnitudes from an object’s vertical
position [71]. Such difficulties provide a rationale for
structured guidance that helps learners coordinate the
relevant quantities and physical relationships.
In the present study, however, this content served as the

common physics problem-solving context for comparing
support formats; students’ conceptual understanding
and conceptual change were not assessed. The task was
selected because it provided a physics problem-solving
context for which an established sequence of tiered hints
and a model solution had already been developed within
prior research on tiered support [8]. Using this task
allowed the present study to extend prior work on tiered
support to the context of AI-based learning support. The
task is a typical school-physics problem that foregrounds
the conceptual application of buoyancy in an age-
appropriate way while deliberately reducing real-world
complexity, which limits the extent to which the findings
generalize to more open-ended modeling tasks.

2. Textual support development

The textual support material for the control group was
developed through a systematic process of design, includ-
ing expert feedback. Its creation was guided by a set of
explicit design principles derived from textbook research,
ensuring the material featured (i) a clear structure and
didactically appropriate content for the ninth-grade target
group; (ii) precise, linguistically correct text; and
(iii) high-quality, supportive visualizations [73,74]. To
verify its pedagogical quality and content validity, the
resulting digital A4 page was reviewed and approved by
two experts in physics education research. The final, self-
contained document provided all necessary information
for a student to solve the problem.

3. Tiered support development

For the scaffolding group, the intervention utilized a
specific tiered support (gestufte Lernhilfen) task taken
directly from the materials developed by Franke-Braun
[8]. While the original design was intended for collabo-
rative pair work, the materials were modified for individ-
ual problem solving to align with our study’s protocol. The
support was implemented digitally on a custom website
where students could sequentially reveal hints on a step-
by-step basis at their own discretion. The structure mir-
rored the original design: each tier consisted of a prompt or
question that students could reveal, followed by a corre-
sponding answer that could be unlocked in a second step.
This learner-controlled process concluded with a final tier
containing the complete model solution, allowing students
to verify their work.

4. Chatbot development

The AI chatbot used in this study was developed using
OpenAI’s o3-mini model accessed via the Fobizz plat-
form.2 Its pedagogical behavior was meticulously prompt-
engineered through a rigorous iterative refinement cycle,
a methodology established in the development of educa-
tional technology [46,75,76]. During each cycle, the
chatbot’s responses to simulated student inputs were
evaluated against three key pedagogical criteria derived
from research on expert tutoring: (i) its ability to accu-
rately assess a student’s current understanding; (ii) its
capacity to pose guiding, reflective questions rather than
providing direct corrections; and (iii) its adherence to a
“build on what’s right” principle by first affirming correct
elements of a student’s reasoning before prompting them
to reconsider flawed parts [77,78]. This iterative process
was continued until the chatbot consistently met these
standards, resulting in the final system prompt (included
in the supplemental material [33]), which instructed the

2Accessible via https://fobizz.com/en/.
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chatbot to act as a supportive tutor, primarily designed to
guide students toward independent problem solving and
conceptual understanding. Importantly, the chatbot was
configured using a template-based design. The reusable
component was the model-specific pedagogical interaction
prompt; the task-specific component consisted of the
problem statement and sample solution. This split reduces
the adaptation effort for new tasks, because teachers do not
need to author a complete sequence of hints and answers
for each problem but can reuse the validated interaction
template with task materials that are typically already
available.

E. Data analysis

The data were analyzed in three steps: In the first step,
pre-analytical checks were performed, e.g., by examining
correlations between variables and verifying requirements
for mixed linear effects modeling. In the next step,
longitudinal variables (those with pretest and posttest
measurements) were analyzed using mixed linear effects
models, including the interaction between measurement
time and experimental group as the primary effect, while
accounting for the hierarchical nesting of students within
classes. Finally, in the third step, post-only variables
were evaluated using cross-sectional linear mixed-effects
models. The following subsections describe each step in
greater detail.
To complement the mixed effects modeling results and

provide amore holistic picture of the data, we further report
general descriptive statistics, including response distribu-
tion, mean values, and standard deviation (SD) as well as
median values for all variables, split by intervention group.
Asmentioned above, we additionally provide Cronbach’s α
as a measure of internal consistency for each scale, where
values above 0.70 are considered acceptable [79].
Data analysis was conducted using R (version 4.4.2) and

its packages lme4 (version 2.0-1), lmerTest (version
3.2-1), performance (version 0.16.0), effectsize
(version 1.0.1), and emmeans (version 1.11.1).

1. Pre-analytical checks

We first examined the relationship between all variables
(cf. Table II), separated by pre- and post-test, using
Spearman’s rank-order correlation coefficient ρ—which
is suitable for correlating variables even if the normality
assumption is violated—in conjunction with the classifi-
cation into weak (jρj < 0.20), medium (0.20 ≤ jρj < 0.30)
and strong (jρj ≥ 0.30) correlations according to Hemphill
[80]. Furthermore, since the assignment was performed at
the class level, the requirements for mixed linear effects
models were assessed by computing intraclass correlation
coefficients (ICCs) and design effects (DEFF) for all
outcome variables. Commonly used thresholds for multi-
level modeling are ICC ≥ 0.15 according to [81] and
DEFF ≥ 2 according to [82]. ICCs indicated non-trivial

clustering at the class level (ICC between 0.02 and 0.17
across all variables) alongside respective design effects
(DEFF between 1.33 and 3.77 across variables), demon-
strating between-class variance and justifying the use of
mixed linear effects models (MLM). Model assumptions
for MLM were evaluated for all mixed effects models
through visual inspection of residual plots and Q-Q plots,
and, additionally, fitted-versus-residual plots were exam-
ined to assess homoscedasticity [83,84]. No substantial
deviations from normality or heteroscedasticity were
observed. The cluster structure contained 16 different
classes with a mean cluster size of Nmean ¼ 16.75.

2. Data analysis of longitudinal variables

For outcome variables where both pretest and post-test
measurements were available (i.e., enjoyment, hope, hope-
lessness, and self-efficacy), linear mixed effects modeling
was performed. Specifically, in the Wilkinson-Rogers
notation cf. [85], the following model specification was
utilized:

Outcome ∼ timeþ groupþ time : group

þ PriorKnowledge

þ ð1jclassÞ
þ ð1jclass : participantÞ: (1)

Here, the time : group interaction term serves as the
primary effect, evaluating whether the experimental
groups exhibited differential trajectories over time—the
chatbot condition (G1) was designated as the reference
group. Prior knowledge was incorporated as a fixed effect
to serve as a covariate. To account for the hierarchical
structure of the data, random effects were specified for
school classes, as well as for individual participants nested
within those classes. Because participants remained within
the same class across both pretest and post-test, the model
was explicitly set up to ensure individuals could not cross
clusters between measurement times. Random slopes for
the time trend resulted in a singular fit and failed model
convergence; thus, they were omitted from further analy-
sis. Model parameters were estimated using restricted
maximum likelihood (REML) to ensure unbiased esti-
mates of the variance components [86].
To evaluate overall model goodness-of-fit, marginal

and conditional R2 metrics were computed as proposed
in Ref. [87]:
• Marginal R2 (R2

marg) quantifies the proportion of
variance explained exclusively by the fixed effects,
thus reflecting population-level explanatory power.

• Conditional R2 (R2
cond) quantifies the proportion of

variance explained by both fixed and random effects
combined, thereby reflecting the full model fit in-
cluding the group-level cluster structure.
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3. Data analysis of post-only variables

Variables assessed exclusively at post-test (i.e., intrinsic
CL, extraneous CL exercise (ECLA), extraneous CL
support (ECLL), and situational interest) were analyzed
separately using cross-sectional mixed effects models.
These models specified experimental condition as the sole
fixed factor, prior knowledge as a covariate, and school
class as a random intercept to account for the nested data
structure:

Outcome ∼ groupþ PriorKnowledgeþ ð1jclassÞ: (2)

Following the approach outlined in Ref. [88], inferential
testing for fixed effects was based on type III analysis of
covariance (ANCOVA) F-tests applying Satterthwaite
approximations for degrees of freedom. Since the primary
focus for the post-only outcomes—in contrast to the
longitudinal variables—lies explicitly on exploring spe-
cific post-test group differences, these effects were further
investigated via post hoc pairwise comparisons using
estimated marginal means (EMMs) with Tukey adjust-
ments to control for type I error inflation [89]. Effect sizes
for all pairwise comparisons were operationalized as
standardized mean differences (equivalent to Cohen’s
d). These estimates were computed via the eff_size
function within the emmeans package, utilizing the

model’s residual standard deviation as the standardizer
and the model’s residual degrees of freedom. Following
standard conventions, we use established ranges of small
(d < 0.5), medium (0.5 ≤ d < 0.8) and large (0.8 ≤ d)
effect sizes [90], relative to the model’s unexplained
variance.

V. RESULTS

A. Descriptive results

Scale length and reliabilities are reported in Table II as
part of the instrument overview.
The relationship between all variables in terms of

Spearman’s ρ is provided in Table III for the pretest
and in Table IV for the post-test. Bivariate correlations
across all measures revealed statistically significant asso-
ciations (p < 0.001). In the pretest, their absolute values
range from the medium correlation ρ ¼ 0.27 (between
prior knowledge and self-efficacy) to the strong correlation
ρ ¼ 0.70 (between hope and self-efficacy), while in the
post-test, they exhibit a similar range from ρ ¼ 0.17
(between self-efficacy and intrinsic CL) to ρ ¼ 0.71
(between hope and enjoyment).
Descriptive statistics for all longitudinal variables are

provided in Table VIII in the Appendix and for all post-
only variables in Table IX, including means, standard
deviations, medians, minima, and maxima.
Overall, the responses on each measure average on the

scale’s centers with means and medians clustering roughly
between 2 and 3.5. The least average agreement can be
found in group 3 (textbook) with regards to situational
interest (SI;m ¼ 2.11) and hope (EH;m ¼ 2.14) while the
highest average agreement is also observed in group 3 and
relates to the intrinsic cognitive load (ICL; m ¼ 3.74)
as well as the extraneous cognitive load of the exercise
(ECLA; m ¼ 3.42). Notably, for each variable, responses
are distributed along the entire scale length, as evidenced
by all minima being 1 and all maxima being 5.
Since a between-subject multilevel ANCOVAwas con-

ducted for all post-only variables, we provide a more

TABLE III. Spearman’s rank-order correlation coefficient ρ for
all pairs of pretest variables: self-efficacy (SE), enjoyment (EE),
hope (EH), hopelessness (EHL), prior knowledge (PK). Signifi-
cant codes: ***p < 0.001, **p < 0.01, *p < 0.05. Diagonal self-
correlations are omitted.

SE EE EH EHL PK

SE
EE 0.48⋆⋆⋆

EH 0.70⋆⋆⋆ 0.63⋆⋆⋆

EHL −0.52⋆⋆⋆ −0.28⋆⋆⋆ −0.49⋆⋆⋆
PK 0.27⋆⋆⋆ 0.27⋆⋆⋆ 0.27⋆⋆⋆ −0.24⋆⋆⋆

TABLE IV. Spearman’s rank-order correlation coefficient ρ for all pairs of post-test variables: enjoyment (EE),
hope (EH), hopelessness (EHL), intrinsic CL (ICL), extraneous CL exercise (ECLA), extraneous CL support
(ECLL), situational interest (SI), self-efficacy (SE). Significant codes: ***p < 0.001, **p < 0.01, *p < 0.05.
Diagonal self-correlations are omitted.

EE EH EHL ICL ECLA ECLL SI SE

EE
EH 0.71⋆⋆⋆

EHL −0.42⋆⋆⋆ −0.47⋆⋆⋆
ICL −0.22⋆⋆⋆ −0.25⋆⋆⋆ 0.37⋆⋆⋆

ECLA −0.27⋆⋆⋆ −0.26⋆⋆⋆ 0.45⋆⋆⋆ 0.45⋆⋆⋆

ECLL −0.38⋆⋆⋆ −0.30⋆⋆⋆ 0.44⋆⋆⋆ 0.37⋆⋆⋆ 0.51⋆⋆⋆

SI 0.69⋆⋆⋆ 0.60⋆⋆⋆ −0.29⋆⋆⋆ −0.06 −0.22⋆⋆⋆ −0.31⋆⋆⋆
SE 0.50⋆⋆⋆ 0.62⋆⋆⋆ −0.49⋆⋆⋆ −0.17⋆⋆ −0.19⋆⋆ −0.23⋆⋆⋆ 0.51⋆⋆⋆
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detailed overview of the response distributions via box-
plots in Fig. 3. Here, we followed the established standard
of restricting the whisker length to 1.5 of the interquartile
range. The boxplots reveal a consistent downward trend
across the variables enjoyment, hope, situational interest,
and self-efficacy, progressing from group G1 (chatbots) to
group G3 (textbook). Conversely, an upward trend can be
observed regarding hopelessness and all cognitive load
variants. However, not all differences are statistically
significant or have considerable effect sizes. A more

detailed, granular exploration is warranted, which will
be presented in the next section.

B. Results regarding the longitudinal variables

Fixed effects estimates derived from the MLM, along-
side their corresponding standard errors, degrees of free-
dom, t statistics and p values, are presented in Table V.
Interaction terms are evaluated relative to the chatbot
condition (G1). In addition, R2 values are provided to
indicate model fit. Random effect variances on the

(a) (b)

(c) (d)

FIG. 3. Boxplots for the variables ECLA (a), ECLL (b), ICL (c), and SI (d), split by group—chatbots (G1), tiered support (G2),
textbook (G3). In addition, absolute values of standardized mean differences as measures of effect sizes are reported alongside the
respective significance level of the multilevel ANCOVA for each comparison.
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participant level (level 2) and class level (level 3), along
with the level-1 residual variances, are provided in Table X
in the Appendix.
Inferential testing revealed a significant interaction

between measurement time and the textbook group (G3)
for every dependent variable—relative to the chatbot
reference group, the textbook condition exhibited a sig-
nificantly sharper decline from pretest to post-test in self-
efficacy (SE), enjoyment (EE), and hope (EH). An inverse
pattern emerged for hopelessness (EHL); for this outcome,
the textbook condition demonstrated a significantly greater
increase over time compared to the chatbot group.
In contrast, the tiered support condition (G2) did not

manifest any statistically significant interactions with time
apart from enjoyment (EE), thus performing comparably
to the chatbot reference group.
Additionally, prior knowledge served as a statistically

significant predictor across all analyzed longitudinal
variables.
No statistically significant differences are observed

between the conditions prior to the intervention, as
evidenced by the nonsignificant interaction terms of the
predictors G2 and G3 across all variables.

The fixed effects accounted for between 9.8% (SE) and
17.0% (EE) of the total variance, as indicated by the R2

marg
values. When accounting for the hierarchical cluster
structures, however, the total proportion of explained
variance increased substantially. The full conditional
models explained between 53.3% (EE) and 65.0% (SE)
of the total variance, signaling prominent participant- and
class-specific clustering.

C. Results regarding the post-only variables

The results of the type III F tests from the linear mixed-
effects model are compiled in Table VI. The table
details the F-statistics, numerator degrees of freedom,
Satterthwaite-approximated denominator degrees of free-
dom, and corresponding p values. These statistics are
reported separately for the main effect of the experimental
condition (group) and the covariate prior knowledge across
each variable. In addition, conditional (R2

cond) and marginal
(R2

marg) goodness-of-fit indices are provided.
Random effect variances on the class level (level 2),

along with the level-1 residual variances (representing the
participant level), are provided in Table XI.

TABLE V. Results of the linear mixed effects models for all longitudinal variables: self-efficacy (SE), enjoyment (EE), hope (EH),
hopelessness (EHL). Fixed effects estimates (β) with standard errors (SE), approximated degrees of freedom (d.o.f.), t values, and p
values are reported. Conditional (R2

cond) and marginal (R2
marg) goodness-of-fit indices are provided for each model. Significant effects

are highlighted in bold font. G2: tiered support condition, G3: textbook support condition.

Variable Predictor β (SE) d.o.f. t p R2
cond R2

marg

SE Prior Knowledge 0.10 (0.02) 252.94 4.53 < 0.001 0.650 0.098
time −0.10 (0.06) 271.09 −1.68 0.093
G2 −0.18 (0.14) 22.11 −1.24 0.229
G3 −0.11 (0.14) 13.58 −0.83 0.422

time × G2 −0.05 (0.10) 271.93 −0.52 0.606
time × G3 −0.27 (0.09) 271.09 −3.09 0.002

EE Prior knowledge 0.09 (0.02) 249.75 3.90 < 0.001 0.533 0.170
time −0.35 (0.08) 272.00 −4.18 < 0.001
G2 0.09 (0.16) 23.38 0.54 0.596
G3 −0.07 (0.15) 14.09 −0.48 0.639

Time × G2 −0.34 (0.14) 272.00 −2.49 0.014
Time × G3 −0.43 (0.12) 272.00 −3.61 < 0.001

EH Prior knowledge 0.08 (0.02) 251.84 3.48 < 0.001 0.570 0.165
Time −0.37 (0.08) 272.00 −4.84 < 0.001
G2 −0.02 (0.15) 26.52 −0.12 0.910
G3 −0.12 (0.14) 16.22 −0.86 0.405

Time × G2 −0.19 (0.12) 272.00 −1.53 0.127
Time × G3 −0.38 (0.11) 272.00 −3.50 < 0.001

EHL Prior knowledge −0.13 (0.03) 266.39 −4.71 < 0.001 0.632 0.106
Time 0.00 (0.08) 272.00 0.03 0.977
G2 0.22 (0.20) 28.54 1.09 0.285
G3 0.03 (0.20) 15.96 0.15 0.882

Time × G2 0.17 (0.13) 272.00 1.32 0.188
Time × G3 0.55 (0.17) 272.00 4.70 < 0.001
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The results of the respective post hoc pairwise compar-
isons for all post-only variables are compiled in Table VII.
The table details the model-based estimated marginal
mean differences (ΔM) alongside their standard errors
(SEs), Tukey-adjusted p values, and standardized mean
differences (Cohen’s d) with corresponding 95% confi-
dence intervals. Each comparison evaluates the directional
differences between the chatbot support (G1), tiered
support (G2), and textbook support (G3) conditions.

1. Intrinsic cognitive load

Regarding intrinsic cognitive load (ICL), the linear
mixed model revealed a statistically significant omnibus
effect of experimental condition [Fð2; 16.41Þ ¼ 5.96,
p ¼ 0.011, R2

cond ¼ 0.17, R2
marg ¼ 0.10]. Prior knowledge

did not serve as a significant predictor within this model.
Post hoc pairwise comparisons demonstrated a statistically
significant difference between the chatbot condition and
the textbook condition, favoring the chatbot framework
[ΔM ¼ −0.565, p ¼ 0.006, d ¼ −0.74]. The tiered-
support condition also differed significantly from the text-
book condition [ΔM¼−0.466, p¼0.027, d¼−0.61].
The chatbot and tiered-support conditions did not differ
significantly. All group contrasts as well as all multilevel
ANCOVA results are provided in Tables VI and VII, and
the distribution profiles for all groups are illustrated via the
boxplots in Fig. 3.

2. Extraneous cognitive load exercise

Regarding extraneous cognitive load exercise (ECLA),
the linear mixed model revealed a statistically significant
omnibus effect of experimental condition [Fð2; 15.82Þ ¼
8.70, p ¼ 0.002, R2

cond ¼ 0.19, R2
marg ¼ 0.13]. Prior

knowledge also served as a significant predictor within

this model [Fð1; 255.95Þ ¼ 9.03, p ¼ 0.003]. Post hoc
pairwise comparisons demonstrated a statistically signifi-
cant difference between the chatbot condition and the
textbook condition, favoring the chatbot framework
[ΔM ¼ −0.517, p ¼ 0.004, d ¼ −0.72]. Likewise, a sta-
tistically significant difference was observed between the
tiered support condition and the textbook condition,
favoring the tiered support framework [ΔM ¼ −0.590,
p ¼ 0.003, d ¼ −0.82]. However, the pairwise compari-
son between the chatbot condition and the tiered support

TABLE VI. Overall multilevel ANCOVA results for all post-only variables: intrinsic cognitive load (ICL),
extraneous cognitive load exercise (ECLA), extraneous cognitive load support (ECLL), and situational interest
(SI). For each model, effects are reported for the experimental condition (group) and the covariate prior knowledge.
Statistically significant p values (p < 0.05) are shown in bold.

Variable Predictor F (NumDF, DenDF) p R2
cond R2

marg

ICL 0.17 0.10
Group F (2,16.41) = 5.96 0.011

Prior knowledge F (1,262.64) = 0.79 0.376

ECLA 0.19 0.13
Group F (2,15.82) = 8.70 0.002

Prior knowledge F (1,255.95) = 9.03 0.003

ECLL 0.17 0.09
Group F (2,16.97) = 4.41 0.029

Prior knowledge F (1,264.81) = 4.10 0.044

SI 0.06 0.04
Group F (2,12.04) = 4.22 0.041

Prior knowledge F (1,219.79) = 1.40 0.239

TABLE VII. Results of the post hoc pairwise comparisons for
all post-only variables: intrinsic cognitive load (ICL), extraneous
cognitive load exercise (ECLA), extraneous cognitive load
support (ECLL), and situational interest (SI). Model-based
estimated marginal mean differences (ΔM) with standard errors
(SEs), adjusted p values, and standardized mean differences (d)
are reported for each group comparison. p values are adjusted
using the Tukey method to control for type I error inflation.
Significant effects are highlighted in bold font.

Variable Comparison ΔM (SE) p d

ICL G1–G2 −0.100 (0.181) 0.594 −0.13
G1–G3 −0.565 (0.172) 0.006 −0.74
G2–G3 −0.466 (0.185) 0.027 −0.61

ECLA G1–G2 0.073 (0.159) 0.653 0.10
G1–G3 −0.517 (0.148) 0.004 −0.72
G2–G3 −0.590 (0.161) 0.003 −0.82

ECLL G1–G2 −0.106 (0.221) 0.638 −0.12
G1–G3 −0.598 (0.211) 0.015 −0.67
G2–G3 −0.491 (0.227) 0.051 −0.55

SI G1–G2 0.274 (0.145) 0.086 0.35
G1–G3 0.362 (0.130) 0.018 0.46
G2–G3 0.087 (0.145) 0.558 0.11
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condition did not reach statistical significance. All group
contrasts as well as all multilevel ANCOVA results are
provided in Tables VI and VII, and the distribution profiles
for all groups are illustrated via the boxplots in Fig. 3.

3. Extraneous cognitive load support

Regarding extraneous cognitive load support (ECLL),
the linear mixed model revealed a statistically significant
omnibus effect of experimental condition [Fð2; 16.97Þ ¼
4.41, p ¼ 0.029, R2

cond ¼ 0.17, R2
marg ¼ 0.09]. Prior

knowledge also served as a significant predictor within
this model [Fð1; 264.81Þ ¼ 4.10, p ¼ 0.044]. Post hoc
pairwise comparisons demonstrated a statistically signifi-
cant difference between the chatbot condition and the
textbook condition, favoring the chatbot framework
[ΔM ¼ −0.598, p ¼ 0.015, d ¼ −0.67]. No other pair-
wise comparison reached statistical significance. All group
contrasts as well as all multilevel ANCOVA results are
provided in Tables VI and VII, and the distribution profiles
for all groups are illustrated via the boxplots in Fig. 3.

4. Situational interest

Regarding situational interest (SI), the linear mixed
model revealed a statistically significant omnibus effect of
experimental condition [Fð2; 12.04Þ ¼ 4.22, p ¼ 0.041,
R2
cond ¼ 0.06, R2

marg ¼ 0.04]. Prior knowledge did not
serve as a significant predictor within this model. Post
hoc pairwise comparisons demonstrated a statistically
significant difference between the chatbot condition and
the textbook condition, favoring the chatbot framework
[ΔM ¼ 0.362, p ¼ 0.018, d ¼ 0.46]. No other pairwise
comparison reached statistical significance. All group
contrasts as well as all multilevel ANCOVA results are
provided in Tables VI and VII, and the distribution profiles
for all groups are illustrated via the boxplots in Fig. 3.

VI. DISCUSSION

This study aimed to compare the effects of an AI
chatbot, tiered support, and a traditional digital text-
book-style page on students’ cognitive and affective-
motivational experiences during physics problem solving.
Overall, the results indicate a consistent pattern across the
three conditions. Students in the AI chatbot and tiered
support conditions generally reported lower intrinsic and
extraneous cognitive load than students in the static textual
support condition, although the difference between tiered
support and textual support did not reach statistical
significance for extraneous cognitive load related to the
support material. For the longitudinal affective-
motivational variables, the problem-solving activity
appeared demanding across conditions: positive affec-
tive-motivational task-related states tended to decrease
from pretest to post-test, while hopelessness tended
to increase. Relative to the chatbot condition, the

textual-support condition showed a statistically significantly
less favorable trajectory for these variables, whereas
differences between chatbot and tiered support were mostly
not statistically significant. For the post-only variable
situational interest, which refers to immediate interest in
the specific buoyancy task with the help of a support tool,
students in the chatbot condition reported significantly
higher situational interest than students in the textual-
support condition, whereas the other pairwise comparisons
were not statistically significant. Descriptively, however,
situational interest followed the same general ordering as
the longitudinal affective-motivational variables, with the
most favorable values in the chatbot condition, followed by
tiered support and then textual support.
The findings concerning perceived extraneous cognitive

load are consistent with assumptions from cognitive load
theory. However, given the relatively low internal consist-
encies of the cognitive load scales, these differences should
be interpreted as suggestive patterns in students’ perceived
task demands rather than as precise estimates of differences
in cognitive processing. One possible explanation for differ-
ing cognitive load across conditions could be that students in
the textual-support condition were required to coordinate
several demanding processes at once, simultaneously
attempting to understand the physics problem while search-
ing, sorting, and evaluating a dense block of text for relevant
information. In particular, the need to connect information
from the problem statement with different parts of the
textbook-style page may have created a split-attention
effect, thereby consuming working memory resources that
could otherwise have been directed toward the conceptual
aspects of the buoyancy problem [91].
In contrast, both the tiered support and chatbot systems

were designed to reduce this need for searching for
information by providing more structured guidance [92].
Although the difference between tiered support and textual
support did not reach statistical significance for extraneous
cognitive load related to the support material, the descrip-
tive pattern pointed in the same direction as the other
cognitive-load measures. The tiered support system struc-
tured the solution path, presenting information in predi-
gested, sequential steps that eliminated the need for
students to search or plan. Similarly, the chatbot provided
on-demand, targeted guidance, allowing students to off-
load the “search and sort” process to the AI. However, such
reduction should not be understood as beneficial in every
respect. Searching, selecting, and organizing information
within a text are valuable scientific and metacognitive
skills that are worth fostering in physics education.
Whether these demands should be reduced or deliberately
maintained depends on the learning goal for the specific
lesson. In the present task, where the focus was on applying
the concept of buoyancy rather than on developing research
or information-search competence, reducing some of
these demands may have allowed students to allocate
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more cognitive resources to the conceptual aspects of
the problem [93].
To add nuance, the AI chatbot condition may have been

subject to two competing effects on extraneous load. On
the one hand, the chatbot may have reduced extraneous
load when students used it as intended: by eliciting
targeted self-explanations [36,59] and leveraging the
collective working memory effect [58]. On the other hand,
the very nature of this interaction might have introduced a
“hidden load of interactivity” that can increase extraneous
load. Students must formulate a coherent text, type it,
interpret the AI’s potentially imperfect response, and
critically evaluate its trustworthiness.
Beyond extraneous load, students in the chatbot and

tiered-support conditions reported lower intrinsic cogni-
tive load than students in the textual-support condition.
One possible explanation is that textual support may have
left students to manage the conceptual complexity of the
buoyancy problem largely on their own. Without external
support to help them activate prior knowledge or structure
the task, the complexity of the topic may have imposed a
higher demand on their working memory, resulting in a
high perceived intrinsic load. In contrast, both interactive
tools may have acted as a bridge for this knowledge gap,
for instance, through isolating interacting elements [37],
breaking the complex topic down into manageable sub-
tasks without altering the core conceptual demands.
A complementary or alternative explanation is that

lower perceived intrinsic load may partly reflect cognitive
off-loading rather than more productive management of
task complexity [94]. In the chatbot condition, students
may have gamed the system, using the available help in a
way that reduced their own cognitive effort, for example,
by requesting hints, procedural instructions, or solution
steps prematurely [95]. In such cases, lower perceived
intrinsic load would not indicate that students developed a
more coherent understanding of the buoyancy problem
but could instead reflect that demanding parts of the
problem-solving process were shifted to the support
system. A related possibility is that the chatbot induced
an illusion of understanding: coherent explanations,
immediate feedback, and a sense of being guided may
have made the task feel more comprehensible even if this
did not translate into deeper conceptual understanding.
From this perspective, the chatbot may have increased
students’ subjective sense of comprehension by making
the task appear easier to process, a mechanism that has
been discussed in research on metacognitive illusions and
fluency-based judgments of learning [96,97]. This critical
interpretation is in line with work by Krupp et al. [53]
and Stadler et al. [55]. From this perspective, the higher
perceived intrinsic load in the textual-support condition
may not only reflect overload but could also partly
indicate more direct engagement with the conceptual
complexity of the task.

The findings of this study reflect the interplay between
the cognitive and affective-motivational dimensions of
learning. Across conditions, lower perceived cognitive
load was associated with more favorable task-related
affective-motivational responses. The chatbot group
reported the least unfavorable affective-motivational pro-
file, while the textual support group reported the least
positive profile. This relationship is further substantiated
by significant correlations, which show that higher extra-
neous cognitive load of the support tool correlates with
lower feelings of enjoyment (ρ ¼ −0.38; p < 0.001) and
hope (ρ ¼ −0.30; p < 0.001), while associated with
higher hopelessness (ρ ¼ 0.44; p < 0.001). This connec-
tion is well supported theoretically; high extraneous
cognitive load can deplete cognitive resources and induce
frustration, while positive emotions may in turn act as a
buffer, assisting students in regulating their response to a
demanding task [93,98–100].
A nuance emerges when comparing the two interactive

support systems.While both were generally associated with
lower cognitive load than the textual support, the chatbot
condition showed a significantly less unfavorable affective-
motivational profile than the textual-support condition. This
pattern suggests that the chatbot may have helped buffer the
affective-motivational challenges of the task. One possible
explanation is that the chatbot provided interactional cues
that made the support experience feel more responsive and
socially engaging. This interpretation aligns with research
on AI tutors, chatbots, and pedagogical agents, suggesting
that interactive, personalized, and affectively supportive
learning cues—such as timely feedback, adaptive guidance,
enthusiastic or encouraging agent behaviors, and socially
responsive interaction—can contribute to students’motiva-
tion and engagement [14,16,46,101–103].
Our findings on the affective-motivational pattern of

the tiered support group complement earlier research by
highlighting the importance of the social learning con-
text: Seminal studies by Franke-Braun [8], Schmidt-
Weigand et al. [10] or Hänze et al. [9] found that
students in tiered support conditions reported more
favorable affective-motivational outcomes than students
in control conditions, including perceived competence,
intrinsic motivation, and enjoyment. In our study, the
tiered-support condition tended to fall between the
chatbot and textual-support conditions descriptively.
One possible explanation for this difference lies in the
social learning context. Whereas earlier studies were
conducted with students working in collaborative pairs,
our study focused on individual problem solving. It is
plausible that the affective benefits previously observed
were tied not only to the hints themselves but also to the
successful peer interaction they facilitated.
The chatbot’s conversational responsiveness provides a

theoretical reason to expect a more favorable affective-
motivational profile than in less interactive support
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formats. However, the chatbot did not show a statistically
significant advantage over tiered support. This finding
suggests that, in a short single-problem intervention,
receiving functional and structured help may have been
more important for students’ affective-motivational expe-
rience than the specific interaction style through which this
help was provided. Both interactive formats may therefore
have buffered the unfavorable affective-motivational pro-
file observed during the task, whereas the textual-support
condition offered less immediate guidance. At the same
time, the absence of a significant chatbot–tiered-support
difference should not be interpreted as evidence of
equivalence. The smaller tiered-support group may have
limited the sensitivity to detect small differences between
these two conditions.

VII. LIMITATIONS

While this study provides valuable insights, its con-
clusions should be considered in light of several limi-
tations that also frame avenues for future research. First,
the intervention’s brief, single-session design limits our
conclusions to short-term effects. This snapshot approach
precludes the observation of longitudinal dynamics, such
as the decay of novelty effects or the potential emergence
of familiarization effects [104–106]. The “good enough”
principle we observed may be an artifact of this short
duration. Second, our reliance on self-report scales
introduces measurement limitations. While standard prac-
tice, such measures are susceptible to common method
biases such as social desirability [107]. Furthermore, the
measures for intrinsic cognitive load (ICL, α ¼ 0.58),
extraneous cognitive load exercise (ECLA, α ¼ 0.61),
and prior knowledge (PK, α ¼ .63) fell below the conven-
tional Cronbach’s α threshold of 0.70 [79]. The findings
involving these variables should therefore be interpreted
with caution. In particular, the group differences in
perceived intrinsic cognitive load and extraneous cogni-
tive load related to the exercise may partly reflect
measurement error, and the role of prior knowledge as
a covariate may have been estimated less precisely than
would be possible with a more reliable measure. Third,
the sample of N ¼ 268 may have been insufficient to
detect small effect sizes. The consistent but nonsignificant
trends favoring the chatbot over the tiered support on
several affective measures might represent such small, yet
potentially meaningful, effects. Future research using
larger samples or more targeted designs would be needed
to resolve these subtle differences definitively. Finally, the
findings are specific to the particular physics task and to
the specific technological implementations used in this
study. The findings may therefore not generalize directly
to more open-ended modeling tasks. In addition, the
AI chatbot was built on a particular LLM (OpenAI’s
o3-mini) with a tailored system prompt, and its

performance is inherently tied to this design. This is a
critical consideration, as recent work suggests that the
pedagogical design of an AI tutor is a key variable, even
if the optimal approach for fostering student learning
remains an open and unresolved question [57].

VIII. OUTLOOK

This study offers foundational insights into the differ-
ential impacts of AI chatbots, tiered, and traditional
support in physics education, laying the groundwork for
a targeted future research agenda. Methodologically,
future work should aim to increase both rigor and duration.
While our cluster-randomized design maximized ecologi-
cal validity, controlled laboratory experiments with true
randomization of individuals would strengthen causal
claims. To better explore effects over time, the intervention
could be extended with a second problem-solving phase
and a follow-up assessment. Such a pre-post-follow-up
design would not only allow for the measurement of
learning outcomes and retention but would also critically
test our “good enough” hypothesis by revealing whether
the nuanced affective benefits of chatbots emerge with
prolonged use. A deeper understanding of the underlying
learning processes is also essential. Future studies should
analyze how different scaffolding methods shape students’
applied problem-solving strategies, for instance, through
think-aloud protocols. For the chatbot condition specifi-
cally, analyzing chat logs to identify the types of prompts
students use can offer invaluable insight into their help-
seeking behaviors and conceptual hurdles. Furthermore, it
is crucial to investigate how student factors—including
general self-regulation skills, text-based self-regulation
strategies, and reading strategies—predict motivational,
emotional, and learning outcomes, and how they moderate
the effectiveness of different support formats, particularly
in text-heavy support conditions [108], thereby informing
the development of more adaptive and equitable support
systems. Finally, future research should disentangle the
effects of the support tool from the social context of its use
by employing a 2 × 2 factorial design, crossing the support
type (tiered hints vs chatbot) with the learning setting
(individual vs collaborative). Such research, combined
with systematic explorations into chatbot pedagogical
design (e.g., prompt engineering and feedback style), is
paramount for harnessing the potential of AI chatbots.
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APPENDIX

TABLE VIII. Descriptive statistics for all longitudinal variables, split by measurement time and group—chatbots (G1), tiered support
(G2), textbook (G3).

(a) Pre/post-descriptives for the variable self-efficacy (SE).
Group Mean (pre/post) SD (pre/post) Median (pre/post) Minimum (pre/post) Maximum (pre/post)
G1 2.99=2.89 0.64=0.77 3.00=3.00 1=1 5=5
G2 2.88=2.72 0.63=0.72 3.00=2.86 1=1 5=5
G3 2.93=2.55 0.80=0.81 3.00=2.64 1=1 5=5
(b) Pre/post-descriptives for the variable enjoyment (EE).
Group Mean (pre/post) SD (pre/post) Median (pre/post) Minimum (pre/post) Maximum (pre/post)
G1 3.00=2.65 0.70=0.93 3.00=2.50 1=1 5=5
G2 3.15=2.47 0.72=0.88 3.25=2.50 1=1 5=5
G3 2.99=2.20 0.84=0.89 3.00=2.25 1=1 5=5
(c) Pre/post-descriptives for the variable hope (EH).
Group Mean (pre/post) SD (pre/post) Median (pre/post) Minimum (pre/post) Maximum (pre/post)
G1 2.99=2.62 0.71=0.87 3.00=2.75 1=1 5=5
G2 3.01=2.45 0.64=0.87 3.00=2.50 1=1 5=5
G3 2.90=2.14 0.78=0.84 3.00=2.25 1=1 5=5
(d) Pre/post-descriptives for the variable hopelessness (EHL).
Group Mean (pre/post) SD (pre/post) Median (pre/post) Minimum (pre/post) Maximum (pre/post)
G1 2.60=3.18 0.89=0.82 2.50=3.00 1=1 5=5
G2 2.78=3.27 0.96=0.75 2.75=3.25 1=1 5=5
G3 2.61=3.74 0.90=0.77 2.50=4.00 1=1 5=5

TABLE IX. Descriptive statistics for prior knowledge as well as for all post-only variables, split by group—chatbots (G1), tiered
support (G2), textbook (G3).

(a) Descriptives for the variable prior knowledge.
Group Mean SD Median Minimum Maximum
G1 5.56 1.79 5.50 1 9
G2 5.85 1.92 6.00 2 9
G3 6.04 2.00 6.00 1 9
(b) Descriptives for the variable ICL.
Group Mean SD Median Minimum Maximum
G1 3.18 0.82 3.00 1 5
G2 3.27 0.75 3.25 1 5
G3 3.74 0.77 4.00 1 5
(c) Descriptives for the variable ECLA.
Group Mean SD Median Minimum Maximum
G1 2.92 0.76 3.00 1 5
G2 2.84 0.70 3.00 1 5
G3 3.42 0.75 3.33 1 5
(d) Descriptives for the variable ECLL.
Group Mean SD Median Minimum Maximum
G1 2.69 0.93 2.67 1 5
G2 2.74 0.98 2.67 1 5
G3 3.26 0.92 3.00 1 5
(e) Descriptives for the variable SI.
Group Mean SD Median Minimum Maximum
G1 2.46 0.83 2.50 1 5
G2 2.21 0.77 2.33 1 5
G3 2.11 0.77 2.17 1 5
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